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Zussamenfassung 

Grenzflächen haben in einer Reihe von Materialien Ausdehnungen im Nanometerbereich und spielen 

typischerweise eine Schlüsselrolle für die Eigenschaften von Verbundmaterialien. Das Verständnis der 

Thermodynamik und der Wärmeübertragung durch die Grenzflächen ist eine entscheidende 

Herausforderung für das Design und die Konstruktion von Verbundwerkstoffen. Zum Beispiel wurden 

graphenhaltige Polymerverbundwerkstoffe häufig verwendet, um die thermischen Eigenschaften um 

Größenordnungen zu verbessern. Sie haben aber die hohen Erwartungen, hauptsächlich aufgrund des 

thermischen Widerstands an der Grenzfläche, noch nicht erfüllt. Die Simulation dieser Systeme bietet 

sicherlich die Möglichkeit, wertvolle Einblicke in die Physik an der Schnittstelle zu gewinnen und 

einige offene Fragen zu beantworten. 

Die Simulation dieser Systeme ist jedoch nicht trivial und erfordert die Überwindung von zwei großen 

Hürden. Das erste Problem besteht darin, dass die Schnittstelle mit geeigneten Modellen korrekt 

beschrieben werden muss, um einen realistischen Vergleich mit den Experimenten durchzuführen. 

Zweitens gibt es ein Skalenproblem; wenn man versucht, diese komplexen Systeme mit der höchsten 

Auflösung in allen chemischen Details zu modellieren, erstrecken sich die relevanten physikalischen 

Probleme oft über Längen- und Zeitskalen, die außerhalb der gegenwärtigen Rechenleistungen liegen. 

In dieser Doktorarbeit befasse ich mich mit den beiden oben genannten Problemen, mit der genauen 

Beschreibung der Wechselwirkung zwischen den Komponenten und damit, wie man vergröberte 

Modelle dafür ableitet. Dadurch erhalten wir ein detailliertes Verständnis darüber, welche 

Veränderungen die vergröberte Darstellung an den Fest-Flüssig-Grenzflächen bewirkt. 

Die vorliegende Dissertation zielt darauf ab, ein grundlegendes Verständnis der Fest-Flüssig-

Grenzflächen zu erlangen und ein Verfahren vorzuschlagen, das die Simulation großer Systeme von 

Teilchennetzen ermöglicht, die von einer fluiden Komponente umgeben sind. Zu diesem Zweck 

befassen wir uns zunächst mit Details der Grenzflächenthermodynamik, indem wir Fest-Flüssig-

Grenzflächen von graphenhaltigen Systemen untersuchen. Dann erweitern wir diese Studie auf 

vergröberte Flüssigkeitsmodelle, um im Detail zu untersuchen, wie sich das Grenzflächenverhalten  

dadurch verändert. Wir beobachten vor allem, dass der entropische Anteil der freien Energie durch 

diese Art der Auflösung nicht genau reproduziert wird. Wir haben gelernt, dass zur präzisen 

Darstellung der Schnittstellen sowohl die Wechselwirkungsenergie als auch ihre Fluktuationen 

reproduziert werden müssen. 

Mit diesen Erkenntnissen schlagen wir einen Ansatz vor, um Graphenpartikel an der Wasser-Öl-

Grenzfläche zu simulieren. Unter Verwendung des makroskopischen Benetzungskoeffizienten als 

relevanten Parameter wurde ein einfacher Ansatz zur Ableitung von Fest-Flüssig-
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Wechselwirkungselementen vorgeschlagen und getestet. Durch Simulationen mit verscheidenen 

Werten des Benetzungskoeffizienten konnten wir bestätigen, dass die Bedingungen für die Adsorption 

von Teilchen mit makroskopischen Vorhersagen übereinstimmen. Es wird weiter gezeigt, dass der 

vorgestellte Ansatz für atomare und grobe Auflösungen von Flüssigkeiten gleich gut funktioniert. 

Im nächsten Schritt wurde eine detaillierte Studie zum Einfluss der Wasser-Grobkörnung auf den 

Wärmeübergang über Wasser-Graphit-Grenzflächen durchgeführt. Durch die Berechnung der 

Grenzflächenwärmeleitfähigkeit (G) haben wir die Unterschiede in der Wärmeübertragung für 

atomare und grobe Auflösung von Wasser bei unterschiedlichen Benetzungsstärken untersucht, die 

von hydrophob bis schwach hydrophil reichen. Ziemlich überrascht beobachten wir, dass ein 

vergröbertes Modell von Wasser ausreichend ist, um G zu berechnen. Diese wichtige Erkenntnis 

bedeutet, dass die Wärmeübertragung über die Fest-Flüssig-Grenzfläche hauptsächlich im 

Niederfrequenzbereich stattfindet und Hochfrequenzmoden (oder Freiheitsgrade), die durch eine 

Vergröberung entfernt werden, nur einen geringen Einfluss haben. 

Die obigen Erkenntnisse werden uns in die Lage versetzen, komplexe Systeme (bis zu 100 nm) von 

Graphen an Wasser-Öl-Grenzflächen zu modellieren und uns weiterhin ermöglichen, den 

Wärmetransfer über Teilchennetzwerke zu charakterisieren. Die hier durchgeführten Computerstudien 

könnten die Bemühungen zur Entwicklung von Ansätzen in der Multiskalenmodellierung vorantreiben 

und dazu beitragen, offene Fragen im Bereich des Wärmetransfers und der Selbstorganisation in 

Polymernanokompositen zu beantworten. 
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Summary 

Interfaces are ubiquitous at the nanoscale in a range of materials and typically play a key role in 

determining the composite material properties. Understanding the thermodynamics and heat transfer 

across interfaces is a crucial challenge in composite material design and engineering. For instance, 

graphene-based polymer composites have been hyped to render orders of magnitude enhancement in 

thermal properties but have not yet lived up to the promise, primarily due to the thermal resistance 

arising at the interface. Simulating these systems certainly provides a way to gain valuable insights 

into physics at the interface and can answer some outstanding questions.  

However, simulating these systems is non-trivial and offers two major hurdles. The first issue 

is that the interface must be properly represented using suitable models to perform a realistic 

comparison with the experiments. The second problem is that of the scale, i.e., if one aims to model 

these complex systems at the highest resolution with all the chemical details inserted, the relevant 

physical problems often span length and time scales that are out of reach of the state of the art 

computational power. We address the above two problems in this thesis, i.e., how to represent 

interactions between various species faithfully and two, how to derive coarse-grain models 

accordingly. Furthermore, we also obtain a detailed understanding of what changes coarse-graining 

brings to the solid-liquid interfaces.    

