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Heterogeneous catalysts are a critical part of many important industries and fields and are 

used in the production of most of today’s chemicals worldwide. They also play a critical role in 

enabling clean technologies, reducing our reliance on fossil fuels, and environmental 

remediation. Most heterogeneous catalysts (including electrocatalysts) consist of metal 

nanoparticles on a high surface area catalytic support, which is usually an oxide or carbon-based 

material. This dissertation seeks to understand fundamental metal nanoparticle / catalytic support 

system energetics to provide information that can accelerate catalysis research and improve 

catalyst design.  

A key descriptor for metal / support system energetics is the metal atom chemical 

potential versus particle size, because the chemical potential determines catalyst reactivity and 

stability. The chemical potential also plays a key role in governing the sintering resistance of 

these systems, which is crucial because sintering poses one of the greatest challenges to 
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preserving the activity of industrial catalysts over time. As shown here, the adhesion energy of a 

bulk metal / support system directly gives the chemical potential versus particle size of a system, 

and the adsorption energies of the metals to the support versus metal coverage also directly 

provide their chemical potential versus size. The best method for measuring metal adsorption and 

adhesion energies to well-defined solid surfaces is single-crystal adsorption calorimetry (SCAC), 

because it directly measures the heat of adsorption of metal atoms on an ordered support surface 

with known atomic structure. In this work, SCAC is used to measure the adhesion and adsorption 

energies of multiple systems, in a directed effort to predict the energetics of metal / support 

systems and provide benchmarks for improving theoretical methods.  

The first system studied here is Pd / graphene / Ni(111). Although most preceding SCAC 

measurements were made on systems involving oxide surfaces, carbon-based supports have 

gained much attention and have become very important in industry as well as very promising in 

catalysis research for a large variety of applications.  The adsorption energies and chemical 

potential as a function of Pd nanoparticle size are reported, and the adhesion energy of Pd / 

graphene / Ni(111) is found to be 3.5 J/m2. The growth morphology of the Pd nanoparticles was 

investigated using He+ low-energy ion scattering spectroscopy (LEIS). Because the adhesion 

energy of two other metals, Ag and Ni, had been previously measured using SCAC, this Pd data 

reveals a new trend correlating the adhesion energies of metals to graphene / Ni(111). A linear 

trend is observed between the adhesion energy of a metal to graphene / Ni(111) and the 

carbophilicity of the metal, which is estimated here based on DFT calculations.  

The next system studied here is Cu / rutile-TiO2(100). The Cu adsorption energies and Cu 

chemical potential versus Cu nanoparticle size are reported. The Cu particle size versus coverage 

was measured using He+ LEIS. The growth of the particles was initially modeled using the 
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hemispherical cap model (HCM), and then that model was converted to the recently developed 

spherical cap model (SCM), which can determine the contact angle of metal nanoparticles. The 

contact angle of the Cu nanoparticles on rutile-TiO2(100) is 67°. We also show that the recently-

published mathematical shortcut, by which the SCM can be determined from the HCM, is 

accurate. The adhesion energy of Cu / rutile-TiO2(100) is found to be 2.5 J/m2, from the SCM. 

The adhesion energy is also compared to previous measurements on rutile-TiO2(100), and the 

adhesion energy of metals to this surface tends to linearly correlate with the metal oxophilicity.  

For oxides, linear proportionalities between the adhesion energy of the metal to a given 

surface and the oxophilicty of the metal have been previously observed for two surfaces: 

MgO(100) and CeO2(111). In the next part of this work, we show that this proportionality 

between the oxophilicity of a metal and the adhesion energy of that metal to the oxide surface 

also holds for rutile-TiO2(100), a third proportionality of this kind. Although these 

proportionalities are great for predicting the adhesion energies of late transition metals on the 

three surfaces mentioned, there was still lack of knowledge when it comes to predicting adhesion 

energies of these metals across other oxide supports. This work shows that the slope of the 

adhesion energy versus oxophilicity proportionality for a given oxide surface can be predicted 

based on its surface oxygen vacancy formation energy and/or the heat of reduction of the bulk 

oxide to its next lower oxidation state. The ability to predict these adhesion energy values is a 

valuable tool for catalyst design, since it allows predicting metal chemical potential versus 

particle size for different oxide supports. 
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Chapter 1. Introduction 
 

 Heterogeneous catalysts are a crucial component of our society, enabling the production 

of over 80% of chemical products worldwide. With a catalyst market size of nearly 34 billion 

USD in 2019, their economic impact is profound, and reflective of the critical role they play in 

facilitating essential reactions and reducing energy requirements for production processes.1–5 

Heterogeneous catalysts allow us to perform essential chemical reactions to synthesize materials 

essential for our food, energy, pharmaceutical, and other chemical production industries. Without 

catalysts, most industrial reactions that are widely used today would be too slow or energy-

intensive to be feasible, especially in the amounts required today by the world’s growing 

population.  

 As our population grows, the production of energy has become a critical issue for our 

society. Our reliance on fossil fuels is dangerous for our planet and for us, and developing clean 

energy alternatives, as well as lowering energy requirements for large-scale production processes 

and reducing environmentally dangerous waste, is vital for the future of our society. Catalysts 

play a significant role in mitigating the effects of climate change, for example by reducing air 

pollution due to exhaust from diesel engines.6 Many green technologies such as clean fuel 

production, waste reduction and conversion, and greenhouse gas reduction depend on the 

advancement of innovative and efficient catalysts.7–9 Heterogeneous catalysts also avoid many of 

the pitfalls of homogeneous catalysts, which are often hazardous to the environment,10,11 or too 

costly to separate from products. Huge research efforts are dedicated to understanding, 

developing, and optimizing heterogeneous catalysts because of their power to enable clean 

technologies and mitigate and reduce the dangerous effects of unsustainable processes. 
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 Synthesizing and testing different catalysts at reaction conditions is one way to search for 

good catalysts, but it is time-consuming and can lack important insight into how the catalysts 

work and how exactly the reaction occurs, information that is essential for optimizing catalysts 

and minimizing the number of experiments required to find the most efficient catalyst.3 

Theoretical methods, such as density functional theory (DFT) and molecular simulations, can be 

used to calculate atomic-level behavior of catalysts and the reactions that occur on them, but they 

still often lack accuracy, especially for heterogenous catalytic systems, which are exceptionally 

complicated to capture even with advanced theoretical models.12 Computational research into 

catalysts is exciting because it promises much faster and more detailed insight, and recent 

advancements in computational power have enabled exciting advancements, but the development 

of these techniques depends on reliable experimental benchmarks. Without surface science 

experiments detailing fundamental energetics of catalysts, theoretical models could not be 

developed or relied upon to capture catalyst behavior because they would not have a reference to 

gauge the accuracy of these techniques in estimating essential energy values. Furthermore, 

understanding the fundamental energetics of catalysts is critical for understanding how catalyst 

structure affects catalyst properties and for informing catalyst research. The work presented here 

uses a surface science approach to catalyst research and seeks to understand fundamental 

energetics of catalysts to enable better and quicker catalyst design.  

 Most heterogeneous catalysts (except those based on zeolites) consist of metal 

nanoparticles, specifically late transition metals, on high surface area catalyst supports. Most 

catalyst supports are oxides or carbon-based materials, such as graphite or graphene. These types 

of systems are also important because they are used in a variety of industries, including 

semiconductors and sensors. Model catalysts involve well-ordered clean single-crystal surfaces 
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and are usually studied in UHV to reduce complexity and allow for analytic techniques that give 

atomic- and molecular-level understanding of the system, and are more easily modelled with 

computational catalysis methods like DFT. They can give fundamental insight into the energetics 

of heterogeneous catalysts and experimental information about systems that can then be used to 

benchmark theoretical techniques, which are mostly focused on capturing the energetics of clean 

and well-defined surfaces before introducing complexities associated with macroscopic catalytic 

structure and real reaction conditions.13–15 Even for model catalysts, defects and impurities still 

exist and affect the system, but because the number of variables is reduced to a minimum, the 

energetics between the metal and the surface can still be measured and deconvoluted from other 

energetic influences.  All the experiments in this work are performed on model catalyst surfaces 

so that fundamental energetics can be determined and more easily connected to details of the 

surface structure and composition.  

 One of the most important properties of metal / support catalysts is the bonding strength 

between the metal nanoparticles and the catalyst support surface because it directly mediates the 

properties and behavior of the nanoparticles. The adhesion energy between the metal and the 

surface is an important property because it directly gives the chemical potential of the metal 

atoms versus particle size for a given metal / support system,16–18 as discussed in detail below. 

The chemical potential is a convenient and widely used descriptor for these systems because it 

includes the effect of the nanoparticle size as well as the binding energy to the support. Metal 

chemical potential is a particularly important thermodynamic property because it determines the 

reactivity of the nanoparticles and their sintering resistance. Sintering is the process by which 

smaller metal nanoparticles form larger clusters under reaction conditions. Sintering kinetic 

equations directly use the chemical potential when calculating the rate and activation energy for 
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the process.17,19,20 Sintering is one of the most difficult challenges of industrial catalysts, because 

when catalysts sinter, catalysts are deactivated because both the surface area and the reactivity of 

the metal nanoparticles decreases.21 Understanding and predicting the sintering resistance of 

metal nanoparticle / support systems is therefore critical for designing efficient and reliable 

catalysts.  

 Adhesion energy describes the interfacial energy between the bulk metal and bulk 

support surface, but on a nanoparticle level, the bonding energy between the metal nanoparticles 

and support are usually measured in the form of adsorption energies. Historically, temperature 

programmed desorption (TPD) measurements were used to measure adsorption energy,22 but this 

technique mostly fails for late transition metal / support systems because as the temperature 

increases the metal atoms become more mobile and the nanoparticles restructure before 

desorbing, which is an irreversible process. David King’s group addressed the challenge of 

directly measuring adsorption energies when they developed Single Crystal Adsorption 

Calorimetry (SCAC), a technique that directly enables precise measurement of adsorption 

energies.23–26 Their technique used an infrared detector to directly measure heat changes on the 

surface of the sample upon small molecule adsorption. The Campbell group used some of the 

principles of King’s technique to build a new calorimeter that is specifically capable of 

measuring metal adsorption and adhesion to surfaces.27 The instrument uses a much more 

sensitive heat detector based upon a pyroelectric polyvinylidene fluoride (PVDF) ribbon that 

rests against the back of a thin sample to measure heat changes on the surface of the sample. An 

electron-beam evaporator is used to generate a flux of metal vapor, which is deposited on the 

sample in pulses during a calorimetry measurement. The sample is a well-defined single crystal 

surface, and the experiment is performed in ultrahigh vacuum (UHV) conditions to ensure a 
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clean surface. The sample is often a model oxide or carbon-based support material surface, such 

as CeO2(111)28 or graphene,29 and are chosen based on whether they would be a good benchmark 

for theory and/or their relevance as real support materials in industrial catalysts.  The SCAC 

apparatus developed by the Campbell group directly measures the adsorption and adhesion 

energies of metal nanoparticles on solid support surfaces, which is critical for gaining a 

fundamental understanding of metal / support systems and facilitate their design. The metal 

vapor adsorption calorimetry instrument is used for the experiments presented in this work. The 

details of the calorimeter design, as well as the processes by which data are obtained and 

analyzed, are given in Chapter 2.  

 The metal vapor adsorption calorimeter has been successfully used by the Campbell 

group to measure adsorption and adhesion energies for a variety of late transition metal / support 

combinations.28–33 Most of the measurements have been performed on oxide surfaces,28,31–35 

because of the importance of oxides in industrial catalysis, but, more recently, measurements 

have been made for carbon-based surfaces in the form of graphene supported by Ni(111).29,36 

Measuring the adhesion energies of various metals on the same surface is essential, as it enables 

correlations between adhesion strengths and specific metal properties. Correlations developed in 

this way showed that the adhesion energy of metals to a given oxide surface correlates linearly 

with the oxophilicity per unit area of the metal.18,37 The oxophilicity is a measure of how 

strongly the metal binds oxygen atoms, defined here as is the reaction enthalpy to go from a 

metal gas atoms plus O2(gas) to the most stable oxide of that metal, is calculated by taking he 

difference between the metal’s bulk heat of sublimation and the heat of formation of the most 

stable oxide of the metal (per mole metal). To get oxophilicity per unit area, the oxophilicity is 

normalized using an estimate of the surface area per metal atom, which is calculated by dividing 
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the molar volume of the bulk metal by Avogadro’s number and taking the 2/3 power of that. The 

oxophilicity per unit area for most late transition metals have been reported;38 therefore, if the 

linear relationship between adhesion energy and oxophilicity per unit area is determined for a 

given surface, it is easy to predict the adhesion energies of other metals on that surface.  

 Although correlations between adhesion energy and oxophilicity have been published for 

MgO(100) and CeO2(111),18,37 no such correlation has been developed for any carbon-based 

support surface. Carbon-based catalyst supports are popular because of their tunable structure, 

high surface area, low cost, and minimal environmental impact.39–42 Carbon supports also have 

tunable electrochemical properties, which makes them particularly promising for electrocatalytic 

applications, such as those related to clean energy production. 43–47 Graphene, a 2-dimensional, 

atom-thick allotrope of carbon is an especially exciting catalytic, and electrocatalytic, material 

due to its high conductivity, high surface area, and compatibility with functional groups.48–52 

These unique properties make graphene an interesting substrate for investigating metal 

interaction and adhesion. The adhesion energies of Ni36 and Ag29 on graphene / Ni(111) have 

been previously measured using SCAC. In Chapter 3, the adhesion energy of Pd on graphene / 

Ni(111) is measured and reported. Because Pd is the third metal to be measured on the graphene 

/ Ni(111) surface, a correlation is also developed for the adhesion energies on the graphene / 

Ni(111) surface. In the case of carbon supports, the oxophilicity can no longer be used as a 

descriptor for the metal when correlating its adhesion energy to the surface, because there is no 

oxygen on the surface to which metal atoms would bind. Instead, a new descriptor, 

carbophilicity, is developed and presented, assuming that the dominant bonding across the metal 

/ graphene interface is due to metal – carbon bonds. The details of calculating the carbophilicity 

are described in Chapter 3, and the value is also normalized so that it is per unit area in the same 
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way that the oxophilicity was normalized per unit area, as described above. The trend presented 

in Chapter 3, showing a linear increase in adhesion energy with metal carbophilicity per area, is 

an exciting start to understanding and predicting the energetics of metal nanoparticles on carbon 

support materials. 

 Besides carbon supports, oxide supports are another major category of support, which are 

widely used in industry for their catalytic performance, durability, and long history of being 

reliable catalyst supports.11,53 One widely used and studied oxide is TiO2, which is used as a 

catalytic support for important processes such as the reverse water-gas shift reaction,54 biomass 

upgrading,55 and photocatalytic hydrogen production.56  TiO2 is a promising support for 

renewable energy applications,57 and understanding the activity of different types of catalytic 

metal nanoparticles on this support would assist in designing optimal versions of TiO2 catalysts. 

Cu supported on TiO2 is an interesting photocatalyst,58,59 and a Cu / TiO2 system has not yet been 

studied via SCAC. The adhesion and adsorption energies of Ag / rutile-TiO2(100) has been 

previously measured using SCAC.35 In Chapter 4, the energetics of Cu / rutile-TiO2(100) are 

reported, and the adhesion energy is determined using SCAC. This new measurement offers an 

important comparison for the previous measurement of Ag / rutile-TiO2(100), as well as previous 

metal / oxide measurements. The growth morphology of Cu nanoparticles on the rutile-

TiO2(100) is also investigated (as described in Chapters 2 and 4) and a recently developed 

particle growth model, the spherical cap model (SCM),60 is implemented.  We first model the 

growth data using the hemispherical cap model (HCM),61 which is a model that has historically 

been effective for modeling nanoparticle growth data for some systems, but it constrains the 

contact angle of nanoparticles to 90°, so adhesion energies are not always consistent with the 

Young-Dupre equation.62 The new SCM can be used also to calculate the contact angle of the 
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particles so that it is consistent with the Young-Dupre equation. In Chapter 4, we use the 

equations developed by Zhao et al.38,60,63 to convert the HCM results to SCM results and 

determine the contact angle of the Cu nanoparticles on rutile-TiO2(100).  

 SCAC adhesion energy results that had previously been modeled using the HCM were 

remodeled using the new SCM by Zhao et al. and the trends for adhesion energy as a function of 

oxophilicity per unit area for MgO(100) and CeO2(111) were updated based on the results.38 

Although the published proportionalities for adhesion energies on MgO(100) and 

CeO2(111)18,37,38 have made it simple to predict adhesion energies of other metals on these two 

surfaces, there is still a lack of understanding of how the oxide surface correlates with adhesion 

energy on other surfaces and what descriptors may be used to predict adhesion energies not just 

for a given oxide, but also across different oxide support surfaces. Performing SCAC 

experiments and determining adhesion energy experimentally is time-consuming and expensive, 

so being able to predict these values would be very valuable. In Chapter 5, a new proportionality 

is shown relating adhesion energy of metals on rutile-TiO2(100) to the oxophilicity per unit area 

of metals. The proportionality predicts the adhesion energies of metals to this important surface, 

based only on the oxophilicity per unit area of the metals, which have been calculated and 

reported for many important late transition metals.38 With the addition of this new 

proportionality, the adhesion energy trend is known for three surfaces, which means that we can 

begin to predict how properties of the oxide surface affect adhesion energies and what 

descriptors may be important for predicting them on other oxide surfaces. In Chapter 5, we show 

that the oxygen vacancy formation energy of the oxide is an important descriptor that can be 

used to predict the slope of the adhesion energy versus oxophilicity proportionality for oxides. 

This relation allows all measured adhesion energies of late transition metals on oxides to be 
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scaled to a single trendline, as shown in Chapter 5. This finally gives us the ability to predict 

adhesion energies for all oxide surfaces and any late transition metal without expending the 

many resources that are required to determine a proportionality for a given surface. This 

powerful and very general ability to predict adhesion energy, and therefore chemical potential 

versus particle size, for late transition metal / oxide systems is an exciting new contribution that 

will aid in catalyst research, screening and design. 

 With numerous combinations of metals and catalyst supports, isolating the most 

promising catalysts is crucial for advancing catalyst research to its full potential and addressing 

today’s pressing challenges. The correlations and trends presented in Chapters 3 and 5 contribute 

to this goal by providing predictions about catalyst behavior based on the properties of their 

constituent materials, for both carbon and oxide support. Furthermore, the specific metal / 

support combinations examined in Chapters 3 and 4 serve as valuable DFT benchmarks, aiding 

theoretical methods in improving their accuracy for calculating energetics of complex 

heterogeneous catalysts. This improved reliability will help streamline catalyst research and 

design and enable the field to keep pace with today’s growing and evolving challenges that 

demand catalytic solutions.  

 In Chapter 2, the experimental methods used in this work are described in detail, 

including a description of the calorimeter, how to perform metal vapor adsorption calorimetry, 

how the sample is prepared, and how to perform growth morphology experiments. Chapter 3 

presents the results of the experiments described in Chapter 2 for the Pd / graphene / Ni(111) 

system and shows the linear relationship between the adhesion energy of metals on graphene / 

Ni(111) and the carbophilicity of the metals. Chapter 4 studies the adsorption and adhesion 

energetics of the Cu / rutile-TiO2(100) system. Chapter 5 presents the adhesion energy 
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proportionality as a function of oxophilicity for the rutile-TiO2(100) surface and combines it with 

previously published trends to give correlations that can be used to predict the adhesion energy 

of late transition metals across oxide surfaces based on metal oxophilicity and oxide reducibility.   

Chapter 6 discusses the work done to continue the operation and research of a unique small-

molecule single-crystal adsorption calorimeter, which I helped move from Campbell’s lab at the 

University of Washington to Dr. Zdenek Dohnalek’s lab at Pacific Northwest National Labs in 

Richland, WA. Chapter 7 presents in-progress work regarding Degree of Rate Control (DRC) 

analyses and shows its connection to volcano plots and experimental measurements, so that DRC 

analysis can be employed to fuller extent as a powerful tool in catalysis research.   

 Several of these chapters have been published or submitted for publication in peer-

reviewed journals, as summarized below. 

Chapter Citation 

Chapter 3  K. Zhao, N.  Janulaitis, J.R. Rumptz, & C.T. 
Campbell (2023). Size-Dependent Energy and 
Adhesion of Pd Nanoparticles on Graphene 
on Ni(111) by Pd Vapor Adsorption 
Calorimetry. ACS Catalysis, 13(4), 2670–
2680.  

Chapter 4 N. Janulaitis, K. Zhao, C.T. & Campbell 
(2024). Energetics of Cu Adsorption on and 
Adhesion to Rutile-TiO2(100) Studied by Cu 
Vapor Adsorption Calorimetry. The Journal 
of Physical Chemistry C, 128(39), 16481–
16490.  

Chapter 5 N. Janulaitis & C.T. Campbell (2024). 
Predicting adhesion energies of late transition 
metal nanoparticles to oxide support surfaces 
using oxide reducibility and metal 
oxophilicity: toward predicting catalyst 
performance. ACS Catalysis. Under Review.  
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Chapter 2. Experimental Methods 
 

Single-crystal adsorption calorimetry (SCAC) experimental design principles and 

techniques have been extensively documented.22,27,64 Experimental data in this work are obtained 

using a unique single crystal adsorption calorimeter, which has been previously described in 

detail.27 In this chapter, the calorimeter design is described briefly (2.1) as well as the procedures 

required for preparing samples (2.2) for the systems examined in Chapters 3 and 4.  The 

procedures for performing calorimetry experiments (2.3) and growth morphology experiments 

(2.4) using the apparatus are also described briefly.  

2.1  Metal Vapor Adsorption Calorimeter 

The instrument consists of three ultra-high vacuum (UHV) chambers: a preparation 

chamber, where the sample is prepared and cleaned, a main chamber, for calorimetry and growth 

mode experiments and sample characterization, and a beam chamber, where the deposition metal 

is evaporated and partially collimated into a beam, and where the off-axis beam flux is measured. 

For a fundamental understanding of model catalyst energetics, it is essential that the support 

surfaces to be studied are clean and structurally well-defined. Each chamber may be isolated from 

the others via gate valves. Experiments are run at base pressures < 2 x 10-10 torr in the main 

chamber, to minimize the impact of impurities on measurements and characterizations.  

The preparation chamber contains a sample heater, pyrometer, metal doser, directed gas 

doser, and ion gun. A quadrupole mass spectrometer (QMS) allows for monitoring the composition 

of gases present in the preparation chamber.  Leak valves on the preparation chamber are used to 

leak in gases to specific pressures for processes such as sputtering and chemical vapor deposition. 
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A manipulator is attached at the preparation chamber and can translate the sample horizontally 

into the main chamber.   

The main chamber has a region for surface characterization, where low-energy electron 

diffraction (LEED), low-energy ion scattering (LEIS), Auger electron spectroscopy (AES), and x-

ray photoelectron spectroscopy (XPS), and energy analyzer instrumentation is located.  

Calorimetry is performed in a separate region of the main chamber, neighboring the 

characterization region. Although most of the calorimetry setup is located within the chamber, 

there a few external components. These external components are the HeNe laser, which is shone 

in through a window, a power meter for measuring laser power, which is positioned outside a 

window. A series of mobile mirrors within the chamber exist to direct the laser toward the sample 

(along the same path as the atomic beam and collimated with the same beam-defining apertures to 

the same beam diameter), or the laser power meter with use of a mirror placed in the usual sample 

position. The remaining elements required for metal vapor adsorption calorimetry are located 

within the chamber, but many may be translated by external operators for performing experiments. 

