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Chapter 1. General Introduction 
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1.1. Heterogeneous Catalysts 

The conversion of substances through chemical reactions is essential for producing 

fuels and materials that support our daily lives. Catalysis is a crucial technology for 

converting compounds under industrially feasible pressure and temperature conditions by 

providing an energetically favorable reaction pathway to chemical reactions.1 

Catalysts play a crucial role in reducing activation energy and facilitating chemical 

reactions, which is vital for efficient energy use in creating a sustainable society. Among 

them, heterogeneous catalysts are widely used in industrial applications. These catalysts 

exist in a different phase from the reactants and products, separating them easily after a 

reaction. This ability to separate is one of the key reasons why heterogeneous catalysts 

are frequently employed in the synthesis of mass-produced compounds.2 

 

1.2. Environmental Catalysts 

Since the Industrial Revolution, the production of unwanted waste from chemical 

processes has significantly increased, becoming a substantial burden on the environment. 

To address this issue, catalysts are also employed to break down pollutants generated by 

chemical processes before pollutants are released into the environment. Hence, catalysts 

are not only used for producing compounds but also for mitigating the environmental 

impact of industrial activities. 

For example, in combustion reactions above 1500 ºC, the reaction of oxygen and 

nitrogen in the air produces nitrogen oxides (NOX).3 When this NOX coexists with 

hydrocarbons, photochemical reactions produce oxidants (oxidizing substances, mainly 

ozone), which cause photochemical smog. As a method to remove NOX, the causative 
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agent, from exhaust gases, the selective catalytic reduction method using NH3 as a 

reductant is widely used at large thermal power plants. The catalyst consists of active 

species such as V2O5, WO3, and MoO3 on a TiO2 support. 

In addition to NOX, emissions of HC (unburned hydrocarbons) and CO are regulated 

in gasoline-powered vehicles. Therefore, a three-way catalyst removes these three 

components from the exhaust gas. In this catalytic reaction, NO acts as an oxidant, while 

HC and CO act as reductants. The reaction is, therefore, complex and involves a variety 

of compounds and chemical reactions. 

NO + CO →
1

2
N2 + CO2 (1) 

(2𝑛 +
𝑚

2
) NO + C𝑛H𝑚 → (𝑛 +

𝑚

4
) N2 + 𝑛CO2 +

𝑚

2
H2O (2) 

NO + H2O →
1

2
N2 + H2O (3) 

CO + H2O → CO2 + H2 (4) 

C𝑛H𝑚 + 2𝑛H2O → 𝑛CO2 + (2𝑛 +
𝑚

2
) H2 (5) 

As the main component of three-way catalysts, a support such as Al2O3 with a CeO2 

promoter catalyst and active species such as Rh, Pt, and Pd have been put to practical use. 

In addition, the Catalytic Wet Air Oxidation Method decomposes organic compounds 

from wastewater. Catalysts with transition metals supported on TiO2 or ZrO2 are used 

mainly for this purpose. 

 

1.3. Catalytic Reduction for NOX 

 

About 60% of the world's electricity generation is provided by coal and natural gas.4 

The combustion of these fossil fuels is accompanied by the formation of NOX, resulting 
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in severe air pollution. In recent years, the use of biomass fuels as a sustainable alternative 

to fossil fuels has also been considered. However, it has been reported that some types of 

raw materials emit more NOX than oil,5 and exhaust gas purification technology will 

continue to be an essential topic in the catalyst field. 

Selective catalytic reduction with Ammonia (NH3-SCR) is widely used as an efficient 

way to remove NOX from exhaust gas. Different types of catalysts used in this SCR 

system have been commercialized depending on the operating environment. For example, 

V2O5-WO3 (MoO3)/TiO2 catalysts are commercially available for thermal power plants 

(stationary sources),6 and CHA-type zeolite catalysts with small pores, such as Cu-SSZ-

13, for vehicles with diesel engines (mobile sources).7,8 

It is also known through years of research that the same catalyst can have different 

activities depending on the ratio of NOX species involved in NH3-SCR.9,10 In general, 

NH3-SCR expressed in the stoichiometry of Eq. (6) is called Standard SCR; in Eq. (7),  

equal amounts of NO and NO2 react, which is called Fast SCR because the reaction 

efficiency can reach 10 times higher than Standard SCR.  

2NH3 + 2NO +
1

2
O2 → 2N2 + 3H2O (6) 

2NH3 + NO + NO2 → 2N2 + 3H2O (7) 

Today's essential topics for deNOX catalysts include lower active temperatures, more 

expansive temperature windows, and improved resistance to poisoning by various 

substances. At the same time, catalyst materials should be less toxic to the environment 

and less expensive. 

For example, exhaust gases contain SOX,11,12 alkali/alkaline earth metals,13,14 

phosphorus,15 and heavy metals,16 which can poison the active species on the deNOX 

catalyst. Therefore, exhaust gases are treated in a desulfurizer or dust collector before 
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passing through the catalyst, and in the process, the exhaust gas temperature is lowered. 

The reaction temperature of SCR with V-based catalysts is relatively high, 300 ~ 400 °C, 

so the lowered temperature exhaust gas must be reheated as it passes over the deNOX 

catalyst.17 For this reason, it has been reported that the entire NH3-SCR process uses 0.5 % 

of the energy generated.18 This means additional fuel is consumed to operate the SCR 

system, generating extra NOX and CO2. Therefore, lowering the temperature of the deNOX 

catalyst and expanding the temperature window are essential issues for reducing the 

environmental impact of the SCR system. Lowering the NOX reduction temperature also 

allows for more flexible operation of the SCR system, but there is also a problem specific 

to the lower temperature. SO2, a toxic substance to the deNOX catalysts, precipitates more 

significantly at low temperatures (LT), so LT-SCR must also acquire resistance to these 

toxic substances.19 

 

1.3.1. Catalytic Poisoning of NH3-SCR 

In exhaust gases, SOX and fossil fuel-derived metals cause catalyst deactivation 

by occupying active sites on the catalyst surface or altering active species' redox 

properties. 

SO2 is often oxidized to SO3 and SO4
2– on the catalyst, which inhibits the 

reduction of NOX by sulfating the active species. It can also form stable ammonium 

sulfate ((NH4)2SO4) and ammonium hydrogen sulfate (NH4HSO4) with the reducing 

agent NH3, which blocks the active sites and causes catalyst deactivation. 

Heavy metals are also known to poison SCR. In particular, metals such as Pb, As, 

and Zn significantly reduce SCR activity. 
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1.3.2. Alkali Metal Poisoning 

Fossil fuels often contain alkali metals and other metals. These metals are known 

to cause deactivation of the catalyst by reducing its reducing ability, decreasing surface 

acidity, and occupying pores. For example, K species occupy Brønsted acid sites on the 

catalyst surface, reducing acidity.20 There are two strategies for improving alkali 

resistance: (1) providing additional acid sites for NH3 adsorption or (2) separating Alkali 

trap sites from active sites for the SCR reaction. 

Regarding (1), Alkali ions preferentially interact with acidic supports, which helps 

protect the active sites. For instance, researchers can supply additional acid sites to the 

catalyst or use an acidic support. Yue et al. reported that by adding CeO2 to MnOX/TiO2, 

SCR activity was retained due to the additional Lewis acid sites being provided and the 

amount of NH3 adsorbed being maintained.21 

In method (2), alkali metal poisoning is reduced by introducing alkali metal 

trapping sites in the SCR catalyst that are separate from the active site. Huang et al.22 

reported that hollandite manganese oxide (HMO) has isolated active and Alkali trap sites 

on the outside and inside of the tunnel structure, respectively. They found that Alkali may 

spontaneously migrate into the inner tunnel to protect the catalytically active sites, 

resulting in good alkali resistance. Based on the strong alkali resistance of HMO catalysts, 

Hu proposed an exchange coordination mechanism,23 i.e., a mechanism that can exchange 

alkali metal ions and stabilize them in cavities suitable for their size in the HMO pores. 

 

1.3.3. Zeolite for NH3-SCR 

Three-way catalysts contribute to removing CO, HC, and NOX from gasoline 
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vehicles. However, they were unsuitable for diesel engines operating at high air-fuel ratios 

and emitting large amounts of NOX.24 Therefore, ion-exchange zeolite catalysts have 

attracted attention due to their wide temperature range, but their hydrothermal stability at 

high temperatures and SO2 tolerance remain challenging. In addition, zeolite catalysts 

with large pore structures easily adsorb hydrocarbons produced by incomplete 

combustion of fuels, leading to the destruction of the framework, so small pore Cu-

exchange SSZ-13 and SAPO-34 have attracted much attention in recent years.25 

 

1.3.4. Metal Oxide for NH3-SCR 

V2O5-WO3 (MoO3)/TiO2 catalysts are currently the most popular metal oxide-

based denitration catalysts. However, weak low-temperature activity, narrow temperature 

windows, high SO2 to SO3 oxidation activity, and vanadium toxicity remain 

challenging.24 

MnOX has SCR activity at low temperatures due to its excellent redox properties. 

On the other hand, it has been reported that pure MnOX catalysts have too strong 

oxidizability, resulting in the formation of the byproduct N2O by NH3 oxidation, causing 

a significant reduction in N2 selectivity.26 Not only that, SO2 is also oxidized to SO3, 

which is known to poison active sites on the catalyst and cause inactivation of catalytic 

activity. Modification and substitution with other metals have been investigated to 

overcome these drawbacks and improve N2 selectivity and SO2 tolerance. Studies have 

also been conducted to improve N2 selectivity with appropriate support materials. 

One of the characteristics of Fe2O3-based catalysts is their low price due to their 

abundant reserves. While they have excellent activity and hydrothermal tolerance at high 

temperatures, pure Fe2O3 catalysts have low activity and a narrow range of active 
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temperatures.27 Multi-element substitution has been investigated to improve the low-

temperature activity of Fe-based catalysts and surface acidity. Substituting multiple 

elements has also been considered to improve the redox properties and surface acidity. 

Metals such as Mn, W, Ce, Ti, V, and Zr are often selected. 

CuO is a promising material for NH3-SCR applications due to its strong redox 

properties resulting from the change in oxidation number (Cu2+/Cu+). On the other hand, 

the disadvantages of CuO are its narrow active temperature window and NH3 oxidation 

to lead byproduct N2O.26 

 

1.3.5. Ce-based Catalysts 

CeO2 is one of the most abundant rare earth elements in the earth's crust, and its 

relatively stable price has led to its application in various fields, including catalysis.28 In 

addition, the application of CeO2 for SCR catalysts has been actively explored due to its 

excellent redox properties related to Ce4+/Ce3+ cooperation.28 The excellent oxygen 

storage capacity (OSC) of CeO2 has also attracted attention for its application as an active 

species in catalysts and its use as a support.26 On the other hand, a drawback of CeO2 is 

its low surface acidity, which prevents efficient adsorption of NH3. The substitution of 

transition metals and the addition of oxoacids have been investigated to address this 

drawback. Since CeO2 is easily sulfated, SO2 poisoning also needs to be addressed.24 

CeO2-based catalysts have excellent activity in the medium to high-temperature range but 

still have poor low-temperature catalytic activity, which hinders their industrial 

application. 

The excellent activity of CeO2 for NH3-SCR at medium to high temperatures is 

attributed to its oxygen vacancies.29 Chen et al.30 proposed from DFT calculations that 
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the reactive oxygen species O*, produced by the reoxidation of oxygen vacancy by O2, is 

necessary for activating NH3. Chen et al.31 investigated NO oxidation on CeO2 surfaces 

using experiments and calculations and suggested that reactive oxygen species O* 

contribute to NO oxidation. The NO2 produced would then contribute to the reduction of 

NOX by Fast SCR together with NO. Efforts to improve the low surface acidity of CeO2, 

such as the addition of sulfuric acid, have also been investigated.24 H2SO4-doped CeO2 

has been found to have abundant acid sites, Ce3+ species, defect sites, and reducibility, 

resulting in excellent activity. 

 

1.4. Theoretical Study on NH3-SCR 

NH3-SCR with NO and O2 is called Standard SCR and is represented by Eq. (6). O2 

has two possible roles under these reaction conditions. 

2H +
1

2
O2 → H2O (8) 

NO +
1

2
O2 → NO2 (9) 

Eq. (8) is the direct oxidation of the reduced surface by O2, and Eq. (9) is the 

contribution to the oxidation of NO to NO2. Chen et al. proposed that the case proceeding 

in Eq. (8) would be Standard SCR, and the case proceeding in Eq. (9) corresponds to Fast 

SCR.30 

Regarding Fast SCR, several studies have proposed that the Fast-SCR stoichiometry 

(Eq. (7)) is expressed as the sum of Eq. (10) and Eq. (11).10,32 

2NH3 + 2NO2 → N2 + H2O + NH4NO3 (10) 

NO +  NH4NO3  →  NO2  +  N2  +  2H2O (11) 

Indeed, it is reasonable that Fast SCR goes through Eq. (10), considering that the most 
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stable NO3
– absorbed species among the NOX species is observed under experimental 

conditions. Under NO2 conditions, the observed NO and NO3
– species suggest that the 

2NO2 in Eq. (10) is disproportionated to NO3
– and NO+ along Eq. (12). 

2NO2  ⇄  N2O4  ⇄  NO + + NO3
– (12) 

Furthermore, it has been experimentally confirmed that NH4NO3 produced in Eq. (10) 

forms N2O by thermal decomposition.10 Thus, Eq. (13) is the pathway that produces the 

byproduct N2O. 