The current thesis aims to obtain a fundamental understanding of the solid-liquid interfaces and 

to propose a framework that allows simulation of large systems of particle networks surrounded by a 

fluid component. To this end, we first address the nature of interfacial thermodynamics by studying 

solid-liquid interfaces of graphene-based systems. Then we extend this study to coarse-grained models 

of liquids to study in detail how the interfacial behavior is modified on coarse-graining. We primarily 

observe that the entropic part of the free energy is not accurately reproduced up on coarse-graining. 

We have learnt that, to accurately represent the interfaces, one needs to reproduce both the interaction 

energy and its fluctuations.  

Using these insights, we propose an approach to simulate graphene particles at the water-oil 

interface. By relying on the macroscopic wetting coefficient as the relevant wetting parameter, a simple 

approach to derive solid-liquid interaction parameters was proposed and tested. By simulating at 

various values of the wetting coefficient, we were able to confirm that the regime, for which the 

particles adsorb, is consistent with the macroscopic predictions. It is further shown that this approach 

works equally well for atomistic and coarse-grained models of liquids.  
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In the next step, a detailed study on the influence of water coarse-graining on the interfacial 

heat transfer across water-graphitic interfaces has been conducted. By computing the interfacial 

thermal conductance (G), we evaluated the differences in heat transfer for atomistic and coarse-grained 

water at different strengths of wetting ranging from hydrophobic to mildly hydrophilic. Quite 

surprisingly, we observe that a coarse-grained model of water is sufficient to compute G. This 

important insight means that, heat transfer across solid-liquid interface is mainly in the low frequency 

regime and removing high frequency modes (or degrees of freedom) by coarse-graining has only a 

nominal influence.  

The above insights will enable us to model large scale systems (up to 100nm) of graphene at 

water-oil interfaces and further will allow us to characterize heat transfer across networks of particles. 

The computational studies performed here will further the efforts to develop approaches in multiscale 

modeling and will assist in addressing outstanding questions in the areas of heat transfer and self-

assembly in polymer nanocomposites. 
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1.1 Motivation 

 

Polymer nanocomposites (PNCs) are an interesting class of materials that opened new avenues like 

flexible electronics, advanced prosthetics, transparent conductive films, and self-healing materials. 

Even in modern electronics, PNCs with their tunable conductivities (both thermal and electrical) 

gained significant importance. For instance, Moore’s law,1,2 advent of the novel computing 

architectures (like three-dimensional3 and neuro-morphic4–6 architectures) have resulted in a great 

surge in transistor density (several 100 billion/mm2) in computer microprocessors. For shrinking 

components as well high-density architectures, efficient dissipation has remained a severe bottle 

neck7,8,9 for any serious practical implementation or industrial scaleup. Polymer nanocomposites 

appeared to be tailor-made choices as thermal interface materials (TIMs) to channel efficient heat 

dissipation,10,11 so as to avoid over-heating or even melting of the computer chips. Particularly, 

graphite12 and carbon nanotube (CNT)13,14 based materials appear to be a natural choice, as they 

seemingly combine the positive features of both nanoparticles (high thermal/electric conductivity >105 

times that of polymers)15 and polymers (low density, cost and high mechanical flexibility)16 while 

discarding undesirable features of each.  

 
Figure 1. Artistic rendering of a polymer nanocomposite, where particles (a) form aggregates (b) are 

well dispersed (c) form inter-connected networks. (d) shows a close-up rendering of particle 

connectivity obtained from molecular dynamics simulations.  

 

However, studies revealed that, the composite thermal properties are rather meek (up to tens of percent 

points) and far from the predictions made by the effective medium theories.17,18 This lead to the belief 



 

    
VRA © 2018 18 

 

      

that the cumulative properties obtained by fusing polymers and nanoparticles together, are not a trivial 

mean of the properties but arise from a complex interplay of structural and mutual interaction strengths. 

For instance, the presence of contrasting phonon density of states at the interface between polymer and 

nanoparticle result in poor vibrational coupling,19 added channels of scattering and consequently to 

poor heat transfer across the interface. The interfacial resistance depends on the nature and strength of 

the interaction between the polymer and nanoparticle, the interfacial structure, and roughness among 

other things.20,21 In general, the properties of nanocomposites are a direct function of the spatial 

distribution of nanoparticles embedded in the polymeric system, and the interaction strengths among 

each of the species involved. As depicted in Figure 1, depending on the mutual interaction strengths 

the particles might from conglomerates (Figure 1a), disperse well within the polymer matrix (Figure 

2a) or the particles might form a network like arrangement (Figure 3a).  A typical interface formed 

between nanoparticles and the surrounding fluid is shown in Figure 1d. The image illustrates the 

complex structures and interactions that are at play. In the next section, we dig a little deeper into the 

heat transfer mechanisms through the interface and challenges that need to be overcome. 

 

1.2 Physics at the interface 

 

Heat transfer in crystal materials and polymers takes place through very different mechanisms.22 

Crystals have well defined periodicities and heat propagation takes place via the pseudo particles 

known as phonons.23 Phonons correspond to allowed discrete vibrational modes in a periodic system. 

Phonons behave very much like a wave, they propagate, superpose with one another and scatter, 

transferring energy in the process. In low dimensional materials24 like CNTs25,26 and graphene,27 the 

phonons possess unique features, like large mean free paths (100s of nm due to the absence of any 

scattering channels), ultra-high group velocities (>104 m/s, owing to the strong sp2 C-C bonds) making 

them highly conductive (up to 2000-5000 W/mK). Most of the unusual properties in these carbon 

allotropes arise from the flexural acoustic modes known as ZA modes.28 These vibrational modes 

characterizing conductivity are given by the dispersion curves and are dependent on the atomic 

interactions and coordinates. Typically this information is obtained by modeling Phonon interactions 

and propagations through Boltzmann transport equation (BTE)29 or non-equilibrium Green’s 

function.30,31  

In contrast, theory of thermal properties in liquids (either heat capacity or thermal conductivity) or 

amorphous polymers is not well established so far. Heat transfer in liquids is dominated by weak 

intermolecular interactions leading to low group velocities and thermal mean free paths resulting in a 

diffusive means of transport (as opposed to ballistic). Resolving heat transfer in liquids into various 
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vibrational modes reveals localized bonded vibrations, vibrations arising from van der Waals (vdW) 

interactions and hydrogen bonds to be the major carriers of heat.32,33,34,35 An important feature of these 

vibrations is that, they are all localized modes having short mean free paths and therefore result in low 

values of thermal conductivities in liquids. These several different vibrational modes are separable into 

two regimes based on their frequencies relative to the Frenkel frequency (ωF). The modes having 

frequencies greater than ωF are strictly localized vibrations and the remaining low frequency vibrations 

could be treated as diffusion like modes. In the recent years, a phonon theory of liquid 

thermodynamics36,37 has been proposed relying on the above distinctions and paved a way for a 

complete and satisfactory theory of heat transfers in liquids too. 