One of the most important components of the calorimeter is the heat detection element, which 

consists of a pyroelectric b-polyvinylidene fluoride (PVDF) ribbon for direct measurement of heat 

changes on the sample. A stationary copper holder keeps the sample in place for deposition but 

leaves the bottom of the sample exposed so that deposition can occur. The holder keeps the sample 

located directly below the heat detection element on which the PVDF ribbon is mounted, so that 

the ribbon may be moved into contact with the back of the sample. A second QMS located near 

the sample is available to monitor the fraction of metal atoms that do not stick to the surface of the 

sample and the composition of gases in the main chamber. An on-axis quartz crystal microbalance 

(QCM) can be moved in in front of the sample to periodically monitor the metal flux near the 
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sample, but it must be moved out of line during deposition. To calibrate for thermal radiation from 

the metal pulses, a transparent barium fluoride (BaF2) window can be translated in front of the 

sample, allowing radiation to pass through but not allowing metal atoms to reach the sample.  

The beam chamber is located directly below the calorimetry components located in the 

main chamber. A series of apertures located between the beam chamber and the main chamber 

collimate the flux of metal atoms and set the final beam diameter to 4.26 mm.  A chopper in the 

main chamber, between the beam chamber and the sample, allows the laser beam or beam of metal 

atoms to be split into pulses. Pulses for the experiments in this work are 100 ms with a period of 2 

s. The beam chamber, which is connected only to the main chamber, contains an electron-beam 

(e-beam) evaporator, where the deposition metal is loaded into a crucible and heated via electrons 

emitted from a filament. Because the QCM in the main chamber cannot monitor flux while 

depositing on the sample, an off-axis QCM in the beam chamber continuously measures the flux 

near the e-beam evaporator.   

 

2.2  Sample Preparation   

The sample is a thin (1-2 µm) single crystal with a well-defined and known surface 

structure, e.g., Ni(111) or Mo(110), upon which films of graphene of a single-crystal oxide can be 

grown for adsorption calorimetry studies. The sample must be thin so that the heats of adsorption 

on the surface of the sample can be detected by the PVDF ribbon when it is rolled into contact on 

the opposite (back) side of the sample. The thin single crystal is spot welded between two thin, flat 

tantalum rings that keep the sample flat and stable. Once the sample is spot-welded between the 

rings, the piece is mounted on a copper platen that is held by the manipulator arm except during 

deposition for calorimetry measurements, when it is held by the Cu sample holder in the 
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calorimetry setup. The choice of sample depends upon the surface of interest. In most cases, the 

surface of interest must be grown on top of the original single crystal sample. All thin films grown 

on the sample are synthesized in the preparation chamber, which has the capabilities described 

above. Prior to growth, the sample is thoroughly cleaned using Ar+ ion sputtering, with the duration 

adjusted based on the sample’s condition and cleanliness.  

A Ni(111) single crystal is used as the substrate for graphene growth because graphene and 

Ni(111) have an excellent lattice match.65 The principles and methods of graphene growth on 

Ni(111) have been published in detail and the method used here was previously described in detail 

by Mao et al.35 The clean sample is  annealed using a heater in vacuum at ~600-650ºC for 5 min. 

The temperature of the sample is reported by an optical pyrometer aimed at the sample surface. 

While keeping the temperature constant at ~600-650ºC, the sample is exposed to 10-6 torr of 

ethylene for 30 min. The quality of the graphene is analyzed using He+ LEIS by ensuring that no 

Ni is exposed on the surface.   

For rutile-TiO2(100) growth, a Mo(110) single crystal is used as a substrate. Growth of this 

oxide face on the Mo(110) substrate has been previously described in literature66 and has also been 

previously successfully implemented by the Campbell group.35 The clean Mo(110) surface is 

heated to ~350ºC and simultaneously exposed to 2 × 10-7 torr of O2 and a flux of titanium atoms. 

The titanium vapor is generated via a titanium wire-wrapped filament that is resistively heated. 

The length of growth is adjusted depending on how much the filament has been used, because as 

the filament is used, it generates a lower flux of Ti, requiring longer growth times. The film is 

grown until the thickness of the TiO2 is at least > 2 nm. After growth, the film is annealed by 

stopping the Ti flux and heating the sample to about 800 K for 10 minutes in the oxygen. The 

thickness of the film is estimated using the attenuation of the Mo 3d5/2 peak of the XPS spectrum, 
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compared to the peak on a clean Mo(110) surface. The surface structure of the film is verified 

using LEED. The shift and shape of the Ti 2p3/2 peak was also measured to confirm that the film 

was oxidized with minimal oxygen vacancies. 

2.3  Calorimetry Measurement 

 The clean, prepared sample is held in place by a copper block, which also serves as a 

thermal reservoir. For 100 K experiments, the copper block and heat detection element with the 

PVDF ribbon (calhead) are cooled to 100 K by flowing nitrogen gas into piping near the area 

through coils placed in a dewar of liquid N2. The previous cooling system used a funnel to flow 

liquid N2 into the calhead / copper reservoir area, but the liquid N2 caused a high level of noise and 

temperature increased by up to 20 K over the course of the heat measurement; therefore, a new 

system using cooled N2 gas was built and used for the 100 K experiments reported here. The sample 

is also cooled separately before the experiment by flowing liquid nitrogen through tubing in the 

manipulator.  

Before calorimetry can be performed, the sample is moved into the copper holder in the 

deposition area of the main chamber, and the heat detection element is translated so that the PVDF 

ribbon is in gentle contact with the back of the sample. The metal flux is prepared in the beam 

chamber by increasing current to the e-beam evaporator and monitoring the flux at the source (off-

axis) QCM. Before and after the calorimetry measurement, heat response calibration is performed 

by measuring the power of the HeNe laser and the ribbon response to the laser pulsed onto the 

sample. The contact value (V/J) is calculated using the known laser power and corresponding 

ribbon response. The radiation is also measured before and after the calorimetric measurement to 

correct for its contribution to the heat signal. To measure radiation, the laser is pulsed onto the 

sample through the BaF₂ window, allowing the window's transmission to be calculated by 
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comparing the ribbon’s voltage response when the laser strikes the sample directly versus when it 

passes through the window first. The metal is then deposited onto the window to determine the 

radiation emitted from generating the flux of gaseous metal atoms. The flux is measured at the 

sample QCM for two minutes before deposition. The off-axis QCM continuously measures and 

records the flux in the beam chamber. Calorimetry is performed by depositing the metal onto the 

sample in a series of pulses, while the heat response of the ribbon is recorded. The amount of metal 

deposited on the sample is measured in monolayers (ML), which are defined by the substrate 

surface density. For experiments on graphene, one ML is defined by the Ni(111) surface density 

(1.87*1019 atoms/m2), which is equal to ½ the surface carbon atom density of graphene. For 

experiments on rutile-TiO2(100), one ML is defined as 7.36 × 1018 atoms/m2, which is the surface 

density of coordinatively unsaturated O atoms on ideal bulk-terminated rutile-TiO2(100). After 

calorimetry, the flux near the sample is recorded for an additional two minutes and the second 

round of heat and radiation calibration measurements is collected. The heat of adsorption can be 

extracted by subtracting the thermal radiation response from the total heat signal. 

During deposition, the amount of metal atoms that do not stick to the surface are measured 

via QMS. A zero-sticking measurement is taken by directing the metal atom beam onto a hot 

tantalum flag, which is heated until the metal non-sticking QMS signal is maximized. By 

comparing the QMS signal from the deposition metal during calorimetry to the total signal 

obtained from directing the metal pulses at a hot tantalum flag, the number of metal atoms that 

stick to the sample and contribute to the heat signal can be extracted using a modified version of 

the King and Wells method.27,67  
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2.4  Growth Morphology Measurement with LEIS 

For growth-mode experiments, metal is deposited on the sample in small amounts 

(typically <1 ML) and the sample is analyzed with He+ LEIS after each deposition. The incident 

ion energy of the He+ ions is 1keV and their scattering angle is 135º. Before and after each 

deposition of metal onto the sample surface, the flux is measured using the on-axis QCM in the 

main chamber. The off-axis QCM continuously monitors and records the flux in the beam 

chamber. The amount of metal deposited onto the sample is calculated by holding constant the 

ratio between the two fluxes. After each deposition, a He+ LEIS spectra is recorded for both the 

substrate and the deposited metal. The signals are normalized by the signals from the clean 

substrate and from the substrate when it is covered in a multilayer of the deposited metal. Because 

He+  LEIS is extremely surface sensitive, and only measures the topmost atomic layer of the 

sample, the normalized LEIS signals are the fraction of the substrate surface covered by the metal 

particles (after small corrections for beam-shadowing effects from the edges of the nanoparticles 

CITE). The fractional coverage data is fit with a growth model to determine particle density and 

size.  
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2.5  Figures 
 
 

 

Figure 2.1. A photograph of the metal vapor adsorption calorimeter is shown. The main chamber 

is in the center box and includes calorimetry equipment as well as surface characterization and 

analysis instrumentation. The box on the right shows the location of the sample preparation  

chamber, and the sample manipulator is located to the right of that chamber (extends out-of-frame). 

The electron-beam chamber is labeled and indicated by the square box below the main chamber. 

To the left of the main chamber is the titanium sublimation pump and main chamber turbo pump.  
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Chapter 3. Size-Dependent Energy and Adhesion of Pd 

Nanoparticles on Graphene on Ni(111) by Pd Vapor Adsorption 

Calorimetry 

This chapter has been published as: 

K. Zhao, N. Janulaitis, J. Rumptz, & C.T. Campbell (2023). ACS Catalysis, 13(4), 2670-2680.  

 

Chapter Abstract 

Carbon-supported late transition metal nanoparticles are promising catalysts and 

electrocatalysts for wide ranging applications. However, experimental investigations of the 

bonding energetics of metal nanoparticles on carbon supports are very limited. Here we report 

heats of adsorption of Pd vapor deposited onto single-layer graphene(0001) supported on Ni(111) 

at 100 K and 300 K as the Pd grows particles of well-defined size in the range from 3 atom clusters 

to 6 nm diameter. Sizes were determined from He+ low-energy ion scattering (LEIS). In this size 

range, the differential heat of Pd adsorption increases from 228 kJ/mol to within 10 kJ/mol of the 

heat of sublimation of bulk Pd (377 kJ/mol). The chemical potential of metal atoms in these 

nanoparticles as a function of average particle size was determined from these results. The 

adhesion energy at the Pd / graphene(0001)/Ni(111) interface was extracted from these data and 

found to be 3.5 J/m2 for the largest Pd particles. For the three metal elements that have now been 

studied (Pd, Ni and Ag), we found an increase in metal / graphene(0001) / Ni(111) adhesion energy 

with metal carbophilicity, which we defined here as the heat of C atom adsorption on that metal’s 

(111) surface estimated from published density functional theory calculations.  
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3.1  Introduction 

Late transition metal nanoparticles are widely applied in heterogeneous catalysis in both 

gas/solid and liquid/solid interfacial reactions, including electrocatalysis, for energy conversion 

and storage.68 The metal nanoparticles are hosted normally by oxide or carbon supports. The 

strength of bonding interactions between the metal nanoparticles and the support materials 

influence the morphology and energetics of the metal nanoparticles,17,69,70 which then affect the 

binding energies of small adsorbates during the catalytical reactions.71–73 Carbon is a commonly-

used support material for late transition metal catalysts and electrocatalysts, which often has 

superior performance over oxides.74–78 Recently, carbon has become much more important as a 

support due to its widespread use in electrocatalysts, fuel cell and battery electrodes, where 

interest has grown dramatically due to energy storage needs for solar and wind energy 

technologies. Whether it is in the form of activated carbon, carbon black, modified graphite, 

carbon nanofibers or carbon nanotubes, the dominant building block in a carbon support’s 

structure is the graphite unit cell.74  

There have been many investigations of the energetics of the metal atoms and clusters on 

support materials by Density Functional Theory (DFT), but experimental measurements of the 

energies of the metal atoms and nanoparticles on support surfaces are far fewer in number. While 

we have studied the energetics of late transition metal nanoparticles on oxide supports using 

Single Crystal Adsorption Calorimetry (SCAC) for decades,19 there have only been two previous 

experimental measurements of the energetics of metal nanoparticles on any carbon-based 

supports: our previous reports of the size-dependent energetics and adhesion energies of Ag and 

Ni nanoparticles on single-layer graphene(0001) supported on Ni(111).29,36 Here we report a 

similar study of Pd nanoparticles on that same graphene/Ni(111) surface, and discover a 
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correlation between the adhesion energy at the metal nanoparticle / support interface (Eadh) for 

these three metals and the metal element’s carbophilicity.  Carbon-supported Pd nanoparticles 

are widely used in both basic and applied catalysis and electrocatalysis research.77–80  

In studies of the energetics of late transition metals on oxide supports, the chemical potential of 

the metal atoms in the supported metal nanoparticles was found to be a key descriptor of catalyst 

performance factors, such as sintering rates, adsorbate binding energies and overall catalytic 

conversion rates.16,17,19,81  Small sized (<6nm) nanoparticles showed very strong dependence of 

the metal chemical potential on nanoparticle size. Significantly, the adhesion energy (Eadh) can 

be used to predict the metal chemical potential vs size, and vice versa.17 Eadh of different metals 

on the same oxide support were found to increase linearly with the oxophilicity of the metal.20,37  

This Eadh vs oxophilicity relation allows one to predict the adhesion energy of other metals on 

that oxide surface, and then determine the chemical potential of the other metals, and thereby to 

estimate their sintering properties and surface reactivity in catalysis. Here we reveal a similar 

Eadh vs carbophilicity relation for carbon-based supports. 

The structure and properties of Pd nanoparticles on carbon support materials (e.g., carbon 

nanotubes, highly oriented pyrolytic graphite (HOPG) and graphene oxide) have been 

investigated experimentally under high temperature or catalytic reaction conditions.80,82–85 

Fundamental research studies of Pd nanoparticle growth on pure carbon supports (i.e. graphene, 

carbon nanotubes, and HOPG) at room temperature have reported the particle shape and size at 

different Pd deposition amounts.69,86–90 To our knowledge, there have been no previous 

measurements of the interaction energies between the Pd nanoparticles and any carbon-based 

support surface.   
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Previously, we have investigated the adsorption energies of Ag and Ni during nanoparticle 

growth on graphene(0001)/Ni(111) using single crystal adsorption calorimetry (SCAC) and low-

energy He+ ion scattering spectroscopy (LEIS).29,36 In this work, we apply the same methodologies 

as used there to investigate the size-dependent nanoparticle energetics and growth of Pd on 

graphene(0001)/Ni(111). We study the growth modes of Pd on graphene(0001)/Ni(111) at 100 and 

300 K with LEIS, fitting the measured LEIS signals versus coverage with models that allow us to 

estimate the average Pd particle size versus coverage. The heat of adsorption of Pd vapor is 

measured versus coverage during nanoparticle growth on graphene(0001)/Ni(111), and we use that 

to determine the size-dependent chemical potential of Pd atoms in Pd nanoparticles on 

graphene(0001)/Ni(111) at 100 and 300 K. Finally, we extract the adhesion energy of Pd / 

graphene(0001)/Ni(111) and compared it with Ag and Ni, obtaining a strong relation between 

adhesion energy to this carbon surface and metal carbophilicity. 

 

3.2  Experimental Methods 

The experiments were conducted in an ultrahigh vacuum (UHV) chamber with a base 

pressure < 2×10−10 Torr. The chamber is equipped with (1) sample surface preparation needed 

heaters and ion guns; (2) e-beam evaporator; (3) sample characterization apparatus, including X-

ray photoelectron spectroscopy (XPS), Auger electron spectroscopy (AES), He+ low-energy ion 

scattering spectroscopy (LEIS), low-energy electron diffraction (LEED), quadrupole mass 

spectrometry (QMS), and two quartz crystal microbalances (QCMs). The surface spectroscopy 

measurements were obtained with a PHI 10−360 precision energy analyzer with a PHI 72−250 

position sensitive detector; and (4) the calorimeter with a pyroelectric polyvinylidene fluoride 

(PVDF) ribbon as the sensor. 



 23 

The single-layer graphene was grown on a clean 1 μm thick Ni(111) single-crystal 

sample (Aarhus University, Denmark) using a recipe described in previous work,29 and a 

complete coverage of graphene on the Ni(111) was confirmed using LEIS each time right after 

graphene growth. 

The Pd metal atom beam was generated by evaporating Pd pellets (99.95%, Kurt J. 

Lesker) in the e-beam evaporator at a very high temperature (est. 2000 K). The Pd beam was 

chopped into pulses with a duration of 0.1 s and an interval of 2 s. The Pd flux was monitored 

with two QCMs in a method described previously to provide the flux at all times at the sample 

position.64 

The sticking probability of each pulse was measured simultaneously with the heats of 

adsorption using the QMS which records the desorbed Pd atoms from the graphene/Ni(111) 

support.64 The number of Pd atoms that stick to the sample surface in each pulse is then equal to 

the flux times the pulse duration and the sticking probability. The Pd coverage is the 

accumulated amount of adsorbed Pd atoms. The coverage are given here in units of monolayers 

(ML), with 1 ML defined as 1.87 × 1019 atoms/m2, which is the areal density of Ni atoms on the 

underlying Ni(111) surface as well as exactly ½ the areal density of C atoms on the 

graphene(0001) surface, as there are two C atoms of graphene for every surface Ni atom on 

Ni(111) for this system. 

The growth modes of the Pd nanoparticles were determined using He+ LEIS, as the 

normalized LEIS signal is proportional to the surface area of the particles.   

The methods for metal vapor adsorption calorimetry are the same as reported previously 

with this apparatus.64 The heat change during the Pd vapor deposition onto graphene/Ni(111) is 

measured using a pyroelectric polyvinylidene fluoride (PVDF) ribbon which contacted the back 
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of the thin Ni(111) single-crystal sample. The PVDF ribbon is calibrated for each experiment using 

a HeNe laser pulses with known power. To eliminate the heat contribution from the thermal 

radiation from the hot metal source, the heat from the radiation is measured when a barium fluoride 

(BaF2) window is placed in front of the sample to block Pd vapor from reaching the sample but 

allowing > 87% thermal radiation to transmit through the window. The heat signal from this 

transmitted fraction is measured and then subtracted from the total heat signal measured for each 

Pd pulse that adsorbs on the graphene/Ni(111). 

 

3.3  Results  

3.3.1  Pd Sticking Probability on Graphene/Ni(111) 

The sticking probability of Pd gas atoms to graphene/Ni(111) during the Pd particle 

growth was measured as the fraction of Pd atoms that strike the surface and stick using the QMS 

and the modified King and Wells method (see above). The QMS data is recorded as the time-

integrated signal for the Pd isotope with the strongest QMS signal) for each Pd vapor pulse 

during the calorimetric measurements. This QMS signal was normalized by the zero-sticking 

signal for Pd atoms, which was measured by pulsing the Pd vapor beam onto a hot flat tungsten 

foil, where no permanent sticking occurs and the Pd QMS signal reaches the maximum, as 

described previously by our group.27,64  The sticking probabilities (equal to 1 minus this ratio) 

were found to be  > 0.997 at all Pd coverages at both 100 K and 300 K (not shown). Therefore 

we used unity as the sticking probability to calculate the accumulated Pd coverage for all 

calorimetry and growth mode experiments described below. 

The Pd coverages reported here are given in units of ML, with 1 ML defined as 1.87 × 

1019 atoms/m2, which is the areal density of Ni atoms on the underlying Ni(111) surface as well 
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as exactly 1/2 the areal density of C atoms on the graphene(0001) surface, which grows in 

registry with the Ni(111) substrate.65,91 

 

3.3.2  Pd Growth Morphology on Single-Layer Graphene on Ni(111) 

The growth morphology of Pd on graphene/Ni(111) at 100 and 300 K was determined 

using He+ LEIS measurements, as this LEIS signal is sensitive only to the topmost surface 

atomic layer. The Pd signal thus rather directly reflects the fraction of the surface covered by Pd 

nanoparticles (after correction for shadowing effects61). Here, we deposited Pd in discrete 

amounts and measured the Pd LEIS signal after each dosage. A thick Pd layer (>10 nm) was 

deposited at the end of each experiment for collection of the saturated LEIS signal associated 

with a Pd film that completely covers the graphene. Each LEIS spectrum was integrated in the 

range of the Pd peak (850 – 950 eV), and then normalized to the integrated saturation signal of 

this thick Pd layer. This normalized Pd LEIS signal equals the fraction (𝑓) of the surface covered 

or shadowed by Pd particles.  These normalized Pd LEIS signals are plotted versus Pd coverage 

in Figure 3.1a for growth at both 100 and 300 K. 

Studies by scanning tunneling microscopy (STM) of Pd deposition on single-layer 

graphene on other closest-packed later transition metal surfaces (Cu(111)86 and Ru(0001)87) 

show that when deposited at room temperature, the Pd forms 3D islands with rather flat tops and 

small aspect ratios (𝛼 = average thickness / diameter = ~0.22). We will therefore analyze the 

LEIS data at 300 K in Figure 3.1 assuming that the Pd grows as particles with the approximate 

shape of a flat cylinder, with an (approximately) constant aspect ratio of 0.22 and a fixed number 

per unit area. Detailed analysis (see below) shows that the aspect ratio actually decreases slowly 

with particle size (or the average particle thickness stays more constant with coverage) than in 
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the ideal case where the aspect ratio is truly constant. The flat-topped shape of Pd particles was 

also seen in STM on highly oriented pyrolytic graphite (HOPG) surface88 at room temperature, 

and also at higher temperatures (400 K on graphene82 and 700 K on HOPG84). When Ni is 

deposited on this same graphene(0001)/Ni(111) surface at room temperature, it also grows rather 

flat-topped islands with small aspect ratios and fixed number per unit area.92,93 The kinetic 

reasons for such a growth mode have been explained.36,94,95 

At 100 K, the number of Pd particles per unit area is 6.5-fold larger than at 300 K (see 

below), so that they are 6.5-fold smaller than at 300 K for the same coverage, and they do not 

have the possibility to grow so large (remaining thinner than 0.8 nm) in the low coverage range 

where the LEIS data can be quantitatively analyzed (i.e., when the covered/shadowed fraction 𝑓 

is < 0.35, see below). We are therefore able to analyze the LEIS data at 100 K in Figure 3.1 

assuming the more commonly used hemispherical cap model, whereby the metal nanoparticles 

are assumed to have the approximate shape of hemispherical caps. Note that the average 

thickness to diameter ratio for hemispherical caps is 1/3. This larger aspect ratio for these much 

smaller particles than the value of ~0.22 seen for the larger particles at 300 K is consistent with 

the decrease in aspect ratio with size mentioned above.  

Both of these models assume a constant number of particles per unit area independent of 

metal coverage in the coverage range modelled).61 This is the so-called “saturation number 

density” which is often reached at very low coverage (a few percent of a monolayer),61 as 

explained by the kinetic models for nucleation and growth during metal vapor deposition 

developed by Venables.96 At high coverage, the growing particles get so large that they start to 

overlap and eventually merge into a continuous film.  We avoid this regime (where the number 

density of particles decreases) when modelling the LEIS data of Figure 3.1 quantitatively by only 
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fitting data below the coverage where the metal particles cover 35% of the surface (i.e., when 𝑓 

< 0.35).  

As derived previously for the hemispherical cap model,61 the relationship between this 

covered/shadowed fraction (𝑓), the particle size and total metal coverage is given by:  

𝑓!"#$%&!"'" = 1.207	𝜋	𝑟!"#$%&!"'"( = 1.207	𝜋)/+ <+,!
(-"

=
(/+
	𝑛.&)/+	𝑛#(/+, with 

 

						𝑟!"#$%&!"'" = (
3𝑉#	𝑛#
2𝜋	𝑁/	𝑛.&

))/+, 
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where 1.207 is the LEIS shadowing factor for a hemispherical cap on the substrate when the ion 

beam is normal to the surface and the detector is at 45° from the normal to the surface (the 

geometry used here), 𝑟!"#$%&!"'" is the footprint radius of the particle’s contact interface with the 

support (the same as its radius of curvature for hemispherical shape), 𝑉# is the molar volume of 

bulk solid metal (8.84 × 1001	𝑚+/𝑚𝑜𝑙 for Pd), 𝑁/ is Avogadro’s number, 𝑛.& is the number of 

particles per unit area, and 𝑛# is the total number of the metal atoms per unit area that were 

deposited onto the substrate at that coverage being analyzed by LEIS. 