NH4NO3  →  N2O +  2H2O (13) 

 

1.5. Machine Learning Force Fields 

Recently, machine learning force fields (MLFF) have attracted attention as a method 

to bridge the computational cost and accuracy gap between first-principles (FP) 

calculations and classical force fields. Attempts have been made to apply Machine 

Learning Force Fields (MLFF), which learn chemical interactions from FP calculations, 

to long-time simulations or large systems. MLFF can enhance simulations beyond the 

accuracy of classical force fields across various systems. A feature of MLFF is that 

patterns are automatically found and learned from the correspondence between structures 

and energies. Unlike classical force fields, there is no need to explicitly specify the 

information of chemical bonds in advance.33 

The most commonly used methods for MLFF applications can be divided into kernel-

based and neural network-based methods. Generally, kernel-based methods tend to 

achieve good prediction accuracy with fewer data points. They are also faster than 

learning NNs when the data set is small since the optimal parameters can be determined 

analytically. However, it is disadvantageous for large data sets since analytically 
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determining the parameters requires the computation of an inverse matrix, the 

computational cost of which scales by O(n3) for the number of data, n.33 

One kernel-based method is the Gaussian Approximate Potential (GAP).34,35 Similar 

to high-dimensional neural network potentials (HDNNP) proposed by Behler and 

Parrinello,36 it partitions the system of interest into local environments centered on each 

atom i and expresses the energy of the entire system as the contribution from each atom 

i. The trained force field can be applied to systems with different compositions or atomic 

numbers by decomposing the total energy into contributions from each atom. In addition, 

for the prediction of the total energy, a smooth cutoff function is applied to the pairwise 

distance to ensure that the value is not discontinuous as atoms enter or exit the cutoff 

radius at each local structure. 

Constructing machine-learning forcefields presents a challenge due to the significant 

trial-and-error needed for proper data sampling. Jinnouchi et al. developed a method for 

on-the-fly forcefield generation that automatically selects training data while performing 

ab initio molecular dynamics (MD) to tackle this issue. They successfully applied their 

method to calculate melting points37 and simulate phase transitions38, demonstrating its 

effectiveness for metallic, covalent, and ionic materials. Additionally, their MD 

simulations of large-scale structures using MLFF achieved speeds three orders of 

magnitude faster than FP calculations, showcasing the method's usefulness. 

Researchers have increasingly applied machine learning force fields (MLFF) to study 

catalyst reaction mechanisms in recent years. Staub et al. employed neural network 

potential (NNP) and Artificial Force Induced Reaction (AFIR) methods on homogeneous 

catalysts.39 They found that the NNP often predicts incorrect outcomes for the collapsed 

structures when external forces are applied using the AFIR method. To address this issue, 
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they demonstrated that they could obtain a reaction pathway network that accurately 

reproduces the reaction yield from the DFT calculation by using NNP to correct the 

discrepancies from the DFT calculation for the semi-empirical potential, xTB. Ichino et 

al. applied universal neural network potentials (NNP) to investigate reaction mechanisms 

in heterogeneous catalysis.40 Using a combination of universal NNP and AFIR, they 

calculated networks of methane oxidation reactions on a huge Pd surface. Their results 

showed that the trend of activation energy was qualitatively consistent with previously 

reported DFT data. 

 

1.6. Purpose of the Tesis 

Thus, heterogeneous catalysts play an important role, especially in industry. However, 

because the particles of metals and the oxides that act as catalysts vary in size and shape, 

elucidating the relationship between catalytic activity and their structure is complex. For 

example, local structural differences must be considered, such as how multiple atoms are 

arranged in a solid solution and the presence of defects and adsorbed atoms. Even if we 

focus on the broader surface structure, a single heterogeneous catalyst can mix several 

different surface structures. 

Therefore, to elucidate the mechanism of catalysis, it is important to model the 

catalyst surface properly, considering the additives and experimental conditions. However, 

this task is usually difficult because the more additives there are, the more complex the 

combination of their arrangements becomes. 

In recent years, observing solid surfaces at the atomic level has become possible using 

a scanning tunneling microscope (STM). However, there are several limitations related 

to the measurement environment, such as eliminating vibrations and conducting 
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observations under ultra-high vacuum conditions. Additionally, the types of samples that 

can be measured are generally restricted to those with conductive properties. This 

limitation often confines the study to metal oxides widely used as catalyst materials. As 

a result, the modeling of catalyst surfaces based on experimental observations is quite 

limited and typically relies on FP calculations to discuss the stability of surface structures. 

In Chapter 2, I applied first-principles thermodynamics to model the surface structure 

based on experimental conditions and investigated its contribution to poisoning resistance. 

In Chapter 3, I examined a fast-screening method for various surface structures, 

including an oxygen vacancy, using a machine-learning force field. 

 

1.7. Overview of the Thesis 

Chapter 1 serves as a general introduction. It begins by emphasizing the significance 

of heterogeneous catalysts and one of their applications: the NH3-SCR process, which is 

utilized in environmental catalysis, particularly for exhaust gas purification. The proposed 

reaction mechanism for NH3-SCR is also outlined. Additionally, the latter part of the 

introduction discusses machine learning force fields and neural network potentials. 

Chapter 2 is entitled "Theoretical Investigation of the Alkali Metal Poisoning 

Tolerance Mechanism of CeO2-Containing Fe and H2SO4 Additives". This chapter 

focuses on understanding the influence of Fe and H2SO4 in the ongoing development and 

improvement of alkali tolerance catalysts. Density functional theory (DFT) calculations 

were used to investigate the role of Fe and H2SO4 in alkali poisoning tolerance. The results 

showed that potassium species occupy lattice oxygen sites on the CeO2 surface, inhibiting 

the formation of Brønsted acid sites and the adsorption of the reducing agent, NH3. The 

induced Fe and H2SO4 promoted oxygen vacancy formation and generated a 
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characteristic adsorption site (SO4/Fe_CeO2_VO) for the accumulation of multiple 

potassium atoms. Thus, the synergistic effect of Fe and H2SO4 additives suggested that 

the NH3 adsorption sites on the CeO2 surface were protected from potassium poisoning 

of the catalyst. 

Chapter 3 is entitled "Constructing Machine-Learning Force Fields Describing 

Oxygen Vacancy on CeO2 Surfaces". This chapter investigated an efficient database 

construction method, using the VASP on-the-fly machine learning to train MLFF that 

accurately describe the properties of complex metal oxide surfaces. Particular focus was 

placed on the stability of oxygen vacancy and its diffusion to contracts MLFF suitable for 

simulating various CeO2 surface structures. The following procedures were considered 

on-the-fly training approaches for robust MLFF: (1) Start with an unstable structure: 

Initializing with a more unstable structure resulted in faster convergence of error and 

improved MLFF accuracy with fewer steps. I trained MLFF on small-slab models 

(including two or three CeO2 layers with (100) or (111) facets). After on-the-fly training, 

the accuracy of MLFF was evaluated on medium slab models with seven different facets. 

(2) Gradually increasing the temperature: By gradually increasing the temperature of the 

on-the-fly training run from 300 K to 4000 K, MLFF can capture a wide variety of atomic 

configurations while maintaining simulation stability. (3) Merging data sets: Merging data 

sets of training models with different numbers of atoms improved the accuracy of MLFF. 

In particular, combining the training data from the three-layer pristine surface model 

(100-Ce_3L_0V) and the oxygen vacancy model (100-Ce_3L_1V) significantly 

improved MLFF performance. Further structural optimization and diffusion pathway 

calculations were performed on pristine and oxygen-vacancy surfaces. MLFF 

successfully reproduced fundamental diffusion properties comparable to those obtained 
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with DFT, yielding similar geometry, relative stability, and energy barriers. However, it 

could not correctly reproduce the energy change when the energy difference was slight 

(< 0.3 eV). Overall, MLFF effectively captured the potential energy surface of the CeO2 

surface, except for the energy difference below 0.3 eV. 

Chapter 5 provides a general summary of this thesis. Specifically, it summarizes the 

results of applying conventional first-principles calculations and machine-learning force-

field-based simulation methods to cerium oxide materials used as catalysts in NH3-SCR. 

It provides insights into poisoning tolerance and redox properties. 
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Chapter 2. Theoretical Investigation of the Alkali 

Metal Poisoning Tolerance Mechanism of CeO2 

Containing Fe and H2SO4 Additives 
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2.1. Introduction 

Nitrogen oxides (NOX) released from stationary and mobile sources is one of the main 

causes of air pollution. To remove NOX from exhaust gas, the selective catalytic reduction 

(SCR) with ammonia (NH3-SCR) is a powerful technique, wherein V2O5/TiO2 catalysts 

doped with WO3 or MoO3 are commonly employed as deNOX catalysts.1 Extensive works 

have been done to understand the NH3-SCR mechanism. It is commonly accepted that 

there are two typical SCR reaction mechanisms over metal oxide catalysts, Eley-Rideal 

(E-R) mechanism and Langmuir-Hinshelwood (L-H) mechanism as shown in Scheme 1.1 

In the E-R mechanism, NH3 molecules are adsorbed onto LA or BA acid sites, leading to 

the formation of NH3/NH4
+ species. These species are subsequently oxidized by high-

valent redox sites, resulting in the formation of active NH2 species. The adsorbed NH2 or 

NH3 species then react with gaseous NO, forming intermediate NH2NO/NH3NO species, 

which further decompose into N2 and H2O. Meanwhile, the high-valent redox sites 

undergo reduction to a lower valence state, but they can be reoxidized by O2, completing 

the redox cycle. In the L-H mechanism, NH3 molecules adsorb on LA or BA acid sites, 

leading to the formation of NH4
+ species. Simultaneously, NO is oxidized by high-valent 

redox sites, generating active bidentate nitrate/bridged nitrate/monodentate nitrite species. 

These species then react with NH4
+ to form NH4NO2/NH4NO3, which subsequently 

decompose into N2 and H2O. Similar to the E-R mechanism, the high-valent redox sites 

undergo reduction to a lower valence state, but they can be reoxidized by O2, completing 

the redox cycle. 
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Scheme 1. Representative chemical equations for the Eley-Rideal and the Langmuir-

Hinshelwood mechanism. * indicates metal oxide surface, LA and BA indicate Brønsted 

acid site and Lewis acid site, respectively. 

 

However, there is still a serious drawback left for commercial deNOX catalysts, that 

is deactivation by chemical compounds, such as H2O, SOX, alkali metals, alkaline-earth 

metals, and heavy metals. For example, biomass fuels, which are an alternative to fossil 

fuels, are rich in alkali metals,2 and so their usage can lead to the deactivation of deNOX 

catalysts. Therefore, the demand for deNOX catalysts with superior alkali tolerances has 

dramatically increased with the ongoing development of biomass fuels.  

The mechanism responsible for the poisoning of commercial V2O5/TiO2 catalysts by 

alkali metals has been studied experimentally for many years.3-6 As shown in Scheme 1, 

no matter which mechanism that SCR follows, NH3 molecule adsorption is the initial and 

important step to generate active NHX species to react with NO or NO2 molecules. 

Therefore, a generally recognized deactivation mechanism involves the adsorption of 

alkali metals on the catalytic surface, which decreases the number of available Brønsted 

acid (BA) sites and reduces NH3 adsorption. Indeed, Chen et al. investigated the 
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poisoning mechanism associated with nano V2O5-WO3/TiO2 catalysts using major alkali 

and alkaline earth metals,5 and they found that the addition of alkali metals significantly 

decreased the amount and stability of the BA sites, which hindered the reducibility of the 

vanadium species. They also clarified that the degree of poisoning by alkali and alkaline-

earth metals corresponded to their order of basicity, as follows: K > Na > Ca > Mg. In 

addition, Kohg et al. studied the deactivation mechanism of V2O5-WO3/TiO2 catalysts 

using various potassium compounds, including KCl, K2O, and K2SO4.
7 Their results 

showed that the number and stability of BA and Lewis acid (LA) sites decreased after 

alkali metal poisoning. Surprisingly, the poisoning effect of K2SO4 was smaller than those 

of KCl and K2O, indicating that while V–OH was poisoned, resulting in the generation of 

V–OK, the SO4
2− species were able to provide new –OH groups as adsorption sites for 

NH3. Their results also suggested that H2SO4 could improve alkali tolerance of the 

catalyst by promoting the adsorption of NH3 at the H2SO4 sites. 

DFT calculations are also performed to gain atomic-level insight into catalyst 

poisoning.8-11 As an example study, Lyu et al. compared the poisoning effects of Na and 

K on the NH3-SCR reaction catalyzed by α-Fe2O3.
12 Their results indicated that the 

adsorption of K was stronger than that of Na, and the adsorption of NH3 at the LA sites 

was not affected by K or Na poisoning, whereas that at the BA site was directly inhibited. 

In another study, Jiang et al. investigated the poisoning effects of KCl, K2O, and K2SO4 

on Ce/TiO2 catalysts using both experimental and theoretical methods.13,14 They found 

that the introduction of these potassium species significantly decreased the degree of NH3 

adsorption, the catalyst reducibility, and the concentration of chemisorbed oxygen on the 

Ce/TiO2 surface. However, it should be noted that although the adsorption of NO on the 

catalyst surface was promoted, some of the adsorbed NOX species were not reactive. 
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To date, many strategies have been proposed to improve the alkali tolerance of deNOX 

catalysts. For example, the introduction of additional acid sites for alkali metal binding 

can prevent poisoning whilst also protecting the active sites for SCR, thereby maintaining 

the catalytic activity.15 In this context, Zhou et al. developed H2SO4/V2O5/CeO2 catalysts 

that exhibited alkali tolerance and studied the mechanisms of alkali poisoning.16 More 

specifically, Raman measurements showed a band corresponding to KHSO4 and revealed 

that the SO4 species present on the catalyst surface exhibit preferential bonding to K, 

acting as a sacrificial site. In contrast to the results of Kohg et al.,7 these results suggest 

that H2SO4 could protect other NH3 adsorption sites from alkali poisoning by 

preferentially trapping K, thereby maintaining a suitable NOX conversion. 