Considering the contrasting features of heat transfer mechanisms in solid and liquids, it is indeed not 

straightforward to predict or explain the observed enhancement in thermal properties in 

nanocomposites that feature solid-liquid interfaces (the term solid-liquid interface will be used 

interchangeably with nanoparticle-polymer interface). In fact, various mechanisms have been 

proposed to address the conductivity enhancement in nanofluids, explanations ranging from Brownian 

motion based mechanisms, formation of nanolayers, heat transfer aided by thermal diffusion, 

enhancement produced by particle-particle collision to mechanisms proposing heat channeling through 

percolation network of particles.38–41 However, in polymer based composites, there is little to no fluid 

motion and the entire conductivity enhancement can be attributed to the formation of percolation 

networks.22,42–45,46,47  These percolation networks of particles theorized to channel heat or electrons 

effectively and enhance conductivity are now arguably the most dominant pathways to heat transfer. 

The conductivity in these composites was found to follow a scaling law with concentration of the 

nanoparticles as predicted by the percolation theories,45,48,49 buttressing the idea of percolation further. 

Therefore, these network formations raised curiosity and renewed interest in synthesizing conductive 

polymer nanocomposites.  Boosted by the idea of percolation phenomenon, several papers47,49–57 

appeared in the literature in the past few years reporting significant enhancement of up to an order of 

magnitude in the composite conductivity.  

However, it was observed that there was a striking change in the magnitude of electric 

conductivity at percolation threshold but the same was not seen in case of thermal conductivity.42 In 

fact, thermal conductivity showed only a slight jump whereas electric conductivity has shown an 

increment of a few orders of magnitude. The difference can be qualitatively explained by comparing 

the transmission probabilities58 that determine the conductance across an interface. Heat transfer 

requires perfect matching of vibrational modes across the interface between polymer and nanoparticle 

(which have contrasting vibrational modes) and large contact areas between nanoparticles, which 

means very low probability of transmission. Whereas, electron transmission probabilities across an 
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interface are close to unity. An alternative explanation was provided by Shenogina and coworkers,18 

who pointed out that the ratio of electric conductivities of nanoparticle and polymer is very high (>1012) 

when compared to the ratio of thermal conductivities (~104). Based on continuum heat transfer models, 

this difference in ratio was shown as a possible mechanism for the lack of thermal percolation. 

Although the above explanations provide qualitatively satisfactory explanation, a quantitative one is 

lacking as the detailed mechanisms of heat transfer through networks of particles embedded in 

polymers is still missing.  

Therefore, the key mechanisms to explain the above discrepancy and to attain deeper 

understanding of the heat transfer lie at the interface. Several studies have revealed the importance of 

the interface, its role in determining the thermal conductance and how it could be tuned.20,21,59–70 

Hence, to obtain detailed understanding of heat transfer across a network of particles using simulations, 

one needs to model the interfaces accurately, which forms the central topic of this thesis.  

Another issue that arises often while synthesizing networks of graphene, carbon nanotubes or 

other low dimensional materials is that the materials must be appropriately functionalized to achieve 

proper dispersion. As already well known, functionalization leads to defects in these pristine 2D 

materials with unique properties, ultimately leading to scattering and unwanted dissipations. To 

overcome the issue of functionalization, plenty of research groups resorted to self-assembly at liquid-

liquid interfaces. Immiscible liquid-liquid interfaces are highly energetic (water-oil interface has a 

surface tension of about 50 mJ/m2 at room temperature) and are ready to be replaced by particles that 

tend to lower the overall free energy. Therefore, when nanoparticles are introduced at such interfaces, 

they act as surfactants and readily migrate to the interface. Self-assembly of few layer graphene and 

graphene oxide at water-oil interfaces have been particularly exploited a lot experimentally to 

synthesize very thin conducting films of nanoparticles that could later be used as a template to be 

further down processing in polymer nanocomposites. Interfacial self-assembly arises from the subtle 

balance of interactions arising from different interfaces and requires that these balances be reproduced 

faithfully. 

Both the above requirements, i.e., understanding heat transfer across the interfaces and 

attaining self-assembly at liquid-liquid interfaces, demonstrate the need for faithful representation of 

the solid-liquid interfaces. It is evident that further investigations are necessary to understand the nature 

of connectivity among the particles, to achieve greater control over the formation of these networks 

and ultimately to assist proper selection of the materials to manufacture composites with desirable 

properties. Molecular simulations can be of considerable avail to address problems at this scale. They 

have been proven to provide fundamental insights into the microscopic structures, formations of 

dispersed particles by allowing us to take a deeper look. However, the above problems discussed 
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cannot simply be modelled at a single scale owing to the many time and length scales that need to be 

addressed. To this end, we discuss multi-scale modeling in the next section. 

 

1.3 Multi-scale modeling 

 

1.3.1 Continuum models 

Continuum models typically address problems at the macroscopic scale (μm-m) although at a very low 

resolution.  Continuum approaches have proven to be useful to solve well-established partial 

differential equations (PDEs) with complex boundary conditions. At the nanoscale continuum 

approximations break down and therefore, continuum-based models usually introduce tunable 

effective parameters (like thermal resistance) to represent interfaces. A few continuum-based methods 

have so far been applied to study heat transfer problems and compute effective thermal conductivity 

of nanocomposites. In Finite element71,72 based or Monte-Carlo73 based techniques, the interfacial 

resistance between the solid and liquid is taken as an input quantity and while assuming a distribution 

of nanoparticles of certain shapes and sizes, the effective conductivity of the composite was evaluated 

based on a simple heat transfer model. Continuum methods were also coupled with the atomistic 

simulations by representing certain regions at atomistic resolution and remaining regions at low 

continuum resolution.74 In addition, analytical effective-medium theories with fitting parameters have 

been used to interpret composite conductivity.75,76,77 In either of the above-mentioned methods, 

information obtained at the atomistic scale is crucial and continuum methods alone cannot be applied 

to study heat transfer at the nanoscale. 