As shown, the Pd LEIS signal versus Pd coverage at 100 K in Figure 3.1a is well fitted to 

this hemispherical cap model, with the number of particles per unit area (𝑛.&) as the only fitting 

parameter. 61,96,97 The best fit, shown by the solid line, gives a particle density 5.5 × 1016 

particles/m2. The dotted line starting from the end of this fitted line is to guide the eye.  

The Pd average thickness for the hemispherical shapes is calculated from the normalized 

LEIS signal and the corresponding coverage in Figure 3.1a. In detail, the coverage (in ML, 1 ML 

= 1.87 × 1019 atoms/m2) is converted back to the number of deposited Pd atoms per unit area. 

Multiplying this number by atomic volume gives the total volume of the deposited Pd per unit 
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area at that coverage. Dividing this by the fraction of the surface that is covered by Pd particles 

(i.e., the normalized LEIS signal on the y axis of Figure 3.1a divided by the shadowing factor61 

of 1.207) gives the average Pd particle thickness. This is plotted as a function of Pd coverage in 

Figure 3.1b. The average diameter of hemispherical particles is three times the average thickness 

(calculated from the volume of a hemisphere divided by its footprint area). The resulting average 

diameter at 100 K vs Pd coverage is plotted Figure 3.1c. These average thickness and diameter 

estimate at 100 K agree well with the predictions shown for the best-fit hemispherical cap model 

from Figure 3.1a at 100 K. 

For the particles grown at 300 K, the data are fitted to a constant aspect ratio model, 

which assumes the particles have the approximate shape of cylindrical disks with a constant 

aspect ratio (𝛼 = average thickness / diameter = 0.22) and a constant number density of particles. 

This constant aspect ratio model has been successfully applied to analyze similar He+ LEIS data 

in previous studies of Au/MgO(100) and Ni/CeO2-x(111).42,43  

The expression for the covered/shadowed factor (𝑓) for the constant aspect ratio model is 

slightly different from the hemispherical cap model, due to a change in the shadowing factor for 

the normalized LEIS signal from the particles. The shadowing factor is 1 + 4α/π for the 

cylindrical disk,98 whereas it was 1.207 for the hemispherical cap (see above). Although not 

explicitly stated in the paper where this shadowing factor was first presented,98 the approximate 

cylindrical disk shape assumed in that derivation was not exactly cylindrical. The edges around 

the perimeter of the disk were not assumed to be perpendicular to the support surface, but at 

some small angle from normal, such that the flat top of the particle is slightly smaller than its flat 

bottom, as a truncated cone. Thus, the ion beam, which is incident perpendicular on the support 

surface, strikes the edges of the disk (and not only its top surface, which would be the case if the 
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disk’s edges were normal to the support surface).  As the normalized LEIS signal from the 

particle and from the support sum to one,61,99 the normalized LEIS for the particle element is 

equivalent to the fraction of support surface that is covered and shadowed by the particles. The 

fraction of the support surface that is covered and shadowed by the cylindrical objects is 

approximately the same as that by the truncated cone objects. Therefore, the shadowing factor 

calculation can be simplified by using the cylindrical geometry.  

The relationship between this covered/shadowed fraction (𝑓), the particle size and total 

metal coverage is given for this disk model by: 
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Thus, the normalized LEIS signal increases as the 2/3 power of the metal coverage (𝑛#) within 

this constant aspect ratio model, just as in the hemispherical cap model (Eq. 1). The 300 K data 

in Fig. 3.1(a) is fitted with Eq. 2 up to 𝑓2$%3 = 35% (1.5 ML). The dashed line starting from the 

end of the fitting line is to guide the eye. The best fit to this constant aspect ratio model for the 

300 K LEIS data gives a particle density 8.5 × 1015 particles/m2. The average Pd particle 

thickness for the cylindrical shape is calculated from the normalized LEIS signal and the 

corresponding coverage in Figure 3.1a, just as explained in the hemispherical cap model above. 

The Pd diameter is calculated as the aspect ratio (0.22) times this average thickness. The 

resulting average Pd particle thickness and diameter as a function of Pd coverage are shown in 

Figure 3.1b and 3.1c. These average thicknesses and diameters at 300 K agree reasonably well 

with the constant aspect ratio model, also shown, although it is clear that the measured particle 
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thickness is more constant with coverage, and larger at low coverage, than predicted by the best 

constant-aspect-ratio fit. 

The particle sizes shown in Figure 3.1b and 3.1c at 300 K are supported by STM 

observations on the growth morphology of Pd on graphene from the literature.86,87 Pd was grown 

from vapor deposition at room temperature and formed flat-topped particles in both these two 

STM works. Gotterbarm, et al.87 showed Pd vapor deposited on graphene/Rh(111) at room 

temperature has particle diameters of 3.0±0.3 nm and heights of 0.66±0.1 nm at 0.3 ML, which 

gives an aspect ratio of 0.22. Similarly, Soy, et al.86 showed Pd particles has diameter of ~3.6 nm 

at 0.29 ML on graphene/Cu(111). Unfortunately the height was not presented there. Instead, the 

diameter and height at 0.9 ML were shown in a distinctly continuous deposition experiment, 

where the Pd grown as much flatter islands, with the average height of ~1.3 nm (four to five 

atomic layers) and diameter of 7.8 nm. The height of Pd particles on graphene after annealing to 

400 K was measured as 0.8 – 2 nm at 1 ML.82 Our Pd particles deposited at 300 K showed an 

average height of 1.2 nm at around 1 ML (Figure 3.1b), consistent with those STM observations. 

The flat-topped shape can be attributed to the (111) facet of the face-centered cubic (FCC) Pd 

formed at the particle bottom where contacts with the graphene(0001) surface and the adatoms 

on the top follow the closest packed structures of metal (111) at the thermal equilibrium. 

A flatter cylindrical shape was also tested in our analysis for the 300 K LEIS data by assuming 

the aspect ratio equals to 0.2 (not shown). This smaller aspect ratio results in a smaller particle 

density (7.4 × 1015 particles/m2) in the best fit. The standard deviation of the fittings for the 

normalized LEIS signal vs coverage and height vs. coverage were the same as those in the 

fittings with a = 0.22. Nevertheless, the standard deviation of the fitting for diameter vs coverage 

was ~10% larger when compared with the fitting with a = 0.22. Additionally, noting that the Pd 
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average thickness at 300 K below 0.7 ML (Figure 3.1b) was approximately constant, with 

average value of 1.0 nm. We applied a constant height model to the LEIS data at 300 K for the 

coverage < 0.7 ML. The fitting is a straight line for the normalized LEIS signal vs coverage, with 

slightly smaller standard deviation than that in the constant aspect ratio model (0.0145 vs 

0.0270). However, the LEIS signal in the constant height model is not related in any way to the 

particle diameter nor density. By combining the aspect ratio reported from STM studies with the 

LEIS results in the constant aspect ratio model, we are able to extract diameter and density, so 

we prefer that model, while recognizing that it is approximate.   

 

3.3.3  Heat of Adsorption of Pd on Single-Layer Graphene on Ni(111) 

The heat of adsorption at any temperature T is defined here as the negative of the 

standard enthalpy change from an initial state consisting of a collection of gaseous metal atoms 

and a support surface, both at T, and a final state where the metal atoms are confined to the 

support at T. The heats of adsorption are obtained by the measurement of calibrated 

calorimeter’s signal (internal energy change) which is then converted to the enthalpy change.32 

The Pd heats of adsorption were measured upon Pd gas atoms deposition onto graphene/Ni(111) 

as a function of Pd coverage at 100 and 300 K. The curves shown for 300 and 100 K are 

averaged from several individual calorimetry runs to ensure replicability and to reduce the 

standard deviation in the measurement. The shown heats of adsorption are corrected from the 

small difference in internal energy between a flux of gaseous Pd atoms initiating from a high-

temperature electron beam evaporator and a collection of the same gas atoms in an equilibrated 

volume at the support surface temperature (300 or 100 K).27,100 Due to errors (∼3.5%) in 

calibrating the calorimeter’s absolute heat signal with laser pulses, we adjusted this calibration 



 32 

factor slightly to ensure that the heat of adsorption and corresponding Pd chemical potential to 

agree with the theoretical model described below for chemical potential versus particle size at the 

largest particle sizes analyzed (~6 nm). At this large size, the theoretical value is nearly 

independent of the fitting parameter in the model, so we realized that this is the most accurate 

way to calibrate heat sensitivity in our calorimeter.17 Previously, we had calibrated by setting the 

highest-coverage (thickest multilayer) heat of adsorption equal to the bulk heat of sublimation. 

However, due to small changes after long times (20 – 30 minutes) in the atomic beam flux and 

the accuracy of its off-axis measurement, we realized it is more accurate to use this lower-

coverage, shorter-time measurement for calibration, before these flux problems get more 

significant. This resulted in heats of adsorption at 300 K and 2 ML, where the heats approached a 

constant level, agreeing within 3 kJ/mol of the known heat of sublimation of bulk Pd (ΔHsub = 

377 kJ/mol46–48). The same occurs at 100 K at 3 ML, with this higher coverage required due to 

the much smaller particle sizes than at 300 K.  At 300 K, this calibration method gave heats that 

were 3.5 % higher than the old method, and at 100 K the difference was negligible. 

As shown in Figure 3.2a, at 100 K, the initial differential heat of adsorption is 228 

kJ/mol, then gradually increases with coverage to the heat of sublimation of bulk Pd (DHsub = 

377 kJ/mol) by 3 ML. At 300 K, the data develops very similar to the 100 K data, except that the 

heat of adsorption starts higher (273 kJ/mol) and reaches Pd heat of sublimation already by 2 

ML. 

The increasing heat of adsorption with coverage is due to the fact that more Pd-Pd metal 

bonds form when new Pd adatoms arrive at larger Pd particles on the substrate. This increasing 

binding energy with increasing particle size is commonly found in DFT calculations as well, 

wherein, for example, the binding energy (per Pd atom) of Pd to unsupported Pd clusters and Pd 
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clusters on a carbon support nearly doubles from Pd3 to Pd13.49 When the Pd particles grow large 

enough, the heat of adsorption approaches the heat of sublimation (DHsub) of 377 kJ/mol, which 

corresponds to making 6 Pd-Pd bonds in a simple pairwise bond-additivity model.  

At any given coverage below 1 ML, the Pd heats of adsorption at 100 K are lower than 

the those at 300 K. This is attributed primarily to Pd particle size differences between these two 

temperatures. As shown in Figure 3.1b and c, Pd particles at 100 K have 6.5-fold larger number 

density, and therefore 6.5-fold fewer Pd atoms, than at 300 K for any given coverage. For 

example, at 0.5 ML, the Pd particle diameter at 100 K is ~2 nm while it is ~5 nm at 300 K. When 

a new adatom arrives, fewer Pd-Pd bonds form on the smaller particle surface as smaller 

particles have a much larger fraction of undercoordinated atoms, therein less nearest neighboring 

atoms to form Pd-Pd bonds. In comparison, the larger, flat-topped (herein, faceted) particles 

formed at 300 K have more nearest neighboring atoms to form more Pd-Pd bonds when a new 

adatom reaches the particle surface.36 This continues until the hemispherical caps at 100 K grow 

sufficiently large that they are dominated by sites where new Ni atoms can make as many Ni-Ni 

bonds upon adsorption as at 300 K (~3 ML of Pd coverage). 

Figure 3.2(b) shows the differential heat of adsorption plotted versus average particle 

size. As seen, the heats for a given particle size at 300 K are closer to those at 100 K, but 

differences are still present due to the difference in particle shape. 

 

3.3.4  Pd Chemical Potential Versus Particle Size and Adhesion Energy of Pd onto 

Graphene/Ni(111) 

Chemical potential of the metal atoms (µ) is the most accurate way to express the 

thermodynamic stability of the metal atoms supported particles. Since the entropy change with 
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particle size is very small compared to the large enthalpic changes seen in Figure 3.2b, the 

chemical potential is calculated here considering only these enthalpy changes. 37  The chemical 

potential of Pd in its particles on graphene/Ni(111) here will be referenced to the bulk Pd(solid) 

large-size limit. So it was calculated by simply subtracting the measured differential heat of 

adsorption at each data point from the bulk heat of sublimation.18 The resulting Pd chemical 

potential is plotted as a function of the average diameter of the Pd particles in Figure 3.3.  As 

seen, the Pd chemical potential at 100 K begins at ~150 kJ/mol then rapidly decreases with the 

particle diameter. The analysis for 100 K data ends at 2.7 nm (1 ML) which is the large-coverage 

limit analyzed in the LEIS growth model for 100 K. At 300 K, the Pd chemical potential is 

higher than at 100 K at the same particle size, and decreases more slowly with size than at 100 

K. This is due to the difference in particle shape (see below). The analysis for 300 K data ends at 

6 nm (1.2 ML), which is also the high-coverage limit of the LEIS growth model analysis for 300 

K. 

The adhesion energy (𝐸42!) of the metal/support (the Pd/graphene here) interface can be 

determined with these experimental values of chemical potential versus size. The theoretical 

relationships between chemical potential, particle size, and the adhesion energy at the metal 

particle / support interface were firstly derived in the previous publications,18,37 and are shown in 

Eq. (3) here for the hemispherical assumption for the 100 K data and Eq. (4) for the cylindrical 

assumption for the 300 K data. The difference between Eq. (3) and (4) are originated from the 

mathematical expressions in the total surface area and volume of the particles in the 

hemispherical cap versus cylindrical disk geometries.  

𝜇!"#$%&!"'"(𝐷) = (3𝛾# − 𝐸42!) G1 +
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𝐷 I G
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𝐷 I , (3) 
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where 𝛾# is the surface free energy of the bulk metal (1.98 J/m2 for Pd37), and (1 + 𝐷5/𝐷) with 

𝐷5 = 1.5	𝑛𝑚 is an empirical factor that was found to account for the increase in 𝛾# and 𝐸42! 

(relative to their bulk values) when the particle size decreases.17 Note that 𝐸42! in both equations 

corresponds to the limit of large particle size. 

𝐸42! is the only unknown variable in this equation and can be determined by the best fit 

of the measured Pd chemical potential as a function of the Pd diameter. The fittings for 100 K 

and 300 K data are shown as solid lines in Figure 3.3. They show good agreement with the data 

points versus particle size. The fits and measurements meet at large particle size, as the chemical 

potential approaches to the bulk Pd energy in the large size limit. The best fits to the 

hemispherical and cylindrical assumptions give Eadh = 3.54 and 3.44 J/m2, respectively. These 

are so close that we show here the fitting of both temperature to a single value of Eadh equal to 

3.5 J/m2. Omitting the very first (lowest coverage) data point (since it may be dominated by 

defect sites), the standard deviations of the data points from the models are 3.070 and 5.580 

kJ/mol at 100 K and 300 K, respectively. 

The adhesion energy can also be calculated from a three-step thermodynamic cycle for 

the largest particle analyzed, as shown previously:18,29 

T∆𝐻42%
.

= −𝑛∆𝐻%78 + 𝐴[(1 + 𝑓)𝛾# − 𝐸42!] G1 +
𝐷5
𝐷 I

, (5) 

where ∑ ∆𝐻42%.  is the integrated enthalpy of metal adsorption (negative heat of adsorption) for 𝑛 

moles of metal, 𝐴 is the interfacial area between the metal nanoparticle and the support surface, 

and 𝑓 is the surface roughness factor of the nanoparticle (exposed surface area/𝐴). For 
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hemispheres, 𝑓 = 2. This method is applied to the hemispherical caps at 100 K and extracted the 

𝐸42! = 3.37 J/m2.  

This is very close to the average of the Pd adhesion energy acquired above of 3.5 J/m2. 

This value is very close to Ni adhesion energy (3.6 J/m2) on graphene/Ni(111) in our previous 

study.36 As discussed further below, DFT calculations have shown that the adsorption energies of 

Pd atoms and clusters on graphene are similar to those of Ni atoms and clusters on graphene,101–

104 consistent with our results. 

 

3.4  Discussion 

3.4.1  Comparison of Heats of Adsorption and Adhesion Energy with DFT Results 

Our measured adhesion energy of Pd to graphene/Ni(111) of 3.5 J/m2 can be compared to 

the adhesion energy of Pd(111) to a free standing graphene sheet calculated by DFT to be 0.50 – 

0.53 J/m2 (0.084 – 0.089 eV/C atom, with 3.74 x1019 C atoms/m2).103,105 A similar large 

difference was also seen when comparing the adhesion energy of Ni to graphene/Ni(111) we 

measured36  of 3.6 J/m2 and that calculated by DFT92 of 3.47 J/m2 to the adhesion energy of 

Ni(111) to a free-standing graphene sheet calculated by DFT to be 0.81 J/m2. This huge 

difference indicates that there are strong Ni-Ni attractions between the Ni(solid) on both sides of 

the graphene, i.e., long-range attractions across the intervening graphene, not existing for Ni on 

free-standing graphene. The similar effect we see here for Pd indicates that there are similarly 

strong Pd(solid)-Ni(111) attractions also across the intervening graphene, not existing for Pd on 

free-standing graphene.  

The binding and adsorption energies of small Pd clusters on free-standing graphene have 

been calculated with DFT.101,104,106,107 To compare the energies of similar-size Pd clusters in our 
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experiment with the DFT results, we calculated the average number of Pd atoms per particle in 

our 100 K experiment by dividing the Pd coverage (numbers of deposited atoms per unit area) by 

the number density of the particles. For example, the first three data points in Figure 3.2 at 100 K 

give ~4, 11 and 18 atoms per particle, respectively. Since those DFT results are presented as the 

energy difference between gas phase Pd atoms and the cluster bound to graphene at 0 K, this 

corresponds closely to the integral heat of adsorption at 100 K (minus RT, which is only 0.8 

kJ/mol at 100 K so neglected here). In Figure 3.4a, we replot the differential heats versus 

coverage at 100 K from Figure 3.2a as integral heats versus coverage. Figure 3.4b presents those 

same integral heats now versus the average Pd particle size (in numbers of Pd atoms). The DFT 

energies are systematically lower than the integral heats for Pd by 20 to 50 kJ/mol for the same 

cluster size in the range from 4 to 13 atoms, with the difference decreasing with size. This 

comparison is made using only heats measured at 100 K simply because the 300 K data do not 

extend to such small sizes.  The smallest size measured at 300 K corresponds to 15 atoms, and 

the integral heat here was 273 kJ/mol. This 300 K point is nearly midway between the second 

and third points measured at 100 K in Fig. 3.4(b), and again ~20 kJ/mol higher than the trend in 

DFT values.  

Since the energy per atom in larger clusters is dominated by Pd-Pd bonds, this decrease in 

the difference between our heats and these DFT estimates with increase in cluster size suggests 

that DFT is getting the Pd-Pd bonding more accurately, but underestimating the strength of 

binding between Pd and the support (graphene/Ni(111) in our experiments, but only free-

standing graphene in the DFT studies). Our larger heats of adsorption versus DFT could 

originate from the interaction between Pd and the underlying Ni(111) surface below the 

graphene (not present in these DFT calculations), just as noted above to explain the higher metal 
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adhesion energies to graphene/Ni(111) compared to free-standing graphene. However, these tiny 

clusters have quite different electronic properties than the large metal particles used for these 

adhesion energy comparisons, so the through-graphene metal-metal attractions could be very 

different. DFT calculations of Pd clusters on graphene supported on Ni(111) would be helpful to 

perhaps clarify this. 

In Figure 3.4, we also present our previously reported integral heats of adsorption for Ni 

on graphene/Ni(111) at 100 K36 versus coverage (a) and average cluster size (b), for comparison 

to Pd. We also show there the reported DFT results for Ni clusters on free-standing 

graphene.106,108,109  As seen, the Ni heats are always slightly higher than those for Pd at the same 

coverage, but they are slightly lower than those for Pd when compared at the same cluster size. 

This is because the clusters for Ni are larger than for Pd at the same coverage (due to the smaller 

number density of clusters for Ni at 100 K36), yet atoms in small Pd clusters bind slightly more 

strongly when compared to Ni at the same cluster size. Since Pd has a 13% lower heat of 

sublimation than Ni, Pd-Pd bonds are expected to be ~13% weaker than Ni-Ni bonds, so this 

small difference for small clusters is dominated by the stronger bonding of the metal clusters to 

the graphene/Ni(111) surface for Pd compared to Ni, at the same tiny cluster size.   

Opposite to the case for Pd, the DFT energies for Ni on free-standing graphene are 20-50 

kJ/mol higher than the experimental integral heats of adsorption at the same cluster size (around 

6 to 10 atoms). We note that in our previous publication about Ni on graphene/Ni(111),36 we 

made an error in calculating the smallest Ni cluster size measured in the first gas pulse, and 

stated it incorrectly there as being ~13 Ni atoms. As seen in Figure 3.4b, it is actually only ~6 Ni 

atoms, but this does not change this qualitative difference compared to DFT. We have no 

explanation for this surprising difference compared to DFT for small Ni versus Pd clusters.  
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Most surprising perhaps is the fact that the DFT energies for both Pd and Ni clusters on 

free-standing graphene are not a lot smaller than the experimental energies on graphene/Ni(111). 

The huge long-range attractive bonding to the underlying Ni(111) noted above in the comparison 

of adhesion energies (in the large-particle-size limit) seems to play a much smaller role for 

cluster sizes in this size range below 10 atoms for both Ni and Pd. This may be compensated on 

free-standing graphene by the fact that its carbon atoms are not locked in place by strong 

interactions with underlying Ni(111), and thus they can move their positions more freely to 

optimize bonding to these small metal clusters. Similarly, their strong bonding to the underlying 

Ni(111) for the graphene/Ni(111) case causes the C atoms to be lower in energy by ∼58 kJ/mol 

compared with free-standing graphene.36 This lowering of the C atom energy (chemical 

potential) is expected to weaken the local bonding of these C atoms to the metal atoms in such 

adsorbed clusters. 

We note that these published DFT results summarized in Figure 3.4 were not all 

calculated with a similar level of description and accuracy. Specifically, the methods used for Pd 

clusters were: PW91 (refs.101,104) and PBE (ref.106), none with any vdW corrections. Those for Ni 

clusters were: PBE (refs.106,108) and PBE with vdW corrections (ref.109). Independent of these 

differences between DFT methods, the DFT adsorption energies for making clusters of Pd are 

consistently 25-50 kJ/mol lower than measured by calorimetry, and the DFT adsorption energies 

for making clusters of Ni are consistently 15-40 kJ/mol higher than measured by calorimetry. 

 

3.4.2  Trend of Adhesion Energy of Metals on Single-Layer Graphene on Ni(111) 
 

In previous work, the adhesion energies of large nanoparticles of different metal elements 

to metal oxide supports (MgO(100) and CeO2-x(111)) have been found to increase linearly with 
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the metal oxophilicity. Campbell and Sellers defined the metal element’s oxophilicity as the heat 

to convert one gaseous metal plus O2 to the most stable oxide of that metal (per mole of metal).20,37 

This is estimated from tabulated experimental heats as: (ΔHsub,M − ΔHf,MOx), where ΔHsub,M is the 

metal’s bulk sublimation enthalpy (per mole of metal) and ΔHf,MOx is the standard heat of 

formation of the most stable oxide of the metal (per mole of metal)) per unit area.17,18 We expect 

a similar trend of increasing adhesion energy of the transition metals on graphene/Ni(111) support 

versus metal carbophilicity. Since heats of formation of bulk carbides are known for very few 

elements, we define the carbophilicity of metal elements here as the negative binding energy of a 

C atom on the metal surface, through the chemical reaction C(g) + M(s) → C*-M(s), meaning 

negative of the ΔU for adsorbing a gaseous C atom per unit area. Since experimental values are 

not available, we estimate this ΔU, which we will call DUad, C, using DFT calculated results at zero 

Kelvin, as described below. 