Recently, Zhang and coworkers reported a Fe/H2SO4/CeZr catalyst with a high alkali 

tolerance and NOX conversion.17 As expected, the addition of H2SO4 to the CeZr catalyst 

significantly increased the NOX conversion, while also resulting in a moderate alkali 

tolerance. Based on previous research, it was proposed that H2SO4 can potentially 

promote the SCR reaction by acting as an adsorption site for NH3 or by acting as a 

sacrificial site for alkali metals.16 However, the incorporation of Fe into CeZr did not 

improve the conversion or poisoning tolerance of this catalyst, Fe substitution into the 

H2SO4/CeZr system further improved the alkali tolerance while maintaining a high NOX 

conversion. Moreover, the amount of Fe added was significantly lower than the quantity 

of K (i.e., approximately one-sixth). Despite these advances, the mechanisms responsible 

for the excellent alkali metal tolerance observed following the addition of small amounts 

of Fe remained unclear. Previously, ammonia temperature-programmed reduction 

experiments combined with mass spectrometry (NH3-TPD-MS) revealed that K 

poisoning reduced the adsorption of NH3 by H2SO4/CeZr and Fe/H2SO4/CeZr catalysts, 
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indicating a reduction in the number of acid sites.17 In addition, H2-TPR suggested that 

Fe/H2SO4/CeZr was more reductive than H2SO4/CeZr. However, the effects of Fe and 

H2SO4 on the catalyst structure and the K adsorption sites of Fe/H2SO4/CeZr catalysts 

have yet to be clarified. 

Thus, the aim of the current study is to carry out a theoretical investigation of the 

alkali metal poisoning tolerance mechanism of CeZr containing Fe and H2SO4 additives. 

More specifically, using density functional theory (DFT) calculations, the surface 

structures of catalysts containing Fe/H2SO4 are investigated along with their synergistic 

effects on the adsorption of multiple alkali metals. In addition, the role of oxygen 

vacancies (VO) on the catalytic surface is evaluated in terms of their effect in promoting 

alkali tolerance. 

 

2.2. Computational Details 

DFT calculations were performed under periodic boundary conditions using the 

Vienna Ab initio Simulation Package (VASP) version 5.4.1.18,19 The PAW method20,21,22 

was adopted for calculations with spin polarization and van der Waals corrections (DFT-

D3).23 The Perdew–Burke–Ernzerhof (PBE) exchange-correlation functional was used 

for calculations within the generalized gradient approximation (GGA).24 A (1 × 1 × 1) 

Gamma mesh k-points grid was adopted for Brillouin zone sampling, and a cutoff energy 

of 400 eV was used. The strong on-site Coulombic interactions of the Ce4f states were 

corrected using the Hubbard U term method (DFT+U), and 5.0 eV was used for Ueffective 

(= U − J).25 A crystal structure of bulk CeO2 was obtained from the Materials Project 



 

34 
 

database.26 The calculated lattice constant was 5.42 Å, which is consistent with the 

computational value of 5.38 Å27 and the experimental value of 5.41 Å28. As shown in 

Figure 1, the CeO2(111) surface, which consists of nine layers, was used for the slab 

model, wherein the bottom three layers were fixed. The adsorption behavior of K was 

theoretically studied to characterize the alkali metal poisoning. Charge density differences 

and projected densities of states (PDOS) were calculated using VASPKIT29 and visualized 

using VESTA.30 

 

Figure 1. (a) Top view of the upper 3 layers. (b) Side view of the whole slab model. The 

light green and red colors indicated Ce and O atoms, respectively. 

 

2.3. Results and Discussion 

2.3.1. Investigation of the Catalytic Surface upon the 

Inclusion of Additives 

Initially, the effects of Fe and H2SO4 addition on the properties of the CeZr catalyst 

were investigated. According to the experimental X-ray diffraction (XRD) results,17 No 

diffraction peak of ZrO2, FeOX, and K components was observed and the largest intensity 
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in Raman spectra for catalyst surface is a symmetric breathing mode of the oxygen atoms 

around cerium atoms. These experimental results indicate that our CeZr catalyst surface 

is dominated by the (111) facet of CeO2. Furthermore, the experimental results reported 

by Liu et. al.31 revealed similar trend in the activity changes of CeO2 and CeZr against 

alkali-poisoning with sulfated compounds. The ability against alkali-poisoning was 

enhanced by introducing sulfated compounds into CeO2 and CeZr. Therefore, I used 

“Fe/H2SO4/CeO2” instead of ”Fe/H2SO4/CeZr” in the following text. In addition, XPS 

showed that Fe0 was not present in the system, indicating that the Fe species were 

atomically dispersed.17 Hence, the computational model of the catalyst was represented 

by the CeO2(111) surface, while that of the Fe-doped CeO2 catalyst was represented by 

the Fe_CeO2(111) surface, where one of the lattice Ce atoms was replaced by an Fe 

atom.32,33 Since this replacement could affect the stoichiometry of the surface, I also 

examined the VO formation34 to keep neutrality and its effect on the K poisoning. 

Figure 2 shows the optimized geometries of the Fe- and H2SO4-modified CeO2(111) 

surfaces, where each Ce atom coordinates with seven oxygen atoms on the outermost 

surface, and the length of the optimized Ce–Olat (lattice oxygen) bond is 2.36 Å. As shown 

in Figure 2b, Fe substitution causes a VO-like structure and yields two characteristic Olat 

atoms with shorter Ce–Olat bonds (2.20 Å) compared to the typical Ce–Olat bonds around 

the Fe sites. These structural changes can be attributed to an imbalance in the oxidation 

states of Ce, as the number of closest oxygen atoms on the outermost surface was seven 

for Ce and four for Fe. The calculated geometric changes are consistent with the 

experimental XPS results, wherein Fe doping induces mixed-valence states of Ce3+ and 

Ce4+.35 It was also deduced that the magnetic properties were enhanced by doping with 

Fe; the spin multiplicities of the CeO2(111) and Fe_CeO2(111) surfaces were singlet and 
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quintet, respectively. The presence of such unpaired electrons is expected to increase the 

catalytic activity or poisoning tolerance by enhancing the reactivity around the Fe sites. 

 

Figure 2. Top and right-side views of (a) CeO2: the pristine CeO2(111) surface, (b) 

Fe_CeO2: the Fe-doped CeO2(111) surface, (c) H2SO4/CeO2: the H2SO4-modified 

CeO2(111) surface, and (d) H2SO4/Fe_CeO2(111): the Fe-doped H2SO4-modified 

CeO2(111) surface. The dashed circles indicate the position of H2SO4. The light green, 

red, dark blue, yellow, and white colors indicated Ce, O, Fe, S and H atoms, respectively. 

 

Although H2SO4 has been widely used as a proton source for metal oxide surfaces,36,37 

the effect of adsorbed H2SO4 on metal oxides is not well understood. By screening the 

possible Ce, Fe, and O sites for H2SO4 adsorption with different orientations and for the 

presence of H+ adjacent to SO4 (Figures S1 and S2), the most stable structures were 

obtained, as shown in Figures 2c and 2d. The adsorption energy of the H2SO4 molecules 

was obtained using equation (1). 
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 Δ𝐸ads = 𝐸H2SO4@Surface − 𝐸Surface − 𝐸H2SO4
 (1) 

As shown in Figures 2c and 2d, the H2SO4 molecule was strongly bound to the CeO2 

and Fe_CeO2 surfaces. More specifically, ΔEads (eV) values were calculated to be in the 

order of: H2SO4 (−0.55 eV) > HSO4
− + H+ (−1.95 eV) > SO4

2− + 2H+ (−2.37 eV) for the 

CeO2 surface in the absence of additives, thereby indicating that the adsorption of 

negatively charged compounds is energetically favorable on Ce sites (Figures S1a, S1d, 

and S1e). In addition, the most stable adsorption structure of H2SO4 on the Fe_CeO2 

surface is shown in Figure 2d. This structure possesses a ΔEads of −2.92 eV, and so it was 

used to investigate the effect of K poisoning, as described in a later section. The meta-

stable geometries shown in Figures S1e and S1f indicate that the protons present on the 

surface are most stable when they are close to a SO4 site and at a distance of 1.87 Å from 

the oxygen atom of sulfuric acid (Osul). This implies that interactions, such as hydrogen 

bonds, could also contribute to stabilizing the adsorption of SO4. Thus, H2SO4 donates 

protons (H+) to the surface, and the remaining SO4 interacts with three Ce atoms to form 

a sulfated CeO2 surface (Figure 2c). This result is consistent with the conclusion of a 

previous experimental study38 that H2SO4 behaves as a proton resource and increases the 

number of BA sites. The remaining SO4 therefore acts as a Brønsted/Lewis base and 

functions as a K+ adsorption site. 

The lengths of the three Ce–Osul bonds of the H2SO4/CeO2(111) species were 

determined to be 2.42, 2.44, and 2.62 Å, respectively. Kuczkowski et al. reported two 

S=Osul double bonds and two S–Osul single bonds exist in the H2SO4 molecule, with bond 

lengths of 1.42 and 1.57 Å, respectively.39 As shown in Figures 2c and 2d, the three S–

Osul bonds adjacent to Ce measure 1.52–1.53 Å in length, which is close to the length of 
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the S–Osul bond (1.57 Å) in a H2SO4 molecule.39 The S=Osul double bond in the adsorbed 

SO4 is also lengthened, and this can be attributed to the strong interaction between Ce and 

Osul. As a result, three equivalent bonds close to the length of an S–Osul bond are generated. 

By contrast, the remaining S–Osul bond in the adsorbed SO4 was found to measure 1.44 

Å, which is close to the length of the S=O bond (1.42 Å) in the H2SO4 molecule (Figures 

2c and 2d).39 Additionally, the calculated value of the H–Olat bond length and the 

experimental value of the H–Osul bond length were almost identical (i.e., 0.97 and 0.98 

Å, respectively; Figure 2c).39 For the Olat around the SO4, Figure 2c shows that the 

protonated Olat sites around the adsorbed SO4 species exhibit longer Ce–Olat bonds (2.52–

2.62 Å) compared to typical Ce–Olat bonds (2.36 Å). Similarly, the adsorbed SO4 species 

considerably extrude the protonated Olat sites to the Fe side on the Fe_CeO2 surface 

(Figure 2d) because of the higher basicity of Osul close to the surface. As a result, the 

protonated Olat possesses the longest Ce–Olat bond lengths (2.73–2.76 Å) among the 

various modified CeO2 surface models examined herein. 

 

2.3.2. Projected Density of States 

The PDOS was calculated to analyze the effects of Fe and H2SO4 on the electronic 

structure of the CeO2 surface. However, it is difficult to compare the energies of each 

particular system owing to their different stoichiometries. Based on previous literature,40 

the PDOS energy was initially shifted according to the state of the atom that is not strongly 

affected by the presence of an additive. Thus, Ce 5s, −33.5 eV was selected as the 

reference first, and the Fermi level was set to zero (Figure S3). Figure 3 shows the PDOS 

of the Ce and O atoms on the surface adjacent to H2SO4 or Fe; the positions of the selected 
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Ce and O atoms used for the PDOS are shown in Figure S4. As presented in Figure 3a, 

the occupied states peaks at 0 ~ –4 eV correspond to Ce 4f and O 2p, while the unoccupied 

state peak at 2 eV corresponds to the Ce 4f state. The gap between O 2p–Ce 4f,  2.29 eV 

is close to the value of ~2.0 eV given by Maurício et al.41 In terms of the Fe_CeO2 (Figure 

3b), H2SO4/CeO2 (Figure 3c), and H2SO4/Fe_CeO2 (Figure 3d) surfaces, the PDOS of all 

Ce atoms was found to be comparable to the PDOS of the Ce atoms of the pristine surface. 

For the surface with substituted Fe, a sharp peak between −4 and −5 eV was observed, 

and no peak was found close to the band gap (Figures 3b and 3d). The PDOS of the Olat 

species around the Fe or H2SO4 species are presented as Olat_near, while those of the Olat 

species far from the Fe or H2SO4 species are shown in Olat_far. From Figures. 3b and 3d, 

it can be seen that Olat_near has a larger density of states close to the band gap compared to 

the one of Olat_far, implying that Fe substitution promote the surrounding Olat active, such 

as the formation of VO. As presented in Figure 3c, Olat_near shows a larger PDOS close to 

the band gap than Olat_far, thereby suggesting that H2SO4 activates the surrounding Olat 

species. By contrast, Osul exhibits a major peak at a lower energy level, i.e., between −3 

and −1 eV. 
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Figure 3. PDOS for the (a) pristine CeO2(111) surface, (b) Fe-modified CeO2(111) 

surface, (c) H2SO4-modified CeO2(111) surface, and (d) H2SO4- and Fe-modified 

CeO2(111) surface. The Fermi level, EF was set to 0 eV. The positions of the selected Ce 

and O atoms used for the PDOS are shown in Figure S4. The lines in positive and negative 

areas indicate spin-up and spin-down states, respectively. 