  

1.3.2 Particle-based models 

Molecular simulations have not only enhanced our understanding of the equilibrium properties, but 

they are able to provide profound insight into systems driven by non-equilibrium processes as well. 

Furthermore, these simulation tools (Molecular Dynamics (MD) to Dissipative Particle Dynamics 

(DPD)) allow us to study the dynamic transport properties of complex systems and to gain a deeper 

understanding of various driving forces in action at the nm-μm regime.  

Particle based simulations is an umbrella term that includes a wide variety of simulation methods 

spanning different length scales and resolutions, ranging from ab-initio MD (sub nm) to all the way up 

to DPD and Smooth Particle Hydrodynamics (SPH) which deal with problems at the macroscale (from 

μm to all the way up to intergalactic scale). Below we discuss few examples from the literature where 

particle-based simulations provided valuable insights into self-assembly and thermal transport at the 

nanoscale.  
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 Nature of interactions Typical models/methods Resolution 

0 Solution of Schrödinger’s wave equation 

– particles are waves 

Electron density based functionals/ 

Plane waves 

The smallest 

resolution  

1 Intramolecular–very strong SR harmonic potentials, many-body AT, CG 

2 Electrostatic – strong, LR Inverse square law AT, CG 

3 Dispersion interactions – weak, SR Lennard-Jones potential AT, CG 

4 Colloidal – weak, SR Yukawa potential, Hamaker based Mesoscale 

5 Fluctuating Hydrodynamic DPD, SPH, LLNS Mesoscale 

6 Hydrodynamic CFD (FE, FV, FD) Macroscale 

 

Table 1. Summary of various interactions, typical models used and applied resolutions.  The 

numbering on the column loosely indicates the increasing length scale at models are relevant. AT refers 

to fully atomistic level, CG is coarse-grained, SR is short-ranged, LR is long-ranged, SPH is Smoothed 

Particle Hydrodynamics, CFD is computational fluid dynamics, FE, FV and FD refer to Finite-element, 

volume and difference methods respectively. LLNS refers to the Landau-Lifshitz-Navier-Stokes 

equation. 

 

Self-assembly phenomenon 

Studies on self-assembly of spherical nanoparticles78,79,80 embedded in a polymer matrix revealed that, 

by tuning various interaction strengths one can easily control the amount to which the particles disperse 

or aggregate. Studies have been extended to morphologies other than spheres81,82 and by 

functionalizing nanoparticle surfaces or polymers with chains of atoms.83,84  In an interesting study 

self-assembly of ionic nanoparticles was studied at the oil-water interface.85 These studies revealed to 

us that various configurations of particles that control the properties of the composite can be easily 

tuned by changing the interactions, morphologies and functionalizations. The above studies were 

limited to model systems and studies on more realistic systems were performed to understand how 

solvent influences particle dispersion by computing the exfoliation properties.86–91 Exfoliation energy 

and potential of mean force profiles for particles in a solvent provide excellent guides to choosing a 

suitable solvent to obtain a chosen spatial distribution of particles. The above systems had to be limited 

to small simulation domains and limited number of nanoparticles due to serious computational 

constraints. Large networks of CNTs (up to 1.5 million particles) were simulated to perform electrical 

conductivity studies recently,92 however by using generic models for polymers and CNTs based on a 

self-consistent field approach. There also have been attempts to simulate composite systems of 
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multiple graphene sheets in polymers to understand the dynamics, structural properties and dispersion 

of graphene sheets93–97, but only with limited success.   

 

Thermal transport phenomenon 

When heat transfers across an interface, a temperature drop occurs at the interface due to the presence 

of the interfacial thermal resistance (ITC). Several studies have tried to address the problem of solid-

liquid interfacial heat transfer using non-equilibrium molecular dynamics simulations (NEMD) and 

evaluating the Kapitza resistance98 (or conductance) of an interface. Kapitza resistance is a quantity 

that characterizes how effectively an interface conducts heat and is given by the ratio of temperature 

drop across the interface to the heat flux. Studies indicated that grafting self-assembled monolayers 

(SAMs)33,99 can facilitate effective heat transfer from a rigid solid phase to the soft polymer phase. 

Also, addition of covalent functionalisations62,69,100,101 to the surface was found to add new pathways 

for thermal transport although degrading the intrinsic conductivity of the nanoparticle. It was also 

found that the Kapitza conductance increases with work of adhesion.21,101,102,75–77 Although, certain 

works propose the trend to be linear, it was found to be only so in a rather narrow regime.103 More 

recent studies on nanoparticle-polymer interfaces revealed in detail the mechanisms of heat transfer 

and addressed the influence of parameters like wetting strength, relative orientation of the polymers, 

roughness of the contact, direction of heat transfer, bonding at the interface etc.104,105,106–108,109 The 

above studies enhanced our understanding of the interfacial heat transfer to a great deal and hinted at 

possible pathways to tune the conductance. However, all the above-mentioned studies were limited to 

rather simple model interfaces where an interface was studied alone under strict isolation from the bulk 

composite. A study on complex and realistic network of particles, with several particles that accounts 

for the resistance at the solid-solid contacts and considering how these contacts evolve over time is 

missing.   

As the above examples clearly illustrate, simulations have either been performed at large scale but 

with model systems or at a small scale with complex systems. It is now clear that, although a lot has 

been achieved and a great deal has been understood with respect to the assembly and heat transfer in 

polymer nanocomposites a lot more remains unexplored. Especially, questions related to the formation 

of nanoparticle networks, the parameters controlling these formations, their detailed structure, and the 

corresponding heat transfer through these particles remain unanswered. Addressing these questions 

requires both chemical specificity and large simulation sizes. One such way is to perform systematic 

coarse-graining, which will be the topic of the next section. 
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1.4 Coarse-graining  
Coarse-graining is procedure followed to represent the atomistic system at a lower resolution by 

removing irrelevant degrees of freedom and to derive the corresponding effective interactions or 

potentials. As we discussed in section 1.3.2, there are various kinds of interactions that must be dealt 

with, if one aims to capture the thermodynamics and dynamics of the system accurately. The absolute 

number of interactions scales with the square of the particle number, the computation time typically 

scales linearly with the particle number (for a given cutoff distance) and as a result the computation 

time scales with the cube of the volume of the simulation cell.  This puts serious limitations on the 

systems sizes and time lengths we can access in a particle-based simulation. Moreover, due to the 

presence of such a large number of interactions the potential energy landscape is quite rugged, and the 

system is very likely to be kinetically trapped for the computationally feasible time scales. To mitigate 

the above two problems, a strategy that is being increasingly applied is the process of systematic 

coarse-graining. The idea of coarse-graining is to lump a group of atoms and represent it as one single 

bead (an interaction site), effectively reducing the number of interactions. For example, the C-H 

vibrations in alkyl groups and the O-H vibrations in water have a minimal impact on the overall 

conformational properties of a protein and thus can be easily ignored and the respective groups may 

be combined into one heavy bead. In cases, where intra monomer interactions are not important, each 

monomer in a polymer could just be represented by a single bead. There is an essential loss in 

information when a certain number of degrees of freedom are removed, and the models derived using 

coarse-graining cannot in principle reproduce all the characteristic features of an underlying atomistic 

model.  