To calculate this energy, we separate this chemical reaction into two reaction steps:  

(1) CO(g) + M(s) + H2(g) → C*-M + H2O(g), and 

(2) C(g) + H2O(g) → CO(g) + H2(g), which sum to give:  

-------------------------------------------- 

 NET:  C(g) + M(s) → C*-M(s).  

DFT calculations of the energies for the formation of C* at four-fold step sites on the 

M(211) surface, via the first chemical reaction above, have been reported for M = Ag, Cu, Pd, Pt, 

Rh, Au, Ni, Ir, Ru at zero Kelvin, all done with the same RPBE functional and DFT methods.110 

The reaction enthalpy of the second reaction above was calculated using the standard enthalpies 

of formation of each gas molecule at 298 K from NIST web chemical book111  (-241.83, 716.68, 

-110.53 and 0 kJ/mol for H2O(g), C(g), CO(g) and H2(g), respectively). From these, the 
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experimental enthalpy change for this second reaction is -585.38 kJ/mol at 298 K. We use this as 

an estimate of the internal energy change for this second reaction at 0 K. Summing these two 

energies from these two reactions gives ΔU for the net reaction to make a C adatom form a C gas 

atom at 0 K, which we define here as that metal’s carbophilicity. This carbophilicity in kJ/mol is 

then divided by Avogadro’s constant (NA) and the area per surface metal atom (estimated as 

ΩM2/3, where ΩM = volume per atom in bulk metal) to convert to J/m2, for correlating with Eadh, 

which is also in J/m2. 

Figure 3.5 shows the adhesion energy of Pd on graphene/Ni(111) from this work and those 

for Ni and Ag from our previous studies (3.6 and 1.8 J/m2, respectively)29,36 plotted versus this 

carbophilicity per unit area. As shown, the best linear fit of these adhesion energies to 

carbophilicity per unit area gives: Eadh = 0.130 ´ carbophilicity/area + 0.69 J/m2. This fitting line 

allows us to estimate the adhesion energies of other metals that lack measurements. As shown by 

the red data points in Figure 3.5, the estimated Eadh for Au, Cu, Pt, Ir, Rh and Ru are 1.97, 2.82, 

2.99, 3.28, 3.39, 3.68 J/m2, respectively. The reliability of this type of estimation method was 

proven in our reported Eadh versus oxophicility relation17,18,37,112,113 by accurately predicting the 

values for Ni before they had been measured.18 

It is interesting that the slope of this line (0.13) is very similar to the slopes of adhesion 

energy versus oxophilicity per unit area of 0.18 and 0.14 for these metals on MgO(100) and 

CeO2(111), respectively.18 It is clear from these slopes that only a small fraction (10-20%) of these 

intrinsic C-M or O-M bond energies can be used in making the adhesive bond energy at these solid 

metal / support interfaces. This is due to all the other bonds that the surface atoms simultaneously 

make to other atoms in their solid, and lattice mismatch at the interface, both of which limit their 

ability to optimize metal bonding to carbon atoms across the interface. 
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Just as the adhesion energy of Ag to graphene/Ni(111) here is much weaker than that of 

Pd and Ni, so too is its monomer adsorption energy on this surface. This is evidenced through the 

initial sticking probabilities at 300 K, which is only 75% for Ag,29 but nearly unity for Ni36 and 

Pd. The relationship between metal vapor sticking probability and heat of metal monomer 

adsorption has been discussed.29 

3.5  Conclusions 

Growth morphology and calorimetric adsorption energies of Pd vapor deposited onto 

graphene/Ni(111) were measured using the He+ LEIS and SCAC. The chemical potential of Pd 

nanoparticles as a function of Pd nanoparticle size were derived from the differential heats of 

adsorption and growth mode measurements. The adhesion energy of Pd nanoparticles to 

graphene/Ni(111) were extracted from the chemical potential vs diameter relation.  

Pd vapor deposition on graphene/Ni(111) at 100 K and 300 K have nearly unit (>0.997) sticking 

probabilities. At 100 K, Pd grows as hemispherical caps on graphene/Ni(111) with a particle 

density of 5.5 × 1016 particles/m2, and at 300 K as flat-topped islands with a constant aspect ratio 

of 0.22 and a particle density of 8.5 × 1015 particles/m2. The heat of adsorption of Pd 

nanoparticles at 100 K initiated at 228 kJ/mol, then increased as the particles grow upon 

continuous deposition until it saturates near the sublimation energy of bulk Pd metal above ~2.5 

ML. The heat of adsorption of Pd nanoparticles at 300 K started from 273 kJ/mol, then increased 

to near the sublimation energy of bulk Pd metal by ~2.0 ML.  

The Pd chemical potential as a function of average Pd particle diameter (from 0.6 to 2.7 

nm at 100 K and 1.0 to 6.2 nm at 300 K) was determined from the heats of adsorption. By fitting 

the measured chemical potential as a function of diameter using the hemispherical cap model for 

100 K growth and the cylindrical disk model for 300 K, we determined an adhesion energy of 
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3.5 J/m2 for Pd nanoparticles (in the large-size limit) on graphene/Ni(111). This adhesion energy 

is higher than that the Ag (1.8 J/m2) nanoparticles and slightly lower than the Ni (3.6 J/m2) 

nanoparticles on the same support from previous work. 

This result for Pd, in conjunction with the reported adhesion energies for Ag and Ni 

nanoparticles on graphene/Ni(111), show that these adhesion energies increase with metal 

carbophilicity.  The adhesion energy of other metals on graphene(0001)/Ni(111) are estimated 

here assuming that this increase is linear. These measured energies provide benchmarks for 

developing more accurate computational tools and to clarify structure−function relationships of 

these nanomaterials in heterogeneous catalysis. 
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3.6  Figures 

 
Figure 3.1. (a) Integrated Pd LEIS signal (normalized to the saturated Pd signal for a thick, 

continuous Pd multilayer), or f, as a function of Pd coverage on graphene/Ni(111) at 100 K (blue 
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points) and 300 K (red points). The blue solid line corresponds to the best fit of the low-coverage 

data at 100 K to a hemispherical cap model, whereby Pd particles grow as hemispherical caps 

with a constant number density, with best-fit value of 5.5´1016 particles/m2. The red solid line 

corresponds to the best fit of the low-coverage data at 300 K to a model which assumes the 

particles are cylindrical disks with constant aspect ratio (a = 0.22) and constant number density, 

with best-fit value of 8.5´1015 particles/m2. The dotted lines are only polynomial fits as a guide 

to the eye. (b) Average Pd particle thickness vs Pd coverage at 100 K (blue points) and 300 K 

(red points) calculated from the Pd LEIS data points of panel (a). The blue and red curves 

correspond to the best-fit models from part (a).  
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Figure 3.2. Differential heat of adsorption of Pd atoms deposited on single-layer graphene on 

Ni(111) at 100 K (blue points) and 300 K (red points) as a function of (a) Pd coverage and (b) 

the average Pd particle diameter from fit in Figure 1(c). The solid black line stands for the 

sublimation energy. Measurements in (a) taken till 5 ML whereas the heat of adsorption levels 

off before 4 ML. The inset shows the low-coverage regime (until 0.5 ML) on an expanded scale. 
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Figure 3.3. Chemical potential of Pd atoms on single-layer graphene on Ni(111) as a function of 

the average Pd particle diameter during deposition at 100 K (blue points) and 300 K (red points). 

The blue solid line shows the hemispherical cap approximation applied to the 100 K data with 

Eadh = 3.5 J/m2. The red solid line shows the best fits of 300 K data to the constant aspect ratio 

model with also Eadh = 3.5 J/m2. 
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Figure 3.4. (a) Measured integral heats of adsorption of Pd on graphene/Ni(111) (red filled 

circles) and reported values for Ni on graphene/Ni(111) from ref.36 as a function of deposited 

metal coverage. (b) The same heats plotted versus the average number of metal atoms per 

particle, with comparisons to the DFT calculated energies for metal clusters on free-standing 

graphene, from the literature: For Pd (in red), squares,104 stars106 and triangles;101 for Ni (in 

black), squares,108 stars106 and triangles.109 
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Figure 3.5. Calorimetric Eadh values for Ni, Pd and Ag on single-layer graphene on Ni(111) 

versus carbophilicity per unit area for each metal (M), estimated from DUad, C, the DFT-

calculated energy for C(g) adsorption on the four-fold step-edge site of the M(211) surface. The 

best linear fit of the three points of Ni, Pd and Ag gives Eadh = 0.130 ´ carbophilicity/area + 0.69 

J/m2. The values of Eadh predicted for other metals from this linear relation are shown as red 

points. 
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Chapter 4. Energetics of Cu Adsorption on and Adhesion to 

Rutile-TiO2(100) Studied by Cu Vapor Adsorption Calorimetry  

This chapter has been published as: 

N. Janulaitis, K. Zhao, & C.T. Campbell (2024). The Journal of Physical Chemistry C, 128(39), 

16481-16490. 

 

Chapter Abstract 

The heat of adsorption of Cu vapor versus coverage was measured on rutile-TiO2(100) at 

300 K and 100 K using single-crystal adsorption calorimetry. At these conditions, Cu 

nanoparticles nucleate and then grow larger. The average Cu particle size versus Cu coverage 

was measured using He+ low-energy ion scattering spectroscopy. These data were analyzed with 

the recently-introduced spherical cap model (SCM) to provide the heat of Cu adsorption and Cu 

chemical potential versus Cu particle size, as well as the contact angle (67°) and adhesion energy 

(2.50 J/m2) at the Cu particle / rutile-TiO2(100) interface. The hemispherical cap model (HCM) 

was used to model the data first, and then those HCM results were converted to the more 

accurate SCM results using a recently-published mathematical approximation whose high 

accuracy was validated here. The adhesion energy of Cu on rutile-TiO2(100) measured here is 

compared to prior values for Ag and Au on rutile-TiO2(100), showing a nearly proportional 

increase in adhesion energy with metal oxophilicity (per unit area).   
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4.1  Introduction 

Current environmental, chemical, and energy production technologies often depend on 

catalysts or electrocatalysts composed of late transition metal nanoparticles distributed on high 

surface area supports. New catalysts and electrocatalysts of this type are needed for our clean-

energy and sustainable-chemistry future.  Most such catalyst supports, to which the metal 

nanoparticles are anchored, are either oxide or carbon-based materials. Thus, there is a huge 

motivation to correlate and predict the catalytic performance of such metal nanoparticle catalysts 

based on the details of their structure such as particle size and shape and the nature of the support 

material’s surface, and understanding these relationships has been the subject of intensive 

research.114–118  

The chemical potential (energetic instability) of the metal atoms in nanoparticles on a 

given support correlates with their catalytic performance and sintering resistance.17–20,37 Metal 

atoms in larger particles have lower chemical potential (are more stable) because their metal 

atoms are stabilized by more metal-metal bonds, while those in smaller particles are less stable 

(higher in chemical potential), and thus generally more chemically reactive.17–20,37 The metal 

chemical potential also decreases with the strength of attraction between the metal nanoparticles 

and the support (or the adhesion energy at that interface), so the adhesion energy controls much 

of the behavior of the catalytic nanoparticles, including their shape and reactivity.17–20,37 

Sintering, whereby metal nanoparticles grow in size while decreasing in number to lower the 

system’s free energy (by decreasing metal chemical potential) is a common form of catalyst 

deactivation, and its rate correlates strongly with metal chemical potential. Specifically, 

activation energy for sintering decreases with increasing metal chemical potential (decreasing 

particle size) for a given metal/support system.17–21,37,119  
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Copper nanoparticles on TiO2 supports are promising as catalysts, electrocatalysts, and 

photocatalysts  for a range of reactions.58,120–125 Copper nanoparticle on other supports are also 

important in many other reactions.117,126–133 Because of the ease with which they can be imaged 

using scanning tunneling microscopy, rutile TiO2 surfaces are perhaps the most widely studied of 

all oxide catalyst support materials in terms of atomic-scale surface structure and the connections 

of that structural detail with surface chemical reactions and their mechanisms. This paper reports 

measurements of the chemical potential of copper atoms in copper nanoparticles supported on 

clean rutile-TiO2(100) surfaces versus Cu particle size. Single crystal adsorption calorimetry 

(SCAC) is used to measure the adsorption energy of Cu vapor versus Cu coverage, and He+ low 

energy ion scattering (LEIS) measurements are used to determine the average Cu particle size 

versus coverage. The chemical potential of Cu in the nanoparticles is determined from the Cu 

adsorption energy data. The adhesion energy per unit area at the Cu / rutile-TiO2(100) interface 

is determined by fitting the Cu chemical potential versus particle size to a theoretical model.18,63 

A stronger attraction between the support and a nanoparticle, i.e. a higher metal/support 

adhesion energy per area, means that nanoparticles of a given size are stabilized to a higher 

degree by their interaction with the surface, so that their metal atoms have lower chemical 

potential. The adhesion energy directly relates to the chemical potential of the metal atoms in 

supported nanoparticles of a given size;17–19,37,63 therefore, it affects not only the stability and 

sintering resistance of the nanoparticles but also their shape and reactivity. Tuning the adhesion 

energy of metal nanoparticles and their supports, by, for example, changing the support material, 

changes the chemical potential of metal atoms in the nanoparticles, and aids in designing 

catalysts with optimal activity and stability.18,134 
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Previous work on the interactions between metal nanoparticles and oxide and carbon 

supports demonstrated linear correlations between the adhesion energy of the metal on a given 

support and the oxophilicity 18,20,37 (in the case of oxide supports) or carbophilicity 135 (in the 

case of graphene) of the metal elements. Oxophilicity and carbophilicity indicate how strongly a 

metal atom binds to oxygen or carbon atoms, respectively.  These known proportional 

relationships for some supports allow prediction of adhesion energies, and thus the metal 

chemical potential versus particle size, of metals that have not been measured on those supports. 

Such proportionalities have been measured for CeO2(111),18,37,38 MgO(100), 18,37,38 and 

graphene/Ni(111).38,135 Titania is used in this study because it is an important catalyst support,136 

for which such an adhesion energy trend would be important.  The adhesion energy for Ag on the 

rutile-TiO2(100) surface already has been reported.35 The adhesion energy of Au on the rutile-

TiO2(110) surface has been studied using particle shape measurements.137,138 The adhesion 

energy of Cu on rutile-TiO2(100) is interesting because Cu is much higher in oxophilicity than 

these previously-studied metals, lying approximately in the center of the oxophilicity range of 

late transition metals. Thus, it is closer to most other catalytic metals, providing more accuracy 

when extrapolating any adhesion energy trend that might be discovered. 

 

4.2  Experimental Methods 

The rutile-TiO2(100) surface studied here was grown on a clean Mo(110) single crystal 

surface in an ultra-high vacuum (UHV) chamber with a background pressure of 1 × 10-10 torr. 

Growth of this oxide face on the Mo(110) substrate has been previously described in literature 

and has also been previously implemented by the Campbell group.35 The clean Mo(110) surface 

was heated to ~350ºC and simultaneously exposed to 2 × 10-7 torr of O2 and a flux of titanium 
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vapor. The Ti was evaporated from a titanium-wire-wrapped W filament that was resistively 

heated. The time of growth was adjusted so that the thickness of the resulting TiO2 film was 2 to 

4 nm. According to our prior studies of metal adsorption energetics on oxides,28 oxide films that 

are only 1 nm thick showed higher heats of metal adsorption than films that were 2, 3 and 4 nm 

thick, which all had the same heats and therefore are assumed to be bulk-like is material 

character.  The thickness of the TiO2 film was estimated using the attenuation of the Mo 3d5/2 

peak in x-ray photoelectron spectroscopy (XPS), compared to the peak on a clean Mo(110) 

surface. The shift and lineshape of the Ti 2p3/2 XPS peak were also measured to confirm that the 

Ti film was fully oxidized and had minimal oxygen vacancies.  XPS was also used routinely to 

verify surface cleanliness. The (100) structure of the TiO2 film was verified by low energy 

electron diffraction (LEED) as described in ref.35 

 The heat of Cu adsorption was measured by single crystal adsorption calorimetry 

(SCAC), which has been previously described in detail.64 Briefly, a polyvinylidene difluoride 

(PVDF) ribbon, which is pyroelectric, is pressed against the back of the Mo single-crystal sample 

to detect heat changes on the sample surface. A flux of metal atoms is generated using an 

electron beam evaporator. An off-axis quartz crystal microbalance (QCM) continuously monitors 

Cu flux near the evaporator during calorimetry measurements. An on-axis QCM is translated just 

in front of the single crystal sample before and after metal deposition (e.g., for Cu adsorption 

calorimetry or LEIS studies) to monitor the flux of Cu at the sample. The ratio of metal fluxes 

measured at the sample and near the evaporator (off-axis) are used to scale the off-axis QCM 

reading to determine the Cu flux on the sample during Cu deposition. The flux of Cu atoms is cut 

into pulses using a rotating chopper, and, as these pulses of metal atoms are deposited on the 

surface, the PVDF ribbon gives an electric response to the heat changes on the sample. The 
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electric response of the ribbon to heat changes is calibrated for every experiment by measuring 

the ribbon response when a HeNe laser of known power is pulsed onto the sample. The hot metal 

source generates optical radiation that also heats the sample slightly. This contribution to the heat 

at the sample is measured separately by positioning a translucent BaF2 window in front of the 

sample surface. After correcting for the small fraction of light that is absorbed by this window, 

this optical heat is subtracted from the total heat. A quadrupole mass spectrometer (QMS) 

measures the fraction of metal atoms that do not stick to the surface, and a sticking probability is 

calculated from this measurement, as referenced to a zero-sticking probability measurement 

taken by pulsing metal onto a hot tantalum flag. If the sticking probability is not unity, the 

modified King and Well’s method67 is used to correct for non-sticking metal atoms. The heats 

are also corrected for the small difference in internal energy (which is all translational energy 

here) between a flux of gaseous Cu atoms initiating from a high-temperature electron beam 

evaporator and a collection of the same gas atoms in an equilibrated volume at the support 

surface temperature.27,100 Due to errors (up to ∼3.5%) in calibrating the calorimeter’s absolute 

heat signal with laser pulses, this calibration factor is slightly adjusted to ensure that the heat of 

adsorption and corresponding Cu chemical potential agree with the theoretical model for 

chemical potential versus particle size at the largest particle sizes analyzed (see below).60 The 

final “heat of Cu adsorption” values reported here, including the above corrections, are the 

negative of the standard enthalpies of Cu adsorption at the surface temperature.   

 For growth morphology measurements, metal is deposited on the sample in small 

amounts (typically <1 ML) and the sample is analyzed with He+ LEIS after each deposition. The 

incident energy of the He+ ions is 1 keV and their scattering angle is 135º. Before and after each 

deposition of metal onto the sample surface, the Cu flux at the sample is measured using the on-
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axis QCM in the main chamber. The off-axis QCM continuously monitors and records the flux 

near the evaporator. After each deposition, a He+ LEIS spectrum is recorded for both the 

substrate and the deposited metal. The signals are normalized using the signals from the clean 

substrate and the substrate when it is covered in a multilayer (~40 ML) of the deposited metal. 

After small corrections for shadowing effects,60 the Cu LEIS signal at any coverage, normalized 

to that for a continuous Cu multilayer film, provides a measure of the fraction of the TiO2 surface 

covered by Cu nanoparticles. Dividing the area-averaged Cu thickness (which is one way to 

express the total Cu coverage) by this area fraction gives the average thickness of the Cu 

particles. Within the spherical cap model (SCM) for particle shape,60 for any given contact angle 

at the particle/support interface, this average particle thickness also corresponds to a specific 

particle size (footprint diameter). 

 

4.3  Results 

4.3.1. Cu Sticking Probability on Rutile-TiO2(100) 

The sticking probability of Cu vapor onto rutile-TiO2(100) was measured with the QMS 

signal and normalized to the zero-sticking QMS signal from a hot tantalum flag (see 

Experimental). The sticking probabilities of Cu on rutile-TiO2(100) at 300 K and 100 K are 

shown in Figure 4.1 as a function of Cu coverage. 

Reported Cu coverages are given here in monolayers (ML), where one ML is 7.36 × 1018 

atoms/m2, the areal number density of coordinatively-unsaturated O atoms on an ideal bulk-

terminated rutile-TiO2(100) surface (i.e., O2C atoms). Points from multiple experimental runs 

are included for each temperature. Because the sticking probabilities are used to determine 
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coverages and convert heat measurements to “per mole adsorbed” units, each set of data is fitted 

to a simple function to remove noise, 

S	 = 	1 − C	exp	(−X/X5) , (4.1) 

where S is the sticking probability, X is the coverage, and C and X0 are fitting parameters. These 

sticking probability functions are multiplied by the measured Cu flux to obtain the increase in Cu 

coverage with each gas pulse, and applied to the measured heats of adsorption at 300 K and 100 

K to convert them to a heat per mole of adsorbed Cu. The sticking probability at both 

temperatures is very close to unity. At 300 K, the sticking probability is nearly constant within 

the measured coverage range, with an average sticking probability of 99.8%. At 100 K, the initial 

sticking probability is approximately 98%, and increases to 99.8% by 4 ML. For later transition 

metals on oxides, the initial sticking probability has rarely, if ever, been reported to be lower at 

100 K than 300 K.139–141 The coverage of some weakly-adsorbed background-gas contaminants, 

such as CO or H2O, on the rutile-TiO2(100) surface is likely higher at the lower temperature. 

These contaminants, if at low level such as 2% of a ML at 100 K, could prevent about 2% of the 

incoming Cu atoms from sticking to the surface as observed, due to simple site blocking. At 300 

K, when these contaminants are expected to have a much lower coverage than at 100 K, far 

fewer sites are blocked, so Cu atoms have higher sticking probability, much closer to unity. This 

suggests that the sticking probability of Cu on a truly clean TiO2(100) surface is approximately 

unity at both temperatures.  The observed increase in S toward unity with increasing Cu coverage 

is expected, since S is known to be unity for Cu on multilayer Cu surfaces at 100 to 300 K.142,143 
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4.3.2  Cu Growth Morphology on Rutile-TiO2(100) 

He+ LEIS measurements were used to determine the growth morphology of Cu 

nanoparticles on rutile-TiO2(100), using methods that have been previously described in 

detail.60,61 Cu is deposited incrementally onto the sample surface, and, after each increment, the 

Cu LEIS signal is measured. The amount of Cu deposited in every increment is calculated from 

the sticking probabilities in Figure 4.1 times the Cu flux and dose time. The Cu LEIS signal is 

integrated and normalized to the integrated Cu signal of a thick Cu multilayer. The resulting 

value gives the fraction of the oxide surface covered and shadowed by Cu. Shadowing effects in 

LEIS are accounted for using a growth model that assumes particle shape (hemispherical cap or 

spherical cap).60,61 

 The normalized Cu He+ LEIS signal intensities as a function of Cu coverage at 300 K and 

100 K are shown in Figure 4.2. Datasets at each temperature are a compilation of measurements 

from multiple experimental runs. The best fits of the data to the hemispherical cap model 

(HCM), which assumes the Cu nanoparticles grow as hemispherical caps of the same size at any 

given coverage and with a constant number density independent of coverage,61 are also shown.  

The data points at Cu coverages where > 30% of the surface is covered (normalized Cu signal 

intensity > 0.30) are excluded from each of the fits because the nanoparticles (or their shadows) 

may begin to overlap, which is not accounted for in mathematical growth mode models used 

here.60,61 

The number density of particles is determined from the best fit of the data to the model. 