 

As the Ce based catalysts exhibit unique catalytic activities as the result of the 

involvement of the characteristic highly localized 4f state, the detailed changes in 4f states 

of Ce atoms induced by additives Fe and H2SO4
 were analyzed. The PDOS of 4f states of 

Ce atoms nearby Fe and H2SO4 were plotted and summarized in Figure S5. It was shown 
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that the 4f state distributes from 0 eV to −2 eV nearby Fermi level. With the introduction 

of Fe atoms, a strong peak of 4f states of Ce appears near Fermi level as seen in Figure 

S5b. The imbalance oxidation state between Ce and Fe atoms results in changes in 

coordination number of Ce and O, and generates VO-like structure and therefore spin 

multiplicities (the number of single electrons) changes. The induced single electrons are 

partially localized at 4f states of Ce near Fermi level, which may contribute to unique 

catalytic activity for NOX redox. The mechanism of NOX redox is out scope of this work 

and will not be discussed here. With both induced H2SO4 and Fe, the structure nearby Ce 

atom doesn’t change too much as shown in Figure 2c. The induced VO-like geometry was 

refilled by Olat neighboring H2SO4, therefore no obvious changes of 4f states of Ce atoms. 

 

2.3.3. Effects of Oxygen Vacancy Formation 

The VO formation process was subsequently investigated because CeO2 is known to 

possess an excellent oxygen storage capacity.42 According to the experimental results 

obtained by Zhang et al.,43 VO can be re-oxidized by O2 molecules to form reactive 

adsorbed oxygen species, and as a result, the redox properties and catalytic activity are 

improved. A generally accepted mechanism of VO formation during the NH3-SCR process 

is via the desorption of an adsorbed proton in the form of H2Olat.
43-45 However, few studies 

have compared whether VO is formed via H2O desorption or directly via O2 desorption in 

the presence of protons adsorbed on CeO2 surface. Therefore, the VO formation process 

associated with O2 desorption (2), which represents the direct desorption of Olat, was 

compared with the desorption of H2O (4), whereinΔ𝐸f
O2 and Δ𝐸f

H2O
 indicate the energy 

of VO formation in each pathway. 
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 Olat ⇄ VO +
1

2
O2(g), (2) 

 Δ𝐸f
O2 = 𝐸VO

+
1

2
𝐸O2(g) − 𝐸Olat

,  (3) 

 2H_Olat ⇄ VO +
1

2
H2O(g),  (4) 

 Δ𝐸f
H2O

= 𝐸VO
+ 𝐸H2O(g) − 𝐸2H_Olat

,  (5) 

where 𝐸Olat
, 𝐸VO

, and 𝐸2H_Olat
 are the energies of the surface without VO, the surface with 

VO, and the surface with two H atoms, respectively. 

The initial geometry of the CeO2 surface containing VO was created by removing a 

single oxygen atom from the pristine CeO2 and Fe/H2SO4-modified CeO2 surfaces. The 

formation energy of VO on the pristine CeO2 was determined to be Δ𝐸f
O2 = 2.54 eV (Table 

1), which agrees with a previously reported value of 2.61 eV.46 In this case, Δ𝐸f
O2 was 

found to be similar to Δ𝐸f
H2O

 (2.46 eV), as shown in Table 1. It was therefore considered 

that several VO candidates exist on the Fe_CeO2 surface, as presented in Figure S6. More 

specifically, VO species are formed most easily around the doped Fe atoms; the most 

stable one is shown in Figure 4b, wherein the energies of formation were determined to 

be Δ𝐸f
O2 = 0.84 eV and Δ𝐸f

H2O
 = 2.18 eV. The formation of VO was also found to induce 

a large cavity close to Fe, which could act as a possible adsorption site for small reactants 

or K (Figure 4b). The effect of H2SO4 adsorption on VO formation was also investigated 

(Figures 4c1 and 4d1), and it was found that in H2SO4-modified CeO2 systems, VO species 

are easily formed at the sites close to the oxygen atoms of Ce–Osul moieties. After VO 

formation, surface reorganization takes place around VO and SO4, and Osul occupies the 

VO site, as shown in Figures 4c2 and 4d2. The energy difference between isomers c1 and 
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c2 is 0.91 eV and that for isomers d1 and d2 is 0.63 eV; therefore, Δ𝐸f
H2O

 was calculated 

based on the more stable structures shown in Figures 4c2 and 4d2. The energy of VO 

formation associated with SO4/CeO2_VO indicated that VO species are more easily formed 

at sites close to the Osul atom, with formation energies of Δ𝐸f
O2 = 0.27 eV and Δ𝐸f

H2O
 = 

0.58 eV being determined; by contrast, there were no obvious changes in the VO formation 

energies at sites far from the Osul species. These results therefore indicate that the 

adsorption of H2SO4 promotes VO formation close to the SO4 species. However, the 

formation of VO is quite complicated where modification with both Fe and H2SO4 is 

carried out. In such a situation, the VO sites can be roughly grouped into three types, 

namely Olat close to Osul, Olat close to Fe, and Olat between Fe and Osul. As indicated by 

the VO formation energy determined for the Fe_CeO2 surface, the Olat atom at the site 

between Fe and Osul is the easiest to remove, while the Olat is protonated on the 

H2SO4/Fe_CeO2 surface. Hence, a new structure was obtained in which H was moved 

from the desorbing Olat onto the opposite Olat, thereby allowing the pathway of O2 

formation resulting from the direct desorption of the Olat to be investigated (Figure S2p). 

More specifically, the O2 and H2O desorption pathways were examined, as outlined in 

Figures S2p and S2o, respectively. It was found that Figs. S2p and S2o surfaces are 

comparatively stable in terms of their electronic energies. Thus, the VO formation energy 

determined for the SO4/Fe_CeO2 surface led to the following results for the O2 and H2O 

desorption pathways, respectively: Δ𝐸f
O2 = −0.04 eV and Δ𝐸f

H2O
 = 0.67 eV. 
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Figure 4. Top and right-side views of the surface models containing VO. (a) CeO2_ VO, 

(b) Fe _CeO2_VO, (c1) SO4/CeO2_VO, (c2) SO4/CeO2_VO (SO4 is bound to VO), (d1) 

SO4/Fe_CeO2_VO, and (d2) SO4/Fe_CeO2_VO (SO4 is bound to VO). The dashed circles 

indicate the positions of VO. The light green, red, dark blue, yellow colors indicated Ce, 

O, Fe, S atoms, respectively. 

 

Table 1. Electronic (ΔE) and Gibbs energies (ΔG) for VO formation in the various  

surface models. Tcal is the calcination temperature for catalyst preparation (800 K). 
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 CeO2 Fe_CeO2 H2SO4/CeO2 H2SO4/Fe_CeO2 

Δ𝐸f
O2 2.54 0.84 0.27 −0.04 

Δ𝐸f
H2O

 2.46 2.18 0.58 0.67 

Δ𝐺(𝑇cal, 𝑃O2
) 1.65 −0.05 −0.62 −0.93 

Δ𝐺(𝑇cal, 𝑃H2O) 0.72 0.44 −1.15 −1.06 

 

Based on ab initio thermodynamics,47 an approximated formula of the Gibbs energy 

for VO formation is presented in the following equations: 

 Δ𝐺(𝑇, 𝑃O2
) ≈ Δ𝐸f

O2 + Δ𝜇O2
(𝑇, 𝑃O2

0 ) + 𝑅𝑇 ln( 𝑃O2
/𝑃O2

0 ),  (6) 

 Δ𝐺(𝑇, 𝑃H2O) ≈ Δ𝐸f
H2O

+ Δ𝜇H2O(𝑇, 𝑃H2O
0 ) + 𝑅𝑇 ln( 𝑃H2O/𝑃H2O

0 ).  (7) 

The partial pressure of each molecule (𝑃𝑋 ,   𝑋 = O2, H2O ) was determined from the 

following equation: 𝑃𝑋/𝑇 = 𝑃𝑋
atm/𝑇atm. Here, I used the partial pressure of oxygen in 

the atmosphere (2.10 × 10−2 MPa) for 𝑃O2

atm and the saturated vapor pressure (0.32 × 10−2 

Mpa, 298.15 K), which was obtained by Tetens equation48 (S1) in the Supporting 

Information, for 𝑃H2O
atm . In addition, Δ𝜇O2

(𝑇, 𝑃O2

0 )  and Δ𝜇H2O(𝑇, 𝑃H2O
0 )  are given by 

equations (S2) and (S3), respectively. 

The temperature and pressure dependencies of μ were obtained from the NIST-

JANAF thermodynamics tables.49 Figure 5 shows the Gibbs energy changes associated 

with the VO formation reactions, wherein the corresponding values were determined 

based on ab initio thermodynamics. The pathways of O2 desorption and H2O desorption 

were considered for the VO formation reaction as shown in Figure 5. Figure 5a shows that 
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the formation of Vo becomes easier with increasing temperature, and it is an exothermic 

process at 800K, which is the calcination temperature for catalyst preparation. Both Fe 

and H2SO4 can promote VO formation under the conditions evaluated herein, which is 

consistent with the PDOS results and the experimental observations.15,50,51 In particular, 

H2SO4 modification significantly reduced the VO formation energy on the CeO2 surface. 

Additionally, VO formation with the release of H2O was found to be an exothermic 

process on the H2SO4-modified surface. Furthermore, the formation of VO species by H2O 

desorption is more favored on the H2SO4/CeO2, and H2SO4/Fe_CeO2 surfaces than the 

formation of VO species via O2 desorption at calcination temperature (800 K). By contrast, 

the desorption energy of H2O on the Fe_CeO2 surfaces is large because protonated Olat 

species around the Fe sites are considerably stable. 
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Figure 5. (a) Temperature dependence on Gibbs energy change of oxygen vacancy (VO) 

formation attributed to O2 desorption (solid lines) and H2O desorption (dashed lines). VO 

formation on the CeO2 surface (green), Fe_CeO2 surface (blue), H2SO4/CeO2 surface 

(orange), and H2SO4/Fe_CeO2 surface (purple). Tcal is calcination temperature. (b) 

Pressure dependence on Gibbs energy change of VO
 by O2 desorption path at Tcal. 𝑃O2

 is 

partial pressure of O2 at 800 K (c) Pressure dependence on Gibbs energy change of VO 

formation by H2O path at Tcal. 𝑃H2O is partial pressure of H2O at 800 K. 

 



 

48 
 

2.3.4. Alkali Metal Poisoning 

KNO3 was used as precursor to prepare K2O in the experimental investigations.17 The 

adsorption of the single K atom and that of K2O with the counter anion on CeO2 surfaces 

were compared (Figure S8). It was shown that the trend of K and K2O adsorption was 

consistent with Fe_CeO2 > H2SO4/CeO2 > CeO2. The charge of K in K@CeO2 and 

K2O@CeO2 is almost the same, +0.87 |e| and +0.86 |e|, respectively. Both K and K2O are 

slightly reducing the surface in the same way. The charge transfers from adsorbed K atom 

and K2O molecule to CeO2 surface are –0.87 |e| and –0.53 |e|, respectively. Thus, I used 

K as a model to investigate the detailed poisoning mechanism. 

Initially, the stabilities of the K and H atoms on the CeO2 surface were compared to 

investigate the effect of K on the BA sites. The relative stabilities of the protonated and 

K-adsorbed surfaces were evaluated using the K–H exchange reaction (8), which is 

associated with the exchange energy, Eex, given in equation (9). 

 H@Surface +
1

2
K2O(g) → K@Surface +

1

2
H2O(g),  (8) 

 𝐸ex = 𝐸K@Surface +
1

2
𝐸H2O(g) − 𝐸H@Surface −

1

2
𝐸K2O(g),  (9) 

where 𝐸H2O(g)  and 𝐸K2O(g)  are the total energies of the H2O and K2O molecules in a 

vacuum, respectively. In addition, H@Surface and K@Surface represent the protonated 

and K-adsorbed surfaces, respectively, while EH@Surface and EK@Surface are the total 

energies of H@Surface and K@Surface, respectively. Figure 6 shows the most stable 

adsorption site for H on each surface with Eex, and the adsorption structure of K after the 

K–H exchange reaction is shown in Figure S10. The obtained Eex values demonstrate that 
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K is more stably adsorbed than H on all surfaces, which indicates that K species inhibit 

the formation of BA sites by occupying Olat
 (Figure 6). Therefore, alkali metal poisoning 

could cause a decrease in the number of available BA sites in CeO2-based catalysts. This 

result is consistent with the decrease in NH3 adsorption observed on the K-poisoned 

catalyst.17 

 

Figure 6. Top and right-side views of the protonated surfaces: (a) H@CeO2 surface, (b) 

H@Fe_CeO2 surface, (c) H2SO4/CeO2 surface, (d) H2SO4/Fe_CeO2 surface, € 

H@CeO2_VO surface, (f) H@Fe_CeO2_VO surface, (g) H@SO4/CeO2_VO surface, and 

(h) H2SO4/Fe_CeO2_VO surface. Eex is the energy of the K–H exchange reaction. The 
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dashed circles indicate the positions of VO. The light green, red, dark blue, yellow and 

white colors indicated Ce, O, Fe, S, H atoms, respectively. 

 

2.3.5. Alkali Metal Adsorption 

In this section, the interaction between K and the CeO2 surfaces both with and without 

VO is discussed. The adsorption sites for the K atoms were investigated using the K 

adsorption reaction (10), which is associated with the adsorption energy, 𝐸ads, given in 

equation (11). 