Coarse-graining procedure essentially consists of two steps, one is to choose a mapping or 

representation on which atoms to be combined and represented as a single unit. Followed by a second 

step, where the interactions between the newly defined beads must be parametrized to reproduce 

certain physical properties of the reference system. Various choices exist at each of these steps 

depending on what information one is interested in retaining. The so obtained coarse-grained model 

not only reduces the degrees of freedom of the model but also smoothens the potential energy surface 

allowing faster sampling of the configurational space. However, it is not always clear when a coarse-

grain model is derived by reproducing a certain property (say structure) up to a certain level of 

accuracy, which properties of the model stay close to their reference values and which properties don’t.  

So, coarse-graining is a highly non-trivial process and must be applied by paying a lot of attention to 

in what ways the new model differs from the parent atomistic model. Another issue with the coarse-

grained models is that a model developed at a certain state point (temperature, pressure, 
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concentrations) cannot be directly applied to a different state point, this is called transferability and the 

coarse-grained models are often poorly transferable.  

Nevertheless, coarse-graining is an active field, a lot of effort is being laid on addressing each of the 

above problems and new and efficient methods are being developed at regular intervals. Interested 

readers might find detailed examples in the most recent reviews on coarse-graining and its 

applicaations.110–115 Some of the popular coarse-graining strategies along with the target property that 

is optimized are summarized in Table 2.     

 

 Method Target quantity 

1 Iterative Boltzmann Inversion (IBI)116 Pair-correlation function 

2 Inverse Monte Carlo (IMC)117 Structure 

3 Force-matching118 Forces on each atom 

4 Relative-Entropy119 Overlap of probability distribution 

5 Conditional Reversible Work120 Free energy 

6 MARTINI force-field121 Free Energy 

7 Other ad-hoc procedures Top-down approaches 

 

Table 2. A summary of some of the most popular coarse-graining methods available in the literature, 

what each model tries to reproduce in addition to some examples where certain biophysical/material 

problems were addressed successfully. 

 

In addition to the methods listed in the above table, it is worth mentioning two other strategies might 

be relevant to the current problem. Adaptive resolution122,123 method allows switching of the resolution 

of the particles on the fly as they move between pre-defined high resolution and low resolution regions. 

Typically, the more interesting regions (closer to an interface for example) are simulated at the 

atomistic resolution, regions far away are dealt at a coarse-grained resolution while connecting both 

these regions with a mixed resolution region. Finally, a rigorous approach that can be applied is by 

implementing a genuine multi-scale approach, by first deriving parameters at the quantum scale, then 

using them to simulate atomistic systems and then transferring data from these simulations to the 

coarse-grained level as followed Suter and co-workers.124  

All the above-mentioned coarse-graining methods could be classified as bottom-up methods as the 

information flow is from the highest resolution to the lowest resolution. An alternative heuristic 

approach termed as top-down method provides information flow in the opposite direction. Typically, 
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information from the experimental results is chosen as a target function (say collapse of a polymer or 

assembly of a bilayer) and the model parameters are tuned to reproduce this function. This is the hand 

wavy procedure typically followed by DPD models. The middle ground between top-down and 

bottom-up approaches is to tune the parameters of an existing model by quantitatively reproducing an 

experimental quantity (like free energy or contact angle), which is the strategy adopted in this work. 

This approach is similar to the approach taken by Suter and co-workers except that the expensive 

quantum computations are replaced by inexpensive and already available experimental results. In this 

thesis, we make use of this approach for deriving the complex solid-liquid interactions.  

The primary reason for choosing this approach is that, none of the above-mentioned coarse-graining 

methods guarantee apriori reproducibility of the interfacial free energy, the thermodynamic quantity 

that characterizes interfaces which are of primary importance for the problem being addressed here. 

Further, the approach we follow relies on reliable experimental quantities and is computationally 

simple. 

 

1.5 The Wetting phenomenon 

 

In this section, we shed light on the solid-liquid interactions from a macroscopic view and ways to 

relate these macroscopic properties to the simulation parameters and the challenges that arise in the 

process. Wetting is the macroscopic phenomenon that parallels solid-liquid interactions at the atomic 

scale. A liquid drop in contact with a smooth solid surface, adopts various shapes depending on the 

interaction strength between the phases.  

 
Figure 2. Illustration of liquid droplets in different regimes of wetting from partial wetting (A and B) 

to fully wetting (C). In the partial wetting regime, the wetting strength, when θ <90ᵒ(A) is often 

referred to as hydrophobic and θ≥90ᵒ (B) as hydrophilic.  

 

As shown in Figure 2, when the solid-liquid interaction is relatively weak (partial wetting), liquid 

adopts a droplet shape with an angle θ (Figures A, B), otherwise when the solid-liquid phases are 

highly compatible, and the interaction strengths are strong, the liquid fully wets the surface and forms 
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a film (fully wetting). In the partial wetting regime, the droplet shape, or the angle θ is determined by 

the balance of various interfacial tensions acting at the solid-liquid-vapor interface which is given by 

the Young-Dupré relation:  

LV

SLSV

γ
γγθ −

=cos  

Where, γ is the interfacial tension and S, V and L refer to the solid, vapor and liquid phases respectively. 

The above equation is a general form of the equation and takes into account that there might be vapor 

adsorbed on the solid as well. The presence of vapor modifies the solid surface tension, which is termed 

as spreading pressure (π) and is given by, π=γS-γSV, where γS is the interfacial tension of the bare solid 

surface. The spreading pressure could be obtained from the adsorption isotherm and is usually quite 

small and often neglected. The above equation, neglecting vapor adsorption becomes, 

SLSL γγθγ −=cos  

The above equations are for systems at equilibrium and are applicable only for macroscopic droplets. 