The HCM fits both the 300 K and 100 K data well and gives a number density of 1.5 × 1017 

particles/m2 at 300 K and 2.4 × 1017 particles/m2 at 100 K. The HCM gives a good first estimate 
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of the growth morphology of the Cu nanoparticles, but a more descriptive model with fewer 

assumptions, called the spherical cap model (SCM),60 has recently been developed. The SCM 

assumes that the particles grow as spherical caps (of the same size at any given coverage and 

with a fixed number density and contact angle, independent of coverage). The contact angle 

between the nanoparticles and the substrate is initially assumed to be 90°. The SCM with this 

assumed contact angle of 90° is equivalent to the HCM. Details of fitting such LEIS data to the 

SCM were presented by Zhao et al.60 The best fit of the SCM for any assumed contact angle 

gives exactly the same line as the HCM best-fit line shown in Figure 2, but requires a different 

number density of particles to get the best fit.  The best fit of the SCM with an assumed contact 

angle of 67° to the LEIS data is exactly the same line as the HCM best-fit line shown in Figure 

4.2 for either temperature, except with nanoparticle number densities of 7.4 × 1016 particles/m2 

at 300 K and 1.2 × 1017 particles/m2 at 100 K. (These were calculated from the HCM values 

using Equation 4.7 below.) As described below, this contact angle of 67° is preferred over the 

HCM because it gives an adhesion energy from the fit to calorimetric metal chemical potential 

versus size that agrees with the Young-Dupré equation, following a procedure described 

previously.63  

The number density is higher at 100 K because the Cu adatoms have a smaller diffusion 

constant on rutile-TiO2(100) at 100 K than at 300 K, due to the activation energy for diffusion. 

The lower diffusion constant, means that, at the same coverage, the Cu atoms form more and 

smaller islands at 100 K than at 300 K.96 The best-fit number density at 100 K is ~1.6-fold higher 

than at 300 K. Using Venables homogeneous nucleation model96 relating the particle number 

density to the metal monomer diffusion constant (to the -1/3 power), these number densities 

indicate that the diffusion constant for Cu adatoms across the surface is ~4 times larger at 300 K 
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than at 100 K (kdiff(300 K) / kdiff(100 K) = 1.63 ). From this ratio, the activation energy for Cu 

adatom diffusion across rutile-TiO2(100) can then be estimated to be ~1.8 kJ/mol. (Ediff = R × 

ln(4)/[(1/100 K) − (1/300 K)] = 1.8 kJ/ mol.) 

 

4.3.3  Heat of Adsorption of Cu on Rutile-TiO2(100) 

The differential heats of Cu vapor adsorption on rutile-TiO2(100) were measured with 

SCAC, as shown in Figures 4.3 and 4.4. These have been corrected for optical radiation, 

temperature, and translational energy effects, as described in the Experimental section, so that 

these reported heat values equal the negative standard enthalpies of adsorption of Cu gas atoms 

on the rutile-TiO2 surface at the sample temperature. We found that the heat of Cu adsorption 

versus Cu coverage was always very high in the first 2% of a ML, quickly decreased to a 

minimum at 10-15% of a ML, and then rose with coverage, eventually approaching an 

asymptotic value near the bulk heat of Cu sublimation (∆Hsub, Cu = 337 kJ/mol).144 This behavior 

is often reported for late transition metal adsorption on single-crystal oxide surfaces, and has 

been interpreted to indicate that the surface has a few percent of stronger-binding defects 

(probably mainly step edges), which get saturated after a few % of a ML, and thereafter the heats 

are dominated by metal binding to metal particles, whose growing interface with the oxide is 

mainly at normal terrace sites.35,98,112  This high initial heat varies by up to 60 kJ/mol from run to 

run, which we attribute to run-to-run variations in the areal density of defects. Figure 4.3 shows 

the heat of adsorption at 300 K as a function of Cu coverage, averaged over several runs when 

the rutile-TiO2(100) surface appeared to have many defects (based on their higher initial heats) 

and averaged over runs when the number of surface defects appeared to be far fewer (lower 

initial heats). 
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The average initial heat of Cu adsorption is about 40 kJ/mol higher for the rutile-

TiO2(100) surfaces with many defects than for the surfaces with minimal defects at the same 

temperature. Once the defects have been saturated, the adsorption energies for both surfaces 

nearly equal each other (above about 0.5 ML). The initial higher heat due to defects is seen even 

for the surfaces with minimal defects, so they are not defect-free. If the surface were ideal, the 

initial heat of adsorption would be expected to be the lowest, and progressively increase with 

coverage due to increasing particle size (see below). When there are fewer defects, the heats are 

initially lower, and the minimum heat is located at a lower coverage, so the heat of adsorption 

curve is more indicative of that on an ideal rutile-TiO2(100) surface. For the remainder of this 

work, we only present and analyze data from experiments on rutile-TiO2(100) surfaces of the 

type shown here with “low defect density”.  

 The subsequent increase in Cu heat with coverage in Figure 4.3 is always seen for late 

transition metal adsorption on single-crystal oxide surfaces (of the oxide types used for catalyst 

particle support materials), even when such defect sites are not evident.  This increase is well 

known to be associated with the fact that the metal nanoparticle size increases with coverage, so 

that the average number of metal-metal bonds formed when one new metal atom adsorbs 

increases with particle size.19,145 

 The differential heats of Cu adsorption at 300 K and 100 K as a function of Cu coverage, 

averaged over several runs, are shown in Figure 4.4. The heats are scaled (relative to absolute 

heat calibration) so that the multilayer heat of adsorption approaches the heat of sublimation of 

Cu. 

The initial heat of adsorption of Cu at 100 K is larger than at 300 K. As described above, 

defects on the surface can cause the initial heats to be larger than would be observed on an ideal 
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surface, but, because the surfaces used for the 100 K experiments were prepared in the same way 

as at 300 K, we do not expect them to have a significant difference in defect density. 

Furthermore, at 100 K, the Cu atoms are less likely to reach defect sites because they are less 

mobile, as described above, so, although defects may play a role, the initial heats are likely 

higher at 100 K for a different reason. At 100 K, the surface is likely to have more adsorbed 

impurities from background gases in the UHV chamber. The observed sticking probability data 

(above) indeed suggests that adsorbed impurities are present on the oxide surface at 100 K at the 

~2% of a ML level, but are not significant at 300 K. These impurities (such as CO and H2O) 

probably adsorb more strongly to the Cu adatoms and clusters, so they likely move to the Cu 

sites upon Cu adsorption, which would release the additional heat seen in the 100 K data versus 

300 K. At 100 K, this impurity effect is possibly the most significant contributor to the initially 

elevated heats of adsorption; whereas, at 300 K, surface defect sites are the main effect (since 

neither CO nor H2O should have significant coverages on TiO2 surfaces at 300 K.) 

 The defect sites and/or impurities have been saturated with Cu for both temperatures by 

~0.4 ML, at which point the heats of adsorption at 100 K are lower than at 300 K, and this holds 

true until about 2 ML is reached. Recalling that the number density of Cu nanoparticles at 100 K 

is about 1.6 times larger than at 300 K (see above), the particles at any given Cu coverage are 

about 1.6 times smaller in volume at 100 K, so the Cu atoms have, on average, a lower 

coordination number, resulting in a lower heat of adsorption. As more Cu atoms are deposited, 

the average coordination number of the Cu atoms increases, because the incoming Cu atoms 

form more metal-metal bonds. As Cu coverage increases, the number of new Cu-Cu bonds 

formed upon Cu adsorption approaches six (1/2 the bulk coordination number of 12), and the 

heat of adsorption approaches ∆Hsub, Cu. This is why the heats of adsorption increase as a function 
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of Cu coverage (once defects and impurities are no longer a contributing factor) at both 300 K 

and 100 K, but do so more slowly at 100 K. In the range of 0.5 to 1 ML, the same heat is 

obtained at 100 K as at 300 K only when the Cu coverage is about 60% higher at 100 K.  Since 

the number density of particles is about 60% higher at 100 K than 300 K (see above), this means 

that the heats at 100 K and 300 K are nearly the same at the same particle volume in this 

coverage range. 

 Based on a thermodynamic analysis that reproduces well the trends for metal adsorption 

on oxide surfaces,95 the adsorption of Cu is not likely to be accompanied by any significant 

extent of reduction of the TiO2 to make any Cu oxide: The heat of formation of bulk Cu oxide is 

much smaller that the heat of reduction of 2 TiO2 to Ti2O3 (368 kJ/mol O).95 

 

4.3.4  Chemical Potential and Adhesion Energy of Cu on Rutile-TiO2(100) 

The chemical potential of Cu on rutile-TiO2(100) at any Cu coverage (particle size) 

relative to the zero reference for chemical potential (bulk solid Cu of infinite size) is estimated to 

equal the difference between the heat of Cu adsorption and ∆Hsub, Cu, as we have done 

previously.17,20,37 This neglects molar entropy changes with Cu coverage (particle size), which 

are assumed to be negligible relative to the large enthalpic changes versus coverage (size) 

reported here. The average size of the Cu nanoparticles at any Cu coverage is calculated from the 

coverage (Cu atoms per unit area) divided by the number density of Cu particles (particles per 

unit area). To convert the number of Cu atoms per particle to volume per particle, we assume the 

particles have the same mass density as bulk Cu(solid). The number density of Cu particles is 

determined from the best fit of the LEIS data to the SCM (Figure 4.2). Initially, we will assume 

the HCM for this fitting, but modify it later to give the best fit to the SCM model. (As described 
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previously,63 this is the simplest way to solve the mathematics of the SCM fitting.) These 

models’ assumptions only hold below a coverage where nanoparticles (or their LEIS “shadows”) 

start to overlap, as described above. The resulting chemical potential of Cu plotted as a function 

of Cu particle effective diameter (D, for the HCM), within this coverage range, is shown in 

Figure 4.5 for both 100 K and 300 K, as obtained from the data in Figures 4.3 and 4.4. 

The chemical potential of the metal atoms, µ9:;, in hemispherical cap nanoparticles 

attached to a flat surface has been shown to be well-modeled as a function of particle diameter, 

D, by:17,18 

µ9:;(D) = (3γ; − E<=>) G1 +
D5
D I G

2V?
D I	, (4.2) 

where γ; is the surface energy of the bulk metal (1.8 J/m2  for Cu),20,146 V; is the molar volume 

of the bulk metal (7.12 cm3/mol for Cu), 𝐸<=> is the adhesion energy per unit area between the 

metal particle and the surface (in the large-size limit), and (1 + D5/D) with D5 = 1.5	nm is an 

empirical factor that accounts for the fact that γ@ and 𝐸<=> of metal particles both increase with 

decreasing D below 10 nm, but are treated in this equation as constant values (at their large-size 

limits).17  

The best fit of the data to Equation 4.2 is shown as the solid line in Figure 4.5. The data 

points for particles with D < ~0.9 nm are neglected from the best fit due to the effects of defects 

and/or impurities, so that the resulting 𝐸<=> value should reflect the value for clean rutile-

TiO2(100) terraces. The 100 K data are also excluded from the fitting because the particle size 

range is narrow, but Figure 4.5 shows that the 100 K data agrees excellently with the model for 

the chemical potential that is fit based on the 300 K data alone. 

The values reported above are based upon the HCM, but these values may be corrected to 

the more accurate SCM by using the results of the HCM, as described elsewhere.60,63 This purely 
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mathematical shortcut alleviates the need for some complex data analyses that involve:60 first 

finding the best fit to the LEIS data assuming a wide range of contact angles at every 1̊,  and then 

fitting the calorimetric heats to the SCM chemical potential model for each assumed contact 

angle, to finally finding the one assumed contact angle that gives an adhesion energy consistent 

with the Young-Dupré equation below (Eq. 4.5). 

Within the SCM, the chemical potential, µA:;, as a function of the spherical cap footprint 

radius, r, is given by:63 

µA:;(r) = f[2α(θB) + 1]	γ; − E<=>,A:;i
2

α(θB)	β(θB)
J1 +

D5sin(θB)
2r K G

V;
r I, 

(4.3) 

where α(θB) and β(θB) are simply-defined functions of the contact angle, θB, at the nanoparticle 

/ support interface: α(θB) = 	1/[1 + cos(θB)]	and β(θB) = [(2 + cos(θB)(1 − cos(θB)]/

[sin(θB)].60 The adhesion energy when particles are modeled as spherical caps, Eadh,SCM, can be 

estimated from the HCM model’s best-fit adhesion energy, Eadh,HCM (in this case, 3.57 J/m2 for 

Cu / rutile-TiO2(100) from Figure 4.5) as:38 

E<=>,A:; =	E<=>,9:; o1 − 0.300pE<=>,9:; γ;⁄ − 1r5.EF+s. (4.4) 

The resulting adhesion energy of Cu / rutile-TiO2(100) using the SCM is 2.50 J/m2. This 

E<=>,A:;	can then be used to calculate the contact angle of the nanoparticles with the Young-

Dupré equation:62 

E<=>,A:; = γ;(1 + cos(θB)). (4.5) 

The resulting contact angle of spherical Cu caps on rutile-TiO2(100) is 67°. E<=>,A:; and 

θB	may then be used in Equation 3 to model the chemical potential in the context of the spherical 

cap model. This best fit of the SCM to the Cu chemical potential as a function of spherical-cap 

footprint diameter is shown as the solid curve in Figure 4.6. (The scaling factor applied to the 
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calorimetric heat calibration in Figure 4.6 is 1% larger than the factor used to scale the heat data 

for the HCM fit in Figure 4.5, as required to provide the best agreement in the large-size limit to 

each model’s predictions of chemical potentials, since these have slightly different large-size 

functional forms.) The particle size on the x-axis of Figure 4.6 is the footprint diameter of the 

spherical cap nanoparticle at the support interface (2r), not the diameter of the sphere upon which 

its radius of curvature is defined (2R).  

The particle size at any given coverage in the SCM differs from that of the HCM. The 

difference in particle size also changes the (constant) particle density. The relationships between 

HCM particle size and SCM particle size, and HCM particle density and SCM particle density, 

were derived previously, and are given by:60,63   

r(θB)
r(90°) = 	

Χ;∩ (θB, 	θ=)
Χ;∩ (90°, 	θ=)

α(90°)β(90°)
α(θB)β(θB)

 
(4.6) 
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+
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s
(
. 

(4.7) 

Here, Χ;∩  is a well-defined function of θB and	θ=, given in ref. 60, where θ= is the angle from 

support surface’s normal to the ion detector. The SCM fit determined using the method above 

provides an excellent fit to the calorimetric chemical potential data. This confirms that the best 

fit to the HCM, which has been fit to only one parameter (adhesion energy), can be used to 

calculate the two best-fit SCM parameters (adhesion energy and contact angle), without the need 

to do the mathematically-complex full fit to the SCM. This was claimed previously,38 and this 

result confirms the validity of that claim. 
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4.4. Discussion 

A previous MEIS study147 of Cu on rutile-TiO2(110) found that, below coverages of 

about 0.5 ML, Cu islands grow as hemispherical caps, and then proceed to grow as spherical 

caps. If the (100) surface behaves similarly to the (110) surface, then these results are generally 

consistent with the observations reported here. STM studies of Cu on rutile-TiO2(110) report that 

metal atoms favor step edges,148,149 and this is likely also true for the (100) face. At 300 K, Cu 

adatoms diffuse faster and can reach the preferred step-edge sites. At 100 K, Cu nanoparticles 

are more likely to form on terrace sites, as well as step-edge sites, because the metal atoms have 

less mobility to reach step-edge sites. The larger number density of the Cu nanoparticles is 

consistent with more nanoparticles forming on terrace sites at 100 K, because incident Cu atoms 

are more likely to nucleate new particles before reaching an existing cluster or a step edge.  

The growth morphology of vapor-deposited Ag on the rutile-TiO2(100) surface has been 

previously studied.35 Using the HCM, the study found that the Ag nanoparticle number density 

on rutile-TiO2(100) is 8.0 × 1016 particles/m2 at 300 K and 2.5 × 1017 particles/m2 at 100 K.35 

The Ag nanoparticle densities found by the HCM approximation but later corrected by the SCM, 

using Equation 4.7 above, are 4.3 × 1016 particles/m2 at 300 K and 1.4 × 1017 particles/m2 at 100 

K.63 Using the method noted above, this allows us to estimate the diffusion activation energy for 

Ag adatoms on rutile-TiO2(100) to be 4.4 kJ/mol.  This is larger than the 1.8 kJ/mol value 

estimated above for Cu on this same surface. Because the heats of adsorption for Cu are larger 

than for Ag, the expected trend is that the diffusion barrier will be higher for Cu than Ag 

adatoms.96,150,151 On the other hand, the density of Cu nanoparticles is about 2 times larger than 

that of Ag nanoparticles on rutile-TiO2(100) at 300 K, consistent with the higher heats of 

adsorption for Cu than Ag and the corresponding expectation that the diffusion barrier will be 
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higher for Cu than Ag adatoms. The diffusion barrier estimated from nanoparticle densities for 

Cu here may be biased by the obvious involvement of defects and impurities in the heats at 100 

K in the low-coverage range of Figure 4.4, when nucleation is occurring. 

This higher nanoparticle density for Cu than Ag on rutile-TiO2(100)  is also consistent 

with the nanoparticle densities reported for Cu / CeO2(111) 34 and Ag / CeO2(111),28 where the 

Cu particle density is also about 2 times higher than that of Ag at 300 K (7.8 × 1016 particles/m2 

for Cu / CeO2(111);  4 × 1016 particles/m2 for Ag on CeO2(111)), and where the heats of 

adsorption for Cu are also higher than for Ag. These nanoparticle densities for Cu and Ag on 

CeO2(111) are even similar in magnitude to the corresponding values on rutile-TiO2(100), which 

suggests that the two oxide surfaces have similar interaction strengths with Cu and Ag. To our 

knowledge, nanoparticle densities for Cu an Ag on CeO2(111) at 100 K have not yet been 

reported, so we cannot make the same comparison at a low temperature.  

The adhesion energy of the nanoparticles on the flat support surface is determined from 

the He+ LEIS growth morphology results (Figure 4.2) and the chemical potential of the 

nanoparticles versus size (Figures 4.5 and 4.6), which is obtained from the heats of adsorption 

(Figure 4.4). The chemical potential versus size (below the large-particle size limit where 

overlapping LEIS shadows do not occur) is used to determine the adhesion energy. The adhesion 

energy of Cu to rutile-TiO2(100), extracted from the best fit of the HCM model (Equation 4.2) to 

the chemical potential, is 3.57 J/m2. Applying the more accurate SCM to this Cu / rutile-

TiO2(100) result lowers the adhesion energy to 2.50 J/m2, which is our best estimate of the true 

value. Note that in this SCM model, this adhesion energy corresponds, by definition, to the large 

Cu particle size limit for the Cu / rutile-TiO2(100) interface. (The empirical correction factors 

involving D5 in Equations (2) and (3) accounts for the increase in both adhesion energy and 
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metal surface energy with decreasing particle size.) This is a relatively large adhesion energy, 

reflecting that Cu nanoparticles on this support are relatively stable (low chemical potential for a 

given size). This also means that they should also be relatively resistant to sintering.19,119 

The adhesion energy of Ag to the rutile-TiO2(100) surface, measured with the same 

methods used here and fitted using the HCM, was reported to be 2.44 J/m2.35 This HCM 

adhesion energy for Ag / rutile-TiO2(100) was later corrected using the more accurate SCM 

model following the above procedure to give 1.64 J/m2.63  

Adhesion energy trends on other oxide surfaces have shown that the adhesion energy for 

metals on a given oxide surface are nearly proportional to the oxophilicity per unit area of the 

metal.18,37,38 Oxophilicity, a measure of how strongly one metal atom binds O atoms, is defined 

as the difference between the sublimation enthalpy of the metal and the formation enthalpy of the 

most stable metal oxide of the metal per mole of metal atoms. Oxophilicity per unit area (or 

“Oxo” for short) refers to this oxophilicity (in kJ/mol) divided by the area per mole of metal 

atoms (estimated as the atomic volume in the bulk metal to the 2/3 power times Avogadro’s 

number). This area per mole varies little from one late transition metal element to another, so that 

Oxo variations are dominated by oxophilicity differences. The proportionality of Eadh with Oxo 

(~oxophilicity) indicates that the adhesion interaction between a metal particle and an oxide is 

mainly governed by bonds between the metal atoms and the surface oxygen atoms.  

The oxophilicities per unit area of Cu and Ag are 15.9 J/m2 and 7.5 J/m2, respectively.18,38 

Both the oxophilicity and adhesion energy of Cu are larger than those of Ag, which agrees with 

the general trend of metals with larger oxophilicities also having larger adhesion energies to the 

same oxide surface. The growth morphology results above suggest that rutile-TiO2(100) and 

CeO2(111) have similar interaction strengths, and the adhesion energy of Cu to CeO2(111) is 
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2.60 J/m2 (from the SCM),63 which is very similar to the value of 2.50 J/m2 reported here for Cu / 

rutile-TiO2(100), supports this observation. This result is also consistent with what is expected 

from the growth morphology results, which are similar for Cu / CeO2(111) and Cu / rutile-

TiO2(100). This similarity also agrees well with the observation that the adhesion energy of Ag / 

CeO2(111) is 1.70 J/m2,63 which nearly matches the adhesion of Ag to rutile-TiO2(100).   

 DFT studies152,153 have found that both Cu and Ag tend to have strong interactions with 

the rutile-TiO2(110) surface, with Cu being the stronger of the two. Based on the results reported 

here, the (100) surface also has strong interactions with Cu, much stronger than the interactions 

between Ag and this surface. These same theoretical studies, as well as experimental 

studies,137,138 found that the interaction strength between Au and rutile-TiO2(110) is much 

weaker than for Ag or Cu. Because Au has a slightly higher oxophilicity than Ag, and because 

the adhesion energy of Au to CeO2(111) is also slightly higher than Ag to CeO2(111), we would 

expect the adhesion energy of Au / rutile-TiO2(100) to be similar in magnitude to that of Ag / 

rutile-TiO2(100). Further studies are needed to clarify whether differences between the (100) and 

(110) faces might cause this deviation from demonstrated trends. In general, the results reported 

here suggest that adhesion energies to rutile-TiO2(100) generally follow the trend reported for 

metals on CeO2(111).38 

 
4.5  Conclusion 

The adsorption of Cu vapor on rutile-TiO2(100) was found to nucleate and grow 3D Cu 

nanoparticle with saturation densities of 7.4 × 1016 and 1.2 × 1017 particles/m2 at 300 K and 100 

K, respectively. The heats of adsorption of Cu vapor on rutile-TiO2(100) were measured using 

SCAC. Defects and potential contaminants (at 100 K) on the grown rutile-TiO2(100) surface 
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cause the initial heats of adsorption to be elevated compared to the values on a clean, ideal rutile-

TiO2(100) surface. Once defect and contaminant effects no longer dominate, the heats of 

adsorption at the same coverage were higher at 300 K than at 100 K, because at 300 K the metal 

grows fewer but larger nanoparticles. This is attributed to the monomers’ higher diffusion 

constant than at 100 K. The differential heats of Cu adsorption were used to determine the Cu 

atom chemical potential versus coverage. After the initial effects of defects and contaminants at 

very low Cu coverage, the chemical potential was the same for Cu particles of the same size at 

100 K and 300 K. These Cu nanoparticle densities and sizes versus coverage, and the adhesion 

energy at the Cu / TiO2(100) interface, were determined by simultaneously modeling the Cu He+ 

LEIS signal and chemical potential versus coverage using the recently-developed spherical cap 

model (SCM, which has the same assumptions as the often-used hemispherical cap model 

(HCM) except allowing other contact angles besides 90°), and assuming that the particles have 

their equilibrium contact angle (so that the Young-Dupré equation relates contact angle to 

adhesion energy). The adhesion energy at the Cu / rutile-TiO2(100) interface was found to be 

2.50 J/m2, with a contact angle of 67°. A previously-proposed mathematical shortcut was used to 

do this simultaneous fitting, whereby the data are first analyzed within the HCM approximation 

to determine the adhesion energy within the HCM, and this is corrected to the more accurate 

SCM value using Equation (4).38 This avoids the more complex and time-intensive mathematical 

analyses otherwise required to model the data using the SCM. The presented results confirm the 

accuracy of the approximation inherent to Equation (4). The adhesion energy of Cu / rutile-

TiO2(100) is larger than reported for Ag / rutile-TiO2(100) (1.70 J/m2), showing that the adhesion 

energy increases nearly proportional to the metal’s oxophilicity per unit area, consistent with the 

trends observed for CeO2(111) and MgO(100). 