 Surface +
1

2
K2O(g) → K@Surface +

1

4
O2(g)  (10) 

 𝐸ads = 𝐸K@Surface +
1

4
𝐸O2(g) − 𝐸Surface −

1

2
𝐸K2O(g)  (11) 

As shown in Figure 7a, the K atom is adsorbed at the Olat species in the hollow site on the 

pristine CeO2 surface. By contrast, on the Fe-doped CeO2 surface, the adsorption site for 

the K atom changes to the VO-like site close to the Fe site (Figures 7b and 7d). In addition, 

as shown in Figure 7c, the introduction of H2SO4 enhances adsorption of the K atom by 

interacting with both the Olat and Osul atoms. The resulting VO-like site provides a cavity 

for K adsorption on the Fe site with large adsorption energies of −3.27 and −2.72 eV on 

Fe_CeO2 and H2SO4/Fe_CeO2, respectively (Figures 7b and 7d). Furthermore, it was 

determined that the stability of K on CeO2 surface in the absence of VO decreased in the 

order of: Fe_CeO2 (−3.27 eV) > H2SO4/Fe_CeO2 (−2.72 eV) > H2SO4/CeO2 (−2.62 eV) 

> pristine CeO2 (−1.60 eV). Overall, these results indicate that both H2SO4 and Fe 

enhance K adsorption, thereby causing K atoms to accumulate close to the additives. 
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Figure 7. Top and right-side views of K adsorption on the (a) CeO2 surface, (b) Fe_CeO2 

surface, (c) H2SO4/CeO2 surface, (d) H2SO4/Fe_CeO2 surface, (e) CeO2_VO surface, (f) 

Fe_CeO2_VO surface, (g) H2SO4/CeO2_VO surface, and (h) H2SO4/Fe_CeO2_VO surface. 

The dashed circles indicate the positions of VO. The Bader atomic charges for the 

adsorbed K species are also given.  The light green, red, dark blue, yellow, white and 

purple colors indicated Ce, O, Fe, S, H and K atoms, respectively. 

 

The effects of VO were also considered in the context of K poisoning. As shown in 

Figures 7a and 7e, only minor changes were observed in the K adsorption energy in the 
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presence and absence of VO, and no preferential K adsorption was observed on the surface 

containing VO. This was attributed to the positively charged Ce atoms exposed on the 

outermost surface of the VO site, which repel the positively charged K ions. In addition, 

VO formation did not affect neighboring K adsorption on the Olat of the pristine CeO2 

surface, wherein the K atoms interacted with Olat rather than with the VO site (Figures 7e 

and 7f). Moreover, K adsorption was weakened on Fe_CeO2_VO as the VO was formed 

close to the Fe site (Figure 7f). In the case of the modified H2SO4, the VO sites can be 

easily re-oxidized by the adjacent Osul atom (Figure 7g), thereby leading to no obvious 

changes in K adsorption. However, it was found that the formation of VO on the 

H2SO4/Fe_CeO2 surface highly enhanced the adsorption of K, with an adsorption energy 

of −3.28 eV being determined, which is twice as large as that in the case of a pristine 

CeO2 surface (Figure 7h). The stability of K on the CeO2 surfaces containing VO was 

therefore determined to decrease in the order of: SO4/Fe_CeO2_VO (−3.28 eV) > 

SO4/CeO2_VO (−2.41 eV) > Fe_CeO2_VO (−2.03 eV) > CeO2_VO (−1.59 eV) ≈ pristine 

CeO2 (−1.60 eV), thereby confirming that the presence of H2SO4 and Fe additives 

enhanced K adsorption on the surfaces containing VO. From these results, the enhanced 

adsorption energy of K observed in Figures 7b and 7h can be attributed to the structural 

rearrangement of Osul and Olat surrounding the K. In addition, H2SO4 should be adsorbed 

around the Fe site, as the molar ratio of Fe to H2SO4 in the experimental study was 

determined to be 0.2:1.17 Therefore, the favorable K adsorption taking place on the 

SO4/Fe_CeO2_VO sites protects the other BA sites from alkali metal poisoning, ultimately 

contributing to the maintenance of a high NOX conversion over time. This factor could 

therefore be the origin of the synergistic effect between Fe and H2SO4 in terms of 

improving the alkali tolerance of the catalyst surface. 
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Subsequently, the Bader charge and electron density differences were analyzed to 

clarify the interactions between the K atoms and the surfaces. As presented in Figure 7a, 

the adsorbed K possesses a positive charge on the pristine CeO2 surface, indicating that 

K is in the cationic state. The charges of the K atoms on Fe_CeO2 (Figure 7b) and 

Fe_CeO2_VO (Figure 7f) were determined to be similar to those on pristine CeO2, while 

the K atoms around the sulfate groups were found to possess slightly larger positive 

charges on the H2SO4/CeO2 (Figure 7c) and SO4/CeO2_VO (Figure 7g) surfaces. In 

addition, the K atoms exhibited similar trends around the SO4/Fe sites on H2SO4/Fe_CeO2 

(Figure 7d) and SO4/Fe_CeO2_VO (Figure 7h). Although these results indicate that all K 

species were in the cationic state, no clear correlation was found between the degree of 

charge and the adsorption energy of the K atoms. 

The effect of K on the NH3 molecule adsorption on pristine CeO2 surface was 

investigated by comparing NH3 adsorption on Brønsted acid (BA) sites, Lewis acid (LA), 

with and without K. The results were summarized in Figure S17. It was shown that NH3 

molecules can be adsorbed on Brønsted acid sites, Lewis acid (LA) with adsorption 

energy −0.61 eV and −0.77 eV, respectively. NH3 interacts with the BA site through 

hydrogen bonds but forms a covalent bond with the Ce atom of the CeO2 surface. The 

existence of K species at the LA site does not affect NH3 adsorption energy strongly, 

which are similar to the previous report.12 While K species preferentially occupy the LA 

site as it binds to the LA site much stronger (−1.60 eV). When K replaces the proton at 

BA sites, the adsorbed NH3 is stabilized at the top site of K species which is far from the 

CeO2 catalyst with an adsorption energy of −0.52 eV. Therefore, K at Brønsted acid site 

inhibits the NH4
+ formation, also the interaction between the CeO2 catalyst and NH3 

molecule to generate NH2 species.   
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2.3.6. Charge Density Differences 

Figure 8 shows the difference in electron density induced on the surfaces upon K 

adsorption. The electron density difference (Δρ) was calculated as Δρ = ρK@Surface – ρSurface 

– ρK(g), where ρK@Surface, ρSurface, and ρK(g) are the electron density distributions of the K-

adsorbed surface, the surface alone, and K atoms in the vacuum layer, respectively. The 

decrease in the electron density (blue isosurface) around the adsorbed K corresponds to 

the transfer of valence electrons from the K 4s orbitals to the CeO2 surface (Figure 8a). 

The orange isosurface indicates that the electron density increased in the 2p orbital of Olat, 

indicating the role of the acceptor orbitals in the electron transfer process associated with 

K adsorption. The changes in the charge densities of the Ce and Fe atoms upon K 

adsorption are also shown in Figure 8, wherein it can be seen that the changes in the 

electron density that took place upon K adsorption also affected the adjacent Ce atoms 

through the Olat atoms. Similar charge transfer from the K atom to the Olat species was 

also observed on the Fe_CeO2 surface (Figure 8b). In addition, an increase in the electron 

density was observed between K and Fe, suggesting that interactions with both Fe and 

Olat could account for the strong adsorption of K at the Fe sites. It was deduced that charge 

transfer between K and the surface occurred through three Olat atoms on the Fe_CeO2 

surface, while only two Olat atoms were involved in the case of the Fe_CeO2_VO surface 

(Figures 8b and 8f). This indicates that the decrease in the K adsorption energy on the 

Fe_CeO2_VO surface is attributed to the absence of one characteristic Olat by VO 

formation. Interactions were also observed between the K atom and the three Osul atoms 

in the H2SO4/CeO2 system (Figure 8c), thereby accounting for the relatively strong 

adsorption of K on H2SO4/CeO2. Furthermore, for the H2SO4/CeO2_VO system, only two 
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Osul atoms interacted with the K atom, and the K adsorption energy was smaller than that 

on H2SO4/CeO2 (Figure 8g). The charge transfer occurred among the K atoms, three Olat 

atoms, and Fe atoms (Figure 8d). Nevertheless, the small adsorption energy associated 

with the K atom can be attributed to repulsion between the positive charges of the H and 

K atoms. The highest K adsorption energies are −3.27 eV for Fe_CeO2 and −3.28 eV for 

H2SO4/Fe_CeO2_VO. The Olat site at Fe_CeO2 and the Olat and Osul sites at 

H2SO4/Fe_CeO2_Vo are responsible for the strong adsorption of K, respectively. These 

results were mainly attributed to the interactions between the Olat and Osul atoms 

surrounding the K atom (Figures 8b and 8h). 

 

Figure 8. Top view and right-hand view of the electron density differences upon K 

adsorption on the (a) CeO2 surface, (b) Fe_CeO2 surface, (c) H2SO4/CeO2 surface, (d) 



 

56 
 

H2SO4/Fe_CeO2 surface, (e) CeO2_VO surface, (f) Fe_CeO2_VO surface, (g) 

H2SO4/CeO2_Vo surface, and (h) H2SO4/Fe_CeO2_VO surface. The blue and orange 

isosurfaces indicate a decrease and increase in the charge density, respectively. 

 

2.3.7. Adsorption of Multiple Potassium Atoms 

According to the previously reported experimental details, the Fe:K ratio is equal to 

1:5.7,17 and so multiple K adsorption were considered. The adsorption sites for the K 

atoms were investigated considering multiple K adsorption steps (12), which are 

associated with the relative energies, 𝐸ads(𝑛), given in equation (13): 

 Surface +
𝑛

2
K2O(g) → 𝑛K@Surface +

𝑛

4
O2(g),  (12) 

 𝐸ads(𝑛) = 𝐸𝑛K@Surface +
𝑛

4
𝐸O2(g) − 𝐸Surface −

𝑛

2
𝐸K2O(g),  (13) 

where n (= 1–4) is the number of K atoms, EnK@Surface, ESurface, and 𝐸K2O(g) are the total 

energies of nK atoms adsorbed on the surface, the surface alone, and the K2O molecules 

in a vacuum, respectively. 

The adsorption of K on the considered four surfaces (CeO2, Fe_CeO2, SO4/CeO2_VO, 

SO4/Fe_CeO2_VO) were compared. It was shown that K adsorption becomes weaker with 

the increased number of adsorbed K atoms. The detailed adsorption energy of K atoms 

on CeO2, Fe_CeO2, SO4/CeO2_Vo, SO4/Fe_CeO2_Vo were summarized in Figure S18, 

and their structures were shown in Figure S19. To make clear the difference between the 

case of additives Fe and H2SO4, I focus on the comparison of adsorption energies of the 
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K atoms on the SO4/CeO2_VO surface and the SO4/Fe_CeO2_Vo surface in Figure 9. 

Figure 9a indicates that both the SO4/CeO2_VO and SO4/Fe_CeO2_VO surfaces can 

adsorb multiple K atoms. The energy change between each step presented in Figure 9a is 

shown in Figure 9b, wherein it can be seen that the adsorption energy of the K atoms 

decreased as the extent of K adsorption increased on the SO4/CeO2_VO surface. 

Considering the case of up to three K atoms on the SO4/CeO2_VO surface, the calculated 

adsorption energy per K atom was greater than the adsorption energy for a single K atom 

on the pristine CeO2
 surface. However, the binding energies of the third and fourth K 

atoms on the SO4/Fe_CeO2_VO surface were still higher than those of the single K atom 

on the pristine CeO2
 surface. Except for the site nearby SO4 species, normal CeO2 sites 

nonadjacent to SO4 can also trap K species. It was found that the K adsorptions up to 7 K 

atoms are exothermic on SO4/CeO2_VO and SO4/Fe_CeO2_VO. When the number of K is 

larger than 4, the adsorption energy of K becomes smaller than the one on the pristine 

CeO2 surface. Detailed information about multiple K adsorption can be found in Figure 

S20. Additionally, their structures were summarized in Figure S21. 

In addition, the geometry of the charge state of the 4K@surface was analyzed (see 

Table 2), and it was found that the Bader charges of the adsorbed K and O atoms did not 

change significantly between the SO4/CeO2_VO and SO4/Fe_CeO2_VO surfaces. 

However, it was deduced that the distances between the adsorbed K atoms on the 

SO4/Fe_CeO2_VO surface are shorter than those on the SO4/CeO2_VO surface, which 

indicates that the additional Fe content causes the K atoms to gather together. In other 

words, the unique surface structure of SO4/Fe_CeO2_VO played an important role in 

protecting the NH3 adsorption sites from alkali metal poisoning. 
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Figure 9. (a) Adsorption energies of the K atoms on the SO4/CeO2_VO surface (orange 

line) and the SO4/Fe_CeO2_VO surface (purple line) relative to the isolated surface and 

the K atoms. (b) Adsorption energies of the nth K atoms relative to the (n−1)th@surface. 

* represents the surface without adsorbate. 