At the nanoscale, the curvature of the droplet, the three-phase contact line tension may play a role in 

determining the contact angle. Therefore, a correction is often applied by introducing, line tension τ 

and the modified equation is, 

RL
R γ

τθθ −= coscos  

Where θR is the contact angle for a given droplet radius R and γL is the liquid surface tension. 

Droplets in simulations present several difficulties in measurement arising from the size and force-

field dependence. Therefore, a quantity often used in relation to wetting is the work of adhesion. It is 

defined as the free energy required per unit area to separate a solid and a liquid phase that are initially 

in contact at equilibrium. Following the definition,  

SLSVLVadhW γγγ −+=  

If we ignore the adsorption of the vapor phase, the work of adhesion becomes the solid-liquid work 

of adhesion and is given by,  

SLSLSLW γγγ −+=  

Work of adhesion is a free energy unlike the contact angle and has been found to indicate the 

wettability of a liquid on a given solid surface unambiguously.125,126  The relationship between WSL 

and contact angle can be obtained by combining the above equation with the Young-Dupré equation, 

to give: WSL=γLV(1+cosθ).  

If one has a knowledge of the wetting at the macroscopic scale characterized by the above quantities, 

one can parameterize the model parameters to reproduce them (at least for smooth surfaces with no 
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impurities). Often, the solid-liquid interaction parameters are tuned to reproduce the contact angle or 

the work of adhesion. The contact angle shows size dependence and the value of line tension is usually 

not known. Further, when a droplet is simulated, the surface tension of the curved droplet is dependent 

on the size, which is again non-trivial.127 Further, usage of work of adhesion has a more profound 

advantage, as it is a free energy, it is rather fundamental in determining the interaction between a given 

solid and liquid.126 Therefore it can be split into its constituent energetic (ΔUSL) and entropic (TΔSSL) 

components as: 

SL SL
SL

U T SW
A A

∆ ∆
= −  

It was recently shown that work of adhesion is directly correlated with the adsorption energy (ΔUSL) 

which in turn was determined to be a very reliable metric for wettability.128 Considering all the above 

facts and issues that arise while simulating droplets, we rely on the work of adhesion as the adopted 

reference observable in our simulations to obtain the solid-liquid interaction parameters as will be 

detailed in the following chapters. 

 

1.6 Problems addressed in this thesis 

 

In the current thesis, the problem of characterizing heat transfer through a network of particles is not 

actually done but the ground framework that is needed for such an analysis has been laid out. 

Essentially, we focused on simple fluid systems like n-hexane as model representations of polymeric 

systems. Firstly, a deep understanding was obtained about the interfacial thermodynamics of water-

graphite and n-hexane graphite interfaces. Simultaneously, the influence of coarse-graining on the 

representation has been studied.  

We chose work of adhesion as the characteristic quantity representing solid-liquid interactions and a 

way to obtain this quantity for coarse-grained potentials is shown in chapter two. The dry surface 

method which was developed for water was first applied to n-hexane, a simple representation of the 

polymeric systems. Then the dry surface method was extended to coarse-grained potentials obtained 

using the conditional reversible work method. Although, the method allows us to reproduce work of 

adhesion, the individual energetic and entropic contributions are modified. Chapter two details the 

method, how thermodynamics of the interface is changed on coarse-graining and finally concludes by 

providing general guidelines into coarse-graining of the solid-liquid interactions.  

To dig deeper into the thermodynamics of interfaces and the influence that coarse-graining has on 

these interfaces, we study in detail the water/graphite and water/MoS2 interfaces as presented in the 

third chapter. Investigations were carried out on the nature of influence both the liquid coarse-graining 
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and solid coarse-graining has on the interfacial thermodynamics. In this chapter, we used SPC/E129 

model to represent atomistic water and at the coarse-grained level we used ELBA129 and mW130 

models. The chapter further includes how the structure differs for each of the models and how these 

differences have an impact on the overall thermodynamics.  

In chapter 5, the insights and knowledge gained in chapters three and four are combined to construct 

a methodology to simulate graphene sheets adsorbing at the water-oil interface. Simulation of many 

phases require that a balance is maintained between various interaction strengths. This is achieved by 

tuning the macroscopic wetting coefficient. Chapter 5, discusses this implementation and illustrates 

the method at coarse-grained and atomistic resolutions. An example of a simulation where many 

graphene adsorb at the water-oil interface is illustrated as well. 

So far in the thesis, studies have been limited to the equilibrium properties of the interface. The issues 

caused by coarse-graining to the thermal transport have not yet been discussed. Chapter 6 provides a 

first step in this direction. A study on interfacial thermal transport across water-graphite interfaces 

using non-equilibrium molecular dynamics simulations is discussed in detail. The study compares two 

water models, an atomistic one and a coarse-grained one.  Quite surprisingly, both models predict 

interfacial thermal conductance values very close to each other. A detailed understanding of this 

observation in addition to the important consequences of this observation are provided.  

In the final and 6th chapter, the entire work is summarized, its implications are discussed and a possible 

roadmap for future studies has been laid out. 
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In this supplementary material, the simulation parameters for the free energy calculations of WSL  

are given in the Tables S1 and S2. The interfacial tensions between the CG water models on the 

surfaces for the reference interfaces together with the surface tensions of the CG models are 

given in Table S3. The interaction potential between water and the whole graphite surface for a 

water molecule at the distance z=σCW from the surface is shown in Fig. S1 for AT graphite and in 

Fig. S2 for CG graphite. The xy-averaged interaction potential between water and the whole 

graphite surface depending on the distance from the surface VSL(z) is shown in Fig. S3. The 

number density distribution of SPC/E perpendicular to the surface on gold is shown in Fig. S4. In 

Fig. S5, the variation of nrcut with respect to  is shown. 

TABLE S1. Simulation parameters for the calculation of WSL for different surfaces. The number 

of water molecules is NL, the number of particles for the surfaces is NS, the cross sectional area 

for the solid-liquid contact is A.

Surface NL / molecules NS / particles A / nm2

MoS2 7100 1344 4.414.368 

Graphite 5000 3000 4.263.689 

Gold 3200 1440 3.4663.002 

CG graphite 5000 1500 4.263.689 



TABLE S2. Simulation time in nanosecond for the different water models on the different 

surfaces for the calculation of WSL. The values refer to the length of the production simulations 

used to calculate the ensemble averages in Eq. (4) of the manuscript. The numbers in parentheses 

refer to the equilibration time that preceded the production for ensemble averaging. 