 72 

4.6  Figures 
 

 
Figure 4.1. Sticking probability of Cu on rutile-TiO2(100) at 300 K (red) and 100 K (blue). The 

data for each temperature includes multiple experimental runs. The lines are the best fits for each 

temperature to the simple function 𝑆	 = 	1 − 𝐶	𝑒𝑥𝑝	(−𝑋/𝑋5), (300 K: C = 0.0042, X0 = 4.8; 100 

K: C = 0.019, X0 = 1.6)  
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Figure 4.2. Integrated Cu LEIS signals as a function of Cu coverage at 300 K (red) and 100 K 

(blue). Signals are normalized to the integrated signal of a thick, continuous Cu multilayer. The 

lines show the best fit of the data to the HCM, with best-fit values of 1.5 × 1017 and 2.4 × 1017 

particles/m2 at 300 K and 100 K, respectively. The transitions to the dashed lines indicate the Cu 

coverages where the data were no longer used in calculating the best fits, due to possible 

overlapping-shadow effects.  These fit lines are identical to the fit lines to a spherical cap model 

(SCM) described in the text with a contact angle of 67° and particle densities of 7.4 × 1016 and 

1.2 × 1017 particles/m2 at 300 K and 100 K, respectively. This SCM model is preferred because 

it fits better to the measured heat data (see below). 
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Figure 4.3. Differential heat of Cu adsorption on rutile-TiO2(100) at 300 K for surfaces that are 

low in defect density (red) and high in defect density (black). 
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Figure 4.4. Differential heat of Cu adsorption on rutile-TiO2(100) with low defect density at 300 

K (red) and 100 K (blue) as a function of Cu coverage.  
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Figure 4.5. Chemical potential of Cu atoms in Cu nanoparticles on rutile-TiO2(100) (low defect 

density) at 300 K (red) and 100 K (blue) as a function of effective nanoparticle diameter, 

assuming the HCM. The black curve shows the best fit to the Eadh equation (Eadh = 3.57 J/m2) 

with D0 = 1.5 nm.    
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Figure 4.6. Chemical potential of Cu atoms in nanoparticles on rutile-TiO2(100) (low defect 

density) at 300 K (red) and 100 K (blue) as a function of nanoparticle footprint diameter, using 

the SCM. The black curve shows the SCM, Eq. 3, with Eadh,SCM = 2.50 J/m2,  𝜃6 = 67°, and D0 = 

1.5 nm. 
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Chapter 5. Predicting adhesion energies of late transition metal 

nanoparticles to oxide support surfaces using oxide reducibility 

and metal oxophilicity: toward predicting catalyst performance 

 

This chapter has been submitted as: 

N. Janulaitis, & C.T. Campbell (2024). ACS Catalysis. Under Review.  

 

Chapter Abstract 

Adhesion energies between metal nanoparticles and catalyst supports are important for 

understanding the reactivity and stability of supported nanoparticle catalysts, since they 

determine the metal chemical potential versus particle size, and this chemical potential dictates 

both surface reactivity and the rate of deactivation by sintering. A general correlation is 

presented here for predicting adhesion energies of late transition metals to clean oxide surfaces 

based on the metal atom’s oxophilicity and size and the oxide surface’s reducibility (as estimated 

by its oxygen vacancy formation energy). Previous work had shown that the adhesion energies of 

metals to MgO(100) and to CeO2(111) correlate proportionally with the oxophilicity per unit 

area of the metal, and we show here that this also holds for rutile-TiO2(100). A linear 

relationship is then discovered between the proportionality constants measured for these three 

oxide surfaces and their surface oxygen vacancy formation energies. Adhesion energies of 

metals to these and several other oxide surfaces are scaled using this correlation between the 

proportionality constant and the oxygen vacancy formation energy of the oxide, giving a single 
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trend line for the predicting adhesion energies of many late transition metals to many oxide 

surfaces with a standard deviation of 0.52 J/m2 over their 4 J/m2 range.  We also show that the 

surface oxygen vacancy formation energy can be estimated based on the heat of reduction of the 

bulk oxide to its next lower oxidation state, at least for the very stable oxide facets studied here. 
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5.1  Introduction 

Efficient catalyst development relies upon a fundamental understanding of how the 

behavior of catalytic materials (activity, selectivity and long-term stability) depends upon their 

structural details at the nanometer and atomic scale. Because the stability and chemical reactivity 

of the active sites are expected to correlate with their energetics, it is important to know how 

energetics depend upon structural details of the material. Heterogeneous catalysts composed of 

metal nanoparticles supported on high-surface-area materials such as oxides or graphite are 

widely used and studied for applications in chemical production, environmental technology, and 

energy, including clean energy, systems. These types of catalysts and electrocatalysts are 

complex in structure and function, and predicting their behavior is challenging. The complexity 

of supported metal nanoparticle catalysts limits computational understanding and prediction 

because electronic structure theory calculations are often either too limited in accuracy or too 

expensive. Understanding the energetics of these types of catalysts is critical for understanding 

and predicting their behavior, as well as providing benchmarks for electronic structure theory, so 

that faster and more accurate ways of screening catalyst materials may be developed. 

Discovering the relationships and trends between catalysts’ structure and behavior is required to 

improve the efficiency of developing these catalysts as well as improve the efficiency of the 

catalysts themselves. Herein, we report an important step toward predictive design of supported 

metal nanoparticle catalysts and electrocatalysts, allowing the metal chemical potential to be 

predicted as a function of particle size for a wide variety of oxide support materials. 

One of the most useful descriptors of nanoparticle catalyst activity is the chemical 

potential of the metal atoms in the catalyst material, which is a measure of the metal 

nanoparticle’s thermodynamic reactivity, which in turn directly relates to the surface reactivity, 
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stability and sintering resistance of the nanoparticles.19 Nanoparticles with lower chemical 

potential are less reactive and more stable, and, therefore, less prone to deactivation via sintering. 

Sintering, whereby nanoparticles grow in size and shrink in number, is a major problem for 

many industrial catalytic processes9,21 because, when catalysts sinter, both the metal surface area 

decreases and the chemical potential of the nanoparticles is reduced, so they become less reactive 

per unit area.17 Effective catalysts should have a metal chemical potential that is high enough so 

that they exhibit a high activity for the reaction of interest, but not so high that the catalyst 

quickly deactivates due to sintering.  

The chemical potential of metal atoms in nanoparticles on catalyst supports is a function 

of particle size (diameter, D), molar volume (Vm) and surface energy (γ@) of the metal, and 

adhesion energy per unit area between the metal and support (Eadh). Assuming the particles have 

the shape of hemispherical caps of equal sizes, the chemical potential has been previously 

derived as:61 

µ)*+(D) = (3γ, − E-./) *1 +
D0
D -*

2V,
D -	, (5.1) 

where (1 + D5/D) with D5 = 1.5	nm is an empirical factor that accounts for increases in surface 

energy and adhesion energy with decreasing D, with γ@ and 𝐸<=> defined here as their values in 

the large-particle size limit. The chemical potential using the hemispherical cap model (HCM) is 

shown in Eq. 1 for simplicity; however, it is generally much more accurate to consider the 

particles as having the shape of spherical caps with some contact angle, qc, at the metal / support 

interface that is not limited to 90°.60 A spherical cap is the equilibrium shape that would be 

assumed by particles if the surface energy of the metal were independent of facet. (Facet 

dependence can be considered in defining facetted particle shape via the Wulff-Winterbottom 
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construction,154 but the metal chemical potential has not been modelled within that theory yet.) 

At equilibrium, qc and E<=> are related by the Young-Dupré equation:62  

E-./ = γ+(1 + cos(θ1)). (5.2) 

Within this spherical cap model (SCM), the chemical potential, µA:;, as a function of the 

spherical cap footprint radius, r, is given by:60  

µ2*+(r) = {[2α(θ1) + 1]	γ+ − E-./}
2

α(θ1)	β(θ1)
=1 +

D0sin(θ1)
2r @ *

V,
r -, 

(5.3) 

where α(θB) and β(θB) are simply-defined functions of the contact angle, θ6, at the nanoparticle 

/ support interface: α(θB) = 	1/[1 + cos(θB)]	and β(θB) = [(2 + cos(θB)(1 − cos(θB)]/

[sin(θB)].60 

Because γ@ and Vm are constant for any given metal element, the adhesion energy is the 

only way that the chemical potential of that metal may be tuned when it is in the form of 

nanoparticles of a given size, within this model. Equation 3, when combined with Equation 2, 

shows that adhesion energy and chemical potential are directly related to one another, meaning 

that adhesion energy is an excellent descriptor and predictor of metal chemical potential versus 

particle size. Predicting adhesion energies between metals and surfaces therefore directly 

corresponds to predicting chemical potentials of nanoparticle/support catalysts as a function of 

particle size.  

On given oxide, or carbon-based, surfaces, proportionality relationships between 

adhesion energies and metal oxophilicity,18,37,38 or carbophilicity in the case of carbon-based 

surfaces,38,135 have been published for CeO2(111), MgO(100), and graphene/Ni(111). These 

correlations are powerful tools for predicting adhesion energies of unstudied metal/support 

combinations, but they are limited to the surfaces that have published correlations, because the 

trends of adhesion energies across different surfaces is still poorly understood. In this paper, we 
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present a third oxide correlation based on measurements of the adhesion energies of metals on 

rutile-TiO2(100). We compare this oxide trend to those that have been published for CeO2(111) 

and MgO(100) to discover a new correlation that allows predicting adhesion energies for metals 

across the range of oxide supports. We test this prediction with measurements of individual 

metal’s adhesion energies on other oxide surfaces (Fe3O4(111), 𝛼-Al2O3(0001), and rutile-

TiO2(110)), and find good agreement. 

These results provide a new way for estimating adhesion energies for late transition metals 

on oxide surfaces.  This in turn allows prediction of the equilibrium contact angle and metal 

chemical potential versus particle size for that metal / oxide system (see above). This is an 

important step forward for predictive design of improved catalyst and electrocatalyst materials. 

 

5.2  Results and Discussion 

Adhesion energies of metals on two oxide surfaces, CeO2(111) and MgO(100), have been 

found to be proportional to the oxophilicity of the metal,38 as shown in Figure 5.1. Oxophilicity, 

a measure of how strongly one metal atom binds O atoms, is defined here as the difference 

between the sublimation enthalpy of the metal, ∆HRST,;, and the formation enthalpy of the most 

stable metal oxide of the metal per mole of metal atoms, ∆HU,;VW.155 In this paper, as in ref.156, 

we use oxophilicity per unit area (or “Oxo” for short), so this difference in molar enthalpies (in 

kJ/mol) is divided by the area per mole of metal atoms (estimated as the atomic volume in the 

bulk metal (Ω; = V@/NX) to the 2/3 power times Avogadro’s number, NX), so Oxo equals 

(∆HRST,; − ∆HU,;VW)/(Ω;
(/+NX). The area per mole of metal atoms varies little from one late 

transition metal element to another, so variations in Oxo are dominated by oxophilicity 

differences. 
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For CeO2(111), the proportionality constant, or the slope of the trendline correlating 

adhesion energies on this surface and Oxo of the metal has been previously determined to equal 

0.188,38 as reproduced in Figure 5.1. (This reference also provides all the individual Eadh and 

Oxo values for these metals.) For MgO(100), the slope was found to equal 0.102,38 as 

reproduced in Figure 5.1. (This reference also provides all the individual Eadh and Oxo values for 

these metals.)  The Eadh values used in determining these slopes are mainly from single crystal 

adsorption calorimetry (SCAC) measurements of heats of adsorption of metal vapor versus 

coverage.27 These values are based upon fits of the SCAC heats and He+ low-energy ion 

scattering spectroscopy (LEIS) intensities versus coverage to the recently-developed SCM.60 

Older linear (but non-proportional) correlations of Eadh with Oxo have been published,18,37 but 

these were based on Eadh values estimated instead with the less-accurate HCM.  Values of Eadh 

based on particle shape measurements are also included in Figure 5.1. For full details on how all 

these adhesion energies were obtained, see ref.38,157  

The adhesion energy of Ag / rutile-TiO2(100) has been previously measured using SCAC 

and found to be 1.64 J/m2,35,38 and, more recently, Eadh for Cu has been measured by SCAC for 

this same surface and found to be 2.5 J/m2.157 These data have been added to Figure 5.1, and are 

also well fitted by the best-fit proportional line shown. The slope of this adhesion energy versus 

Oxo proportional line for this surface is equal to 0.169. 

The proportionalities of Eadh with Oxo in Figure 5.1 indicate that these metal 

nanoparticles’ attraction to oxide surface is dominated by the bond strength between metal atoms 

in the nanoparticle and the oxygen atoms in the oxide surface, which should increase in strength 

with metal oxophilicity. 
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The proportionality constants in Figure 5.1 for CeO2(111) and rutile-TiO2(100) are 

similar, with adhesion energy values (measured using SCAC) for both Ag and Cu consistently 

about 4% lower on rutile-TiO2(100) than CeO2(111). Adhesion energies on MgO(100) are nearly 

50% smaller than on CeO2(111), but still proportional to metal oxophilicity (or Oxo). Based on 

the trendlines, the adhesion energies of other metal/support combinations that have not yet been 

studied can be predicted. The predicted values can be used to screen for catalyst materials that 

are most likely to behave in a desirable way and inform further research. These predictions for 

CeO2(111) and MgO(100), based on the lines shown here, have been published.156 

 Although the trends in Figure 5.1 are valuable, obtaining such trends for a new oxide 

surface would be costly and slow, because rigorous experimentation would be needed to obtain a 

few accurate adhesion energy values required to determine the slope of the trendline for each 

new surface. A more general correlation that could predict adhesion energies across multiple 

oxide surfaces, e.g. predict the Eadh vs Oxo proportionality constant for other oxides, would be 

extremely valuable. The discovery of the rutile-TiO2(100) surface trend in Figure 5.1 provides a 

third slope value, which is essential for correlating this slope to some property of the oxide or its 

surface. Because metal nanoparticles’ interaction with the surface is dominated by their bonding 

to the oxygen atoms in oxide surfaces, the Eadh / Oxo slope values likely correlate best with some 

measure of the chemical potential of the oxygen atoms on each oxide surface, with stronger 

adhesion to metals expected for oxide surfaces with higher oxygen atom chemical potential. Two 

relatively easy-to-access measures of this O chemical potential (or the instability of O atoms in 

the oxide surface) are the negative of the standard enthalpy of reduction of each bulk oxide to its 

next lower oxidation state, −∆HYZ=,[W, and the negative of the oxygen vacancy formation energy 

of the oxide surface, −∆EV\. This −∆HV\ value is conceptually preferred since it depends upon 
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the crystal face of the oxide being considered (while −∆HYZ=,[W relates only to the bulk), but no 

∆EV\ have been measured, so they can only be approximated by DFT calculations (which have 

errors), whereas ∆HYZ=,[W values are known experimentally. O’Connor et al.158 showed that the 

DFT-calculated binding energies of Ag, Pd and Ir atoms to several oxide surfaces increase nearly 

linearly with the negative DFT-calculated ∆EV\, supporting the expected trend mentioned above. 

We show the slope values for each oxide surface from Figure 5.1 above plotted as a 

function of −∆HYZ=,[W, in Figure 5.2a, and as a function of −∆EV\,  in Figure 5.2b. The data 

values for the X axes in these plots are listed in Table 5.1, along with citations for their sources 

and these values for the other three oxide surfaces (Fe3O4(111), 𝛼-Al2O3(0001), and rutile-

TiO2(110)) to be discussed below. 

In Figure 5.2a, ∆HYZ=,[W are bulk values calculated from formation enthalpies of oxides.144 

In Figure 5.2b, the ∆EV\ values are from DFT calculations of CeO2(111),158,159 MgO(100),158,160 

and rutile-TiO2(100).161 For each of these two descriptors, the best-fit straight line is shown. For 

these surfaces, multiple DFT calculations of ∆EV\ have been reported. The larger circles in 

Figure 5.2b are points used to find the line of best fit. These are the most rigorously calculated 

DFT values (i.e. using the highest level of theory and largest supercell size, because ∆EV\ values 

are known to converge as cell size increases)162. The smaller points in Figure 5.2b are shown to 

demonstrate existing variations in DFT results. The quality of the linear fit is good, and similar 

for both descriptors (with standard deviations of 4.7 × 10-5 and 4.5 × 10-5 for Figures 5.2a and 

5.2b, respectively). The correlation in Figure 5.2b has the disadvantage of not being surface-

specific, but it is valuable for estimating Eadh / Oxo for some surfaces, such as Fe3O4(111), for 

which ∆EV\ has not been reported. It is surprising that ∆HYZ=,[W is so similar to ∆EV\ for these 
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three oxide surfaces, in spite of its lack of surface facet specificity.  Figure 5.3 shows ∆EV\ 

plotted versus ∆HYZ=,[W for different oxide surfaces. 

The ∆EV\ values for oxides versus their bulk ∆HYZ=,[W	values, shown in Figure 5.3, are 

best fitted by the line: 

∆E34 	= 0.956	∆H56.,89 + 20.7	kJ/mol	O. (5.4) 

Figure 5.3 shows that the variations in ∆EV\ across different facets of the same oxide are much 

smaller than the variations in ∆HYZ=,[W across different oxides. Because of this difference in 

variation magnitude, Equation 5.4 may reasonably be used to estimate the ∆EV\ of an oxide 

based on the ∆HYZ=,[W of that oxide. Although the resulting ∆HV\	value is not surface-specific, 

Figure 5.3 shows that the different surfaces of the oxide are likely to have relatively similar 

∆EV\’s, so this estimate only introduces a small error. This error may be less than the error 

introduced by uncertainties in DFT values themselves, which can vary based on the exact 

computational method used.  Thus, on oxide surfaces for which the ∆EV\ has not yet been 

calculated, Equation 5.4 may be used to get an approximate ∆EV\ value, from which Eadh / Oxo 

may then be calculated using the line in Figure 5.2b. Wexler et al.163 showed a linear correlation 

similar to the one in Figure 5.3, but for forming bulk oxygen vacancies rather than surface O 

vacancies, and for more complex oxides, with a correction for band-gap differences. 

Based on the good linear correlations in Figure 2, we postulate that the Eadh vs. Oxo 

proportionality constant (f = Eadh / Oxo) can be estimated for any oxide surface using the best-fit 

lines in Figure 5.2. For example, as shown in Figure 5.2b, the Eadh vs. Oxo proportionality 

constant is given by: 

f = Eadh	/	Oxo	 = 	 (2.11	 ×	10:;)(∆E34	/	(kJ/mol)] 	+ 	0.234. (5) 
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Equation 5.5 can be used to calculate Eadh / Oxo for any oxide surface for which ∆EOv is known 

from reliable DFT; and, since Oxo is known for all the late transition metals, one can also 

estimate Eadh for any late transition metal on that specific oxide surface. If a ∆EOv has not yet 

been reported for a given oxide surface, Equation 5.4 may be used to estimate the ∆EOv value 

needed for Equation 5.5. Alternatively, the Equation in Figure 5.2a may be used to estimate Eadh 

/ Oxo, but, because the fit in Figure 5.2b to Equation 5.4 is based on more oxide data, it is 

slightly preferred over the fit in Figure 5.2a.  

If our postulate for predicting Eadh / Oxo is true, Equation 5.5 should be useful for scaling 

the adhesion energies on all oxide surfaces to a single trendline. Figure 5.4 shows the result, 

using all the reliable measured Eadh values we know for late transition metals on clean, well-

defined oxide surfaces. All values are plotted here with respect to the Eadh vs. Oxo 

proportionality constant for MgO(100), because it is based on a fit to more measured adhesion 

energies than the CeO2(111) or rutile-TiO2(100) fits. Also, the DFT values of ∆EV\ show the 

least deviation for MgO(100). Oxo values are scaled using the ∆EV\-based correlation in Figure 

5.2b (Equation 5.5), unless ∆EV\ for the surface has not yet been reported. The measured 

adhesion energies and Oxo values for metals on all three surfaces in Figure 5.1, as well as for 

metals on three additional oxide surfaces (Fe3O4(111), 𝛼-Al2O3(0001), and rutile-TiO2(110)) are 

scaled in this way and plotted in Figure 5.4. We note that the ∆EV\ value for Fe3O4(111) has not 

yet been reliably estimated computationally, due to the complicated electronic structure of this 

surface. For this surface, ∆EV\ was estimated based on the reported ∆HYZ=,[W of Fe3O4144 using 

Equation 5.4 above. The data shown in Figure 5.4 are also presented in Table 5.2. 

As seen, the adhesion energies for these many metal / oxide combinations in Figure 5.4 

are very well fit by the best proportional fit to these data, given by:  
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𝐸<=> = 	0.097[f(that	oxide)/	f(MgO(100))][(∆H?@A,+ − ∆HB,+39)/(Ω+
C
D NE)] 	

= 	0.097[f(that	oxide)/	0.106)][(∆H?@A,+ − ∆HB,+39)/(Ω+
C
D NE)]

= 	0.097[9.40	f(that	oxide)[(∆H?@A,+ − ∆HB,+39)/(Ω+
C
D NE)]. 

(6) 

The function f in Equation 5.6 is obtained from Equation 5.5, based on the fit in Figure 5.2b. 

Scaling Oxo as shown in Equation 5.6 clearly reduces the multiple trendlines in Figure 5.1 to a 

single trendline that predicts Eadh for multiple oxide surfaces with reasonable accuracy. Because 

the data is scaled with respect to MgO(100), the ideal slope of this trendline would be 0.102 if 

our postulate were completely accurate. The actual best-fit slope of the line for all the data 

shown in Figure 5.4 is 0.097, which is nearly equal to this ideal slope, reflecting the accuracy of 

this postulate. The fit of the data to this proportionality is very good, with a standard deviation of 

0.52 J/m2 and a r2 score of 0.75.   

Large errors relative to this best fit in Figure 5.4 is seen in some of the measured 

adhesion energy values for Ag and Au, which fall significantly below the fit line. However, the 

deviations amongst the measured values for these metals are larger than for other metals. The 

adhesion energy for Cu / 𝛼-Al2O3(0001) is also well above the trend line. This stronger binding 

could be due to interactions between the adhering metal and the metal in the oxide surface.  

The correlation in Figure 5.4 (Equation 5.6) finally allows adhesion energies to be 

estimated across many oxide surfaces. To estimate the adhesion energy of some metal on some 

oxide surface, the only information needed is the Oxo of the metal (see ref38 for Oxo values for 

most late transition metals) and the ∆HV\ (or ∆HYZ=,[W) of the oxide surface. The ∆EV\ (or 

∆HYZ=,[W) is plugged into the appropriate correlation in Figure 5.2 to estimate the Eadh / Oxo 

proportionality slope of that oxide, and the adhesion energy for any metal on that oxide is simply 
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equal to this slope multiplied by that metal’s Oxo value. This prediction process simply involves 

combining Equation 5.5 with Equation 5.6, and, when necessary, using Equation 5.4. 

 Hu and Li151  presented a large amount of data where the measured adhesion energies of 

metals on oxides and other supports, divided by 2γ@, was shown to be closely approximated as 

being equal to the single metal atom binding energy to the surface (Ebs, calculated by DFT) 

divided by the bulk metal cohesive energy (Ec): Eadh / (2γ@)  =  Ebs / Ec . However, most of their 

adhesion energy values for oxide surfaces were measured on surfaces that were not verified to be 

clean, and such values are known to generally be far below the values measured on clean oxide 

surfaces.17,37,155 In an attempt to validate their trend, Figure 5.5 shows adhesion energies plotted 

in this format, now using only values measured for oxide surfaces that were verified to be clean 

in UHV, and using only the same Ebs values as cited by Hu and Li in that paper,151 taken from 

ref. 158. Figure 5.5 includes adhesion energy values measured on clean MgO(100), CeO2(111), 

and 𝛼-Al2O3(0001). Table 5.3 is a table of these data. 