 

Table 2. Distance (Å) between the K atom and the closest O atom, along with their Bader 

charges (|e|) for the geometry of the 4K@surface. The references for Bader change are set 

to the total number of electrons associated with isolated K and O atoms 

4K@SO4/CeO2_VO Distance Charge (K) Charge (O) 

K1st 2.76 0.87 −1.31 

K2nd 2.76 0.86 −1.29 

K3rd 2.75 0.87 −1.29 

K4th 2.79 0.92 −1.35 
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4K@SO4/Fe_CeO2_VO Distance Charge (K) Charge (O) 

K1st 2.49 0.85 −1.19 

K2nd 2.70 0.88 −1.27 

K3rd 2.61 0.88 −1.29 

K4th 2.53 0.88 −1.27 

 

2.4. Conclusion 

In this study, density functional theory (DFT) calculations were used to clarify how 

alkali metal poisoning is prevented in the CeZr oxide catalyst in the presence of Fe and 

H2SO4 additives. Based on previously reported experimental observations, CeO2 was 

adopted as the surface model for the CeZr catalyst. Initially, the complex surface structure 

of the catalysts was investigated, and it was found that H2SO4 addition considerably 

promoted the formation of oxygen vacancies (VO) on the CeO2 surface under calcination 

conditions. In addition, these VO easily combined with the oxygen atoms of a neighboring 

sulfate (SO4) group to form unique SO4/CeO2_VO and SO4/Fe_CeO2_VO surfaces. The 

thermodynamic stabilities of the various states were also evaluated using ab initio 

thermodynamic calculations. As a result, it was deduced that VO formation was promoted 

by the presence of H2SO4, and the VO sites were thermodynamically stable under the 

experimental operating conditions. Subsequently, the effect of K poisoning on the CeO2 

surfaces was investigated, wherein K occupies the lattice oxygen sites and inhibits the 

formation of Brønsted acid sites, which are closely related to the activity of the selective 

catalytic reduction of ammonia. This result was associated with a reduced degree of NH3 

adsorption on the catalytic surface and the consequent decrease in NOX conversion. 
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Investigation of the K adsorption energy showed that K adsorption at the 

SO4/Fe_CeO2_VO site is preferable to that observed on a normal CeO2 surface, with up 

to four K atoms being adsorbed on the former. Hence, the synergistic effect of Fe and 

H2SO4 provides multiple K adsorption sites on the catalyst surface, which ultimately 

protects the NH3 adsorption sites from K poisoning and contributes to the maintenance of 

a high NOX conversion. These findings can also provide insights into understanding the 

ability of metal oxide-based catalysts with sulfate ions against alkali-poisoning. 

Furthermore, they open new avenues for facilitating the tailored design of alkali-tolerant 

catalysts for NH3-SCR. I believe that atomic-level insight into the mechanisms of alkali 

metal poisoning and tolerance of SCR catalysts contributes to the design of catalysts 

applicable to biomass fuels that contain high amounts of alkali metal. One potential 

avenue for future research is to understand the effect of the K on the catalytic activity of 

metal oxide surface for SCR reactions. 
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2.5. Supporting Information 

S1. Various Adsorption Structures of H2SO4 on Catalytic Surface. 

 

Figure S1. Various adsorption structures of H2SO4 on CeO2 surface. Eads is adsorption 

energy:  𝐸ads = 𝐸H2SO4@Surface − 𝐸H2SO4(g) − 𝐸Surface. 
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Figure S2. Various adsorption structures of H2SO4 on Fe_CeO2 surface.  
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S2. Projected Density of States. 

 

Figure S3. PDOS of 16 metals in the top Ce 1 layer. The PDOS energy of Fe_CeO2, 

H2SO4/CeO2, and H2SO4/Fe_CeO2 were shifted to match the largest peak in inner shell 

states (approximately −33.5 eV) of CeO2. 
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Figure S4. List of atoms selected to plot PDOS. 
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Figure S5. The PDOS for s, p, d, and f states of Ce atoms for the geometries in Figure 

2c. Ce(d,f)-S and Ce(d,f)-Fe indicate PDOS of Ce atoms around H2SO4 and Fe, 

respectively. The positions of the selected Ce and O atoms used for the PDOS are shown 

in Figure S4. 
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S3. Comparison of VO Position. 

 

Figure S6. Stability of VO on Fe_CeO2 surface. The dashed circle indicates the 

position of VO. Ef is formation energy: 𝐸𝑓 = 𝐸𝐹𝑒_𝐶𝑒𝑂2_𝑉𝑂
+ 1/2𝐸𝑂2(𝑔) − 𝐸𝐹𝑒_𝐶𝑒𝑂2

. 
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S4. Equation for Saturated Vapor Pressure and Chemical Potential. 

Saturated vapor pressure (𝑒𝑠) was calculated by Tetens equation 

 𝑒𝑠 = 6.11 × 10(
7.5×𝑇

237.3+𝑇
), (S1) 

where T is air temperature (℃). 

Δ𝜇O2
(𝑇, 𝑃O2

0 ) and Δ𝜇H2O(𝑇, 𝑃H2O
0 ) are given by 

 Δ𝜇O2
(𝑇, 𝑃O2

0 ) = 𝜇O2
(𝑇, 𝑃O2

0 ) − 𝜇O2
(𝑇0, 𝑃O2

0 ) 

 = [𝐻(𝑇, 𝑃O2

0 ) − 𝑇 ⋅ 𝑆(𝑇, 𝑃O2

0 )] − [𝐻(𝑇0, 𝑃O2

0 ) − 𝑇0 ⋅ 𝑆(𝑇0, 𝑃O2

0 )], (S2) 

 Δ𝜇H2O(𝑇, 𝑃H2O
0 ) = 𝜇H2O(𝑇, 𝑃H2O

0 ) − 𝜇H2O(𝑇0, 𝑃H2O
0 )  

 = [𝐻(𝑇, 𝑃H2O
0 ) − 𝑇 ⋅ 𝑆(𝑇, 𝑃H2O

0 )] − [𝐻(𝑇0, 𝑃H2O
0 ) − 𝑇0 ⋅ 𝑆(𝑇0, 𝑃H2O

0 )], (S3) 

where 𝑇0, 𝑃O2

0  and 𝑃H2O
0  are 0 K, 0.1 MPa and 0.1 MPa, respectively. 
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S5. Comparison of K and K2O Adsorption. 

 

Figure S8. (a-c) K adsorption on the CeO2 surface with/without additives. The 

adsorption energies were calculated by: 𝐸ads = 𝐸K@surface + 1 4⁄ 𝐸O2(g) − 𝐸surface −

1 2⁄ 𝐸K2O(g) . (d-f) K2O adsorption on the CeO2 surface with/without additives. The 

adsorption energies were calculated by: 𝐸ads = 𝐸K2O@surface − 𝐸surface − 𝐸K2O(g). The 

charge of the K atom and the O atom in the K2O molecule are shown in each figure. 

 

  



 

69 
 

S7. Adsorption Structure of K on Each Surface. 

 

Figure S10. K@surface produced after K-H exchange reaction. The dashed circle 

indicates the position of VO. Eex is exchange energy: 𝐸ex = 𝐸K@Surface + 1/2𝐸H2O(g) −

𝐸H@Surface − 1/2𝐸K2O(g). 
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S8. Adsorption Structure of NH3 on Each Surface. 

 

Figure S17. Adsorption of NH3 on CeO2 surface with and without K species. Unit for 

adsorption energy, eV. The adsorption energy of K was calculated as: Eads = EK@Surface + 

1/4EO2(g) – ESurface – 1/2EK2O(g). The adsorption energy of NH3 was calculated as: Eads = 

ENH3@Surface – ESurface – ENH3(g). 
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S9. Multiple K Adsorption. 

 

Figure S18. (a) Adsorption energies of the K atoms on the CeO2 surface (green line) 

the Fe_CeO2 surface (blue line), the SO4/CeO2_VO surface (orange line) and the 

SO4/Fe_CeO2_VO surface (purple line) relative to the isolated surface and the K atoms. 

(b)  Adsorption energies of the nth K atoms relative to the (n−1)th@surface. The dashed 

line indicates the adsorption energy of K on the CeO2 surface. * represents the surface 

without adsorbates. 
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Figure S19. Adsorption structures of the K atoms on each surface model. 
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Figure S20. (a) Adsorption energies of the K atoms on the SO4/CeO2_VO surface 

(orange line) and the SO4/Fe_CeO2_VO surface (purple line) relative to the isolated 

surface and the K atoms. (b)  Adsorption energies of the nth K atoms relative to the 

(n−1)th@surface. * represents the surface without adsorbates. 
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Figure S21. Adsorption structures of the K atoms on each surface model. 
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Chapter 3. Constructing Machine-Learning 

Force Field Describing Oxygen Vacancy on CeO2 

Surfaces 
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3.1. Introduction 

Metal oxide catalysts are crucial in various industrial and environmental processes 

due to their exceptional catalytic properties, stability, and versatility.1,2 The unique ability 

of metal oxides to facilitate redox reactions, adsorb and activate reactant, and withstand 

harsh operating conditions makes them indispensable in modern catalytic technologies. 

One of the most extensively studied metal oxides is cerium dioxide (CeO2), renowned for 

its oxygen storage capacity and redox flexibility. CeO2 is widely employed in automotive 

catalytic converters,3,4 solid oxide fuel cells,5 and catalyst supports6 in various chemical 

reactions. Oxygen vacancies in CeO2 enhance its catalytic performance by providing 

active sites for reactant adsorption and facilitating oxygen mobility, which is crucial for 

reactions such as CO oxidation,7,8 water-gas shift,9,10 and methane reforming.11 

Understanding the formation, stability, and diffusion of oxygen vacancies on CeO2 

surfaces is essential for optimizing catalytic efficiency and extending applications. For 

example, in the selective catalytic reduction of nitrogen oxides with ammonia (NH₃-

SCR), oxygen vacancies facilitate the activation of reactants and influence reaction 

pathways,12-14 making them central to improving catalytic performance. Our previous 

theoretical studies using density functional theory (DFT) calculations indicated that 

additives facilitate the formation of oxygen vacancies on the surface of CeO2. 

Additionally, the adsorption sites generated in this process significantly affect the alkali 

metal tolerance of NH3-SCR.15 However, a key challenge still exists in understanding 

more realistic CeO2 surfaces. 

Simulating realistic catalytic surfaces with oxygen vacancies on CeO2 poses 

significant computational challenges. Vacancy configurations vary across different 
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facets, which can significantly impact catalytic properties. While pristine CeO2 surfaces, 

such as the high-symmetry (100), (110), and (111) facets, contain relatively few 

inequivalent lattice oxygen sites, surfaces with step structures, such as (221) and (331) 

present numerous lattice oxygen sites with differing symmetries. This diversity 

necessitates a comprehensive screening of oxygen vacancy configurations to capture their 

role in catalytic activity accurately. Traditional computational approaches, such as density 

functional theory (DFT), offer valuable insights into the electronic structure of metal 

oxide surfaces and reaction pathways. However, the high computational cost of DFT 

limits its applicability to large-scale systems and extensive sampling of dynamic 

processes like oxygen vacancy diffusion.  

Recent advancements in machine learning (ML) have opened new avenues for 

overcoming these limitations. Machine learning force fields (MLFF) have emerged as 

powerful tools for simulating the behavior of complex materials with near-DFT accuracy 

but at a fraction of the computational expense. By training on DFT data, MLFF can 

predict atomic forces and energies for new configurations, enabling large-scale MD 

simulations that capture the dynamic nature of catalyst surfaces. This capability is 

particularly advantageous for studying metal oxide catalysts, where the ability to model 

extensive surface areas and diverse vacancy configurations is crucial for a comprehensive 

understanding of catalytic mechanisms. 

In recent years, there has been active investigation into the application of MLFF to 

surface science.16,17 As an application to phenomena on metal surfaces, Halim et al. 

simulated the diffusion of Cu clusters on a Cu (111) facet under CO conditions18 using a 

Gaussian approximation potential (GAP)19 based MLFF implemented in the FLARE 
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code.20 They examined the effect of CO exposure and temperature on the diffusion 

process of Cu clusters. Their ML molecular dynamics (MD) simulations successfully 

reproduced the decomposition of the Cu surface into nanoclusters upon CO exposure, 

aligning with experimental results.21 Youkaichiya et al. proposed a scheme to evaluate 

adsorption and activation energies of elementary steps on the fly by kinetic Monte Carlo 

(kMC) simulations combined with neural network potentials (NNP).22 They applied the 

method to the diffusion process of H2 on Pd(111) and the CO oxidation reaction on 

Pt(111), suggesting that the lateral interaction has an important influence on catalysis. 

Several applications of MLFF and NNP on the surface science of metal oxide have also 

been reported. For example, Timmermann et al. applied GAP to global surface structure 

determination and assessed the stability of various termination structures of IrO2 and 

RuO2 surfaces.23 Their calculations suggested that novel termination structures exist, 

which are more stable than previous ones, including the metal-rich (101) structure; 

experiments also confirmed the structure. Kobayashi et al. conducted NNP-based reactive 

MD simulations at the water/CeO2 interface.24 They proposed enhanced sampling 

methods and refinement schemes to constrcut reliable NNP and demonstrated the need 

for sufficiently large models and longer simulation times to estimate reaction rates 

accurately. They also applied the constructed NNP to compare the water interface on the 

CeO2(111) and CeO2(110) surfaces, finding that proton hopping is more active on the 

(111) surface than on the (110) surface. 

The accuracy of a machine-learning force field (MLFF) depends on the quality of the 

training data. There is room for improvement in efficiently constructing a database to 

generate an MLFF capable of accurately describing complex properties. In this study, I 

introduce an efficient strategy for building an MLFF tailored to CeO2 surface modeling, 
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utilizing an on-the-fly method implemented in VASP. Our approach leverages systematic 

on-the-fly training, starting from small slab models and incorporating varied atomic 

configurations through controlled temperature increases in MD simulations. By 

comparing different initial structures, optimizing dataset merging, and testing on diverse 

ceria surface models, I aim to develop an MLFF capable of accurately capturing oxygen 

vacancy diffusion and surface stability with minimal computational resources. This work 

advances MLFF methodologies for simulating complex oxide surfaces, offering scalable 

techniques for studying realistic catalyst surfaces at the atomic level. 