 SPC/E ELBA mW 

MoS2 2(2) 10(2) 10(2) 

Graphite 2(2) 10(2) 10(2) 

Gold 3(2) … … 

CG graphite ... 10(2) 10(2) 

 

TABLE S3. Solid-liquid interfacial tension γSL for CG water models on different surfaces at 

λ0=0.001.    

 γSL / mJ/m2 

(model mW) 

γSL / mJ/m2 

(model ELBA) 

MoS2 64.8±1.1 71.5±1.6 

Graphite 65.6±1.2 71.7±2.5 

CG Graphite 65.3±1.2 72.7±1.7 

γL / mJ/m2 63.4±1.2 70.9±0.5 

 

FIG. S1. Interaction potential V(x,y) between a water molecule at the distance z=σCW=3.3525 Å 

from the AT graphite surface and the whole surface. The colored scale on the left is the energy 

scale in kJ/mol. The yellow spots with the greatest energy correspond to the carbon atoms.    

 

 



FIG. S2. Interaction potential V(x,y) between a water molecule at the distance z=σCW from the 

CG graphite surface and the whole surface. The colored scale on the left is the energy scale in 

kJ/mol. The yellow spots with the greatest energy correspond to the surface particles. 

 

 

FIG. S3. Interaction potential VSL(z) between a given water molecule at the distance z from the 

graphite surface and the whole surface. The plots for AT graphite and CG graphite are 

indistinguishable. 

 

 



FIG. S4. Spatial distribution of the number density of SPC/E on gold at 323 K. 

 

 

FIG. S5. Variation of nrcut with respect to  for SPC/E on the basal plane of monolayer MoS2 at 

323 K (black circles) and fitting function nrcut()=a ln+b, with a=3.190.07 and b=33.80.1.  
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ABSTRACT 

The high interfacial tension between two immiscible liquids can provide the necessary driving force 

for the self-assembly of nanoparticles at the interface. Particularly, the interface between water and 

oily liquids (hydrocarbon chains) has been exploited to prepare networks of highly interconnected 

graphene sheets of only a few layers thick that are well suited for industrial applications. Studying 

such complex systems through particle-based simulations could greatly enhance the understanding of 

the various driving forces in action and could possibly give more control over the self-assembly 

process. However, the interaction potentials used in particle-based simulations are typically derived 

by reproducing bulk properties and are therefore not suitable to describe systems dominated by 

interfaces. To address this issue, we introduce a methodology to derive solid-liquid interaction 

potentials that yield an accurate representation of the balance between interfacial interactions at 

atomistic and coarse-grained resolutions. Our approach is validated through its ability to lead to the 

adsorption of graphene nanoflakes at the interface between water and n-hexane. The development of 

accurate coarse-grained potentials that our approach enables, will allow us to perform large scale 

simulations to study the assembly of graphene nanoparticles at the interface between immiscible 

liquids. Our methodology is illustrated through a simulation of many graphene nanoflakes adsorbing 

at the interface.  
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1. INTRODUCTION 

Liquid-liquid interfaces offer a rather unique advantage for the adsorption and the self-assembly of 

nanoparticles. Under appropriate conditions, these nanoparticles spontaneously migrate towards the 

interface forming networks, patterns with definite orientations or sometimes thin films closely 

resembling two-dimensional structures. The high interfacial tension between immiscible liquids 

generates a strong driving force for a solid nanoparticle to settle down at the interface. This observation 

may be understood in quantitative terms through the balance of interfacial tensions between the 

different components of a given system. To illustrate our purpose, we consider a system made up of 

water (denoted w), an oily liquid (denoted o), and a thick planar solid particle (denoted by p), i.e., with 

thickness much larger than the characteristic length of the intermolecular interactions at hand. The 

corresponding interfacial tension is denoted by γ with the respective subscripts. In this case, the balance 

mentioned above is quantified through the wetting coefficient ω following: 

     
wo

popw

γ
γγ

ω
−

=      (1) 

A nanoparticle located initially in either of the liquid phases, spontaneously moves towards the 

interface when the condition |ω|<1 is met, as will be shown in section 2. The large value of γwo obtained 

between water and oily compounds such as n-alkanes (γwo ≈50 mJ/m2 at room temperature) favors the 

condition |ω|<1.  

The adsorption of graphene particles at the interface between liquids has already been exploited 

experimentally, to prepare conductive thin films,131 to obtain oil-in-water Pickering emulsions 

stabilized by pristine graphene sheets,54-4 to synthesize large ultra-thin graphene sheets aided by self-

assembly132 and Pickering emulsions of graphene-oxide liquid crystals that are locally aligned,133 just 

to name a few. The graphene particle networks formed by interfacial adsorption can be used as a 

template or as raw-material for several applications. It is worth mentioning here that, most industrial 

and practical applications require graphene particle networks to be very thin, i.e., only up to a few 

monolayers thick. Moreover, the use of pristine graphene ensures that enhanced behavior as far as 

physical properties are concerned is preserved when compared to functionalized graphene. It was also 

found that percolation of conductive particles in nanofluids or polymer composites provides a channel 

for enhanced heat and electron transfer.134-11 It is thus expected that percolation in the two-dimensional 

liquid-liquid interface arrangement may yield a similar enhancement of transport properties.12,13  

Interested readers may find further examples and a general overview on the topic in refs 14-17 among 

others. 
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Studying the assembly of many nanoparticles at the molecular scale in the above systems may help 

improve our understanding of the underlying physics and enhance composite material design. 

However, performing particle-based simulations with atomistic resolution is impossible with the 

current level of computational power. The length and time scales to access all the heterogeneities these 

systems encompass are simply too large to be accessed with atomistic models. To mitigate this 

problem, models with a reduced number of degrees of freedom must be employed. Such a reduction 

is usually accompanied by an accelerated dynamics such that structures can be equilibrated faster than 

with atomistic models.18–23 A method that may be used in this context is the dissipative particle 

dynamics (DPD) method.24 However, the mesoscale DPD simulations allow only a generic description 

of the systems where microscopic details at the molecular scale are absent. In the present work, we 

derive coarse-grained (CG) models, i.e., models with a reduced number of degrees of freedom, which 

retain the specific chemical composition of a given system described by the parent atomistic (AT) 

models. We consider systems made up of pristine graphene nanoflakes at the interface between water 

and n-hexane as a prototype of water-oil interface. Note that similar systems have been studied by 

molecular simulation on atomistic systems and experimentally by the groups of Adamson and 

Dobrynin.1,54 

As discussed above, the balance of interactions among various species determines whether the 

condition |ω|<1 for the spontaneous migration of nanoparticles towards the liquid-liquid interface is 

fulfilled. Because liquid models are generally not optimized to model interfaces, it cannot be expected 

that the simple mixing of interaction parameters following usual mixing rules between AT models for 

liquids and particles yields values for the interfacial tensions such that |ω|<1.141 As for CG models, 

coarse-graining generally goes along with a modification of the thermodynamic properties of a 

reference atomistic model.142–145 Therefore, CG models which are developed based on atomistic 

models do not necessarily reproduce the balance of interfacial tensions in the parent atomistic model.  