As shown in Figure 5.5, these clean-surface data do not fit well to the trend predicted by 

Hu and Li151 (the dashed parity line), having a standard deviation of 2.2 J/m2, more than 4 times 

that for the predictions of Equation 5.6 in Figure 5.4. The results in Figure 5.4 do not support the 

trend proposed by Hu and Li, and show that Eadh / (2γ@) is not closely approximated by Ebs / Ec. 

This reinforces the importance of the trends shown in Figures 5.2, 5.3 and 5.4 for predicting 

adhesion energies of metals on oxide surfaces. Note that these clean-surface adhesion energy 

measurements in Figure 5 are generally considerably higher in value than the prediction line of 

Hu and Li, which was based on data from surfaces that had not been verified to be clean. This 

further confirms our previous findings that such values are known to generally be far below the 

values measured on clean oxide surfaces. 17,20,37 
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 The adhesion energy of a metal nanoparticle to a surface dictates the metal chemical 

potential of the metal nanoparticles on that surface and its particle-size dependence. The metal 

chemical potential correlates with the surface reactivity, stability, and sintering-resistance of the 

metal nanoparticles on a surface. Therefore, the ability to predict the adhesion energy at any 

given late transition metal / oxide interface based on the correlation in Figure 5.4 is an important 

step toward predicting the fundamental properties and behavior of catalytic metal nanoparticles 

on a wide variety of oxide surfaces. These predictions for transition metal nanoparticles 

supported on oxide surfaces will aid in designing efficient catalysts and identifying catalysts of 

interest for further study. 

5.3  Conclusion 

Correlations for predicting adhesion energies of late transition metals on differing oxide 

surfaces are presented. Using the relationships reported here, the first step to estimating the 

adhesion energy for a new metal / oxide combination is determining the surface oxygen vacancy 

formation energy of the oxide from DFT calculations. If this oxygen vacancy formation energy is 

not available, it may be estimated using Equation 5.4 from Figure 5.3, which shows that the 

oxygen vacancy formation energy is closely related to the heat of reduction of the bulk oxide to 

its next lower oxidation state. Once this oxygen vacancy formation energy has been determined 

or estimated, the Eadh / Oxo value, which is the proportionality constant between the oxophilicity 

per unit area of the metal and the adhesion energy of the metal on a given oxide, is determined 

from Equation 5.5 from Figure 5.2b. Once this Eadh / Oxo ratio is determined, the adhesion 

energy of any late transition metal to that oxide can be estimated from the oxophilicity per unit 

area of that metal. The oxophilicities per unit area of many late transition metals may be found in 

ref.38 Figure 5.5 shows that previous relationships for predicting adhesion energies based on 
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single atom binding energy151 do not always hold, which stresses the importance of the 

relationships presented above, which are based on high-quality experimental adhesion energies 

of metals on clean surfaces.  
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5.4  Figures 

 

 

Figure 5.1. The adhesion energy of metals on CeO2(111), rutile-TiO2(100), and MgO(100) as a 

function of metal oxophilicity per unit area (Oxo). Solid lines are the best linear fits passing 

through (0, 0) for each oxide. Slope values are 0.188 for CeO2(111), 0.169 for TiO2(100), and 

0.102 for MgO(100). Circular points are SCAC measurements (using the SCM or flat-disk 

model), and square points are particle shape measurements. For additional details on the 

CeO2(111) and MgO(100) data, see ref.38  
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Figure 5.2. The slope for correlating adhesion energy of metals on oxides with metal oxophilicity 

for each of the oxides is plotted as a function of (a) the negative standard enthalpy of reduction 

of each oxide to its next lower oxidation state plus ½ O2(gas), ∆Hred,ox, and (b) DFT-calculated 

negative oxygen vacancy formation energies for the oxide surfaces. The larger circles are the 

∆EOv values reported for CeO2(111),164,165 rutile-TiO2(100),166 and MgO(100)165,167 which are 

used to calculate the line of best fit. Some DFT values (smaller circles) were excluded in this fit 

because they were calculated using larger or unstated vacancy concentrations or a lower level of 

theory. For comparison, other reported DFT values are shown as smaller circles. The data in this 

plot and corresponding citations are listed in Table 5.1. 
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Figure 5.3. The oxygen vacancy formation energies, ∆EOv,, for CeO2, TiO2, MgO, and Fe2O3 

surfaces are shown as a function of the standard enthalpy of reduction of the bulk oxide to its 

next lower oxidation state plus ½ O2 gas, ∆Hred,ox. The line of best fit through the points is shown 

in black, with the equation of the line, showing that it is a near 1:1 proportionality. The data 

shown here are listed in Table 5.1. 

  



 96 

 

Figure 5.4. The measured adhesion energies of metals on CeO2(111), rutile-TiO2(100), 

MgO(100), rutile-TiO2(110), Fe3O4(111), 𝛼-Al2O3(0001), and rutile-TiO2(110) as a function of 

metal oxophilicity per unit area, scaled by f(oxide)/ f(MgO(100)), as in Equation 5.6. Each 

f(oxide) is calculated from the fit in Figure 5.2(b) (Equation 5.5), whereby f(MgO(100) = 0.106. 

The solid line here is the proportional line of best fit, with a slope of 0.097. The standard 

deviation of the measured Eadh values from this best fit line is 0.52 J/m2, and its r2 score is 0.75. 
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Figure 5.5. The adhesion energies for late transition metals measured on clean, well-defined 

oxide surfaces, normalized by twice the surface energy of the metal, plotted as a function of the 

DFT-calculated single metal atom binding energy to the surface, normalized by the sublimation 

energy of the metal. The dashed parity line (where these values would equal each other) is the 

correlation suggested by Hu and Li in ref.151. The standard deviation from and r2 value for the 

parity line are 2.2 J/m2 and 0.090, respectively. The standard deviation from and r2 value for the 

line of best fit to these data (not shown) are 0.47 and 1.9 J/m2, respectively. For plot data, see 

Table 5.3. 
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5.5. Tables 
 
Table 5.1. The best-fit proportional slopes of the adhesion energy of metals on oxides versus the 

metal oxophilicity (per area) for each of the oxide surfaces (from Figure 5.1), the standard 

enthalpies of reduction of the bulk oxides to their next lower oxidation state plus ½ O2(gas) 

(∆Hred,ox), and DFT-calculated oxygen vacancy formation energies for these oxide surfaces 

(∆EOv). The bold values are those used to calculate the line of best fit (f) shown in Figure 5.2b. 

Surface 
  

Eadh vs. Oxo 
slope 

 

DHred,ox  
[kJ / mol O] 

  

DEOv  
[kJ / mol O] 

  

Citation 
for  

DEOv value 

 
f(EOv, ox) 

CeO2(111) 0.188 196 189 159 0.194 

   266 158  

   214 159  

MgO(100) 0.102 602 601 160  

   603 160  

   611 160  

   

605 
 
 
  

Average of 
3 values 
from 
Richter et 
al.160 (used 
for fit) 

 
 

0.106 

   606 158  

   612 160  

r-TiO2(100) 0.169 367 360 161 0.158 

CeO2(110)  196 246 158  

r-TiO2(110)  367 353 161  

r-TiO2(101)  367 301 161  

r-TiO2(001)  367 310 161  

a-TiO2(101)  357 352 168  

a-TiO2(001)  357 396 168  

𝛼-Fe2O3(001)  235 194 169  
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Table 5.2. Adhesion energies for late transition metals on oxide surfaces, as well as the method 

by which they were obtained, and the scaled Oxo values via Equation 5.6, using the f(EOv,ox) 

(=f(ox)) values from Equation 5.5, which gives f(MgO(100)) = 0.106. These two values are 

plotted against each other in Figure 5.4. 

 
Surface 

 
Metal 

Eadh 
Measurement 

Method 

 
Eadh 

[J / m2]  

  
Oxo*[f(ox)/f(MgO)] 

[J / m2] 

 
Citation 
for Eadh  

MgO(100) Ag SCAC 0.3 7.54 31 
 Ag SDRS 0.76 ± 0.08 7.54 170 

 Ag GISAXS 0.86 ± 0.2 7.54 170 
 Ag GISASXS 0.78 ± 0.1 7.54 171 
 Ag HRTEM 0.36 ± 0.08 7.54 172 
 Au HRTEM 0.66 9.01 173 
 Pd HRTEM 1.28 12.71 174,175 

 Pd GISAXS 1.58 12.71 176,175 
 Cu SCAC 1.92 15.87 143 

 Pt SCAC 1.51 16.86 177 
  Ni SCAC 2.59 22.74 63 
CeO2(111) Ag SCAC 1.7 13.76 63 

 Au SCAC 1.84 16.44 63 
 Cu SCAC 2.6 28.96 63 

  Ni SCAC 4.39 41.49 112 
TiO2(100) Ag SCAC 1.64 11.18 63 
  Cu SCAC 2.5 23.53 178 
TiO2(110) Au SDRS 0.3 ± 0.15 13.39 179 
 Au GISAXS 0.47 - 1.08 13.39 138 
 Au HRSEM 0.72 ± 0.11 13.39 137 
  Ni SDRS 3.4 ± 0.29 33.81 179 
a-Al2O3(0001) Ag SDRS 0.2 - 0.9 8.40 179,180 
 Au SDRS 1.06 ± 0.08 10.04 179 
 Cu SFM 3.06 ± 0.13 17.68 181 
Fe3O4(111) Ag SCAC 1.76 31.86 63 
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Table 5.3. Values used to make Figure 5.5. For each metal / surface combination, the metal 

surface energy (from 38), bulk metal sublimation energy (DHsub, equal to its cohesive energy, Ec), 

and the single metal adatom binding energy on the surface (Ebs, from ref.158) is listed. The 

normalized binding energy, Ebs/Ec, and normalized adhesion energy, Eadh/(2𝛾#), as plotted in 

Figure 5.5, are also listed, using Eadh values for clean oxide surfaces from Table 5.2. 

Surface  Metal  

Metal Surface 
Energy (γ@)  

[J / m2] 
DHsub (=Ec) 
[kJ / mol] 

. Ebs [eV]  Ebs/Ec  Eadh/(2γ@)  
MgO(100) Ag 1.22 285 -0.44 0.149 0.251 
 Au 1.52 368 -0.88 0.231 0.217 
 Pd 2.00 377 -1.47 0.376 0.358 
 Cu 1.80 337 -0.94 0.269 0.533 
 Pt 2.52 564 -1.98 0.300 0.339 
 Ni 2.38 430 -1.07 0.240 0.544 
CeO2(111) Ag 1.22 285 -1.74 0.589 0.697 
 Au 1.52 368 -1.27 0.333 0.605 
 Cu 1.80 337 -2.87 0.822 0.722 
 Ni 2.38 430 -2.89 0.649 0.922 
a-Al2O3(0001) Ag 1.22 285 -0.68 0.230 0.225 
 Au 1.52 368 -0.82 0.215 0.349 
 Cu 1.80 337 -1.13 0.324 0.850 
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Chapter 6. Continuing Small Molecule Adsorption Calorimetry: 

Understanding the Energetics of Solvents and Reaction 

Intermediates on Model Catalyst Surfaces for Applications in 

Catalyst Design 

 
Overview 

In 2022, a single-crystal adsorption calorimeter designed specifically to measure the adsorption 

energies of small molecules on solid surfaces was purchased from the Campbell Group at the 

University of Washington by Pacific Northwest National Laboratory (PNNL). This calorimeter 

has a long history of measuring and reporting important energetics that have been used as 

benchmarks for developing and improving DFT calculations, understanding solvent effects in 

heterogenous catalytic reactions, and understanding behavior of reaction intermediates on 

surfaces. To continue this important work, I learned to operate this calorimeter, assisted in 

moving the instrument to PNNL, and trained scientists there on how to operate and troubleshoot 

the instrument. To do this, I visited PNNL twice and have ongoing discussions with the scientists 

there to ensure that the instrument knowledge is passed on and that this unique calorimeter can 

continue to make an impact on understanding and designing better catalysts. This chapter gives a 

brief overview of the scientific methods of this calorimeter as well as its past impact and future 

plans.   
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6.1  Introduction 

Although theoretical methods, and specifically DFT calculations, have become powerful 

tools for studying catalysts, the complexities of heterogeneous catalytic systems are still difficult 

to model theoretically, and large energy errors still exist in these calculations.182  The lack of 

energy accuracy and reliability in DFT calculations is still a major limitation that still prevents 

these methods from being able to accelerate catalysis design to the extent that is necessary to 

keep up with the demand that exists for new and better catalysts, which is driven by today’s 

pressing issues such as lack of sustainability and increasing energy demands.  

Although TPD may be used to access adsorption energies for reversible processes, many 

important species in reactions adsorb via irreversible processes, such as dissociation, so 

measuring adsorption energies directly is extremely valuable not only for understanding the 

energetics of common reaction intermediates but also to serve as DFT benchmarks. The 

calorimeter for directly measuring these adsorption energies uses a PVDF ribbon to directly 

measure heat changes on the sample, exactly as described in Chapter 2 for the metal vapor 

adsorption calorimeter, except, for this calorimeter, instead of adsorbing metal vapor produced 

via an e-beam evaporator, a molecular beam is used to deposit small molecules (i.e., <30 atoms).  

This technique has successfully been used to study many molecule / surface combinations 

and has had a major impact on our fundamental understanding of the energetics of small 

molecules on metal catalysts and on improving DFT by providing accurate adsorption-energy 

data on many well-defined adsorbate / metal combinations for benchmark databases.182–192 Most 

SCAC studies of this type have focused on the Pt(111)100,185,187,193–195 surface, because of its 

excellent catalytic characteristics, but, more recently, surfaces such as Ni(111)183,184,189,196,197 and 
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Cu(111)198 have also been studied, in an effort to expand our understanding of how these 

molecules behave across different metals. 

6.2  Experimental Methods  

 Most of the principles and methods of the small molecule adsorption calorimeter are 

similar or identical to those described above in Chapter 2 for the metal vapor adsorption 

calorimeter, and the details of this calorimeter have been previously published in detail,199–201 so, 

here, a brief overview of some key points and differences is given.  

 The calorimeter is a complex ultrahigh vacuum apparatus with many capabilities. A 

photograph of it is shown in Figure 6.1. It has a single main chamber which is maintained at a 

pressure < 2 ´ 1010 torr, with two regions. A manipulator arm holding the sample is used to move 

the sample between the two regions. The first region has instrumentation for surface preparation 

and characterization, and the second region has the calorimetry setup.  

 In the sample preparation and characterization region, instrumentation for XPS, AES, and 

LEED is available, as well as an ion gun for sputtering. The scientists at PNNL plan to also add a 

Knudsen cell to evaporate metal so they can grow oxide films on the single-crystal metal 

samples for use in future experimental studies of adsorption on well-defined oxide surfaces (see 

section 6.3 below).  

 In the calorimetry region, a PVDF heat detection exists that can be translated into contact 

with the back of the sample to detect heat changes on the single-crystal surface of the sample.  

During calorimetry, the sample is held in place by a copper block like the one described in 

Chapter 2. The Cu sample holder can also be cooled via copper cooling braids and a nitrogen gas 

cooling system to perform experiments at temperatures as low as 100 K. A molecular beam is 

used to generate a flux of the molecule of interest. A QCM can be translated in line with the 
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sample to measure the flux. The QCM must be cooled with liquid nitrogen before measuring the 

flux to ensure that all incident molecules stick to the surface. A laser is used to calibrate the heat 

measurement and a QMS is used to detect molecules that do not stick to the surface of the 

sample.  

6.3  Future Outlook  

 To ensure that the calorimeter is operating properly and to help the PNNL team learn the 

procedures of the calorimeter, the experiments first performed after moving were a repeat of the 

methanol / Pt(111) system, which has previously been reported.193 The measurement allowed us 

to identify issues that needed to be resolved and procedural details that needed to be conveyed.  

 As a first study, the team plans to use the instrument to study alcohol adsorption on 

Pt(111) systems, to further confirm that the calorimeter is working properly (by comparing 

results for methanol to the previously published study using this same apparatus to study 

methanol on Pt(111))193 and then to specifically study how the chain length of the alcohol affects 

its adsorption energy to the Pt(111) surface.  

The next main project of interest involves investigating adsorption energies on iron oxide 

surfaces. Iron oxides are an interesting and promising catalyst supports, which are especially 

attractive because they are environmentally friendly, abundant, and inexpensive. The calorimeter 

is currently undergoing modifications including the addition of a Knudsen cell for evaporating 

metal so that iron oxide may be grown. No SCAC measurements have yet been performed on an 

iron oxide surface, and DFT calculations particularly struggle with these surfaces, so these 

measurements are critical to understand adsorption energetics on this surface and to serve as 

benchmarks for DFT. Some important small molecules that will be studied on this surface are 

water, formic acid, and methanol. Because these molecules have been studied on other surfaces 
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with SCAC, studying them on the iron oxide surface would offer an interesting and important 

comparison to previously published work. Eventually, solvent effects on the adsorption energies 

on this surface will be investigated, because solvents can have a strong impact on the selectivity 

and reactivity of a catalyst and are particularly important in electrocatalysis. The small molecule 

adsorption calorimeter has a long history of making a huge scientific impact on catalysis research 

and will continue to do so with its future projects.  
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6.4  Figures 
 
 

 
Figure 6.1. A photograph of the small molecule single-crystal adsorption calorimeter is shown. 

There is a single main chamber, with the sample manipulator located on top. The molecular 

beam is located to the right of the chamber. Instrumentation for sample preparation and 

characterization is located around the top region of the chamber, and the calorimetry equipment 

is in the lower region of the chamber. The titanium sublimation pump can be seen below the 

main chamber at table level. The main turbo pump is located under the titanium sublimation 

pump, under the table (not visible).   
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Chapter 7. Improving Our Understanding of Kinetics Using 

Degree of Rate Control Analyses: Relationship to Volcano Plots 

and Experimental Measurements 

Overview 

The degree of rate control (DRC)202,203 is a mathematical approach that quantifies the 

extent to which any given species in a multistep reaction affects the net reaction rate to the 

product of interest. The DRC is especially valuable for understanding complex catalytic reaction 

mechanisms with many steps because it clarifies which species’ energetics are most important in 

determining the rate. The DRC has been connected to several other reaction quantities and is a 

powerful tool for studying reaction mechanisms and screening catalysts. Although the DRC has 

become a popular tool, it is important to clarify and explain its connections to reaction kinetics 

so that scientists may understand and fully exploit the power of this tool. This chapter gives a 

brief overview of two in-progress projects related to this mission: thee first explores the 

relationship between volcano plots and DRC, and the second explores how experimental 

measurements can be used to determine DRCs to gain a deeper understanding of reaction 

mechanisms.  
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7.1  Degree of Rate Control Analysis of Volcano Plots for Improving 

Catalyst Design 

 
7.1.1  Introduction 

Volcano plots are frequently encountered in the fields of heterogenous catalysis and 

electrocatalysis because they link specific catalyst properties to the effectiveness of a catalyst for 

a given reaction. Volcano plots illustrate Sabatier’s principle, which predicts that optimal 

catalysts must be able to bind to reaction intermediates, but not so strongly that it limits the 

turnover frequency of the reaction.204,205 Descriptor values, such as the binding energy of the 

catalyst to some relevant reaction intermediate, plotted against some indicator of catalytic 

activity (e.g. turnover frequency) identify an optimal range of target descriptor values for new 

materials that may result in better catalytic performance (activity, selectivity, sinter resistance, 

etc.). These plots are often based on scaling relations, which, for multistep reactions, 

mathematically relate the energy of one intermediate or transition state to all other intermediates 

and transition states involved in the reaction. Linear scaling relations typically hold true across a 

range of catalysts, and they are often expressed in the form of volcano plots to show the potential 

efficacy of catalysts in different regions of descriptor space (i.e., materials space). Scaling 

relations and volcano plots are particularly valuable for analyzing multistep reactions because 

they simplify the system so that they are easier to understand and optimize.  

 Another tool that has proven particularly valuable for understanding complex multistep 

catalytic reactions is degree of rate control (DRC) analysis.202 The DRC of any intermediate or 

transition state quantifies the extent to which the standard state free energy of that species affects 

the net reaction rate of forming a product or consuming a reactant of interest. The DRC, Xi, for 
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any species, i, in a reaction is defined using the partial derivate of the relative (or natural log of 

the) reaction rate, r, in forming a product of interest with respect to the standard-state Gibbs free 

energy (G0) of that species, holding constant the standard-state Gibbs free energies of all other 

species (over RT):206 

𝑋$ = |
𝜕 ln(𝑟)

𝜕 G−
𝐺$]
𝑅𝑇I

�

^FGH
I

 
 

(7.1) 

R is the universal gas constant and T is the temperature. Although the DRC may be calculated 

for every intermediate and transition state, there are usually no more than a few species that are 

kinetically relevant, even for reaction mechanisms with many steps. Most species have a DRC 

close to zero, meaning that their exact energies are not kinetically relevant.  

 Degree of rate control values have simple mathematical relationships with important 

kinetic parameters of the reaction, such as apparent activation energy,207 kinetic isotope effect,208 

and reaction orders.209 These quantitative relationships can help scientists simplify and 

understand complex multistep catalytic reactions, which allows for mechanism discovery, 

efficient catalyst screening and optimization.210 Connections between DRC and reaction 

properties can aid in studying reactions, quantifying reaction properties, and optimizing 

reactions. In this work, we explain the relationship between volcano plots and DRC and show 

how DRC behaves in different regions of volcano plots. We also explain how this connection 

between volcano plots and DRC can be used to better understand reaction kinetics and find 

optimal catalysts.   
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7.1.2  Methods 

For mathematical insight into the relationship between DRC and volcano plots, consider 

the following derivation. Assuming that the free energy of a reaction is dominated by the enthalpy 

here (since standard-state entropies of these species vary little from catalyst material to material), 

H, then the natural log of the rate, r, is simply a function of the enthalpy of the species’ involved 

in the reaction: 

ln(r) = 	f(H_).	 (7.2) 

Species i here includes all intermediates and transition states involved in the reaction. Linear 

scaling correlations211,212 relate species enthalpy, Hi, to a chosen descriptor enthalpy, Hj, using a 

linear scaling coefficient α_`. The enthalpy of any species i can be calculated from a linear scaling 

coefficient, α_`, and a few corresponding descriptor enthalpies, Hj:  

H_ = ∑ pα_`H`ra . (7.3) 

These descriptor enthalpies are typically simple quantities such as the bond enthalpy of the surface 

site to a atom (C, O and N atom) or simple diatomic (like -OH).  The rate of reaction can be related 

to the descriptor value by taking the derivative of the reaction rate (Equation 7.2) with respect to 

the descriptor enthalpy. If the free energies of the species are dominated by their enthalpy, the 

differential change in rate with respect to the differential change in species enthalpy is equal to the 

degree of rate control for species i, as shown in Equation 7.1. The partial derivative of the species 

enthalpy with respect to descriptor enthalpy is the value of the linear scaling coefficient α_`. The 

partial derivative of the reaction rate with respect to descriptor enthalpy is then equal to the sum 

of the products of the DRCs for the involved species and their linear scaling coefficients, as shown: 
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(7.4) 

There are rarely more than a few kinetically relevant species with non-negligible DRC values,209 

so, even for complex reactions, the sum in Equation 7.4 usually only consists of no more than a 

few kinetically relevant terms. Equation 7.4 directly relates the rate of reaction, which are shown 

in volcano plots, to the DRC of the species involved in the reaction and the linear scaling relations 

used to build the volcano-type relationship.  