 

3.2. Computational Details 

Density Functional Theory (DFT) calculations were conducted under periodic 

boundary conditions using the Vienna Ab initio Simulation Package (VASP) version 

6.4.2.25,26 The Projector Augmented Wave (PAW) method was employed, incorporating 

spin polarization and van der Waals corrections (DFT-D3).27 The calculations utilized the 

Perdew–Burke–Ernzerhof (PBE) exchange-correlation functional within the generalized 

gradient approximation (GGA). A (1 × 1 × 1) gamma-centered k-point grid was used for 

Brillouin zone sampling, and the cutoff energy was set to 520 eV. The on-site Coulomb 

interactions of the Ce 4f states were accounted for using the Hubbard U correction method 

(DFT+U),28 with U = 5.0 and J = 0.0 eV. The crystal structure of bulk CeO₂ was obtained 

from the Materials Project database.29 The computed lattice constant is 5.48 Å, aligning 

well with the theoretical value of 5.49–5.50 Å30-33 and the experimental value of 5.41 Å.34 

The oxygen vacancy diffusion pathway was calculated using the climbing image 

nudged elastic band (CI-NEB) method implemented in VTST Tools.35 The datasets of 
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structures acquired on the fly were combined using pymlff,36 a Python package for 

merging VASP ML_AB files. 

 

 

 
Fig. 1. (a) side view of the initial structures (small slab model) used for on-the-fly 

training. The labels "2L" and "3L" refer to a two-layer model with 24 atoms and a three-

layer model with 36 atoms, respectively. Additionally, "0V" indicates that there are no 

oxygen vacancies. (b) side view of a medium slab model containing 144 atoms, which is 

used for validating the trained machine learning force field (MLFF) models. 
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Relative to the training of the MLFF, the MD was done by the NVT ensemble using 

the Langevin thermostat.37,38 LANGEVIN_GAMMA, which specifies the friction 

coefficients (in ps–1) for atomic degrees-of-freedom when using a Langevin thermostat, 

was set to 10 for Ce and O, respectively. 

The number of MD steps for on-the-fly training of MLFF was set to 10,000 for each 

input structure. The temperature was gradually increased from 300 K to 4,000 K for the 

initial 2,000 steps, and the following 8,000 steps were done at 4,000K. This approach 

ensures a diverse training dataset and prevents rapid atomic movement, which helps avoid 

collisions between atoms. Such collisions generate significant forces, making it difficult 

to control the system and potentially causing the entire simulation to terminate 

unexpectedly. 

 The parameter determining the threshold value (ML_CTIFOR) was set to 0.5, 1.5 

times the default value. This adjustment reduces the number of density functional theory 

(DFT) calculations performed after 2,000 steps of MD simulations and makes sampling 

sparser. Besides, In the default setting for on-the-fly learning in VASP, when the number 

of local reference structures used for training reaches 1,500, the first acquired structure is 

discarded as new structures are added to the training dataset. To ensure that configurations 

from all regions of the learning step are included in the training data, the value of 

ML_SCLC_CTIFOR was increased from the default of 0.6 to 0.8. This change slightly 

reduces the local reference configurations obtained from one selected structure. 

Additionally, the upper limit for the number of local reference configurations was 

increased from 1,500 to 3,000 using the ML_MB tag.  
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 The target surface structure, particularly its interior, shares the same crystal structure, 

making it also important to sample structures close to this crystal structure adequately. 

Therefore, the heating run, which involves a gradual increase in temperature, gives the 

MLFF sufficient time to learn the characteristics of the crystal structure. Additionally, 

every 1,000 steps, structural optimization calculations were performed using the trained 

MLFF on seven medium slab models, each consisting of 144 atoms. The results from 

these calculations were then compared with those obtained from DFT. 

3.3. Results and Discussion  

Firstly, the effect of the initial structure on the efficient training of the MLFF was 

investigated. As shown in Fig. 1a, four small-scale slab models of 24 and 36 atoms were 

used as the input structure for on-the-fly MLFF training. Initially, the most stable (111) 

surface and the most unstable (100) surface32 were chosen for the initial geometry in MD 

sampling. Ce-terminated (100) facet (100-Ce) with 2 and 3 layers, as well as (111) facet 

with 2 and 3 layers, were employed as the initial structures. 

During simulations, Density Functional Theory (DFT) calculations are performed when 

the estimated error in forces exceeds a certain threshold. VASP sets this threshold as the 

average estimated error over the last ten steps. Fig. S1 illustrates the trends in threshold 

updates and force errors for on-the-fly runs. An increase in the root mean square error 

indicates that DFT calculations are selectively conducted for structures with more 

significant errors. It was confirmed that over 90% of DFT calculations were skipped, 

allowing for more efficient structural sampling during on-the-fly runs. 

In this study, medium slab models, for which DFT calculations could be performed, 

were used for accuracy verification. Seven surface structures, as shown in Fig. 1b, each 
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consisting of 144 atoms, were selected to test the accuracy of the machine learning 

potential. These included one (100) surfaces with Ce termination, two coordinated O 

termination (100-O-a), (100-O-b), and the (110), (111), (221), and (331) surfaces. To 

assess the accuracy of the MLFF, each medium slab—with and without an oxygen 

vacancy—was optimized using the MLFF obtained through MD simulations. For each 

surface model, the location of the oxygen vacancy was selected from various possible 

positions. The selected oxygen vacancy locations are shown in Fig. S2. Seven pristine 

surface geometries and 30 geometries with an oxygen vacancy were analyzed. The 

accuracy was evaluated by the Root Mean Square Error (RMSE) of the total system 

energies using the following equation: 

RMSE = √
1

𝑛
Σ𝑖=1

𝑛 ( 𝐸 DFT
r
𝑛 − 𝐸 MLFF

r
𝑛)2 

Where  

𝐸r
𝑛 = 𝐸xyz facet − 𝐸111 facet 

n indicates the number of configurations considered for accuracy evaluation, n = 7 for 

pristine surfaces (Fig. 2a), and n = 30 for the surface with oxygen vacancy. 𝐸 
DFT

r
𝑛 is the 

relative DFT value for each geometry, and 𝐸 
MLFF

r
𝑛 is the predicted relative energy.  

The MLFF was evaluated for every 1,000 steps on the training run. Figure 2a shows 

the RMSE of the relative energy for seven pristine surfaces after structure optimizations. 

Fig. 2b illustrates the RMSE for 30 oxygen vacancy surfaces. Training with the unstable 

100-Ce model minimized the RMSE at 2,000 steps, whereas training with the stable 111 

model required 4,000 steps to minimize the RMSE (Fig. 2). I chose the 100-Ce model for 

further investigation because it offers relatively high accuracy with minimal data. 
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Although the structure used for training shown in Fig. 2 did not contain any oxygen 

vacancy, the RMSE for the clean surfaces (Fig. 2a) and the RMSE for the oxygen vacancy 

surfaces (Fig. 2b) are similar according to the training steps. The RMSE converges as the 

number of MD simulation steps increases to 3,000, except for the case of 100-Ce_3L_0V 

(orange line). It is considered that the rapid decline in accuracy after 3,000 training steps 

using 100-Ce_3L_0V results from sampling highly unstable structures, as shown in Fig. 

S3. 

 

 

Fig. 2. The root mean square error (RMSE) changes in MLFF accuracy relative to the 

number of on-the-fly training (MD) steps are shown. The blue and orange colors 

indicate the RMSE of the MLFF when a 100-Ce facet, 2-layer, and 3-layer small slab 

is trained as the initial structure. In contrast, the green and red colors represent the 

RMSE of the MLFF when a 111 facet, 2-layer, and 3-layer small slab is trained as the 

initial structure. (a) This panel displays the RMSE of predicted relative energies for 

seven pristine surfaces (validation structure; 144 atoms, as shown in Fig. 1b). (b) This 

panel presents the RMSE of predicted relative energies for 30 surfaces (validation 

structures; 143 atoms, as shown in Fig. S2) that include a vacancy. 
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I tested whether merging the training data collected up to 2,000 steps from each on-

the-fly run could enhance the accuracy of the machine learning force field (MLFF). 

Details of these results are shown in Figures S6 and S7. The patterns of the merged 

datasets and the corresponding RMSE for the resulting MLFF are summarized in Table 

1. I examined the following combinations: datasets were constructed from the 2-layer and 

3-layer 100-Ce models, with and without an oxygen vacancy. Each combination was 

evaluated independently. Additionally, on-the-fly runs were conducted on the initial 

structure of the 100-Ce model with an oxygen vacancy (see Fig. 2b). With the exception 

of the 100-Ce_3L_0V case, the RMSE showed little change, having nearly converged 

until the 2,000 steps. Combining the two layers of (100-Ce) surfaces, i.e., 100-Ce_2L_0V 

Table 1. Patterns of Merged Datasets 
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and 100-Ce_2L_1V datasets, resulted in limited improvement in accuracy (Table 1). In 

addition, no improvement in accuracy was observed for the dataset from different layers, 

i.e., the 100-Ce_2L_0V and 100-Ce_3L_0V datasets. However, combining training data 

from the three-layer pristine surface model (100-Ce_3L_0V) and the oxygen vacancy 

surface (100-Ce_3L_1V) significantly improved the accuracy of MLFF (Fig. 3b,d). 

 

 

 

Fig. 3. The accuracy of a constructed machine learning force field (MLFF) based on 

datasets sampled from 100-Ce_3L_0V and 100-Ce_3L_1V as input structures. Using 

the 111 facets as a reference to compute relative energies. The MLFF was trained on 

the fly using the (a) 100-Ce_3L_0V and (c) 100-Ce_3L_1V. (b,d) trained on a merged 

dataset combining 100-Ce_3L_0V and 100-Ce_3L_1V. (a,b) are the results of 

structure optimization for seven pristine surfaces, and (c,d) are the results for 30 

oxygen vacancy surfaces. 
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Fig. 3a shows the predicted relative energies after structure optimization for pristine 

surfaces and surfaces with an oxygen vacancy. Combining the 100-Ce_3L_0V and the 

100-Ce_3L_1V dataset results in improved the accuracy of the relative energy prediction 

for pristine surfaces from 1.94 eV to 0.46 eV, and surface with an oxygen vacancy, 1.58 

to 0.48 eV. 

 

3.3.1. Oxygen Diffusion Pathways 

To further assess the accuracy of the potential energy surface described by 

MLFF, simulations of lattice oxygen and oxygen vacancy diffusion processes were 

performed. Here, the diffusion pathways of an oxygen atom on various surfaces were 

evaluated using the MLFF constructed from the 100-Ce_3L_0V and 100-Ce_3L_1V 

datasets (see Fig. 3). The energy changes along the diffusion path were plotted in terms 

of total energy. Fig. 4 compares the diffusion pathways for lattice oxygen from Vac. 1 to 

Vac. 2 on the 100-Ce facet, calculated using MLFF and DFT. The diffusion pathway was 

calculated using the CI-NEB method. To visualize where the energy differences between 

DFT and MLFF are most significant, I plotted the energy change of each image by total 

energy. It is important to note that the structure used for training was a small-scale slab 

model; therefore, the total energies of the medium-scale slab model were not included in 

the training, and predicted total energies were consequently underestimated in all cases. 

As a result, the accuracy of oxygen diffusion was evaluated by comparing the relative 

energy differences between the initial image and the transition state vicinity (which 

corresponds to the structure with the highest energy among all NEB images, referred to 

as NEB top). 
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dA and dB represent the distances from the two Ce atoms on the left and right to 

the diffusing oxygen atom, and the difference between these two distances was used to 

compare the geometries obtained by DFT and MLFF. At the DFT level, one intermediate 

(IM1) with oxygen bridged on top of the first and second Ce layers was located on the 

diffusion pathway of oxygen atom from vac.1 to vac.2. The diffusion barrier at the DFT 

level from vac1 to IM1 and IM1 to vac2 were calculated to be relatively small 0.11 and 

0.25 eV, respectively. Therefore, the MLFF created by the present method could not 

 

Fig. 4. Diffusion path of lattice oxygen (and oxygen vacancy) on the 100-Ce facet. The 

top first, second, and third Ce layers are indicated in light green, green, and gray, 

respectively. The top first and second O layers are shown in red and gray, respectively. 

The blue dashed circle is a vacancy site. 
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reproduce the energy difference correctly. While energy differences among Vac. 1, IM1, 

and Vac. 2 are small, reaction coordinates are almost consistent among all images 

between DFT and MLFF. 

On the 100-O-a surface, two pathways were investigated for oxygen atom 

diffusion. Fig. 5a shows path (a), where the diffusion occurs along a row of oxygen atoms 

on the 100-O-a surface. For path (a), the reaction coordinate is also defined as the 

difference between dA and dB, where dA is the distance from the diffusing lattice oxygen 

atom to the Ce atom adjacent to Vac. 1, and dB is the distance from the diffusing lattice 

oxygen atom to the Ce atom adjacent to Vac. 2. Since dA < dB in Vac. 1, the reaction 

coordinate is negative. As the oxygen atom approaches the structure of Vac. 2, dA > dB. 

The relative stability of Vac. 1 and Vac. 2 is also considered. The NEB top (transition 

state vicinity) for both DFT and MLFF was located near dA − dB = 0. The diffusion barrier 

for DFT is 0.88 eV, and for MLFF, it is 0.57 eV. This is a reasonable value, considering 

that the RMSE of the relative energy for the oxygen vacancy surfaces is 0.48 eV (see Fig. 

3). 

Fig. 5b shows path (b) of oxygen atom diffusion on the 100-O-a surface, 

corresponding to a pathway where oxygen atoms cross a row of lattice oxygen atoms. In 

this pathway, a stable structure, IM1, located in the middle of the pathway connecting 

Vac. 1 and Vac. 2, was identified by both MLFF and DFT. The relative stability between 

Vac. 1 and IM1, as well as between IM1 and Vac. 2, obtained by MLFF, is similar to that 

obtained by DFT. For the oxygen diffusion barriers from Vac. 1 to IM1 and from IM1 to 

Vac. 2, the values calculated by MLFF are 0.39 eV and 0.78 eV, respectively, which are 

similar to those obtained at the DFT level (0.40 eV and 0.52 eV, respectively). The 
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difference of about 0.4 Å in the reaction coordinates of the transition state for the two 

pathways in Fig. 5(b), as obtained by DFT and MLFF, is not considered a significant 

error, given that the lattice oxygen is shifted by about 2.1 Å for each case. 

 

Fig. 5. Diffusion path of lattice oxygen (and oxygen vacancy) on 100-O-a facet. The 

top first, second and third O layers are indicated in red, pink and gray, respectively. 

The top first and second Ce layers are shown in light green and gray, respectively. The 

blue dashed circle is a vacancy site. 
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Two diffusion pathways were also investigated on the 110 surfaces, as shown in 

Fig. 6. Path (a) is a diffusion path that traverses a row of OCeO on the 110 surfaces, while 

path (b) is a diffusion path along a row of OCeO. A local minimum along the path (a), 

IM 1, was found in the DFT calculation between Vac. 1 and Vac. 2. However, the 

structure optimization by MLFF converged the structure of Vac. 1 and Vac. 2 as close to 

IM 1. Fig. 6b compared the diffusion path along the OCeO sequence on the 110 surface. 

 

Fig. 6 Diffusion path of lattice oxygen (and oxygen vacancy) on 110 facet. The top 

first, second, and third Ce layers are indicated in light green, green, and gray, 

respectively. The top first, second third O layers are shown in red, pink and gray 

respectively. The blue dashed circle is a vacancy site. 
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The calculated diffusion barriers are 1.15 eV at the DFT level and 1.21 eV at the MLFF 

level. Also, the differences in the reaction pathways are similar. The energy and geometry 

on the diffusion path are well evaluated. This result indicates that the MLFF well 

reproduce the potential energy surface of the CeO2 surface except for small (< 0.3 eV) 

energy differences. 

 

 

Fig. 7 shows the pathway through which the lattice oxygen diffuses on the 

topmost surface. The relative stability of Vac.1 and Vac. 2 are consistent for DFT and 

MLFF calculation.  This diffusion pathway overcomes a barrier of 1.35 eV at the DFT 

level and 1.44 eV at MLFF. MLFF correctly reproduces the energy difference and 

structure. 

 

Fig. 7. Diffusion path of lattice oxygen (and oxygen vacancy) on 111 facet. The top 

first and second Ce layers are indicated in light green, and gray, respectively. The top 

first, second third O layers are shown in red, pink and gray respectively. The blue 

dashed circle is a vacancy site. 
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3.4. Conclusions 

In this study, I systematically explored an efficient way to construct MLFF based on 

VASP on-the-fly MLFF scheme. Our proposed approach aims to train MLFF suitable for 

simulating various metal oxide facets, specifically addressing oxygen vacancy stability 

on CeO₂ surfaces. The key elements of our efficient training approach are: 

(1) Starting with Unstable Structures: More unstable initial structures accelerate the 

error convergence, improving force field accuracy with fewer steps. 

(2) Gradual Temperature Increase: Gradually raising MD simulation temperatures (300 

K to 4,000 K) helped capture diverse atomic configurations and maintain stability 

during on-the-fly run. 

(3) Dataset Merging: Merging datasets from models with different numbers of atoms 

improved MLFF accuracy. 

Firstly, a comparison was made regarding the initial structure of on-the-fly runs. It 

was found that using more unstable structures tended to converge the accuracy of the 

force field more quickly. The MLFF accuracy is improved with fewer MD steps when 

the unstable 100-Ce surface is chosen as the initial structure rather than the stable 111 

surface. The unstable 100-Ce surface is thought to collapse more quickly during an on-

the-fly run, which allows sampling of various local configurations with fewer MD steps. 

Combining multiple training datasets can significantly enhance accuracy compared to 

training on a single structure for extended periods. In this research, I merged datasets 

from models with different numbers of atoms. However, I observed no improvement in 

the MLFF accuracy when merging datasets from the two-layer models, both with and 

without an oxygen vacancy, or when merging the two-layer and three-layer datasets with 
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and without an oxygen vacancy. On the other hand, merging the dataset from the three-

layer models, both with and without an oxygen vacancy, led to a notable improvement: 

the RMSE decreased from 1.94 eV to 0.46 eV for relative energy prediction of pristine 

surfaces and from 1.58 eV to 0.48 eV for relative energy prediction of surfaces with an 

oxygen vacancy. When training using a single dataset—specifically the three-layer model 

with or without an oxygen vacancy—there was no such improvement in RMSE after 

10,000 training steps. The results indicate that incorporating different compositions in the 

training datasets can enhance the MLFF performance effectively. Combining multiple 

training datasets can improve accuracy significantly more than focusing on a single 

structure for long periods. 

The oxygen vacancy diffusion in CeO2 surfaces was also investigated. The relative 

stability of vacancy is well consistent with DFT results. The structures and energies along 

diffusion pathways obtained by MLFF were in relatively good agreement with those 

obtained by DFT. However, the MLFF failed to reproduce the qualitative stability and 

structure of diffusion pathways with small barriers. Insufficient sampling or regression 

model issues may cause this issue, and improvement of the issues is the subject of future 

research. 

In summary, MLFF trained under high-temperature conditions correctly predicted an 

oxygen vacancy site's relative stability on various facets. MLFF could not distinguish 

structures with small energy changes in NEB calculation. However, The approach of this 

study will be helpful for future simulations with large-scale slab models that mimic the 

surface structure of real systems and will contribute to our understanding of the atomic 

level of metal oxide surfaces. 
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3.5. Supporting Information 

 

 

Figure S1. The trends in threshold updates and force errors for an on-the-fly run 

using 100-Ce_2L_0V as the training structure. 
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Figure S2. One oxygen atom highlighted in light blue was removed from each 

surface model to create surface models with an oxygen vacancy. An oxygen vacancy 

was selected only from the relaxed layers. 
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In the training run utilizing 100-Ce_3L_0V as the initial structure, an extremely 

unstable configuration was observed between 2,000 and 3,000 steps. This instability arose 

from the proximity of the two oxygen atoms within the structure, as illustrated in part (b). 

This result aligns with the fact that the accuracy of the MLFF developed for 100-

Ce_3L_0V deteriorated rapidly after 3,000 steps. 

 

  

 

Figure S3. Results of DFT calculations during on-the-fly run. (a) Energies and forces 

calculated by DFT. A light blue circle indicates the most unstable result. (b) Most 

unstable structure. It corresponds to the results highlighted in (a). 
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In the on-the-fly run with 100-Ce_2L_0V, the MLFF constructed until 2,000 steps 

accurately predicted energy trends, even for structures sampled after 2,000 steps. 

However, in the on-the-fly run with 100-Ce_3L_0V, the MLFF constructed until 2,000 

steps cannot reproduce the energies and forces of unstable structures. 

 

  

 

Figure S4. Reuse the results from DFT calculations obtained during on-the-fly 

learning to verify the accuracy of the MLFF. 
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The pair-correlation function (PCF) is shown up to 5,000 steps. The Ce-Ce PCF 

indicates that the 111_3L_0V structure exhibits sharper peaks between 1,000 and 2,000 

steps compared to the 100-Ce_3L_0V structure. This suggests that in the case of 

111_3L_0V, the Ce atoms are relatively localized in their lattice positions until the 2,000 

steps. Consequently, when using the unstable structure 100-Ce as the initial configuration, 

the crystal structure collapses more rapidly, leading to a broader sampling of local 

structures untile 2,000 steps. 

 

  

 

Figure S5. Pair correlation function from training run using (a) 100-Ce_3L_0V and 

(b) 111_3L_0V. 
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Figure S6. Comparison of the accuracy of constructed MLFF based on dataset 

sampled from the (a) 100-Ce_2L_0V, (b) 100-Ce_2L_1V, (d) 100-Ce_3L and (e) 100-

Ce_3L_1V as initial structures. Relative predicted energies for seven pristine surfaces 

by MLFF. (c) trained on merging datasets from (a) and (b). (f) trained on merging 

datasets from (d) and (e). (g) trained on merging datasets from (a) and (d). (h) trained 

on merging datasets from (b) and (e). 
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Figure S7. Comparison of the accuracy of constructed MLFF based on dataset 

sampled from the (a) 100-Ce_2L_0V, (b) 100-Ce_2L_1V, (d) 100-Ce_3L and (e) 100-

Ce_3L_1V as initial structures. Relative predicted energies for 30 oxygen vacancy 

surfaces by MLFF. (c) trained on merging datasets from (a) and (b). (f) trained on 

merging datasets from (d) and (e). (g) trained on merging datasets from (a) and (d). (h) 

trained on merging datasets from (b) and (e). 
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Chapter 4. General Conclusion 
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Heterogeneous catalysts contain a variety of surface structures and many more types 

of adsorption sites, which are possible due to defects and atomic arrangements, making it 

a challenging task to elucidate the relationship between catalytic activity and their 

structures. To address this issue, in this thesis, I first screened adsorption sites based on 

first-principles thermodynamics to search for stable surface structures and investigate the 

mechanism of alkali poisoning resistance. Next, I investigated the efficient way to 

construct MLFF to calculate the stability of oxygen vacancy sites on different facets. 

In Chapter 2, DFT calculations were used to investigate the mechanism of the 

excellent alkali poisoning resistance of Fe/H2SO4/CeZr catalysts and the role of the 

additives Fe and H2SO4. Models of the catalyst surface under experimental conditions 

were studied based on first-principles thermodynamic methods. Fe and H2SO4 promote 

forming an oxygen vacancy on the CeO2 surface. Screening of stable SO4
2– adsorption 

structures around the oxygen vacancy suggested by calculations that they form a 

characteristic adsorption site (SO4/Fe_CeO2_VO). Using various surface models, I further 

examined the adsorption sites of K atoms and NH3, the reducing agent. It was found that 

on a normal CeO2 surface, the adsorption of NH3 is inhibited by the adsorption of K on 

the lattice oxygen, where the Brønsted acid site, one of the NH3 adsorption sites, is formed. 

On the other hand, calculations indicate that the SO4/Fe_CeO2_VO site can accumulate 

multiple K atoms. This result suggests that the surface structure created by Fe and H2SO4 

separates K atoms from NH3 adsorption sites, thereby maintaining the excellent NOX 

conversion of the Fe/H2SO4/CeZr catalyst. 

In Chapter 3, an efficient method for constructing MLFF based on VASP on-the-fly 

ML scheme was investigated. The approach proposed in this thesis aims to train MLFF 
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suitable for simulating various surface structures, explicitly dealing with oxygen vacancy 

stability and its diffusion on CeO2 surfaces. The efficient learning approach in this thesis 

consists of three components: 

(1) Starting the training run from an unstable structure: Structural diversity in the 

training data was achieved earlier using a more unstable initial structure. 

(2) Increasing simulation temperature: Gradually increasing the temperature of the 

training run (from 300 K to 4,000 K) allowed us to capture a variety of atomic 

configurations while maintaining stability. 

(3) Merging datasets: Merging datasets of models with different numbers of atoms 

improved the accuracy of MLFF. 

For (1), a comparison was made concerning the initial structure of the training run. 

The accuracy of the MLFF tends to converge more quickly when a more unstable 

structure is used; the accuracy of the MLFF was improved with fewer MD steps when an 

unstable 100-Ce surface was chosen as the initial structure over a stable 111 surface. It is 

thought that the unstable 100-Ce surface can collapse faster on the fly and thus sample a 

variety of local structures with fewer MD steps. 

For (3), I considered combining data from different training runs. Merging the three-

layer data sets with and without the oxygen vacancy model improved the RMSE from 

1.94 eV to 0.46 eV for the prediction of relative energy on the pristine surface and 1.58 

eV to 0.48 eV for the prediction of relative energy on the surface with oxygen vacancy. 

The RMSE did not improve much after 10,000 learning steps for each training run. On 

the other hand, training with different compositions can improve MLFF very efficiently. 
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Combining multiple training datasets can improve accuracy more effectively than 

learning a single composition over an extended period. 

The diffusion of an oxygen vacancy on the CeO2 surface was also studied using the 

final force field created. The structure and energies along the diffusion path obtained by 

MLFF were in relatively good agreement with those obtained by DFT. On the other hand, 

MLFF failed to reproduce the qualitative stability and structure when the energy change 

was small. Insufficient sampling or regression model issues may cause this issue, and 

improvement of the issues is the subject of future research. 

MLFF trained under high-temperature conditions correctly predicted the relative 

stability of an oxygen vacancy on various surfaces; MLFF could not distinguish structures 

with extremely small energy differences in the NEB calculations. The present approach 

will be helpful for future simulations using large-scale slab models that mimic the surface 

structure of real systems and will contribute to our understanding of metal oxide surfaces 

at the atomic level. 
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