 To demonstrate the relationships above, we use the methane steam reforming microkinetic 

model detailed by Xu et al.213, which was also previously used by Wolcott et al.210 to demonstrate 

how DRC may be used for computational catalyst screening. The turnover frequency is calculated 

using microkinetic modeling in CatMAP,214 using DFT-based parameters from studies that have 

previously modeled methane steam reforming.210,213 Xu et al.213 also report the DFT energies of 

all transition states and intermediates for their mechanistic model of methane steam reforming 

reaction on metal surfaces. They also report the vibrational frequences and vibrational partition 

function for the species on Rh(211), which are used to calculate the heat capacities and entropic 

corrections to the standard-state free energies of species using the harmonic oscillator 

approximation, which are assumed to be the same for all metals. The Shomate equation215 is used 

to calculate entropy and heat capacity contributions to the energies of gas-phase molecules. The 

accuracy of the DFT-derived energies in this model is not important to the conclusions that are 

demonstrated in this paper. The intention is to show the relationship between DRC and volcano-

style plots to demonstrate the power of the DRC for understanding complex reactions and 

designing catalysts more efficiently.   
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7.1.3  Results and Discussion 

Figure 7.1a shows a 2-descriptor volcano plot where carbon binding energy and oxygen 

binding energy of transition metals are used as descriptors and the turnover frequency (TOF) for 

methane steam reforming is the indicator of catalytic activity for the metal catalysts. Figure 7.1b 

maps the degree of rate control of high-coverage (i.e. rate-controlling) intermediates within the 

descriptor space where EC* is between 0 and 6 eV and EO* is between -2 to 3 eV. Note that the 

ridges of the volcano align with the boundary regions in the DRC map, which suggests that top 

catalysts are likely located in those boundary regions.  

The relationship between DRC and catalyst activity can be understood by considering 

Equation 4 with the volcano plot in Figure 7.1a. Figure 7.2 shows a plot of the dotted line in Figure 

7.1a, in order to demonstrate how the changes in DRC relate to changes in the TOF.  Moving from 

point A to point B in Figure 1, the carbon binding energy, EC*, is constant and, initially, the 

logarithm of the rate is linearly related to the oxygen binding energy, EO*. Assuming linear scaling 

correlations hold for all regions of interest, both the DRC values, Xi, and the linear scaling 

coefficients, 𝛼$a, are constant within the linear region between points A and B; therefore, the partial 

derivative in Equation 7.4 is a constant, satisfying the linear relationship observed between 

ln(TOF) and the descriptor enthalpy, which is EO*  in this case. The constant nature of the DRC 

values in this region may also be observed in Figure 7.1b, which maps the DRC for intermediates 

in the same descriptor space as the volcano plot (-2 eV< EO* < 3 eV; 0 eV < EC* < 6 eV). Point B 

is located on the ridge of the volcano and the maximum turnover frequency, when Ec* is 

constrained to 3.5 eV. As point B is approached, the linear relationship is broken and the derivative 

of the rate with respect to the descriptor value is no longer constant. Because we assume that linear 

scaling correlations hold in the region of interest, a change in the DRC values must be responsible 
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for the change in slope near the ridge. The ridge of the volcano is located where the changing DRC 

values result in a sign reversal of the partial derivative in Equation 4. Once the peak of the ridge 

(point B) is surpassed, there is an approximately linear decrease in the log(TOF) as EO* continues 

to increase. This proves a key point: optimal catalysts must be located in the region where the 

DRC changes, because, otherwise, the partial derivative in Equation 7.4 can only be an 

approximately constant positive or negative value. This is also apparent by the fact that the rate 

must decrease as one moves away from the ridge/peak of the volcano. 

Because of the nature of the ridge/peak regions, we can conclude that optimal catalysts are 

located where there is a rapid change in the rate-limiting step or the partial coverage of intermediate 

species. This also corresponds to a change in the reaction order and DRC values. The regions on 

the volcano plot where the rate-limiting step and the reaction order are stable as you move across 

descriptor space are not optimal regions for catalyst exploration (but are in regions where it is 

easiest to predict better materials). 

Cross-sections of Figure 7.1b are plotted in Figure 7.3 and show the coverage, which is 

equal to the degree of rate control, for each of the three high-coverage intermediates, C*, CO*, 

and O*, when EC* and EO* are constant. In Figure 7.1b, in most regions, the DRC is constant; the 

DRC only changes in boundary regions that correspond with the ridges of the volcano plot in 

Figure 7.1. Optimal catalysts must be in regions where the DRC values and coverages of 

intermediates are changing. Figure 7.1b further demonstrates that boundaries between regions 

where different intermediate species dominate the reaction are very narrow and are on the order 

of 0.1 eV (~10 kJ/mol) wide.  

Figure 7.3 shows two examples of the DRC as a function of one descriptor when the 

other descriptor is constant, which illustrates that DRC changes rapidly in the regions where it is 
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not constant. The boundaries are narrow because DRC values are only energetically sensitive 

when two species are in close competition to be rate-controlling. In regions where two species 

are in close competition, a small change in the energetics of an adsorbed species (or transition 

state) can cause a significant change in the DRC values and rate determining step. The most 

interesting material space for catalyst exploration may be narrowed down in descriptor space 

because DRC values are generally constant (and thus improvement is easiest to predict), except 

in narrow boundary regions, which also correspond to ridges of the volcano, where TOF is 

highest.  

 

7.2  Studying Reaction Kinetics by Using Experimental Measurements to 

Determine Degrees of Rate Control 

7.2.1  Introduction 

Advances in computational chemistry methods, and particularly developments in DFT 

calculations, have improved the cost, accuracy, and popularity of generating relatively accurate 

reaction energy diagrams for multi-step catalytic reaction mechanisms.203,206,210,213,216,217 

Microkinetic models specify the elementary steps that are required for a multi-step catalytic 

reaction, and include energetic information for all intermediates and transition states. Despite 

recent progress, DFT-calculated microkinetic models for catalytic reactions involving many steps 

still result in somewhat inaccurate energies of transition states and adsorbed intermediates,182 and 

more accurate levels of theory remain computationally too expensive. Developing tools for 

accurately understanding the kinetics of multi-step reactions without losing information through 

oversimplification, and without expensive computations, is an essential effort for progressing 
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catalysis research. Degree of rate control analysis is one such tool, which has been performed on 

microkinetic models and has proven valuable for understanding multi-step catalytic reaction 

kinetics, as well as for improving microkinetic modelling methods, improving the energies of 

species with high DRCs (relative to initial DFT-based estimates) and developing simplifications 

that still accurately capture reaction kinetics.203,208,209 

The generalized degree of rate control, Xi, for a species, i, is defined as the relative change 

in the net rate to the product of interest (or to consume a reactant), r, from a differential change in 

the species’ standard-state free energy, G0:203  

X_ = �0b cH Y
bd

JK
I

LMe
�

fNGK
I

, (7.5)  

where R and T are, respectively, the universal gas constant and the temperature. The derivative is 

taken holding constant the standard-state free energies for all other species. We can use DRC 

values to calculate other observables. The apparent reaction order, δ_, of fluid phase reaction 

intermediate, i, is simply the negative of its DRC:218 

δ_ = −X_	. (7.6) 

For a fluid-phase reactant, j, the apparent reaction order equals the negative sum of the products 

between the stoichiometric coefficients, υ`,_, of reactant, j, in forming of species, i, and the DRC 

of the species i:218 

δ` = −Tpυ`,_X_)
_

(7.7) 

The DRC of a catalyst-bound reaction intermediate, n, can be calculated as the product of its 

coverage, θH , and a proportionality constant, σ:219 

XH = −σθH	 (7.8) 
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where σ is a weighted average of step site requirements, defined as the negative sum of the 

products between the DRC of transition state, i, and the number of catalyst sites, ni, required for 

step i:219 

σ = −T(X_n_)
_

. (7.9) 

Apparent activation energy is the weighted sum of the standard-state enthalpies of all species 

(Hi0) weighted by their DRCs:207 

E<gg = RT +T(X_H_5

_

), (7.10) 

where R and T are the universal gas constant and temperature, respectively.  

Typically, these equations are applied by calculating the degrees of rate control via a 

fully developed microkinetic model and then using DRC values to solve for expected values. If 

the equations are considered in a reverse manner, the experimentally observed values could offer 

insight into the kinetics of a reaction of interest. In this work, we show how experimental 

information may be used to extract information on the DRCs and reaction energetics of a 

multistep catalytic reaction of interest. 

7.2.2  Results and Discussion 

Three cases are considered to clarify the relationship between reaction kinetics and 

solvability of these equations if certain experimentally observed values are known. Note that, 

even for complex reaction schemes, only a limited number of steps are rate-limiting, and 

previous work has shown that a generalized two-step reaction scheme very often may be used to 

simplify and understand most steady-state heterogeneously catalyzed reactions.182,217 

Case 1 
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In the first case, we assume that a reaction of interest where this 2-step approximation is valid, so 

that it has only one high-coverage intermediate, and one transition state with a high DRC. We also 

assume that the reaction of interest has two reactants. This gives us two equations for the apparent 

reaction orders: 

δh) =	−�υh),i	Xi + υh),jA	XjA�	 (7.11) 

δh( =	−�υh(,i	Xi + υh(,jA	XjA�, (7.12) 

where R1 and R2 are reactants 1 and 2, TS is the rate-determining transition state, and I is the high-

coverage intermediate. An additional equation may be written if coverage of this most abundant 

surface intermediate is known:  

Xi = XjAnjAθi, (7.13) 

where θi is the fractional coverage of the intermediate. If the apparent activation energy is also 

measured at the same conditions as the coverage and apparent reaction orders, it may be expressed 

in terms of DRCs:  

E<gg = RT + XiHi5 + XjAHjA5 	. (7.14) 

Combining equations (7.7) (twice, one for each reactant) and (7.8), the degrees of rate control may 

be calculated directly from these three measured linetic parameters, and the number of sites 

required for the step involving the most rate-controlling transition state may also be extracted. The 

apparent activation energy has two additional unknowns: the standard-state enthalpies of the 

intermediate and transition state. The standard-state enthalpy of the intermediate may be measured 

(and often has been measured already) or calculated theoretically, in which case the standard-state 

enthalpy of the key transition state may be extracted. See Table 7.1 for details of the equations and 

solvability of this Case 1.  
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Case 2 

 The next case to consider is one in which we assume that a reaction has one high-coverage 

intermediate and two transition states with high DRC values. See Case 2 in Table 7.2 below for 

details of the equations and solvability of this case. By adding a second rate-controlling transition 

state, the number of apparent reaction order and coverage equations does not change; therefore, to 

solve for the DRCs of the intermediate and transition states, the number of catalyst sites required 

must be assumed for the two steps in which the transition states are involved. Because the number 

of transition states required for elementary may be assumed if some reaction mechanism is 

assumed, the DRCs of the three species of interest may be extracted based on apparent reaction 

order and coverage data alone. Even if the apparent activation energy is measured and the standard-

state enthalpy of the intermediate is known, the standard-state enthalpies of the two transition states 

cannot be calculated with the single apparent activation energy equation. To solve for the transition 

state standard-state enthalpies, a second equation may be generated by measuring the apparent 

activation energy at a different temperature, where the apparent activation energy differs from the 

original equation. Figure 7.4 shows that, based on the Arrhenius equation, the apparent activation 

energy changes rapidly as a function of temperature in some regions; although, note that some 

temperature ranges have a nearly constant apparent activation energy. By choosing to measure the 

apparent activation energy at two different temperature regimes, two activation energy equations 

may be generated, and the standard-state enthalpies of the transition states may be extracted. Note 

that at different temperatures, the degrees of rate control will change, but recall that they can be 

determined independently using coverage and apparent reaction order data. 

 

 



 119 

Case 3 

 In the last case, the complexity is increased by adding a second high-coverage intermediate, 

so that we assume a reaction of interest has two high-coverage intermediates and two transition 

states with high DRCs. See Case 3 in Table 7.3 for details of the equations and solvability of this 

case. The DRCs for all four species may be extracted based solely on apparent reaction order and 

coverage data. To extract standard-state enthalpies of all four species, the apparent activation 

energy must be measured in at least two different temperature regimes. The extracted DRC and 

standard-state enthalpy values offer insights into the reaction kinetics, without a large 

computational or experimental cost. In some cases, these experimental values may already be 

known or measured for a reaction, and it may be valuable to demonstrate to experimentalists how 

to use their data to gain deeper-level kinetic understanding about their reactions of interest.  
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7.3. Figures 
 

 
Figure 7.1. (a) A 2-descriptor volcano plot of the methane steam reforming reaction rate per 

surface site (TOF in s-1),210 with the specific locations of transition metal catalysts within this 

“materials space” marked. The dotted line indicates the location of the plot shown in Figure 7.2.  

(b) DRC map for high-coverage intermediates in methane steam reforming,210 plotted in the 

same descriptor space as the volcano plot in part (a). The color at each point is weighted by 

degrees of rate control for intermediates C*, CO*, and O*. 

  

  

(a) (b) 
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Figure 7.2. A 2D representation of the volcano plot for Ec* = 3.5 eV. Points A and B are marked 

for demonstrative purposes that are described in the text. See Figure 7.1 to see the location of 

this line on the volcano plot.   
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Figure 7.3. Coverage of intermediates versus one single descriptor. Plot (a) shows where EO* = 

2.0 eV in Figure 7.1b and plot (b) shows where EC* = 1.0 eV in Figure 7.1b. Note that C* 

occupies different sites that CO* and O*, so that the sum of CO* and O* coverages may be as 

large as 1 no matter how high is the C* coverage. 

 

  

(a) 
(b) 
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Figure 7.4. (a) Arrhenius plot for CO2 hydrogenation on Cu(211) at 30 bar from 400 to 700 K. 

The apparent activation energy at 450K is shown as well as the line of best fit that was used to 

solve for the slope and apparent activation energy. (b) Plot of the activation energy versus 1/T 

for the same temperature range as shown in (a). 
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7.4  Tables 
 
 
Table 7. 1.  Case 1: One high-coverage intermediate and one transition state with high DRC 

Intermediate = I; Transition state = TS; Reactants 1 and 2 = R1, R2  
Reaction orders 
 

δh) =	−�υh),i	Xi + υh),jA	XjA� 
δh( =	−�υh(,i	Xi + υh(,jA	XjA� 

 
Coverage 
 
σ = −XjAnjA  à  Xi = −σθi 

Xi = XjAnjAθi 
 
Apparent Activation Energy 
 

E<gg = RT + XiHi5 + XjAHjA5  
Case  Known / 

Measured Kinetic 
Parameters 

Unknowns  Number of 
Equations  

Solvability  

Considering 
only reaction 
order and 
coverage 
equation 

δh), δh( 
υh,`	x 4 
θi  

Xi, XjA 
njA  

3 Well-defined 
(Assuming 2 
reactants; e.g. if 
1 reactant, 
system is 
underdefined but 
can solve for 
DRCs if njA is 
known) 

Including 
apparent 
activation 
energy 

δh), δh( 
υh,`	x 4 
θi  
E<gg  

Xi, XjA 
njA  
Hi5, HjA5   

4  Underdefined, 
but given Hi5,can 
solve for HjA5  
OR use two E<gg 
equations i.e. at 
two temps like 
last calc in Case 
2 above 
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Table 7.2.  Case 2: One high-coverage intermediate and two transition states with high DRC 

Intermediate = I; Transition states = TS1, TS2; Reactants = R1, R2  
Reaction order 
 

δh) =	−�υh),i	Xi + υh),jA)	XjA) + υh),jA(	XjA(� 
δh( =	−�υh(,i	Xi + υh(,jA)	XjA) + υh(,jA(	XjA(� 

 
Coverage 
 
σ = −[XjA)njA) + XjA(njA(]   à  Xi = −σθi 
 

Xi = [XjA)njA) + XjA(njA(]θi 
 
Apparent Activation Energy 
 

E<gg = RT + XiHi5 + XjA)HjA)5 +	XjA(HjA(5  
 
 
Case  Known / 

Measured 
Unknown  Number of 

Equations  
Solvability  

Considering 
only reaction 
order and 
coverage 
equation 

δh), δh( 
υh,`	x 6 
θi  

Xi, XjA), XjA( 
njA), njA(  

3 Underdefined if  
njA’s not 
known; well-
defined if given 
njA’s  

Including 
apparent 
activation 
energy 

δh), δh( 
υh,`	x 6 
θi  
E<gg  

Xi, XjA), XjA( 
njA),  njA( 
Hi5, HjA)5  , HjA(5  

4 Underdefined: 
even if given 
Hi5,can’t solve 
for HjA5 ’s – may 
generate two 
E<gg equations 
and use those to 
solve 
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Table 7.3. Case 3: Two high coverage intermediates and two transition states with high DRC. 

Intermediates = I1, I2; Transition states = TS1, TS2 ; Reactants = R1, R2  
Reaction order 
 

δh) =	−�υh),i)	Xi) + υh),i(	Xi( + υh),jA)	XjA) + υh),jA(	XjA(� 
δh( =	−�υh(,i)	Xi) + υh(,i(	Xi( + υh(,jA)	XjA) + υh(,jA(	XjA(� 

 
Coverage 
 
σ = −[XjA)njA) + XjA(njA(]   à  Xi = −σθi 
 

Xi) = [XjA)njA) + XjA(njA(]θi) 
Xi( = [XjA)njA) + XjA(njA(]θi( 

 
Apparent Activation Energy 
 

E<gg = RT + Xi)Hi)5 + Xi(Hi(5 + XjA)HjA)5 +	XjA(HjA(5  
 
 
Case  Known / 

Measured 
Unknown  Number of 

Equations  
Solvability  

Considering 
only reaction 
order and 
coverage 
equation 

δh), δh( 
υh,`	x 8 
θi) , θi( 

Xi), Xi( , XjA), 
XjA( 
njA), njA(  

4 Underdefined if  
njA’s not 
known; well-
defined if given 
njA’s  

Including 
apparent 
activation 
energy 

δh), δh( 
υh,`	x 8 
θi  
E<gg  

Xi), Xi( , XjA), 
XjA( 
njA), njA( 
Hi)5 , Hi(5 ,  HjA)5  , 
HjA(5  

5 Underdefined: If 
given Hi5’s, can 
solve for HjA5 ’s 
given two E<gg 
equations (need 
4 if Hi5’s not 
known) 
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Chapter 8. Conclusions and Future Outlook 

 The work presented above is motivated by the hugely important role that heterogeneous 

catalysts play in nearly all important chemical production processes, in enabling more 

environmentally-friendly chemical and energy technologies, and in combatting and mitigating 

the effects of unsustainable processes. The work presented above focuses on understanding the 

fundamental energetics of metal nanoparticles supported on oxide and carbon materials in order 

to enable catalyst design in two ways: (1) Measurements of model catalyst energetics in UHV 

serve as benchmarks for DFT calculations, in an effort to improve their accuracy in calculating 

theoretical energies so that they can be used and trusted for fast computational catalysis research 

and screening. (2) Measured adhesion energies for different metal / support system combinations 

can be used to predict adhesion energies (and therefore chemical potential versus size) of metal / 

support systems, which is a tool for tuning catalyst structure to improve its properties and 

performance behavior, to increase the efficiency of catalyst screening and research.   

 In Chapter 3, the energetics and nanoparticle growth of Pd / graphene / Ni(111) are 

investigated using SCAC and He+ LEIS, respectively. Based on the measured heats of adsorption 

and particle sizes, the chemical potential of the nanoparticles as a function of size is calculated 

and reported. From the chemical potential versus size, the adhesion energy of Pd to graphene / 

Ni(111) is calculated to be 3.5 J/m2 using the HCM. This adhesion energy was later updated to 

2.51 J/m2 using the SCM, and the Pd particles were calculated to have a contact angle of 73°.38 

The adhesion energy is compared to that of Ag and Ni on graphene / Ni(111), which had 

previously been measured using the same experimental methods. A linear trend is observed 

between the adhesion energy of late transition metals to graphene / Ni(111) and the 

carbophilicity of the metals, which can be estimated using DFT calculations. This trend allows 
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adhesion energies to be predicted for other late transition metals on graphene / Ni(111), which is 

an exciting step in the direction of predicting adhesion energies and catalyst behavior for metal 

nanoparticles on more carbon-based supports. As discussed above, because the graphene is only 

a single atom thick, the underlying Ni atoms are likely able to interact with the metal 

nanoparticles on the surface of the graphene (in this case, Pd), and affect the resulting adsorption 

and adhesion energies. Because of this, it would be particularly important and interesting to use 

the methods that are described in this work to study metal adhesion energies on graphite, to 

eliminate the effect of the underlying metal support, which would likely cause the adhesion 

energies to be lower than those observed on graphene / Ni(111).  

 Chapter 4 investigates the energetics of Cu / rutile-TiO2(100). As in Chapter 3, the heats 

of adsorption and particle growth morphology is shown and used to determine the chemical 

potential versus size of Cu nanoparticles on this support. In this case, the adhesion energy is 

calculated to be 3.57 J/m2 with the HCM, then the results of the HCM are used to determine the 

SCM fit to the data, which results in an updated adhesion energy of 2.50 J/m2 with a contact 

angle of 67°. The procedure applied equations that had recently been published calculate the 

SCM from the HCM, and showed that this method, which is much simpler than determining the 

full SCM fit, can be used to accurately determine the best SCM fit parameters. Comparing the 

final adhesion energy with the previous measurements of Ag / rutile-TiO2 shows that the 

adhesion energy tends to scale linearly with the oxophilicity of the metal, which is consistent 

with previous trends that have been observed on oxide surfaces. 

  In Chapter 5, the proportionality constant for this rutile-TiO2(100) trend is reported, and 

shown alongside the previously-reported proportionalities on MgO(100) and CeO2(111). These 

three trends can be used to predict the adhesion energies of late transition metals on these three 



 129 

surfaces based only on the oxophilicity of the metal but cannot predict adhesion energies across 

different oxide supports. To predict adhesion energies across oxide supports, the slope of the 

adhesion energy versus oxophilicity proportionalities for the three oxides are correlated to two 

descriptors: (1) the heat of the reduction of the oxide to its next lower oxidation state, and (2) the 

oxygen vacancy formation energy. Both descriptors exhibit a linear correlation with the slope of 

the adhesion energy vs. oxophilicity proportionality. Unlike the heat of reduction, the oxygen 

vacancy formation energy is surface specific, so it is the preferred descriptor, but it depends on 

having a reliable DFT calculation. For surfaces that do not yet have reliable or reported oxygen 

vacancy formation energies, the heat of reduction value may be used to estimate the oxygen 

vacancy formation energy, because, as shown in Chapter 5, the differences in the oxygen 

vacancy formation energies for different surfaces of the same oxide is much smaller than the 

differences in the heat of reduction values for different oxides. Based on the observed 

correlations, the adhesion energies of six different metals on six different oxide surfaces are 

scaled to a single trendline, which finally allows the adhesion energies of metals to be predicted 

across oxide surfaces. To estimate the adhesion energy of any given late transition metal on any 

given oxide, the only descriptors required are the oxophilicity of the metal (reported in ref.38) and 

the oxygen vacancy formation energy or heat of reduction of the oxide to its next lower oxidation 

state.  

 The measurements reported above are excellent benchmarks for theoreticians because 

they are performed on systems that are clean and ordered and, therefore, simplest to model 

theoretically. Heterogeneous catalyst systems are still difficult to model accurately using DFT, 

and theoreticians rely on benchmark data like those reported in Chapters 3 and 4 to improve and 

verify their methods. Experimentation alone is not fast and efficient enough to keep up with the 
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growing demand and growing standards required of catalysts, so improving theoretical 

techniques is an important effort that could drastically decrease the time required to find the best 

catalysts for any given application. In the meantime, the trends reported in Chapters 3 and 5 can 

give an estimate of the adhesion energies of metals on oxides and graphene / Ni(111), which can 

in turn be used to estimate the chemical potential of these systems, which predicts properties 

such as sintering resistance and activity. The trends can be used to tune catalyst properties by 

tuning their composition and can also be used to screen for catalysts that might have promising 

properties for a given application. Due to the complex nature of heterogenous catalysts and the 

reactions that occur on them, a multidisciplinary approach is essential for making the best 

possible progress, and the work presented here is meant to be a building block in the research 

effort enabling more and better catalysts for critically important applications. 

 Chapter 6 describes the efforts to continue the important work of a unique small molecule 

single-crystal adsorption calorimeter. In Chapter 7, it is shown that degree of rate control 

analyses are very powerful tools for catalysis research, especially in understanding how kinetics 

are affected by the energetics of key species. 
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