In the present work, we develop a general methodology to generate AT and CG models for the liquid-

particle interactions which yield controlled values of the wetting coefficient ω. The interfacial tension 

between a given solid and a given liquid is generally not measurable. Thus, we reformulate the 

definition of ω (eq 1) in terms of quantities that can be calculated with simulations and accessed 

through experiments (section 2). We show in section 3 one way to derive models or modify existing 

ones to obtain a given value of ω. In section 4.1, we address the question as to whether models for 

which |ω|<1 lead to stable adsorption of graphene nanoflakes at the water-n-hexane interface. Further 

an illustration of the usefulness of the derived CG potentials is shown by simulating a system with 
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several graphene particles adsorbing at the interface in section 4.2. The conclusions are summarized 

in section 5. 

2. THEORETICAL BACKGROUND AND CHALLENGES 

In this section, the condition |ω|<1 for the adsorption of a planar particle at the liquid-liquid interface 

is derived. Based on experiments, we show that the adsorption of graphene particles at the water-n-

heptane interface observed in ref 1 is likely to correspond to ω≈1. We then discuss in general terms 

the difficulties that arise while relating ω to interaction potentials and conclude the section by 

proposing an approach to overcome these difficulties for AT and CG models. 

To derive eq 1, a thick planar nanoparticle initially located in water is considered and boundary 

effects arising from the particle are ignored. When the nanoparticle is relocated to the interface between 

water and oil, work is required to replace half the total area of the interface between the nanoparticle 

and water with an interface of the same area between the nanoparticle and oil (see Figure S1 of SI), in 

addition to removing the existing liquid-liquid interface with the same area. The Helmholtz free energy 

change ∆Fw→i per unit area (i denotes the interface) of this process is thus: 

 powopw
iw γγγ

A
F

+−−=→Δ
     (2) 

Similarly, ∆Fo→i (relocation from oil phase to the interface) can be obtained as well and for a 

nanoparticle initially located in either of the liquids to be relocated to the liquid-liquid interface, the 

combined conditions ∆Fw→i<0 and ∆Fo→i<0 lead to |γpw-γpo|/γwo=|ω|<1. Note that the Helmholtz free 

energy was used because the pressure-volume (PV) term is usually negligible in liquid phases at 

ambient conditions. 

In the derivation above, it is assumed that the thickness of the nanoparticle is large enough for the 

liquid molecules on both sides to not interact with each other. This assumption becomes questionable 

when a nanoparticle has the thickness of a graphene monolayer. When a graphene layer initially 

solvated in water moves to adsorb at the liquid-liquid interface, the intermolecular interactions between 

the water molecules through graphene are replaced with interactions between water and the alkane 

through graphene. Therefore, not only changes in solid-liquid interactions but also changes in liquid-

liquid interactions occur. A closely related question was addressed by Driskill et al.146 These authors 

calculated the adhesion free energy of water on graphene, and the work of adhesion of water on 

graphene with liquid water adsorbed below the graphene layer. They found a difference of 8 mJ/m2, 

which is about 8-10% of the adhesion free energy.  Note however that the present situation where a 

liquid (e.g. water) on one side of graphene replaces another liquid (e.g. an alkane) is different. In fact, 

when a graphene layer is relocated from water (or alkane) to the alkane-water interface, water-water 
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(or alkane-alkane) interactions through graphene are replaced with water-alkane interactions. 

Therefore, one expects the free energy contribution arising from the change of liquids to be less than 

8 mJ/m2 mentioned above and about one order of magnitude less than the interfacial tension γwo. It can 

thus be argued that, although the relationship |ω|<1 was obtained for thick particles it can still be used 

as a reference criterion for studying the adsorption of particles with atomic thickness. 

We now discuss the challenges that must be taken up to obtain a given value of ω in molecular 

simulations of graphene particles at the water-alkane interface. This is illustrated here based on 

experimental data for the interaction between water, n-heptane and graphite. From the experimental 

work of Fowkes,147 it is found that (γpw-γpo)/γwo≈0.96, i.e., ω is close to 1 (section S1 of SI). It can 

reasonably be assumed that the interaction between water and graphite and even more so between n-

heptane and graphite is short-ranged. This assumption is confirmed by the fact that monolayer and few 

layer graphene have virtually the same interfacial tension (see section S1 in SI).32 Thus, the difference, 

γpw-γpo for a graphene monolayer should be close to what it is for graphite. Based on eq 1, it can be 

concluded that the fact that graphene adsorbs at the water-n-heptane interface as observed 

experimentally1 arises from a subtle balance of intermolecular interactions that leads to ω≈1. The 

challenge for particle-based simulations is therefore to be able to reproduce this precise balance.  

The quantity (γpw-γpo)/γwo depends on γpw and γpo, which are not directly measurable. In the case of 

solid-liquid systems in the partial wetting regime with contact angle values above 60°-70° like water 

on graphite, one may obtain the water-surface interfacial tension γpw relative to the substrate surface 

tension γp from the independent measurements of the equilibrium contact angle θw and of the water 

surface tension γw through Young equation,33 γpw-γp=-γwcosθw. A similar approach may be used in 

molecular simulations of nanometer sized droplets to obtain the interaction potentials that are 

consistent with the measurement of θw, although very specific conditions have to be met.34,35 A 

limitation of the approach of measuring contact angles is that vapor surface pressure may play a 

significant role31,36,37 and size effects may require system sizes that are prohibitively large.35,38 

Moreover, certain systems are fully wetting (like alkanes on graphite) i.e., contact angles are zero and 

no information can be obtained by simulating droplets. 

In order to overcome the limitations discussed above, we reformulate ω using the solid-liquid work 

of adhesion Wpw for the graphene-water interface, and the solid-liquid work of adhesion Wpo for the 

graphene-alkane interface. Note that we assume here that the solid-liquid work of adhesion of a given 

liquid on a nanoparticle is equal to the solid-liquid work of adhesion on a surface with macroscopic 

size parallel to the surface. The solid-liquid work of adhesion is defined as the free energy change per 

unit area required to bring an infinite separation between liquid and solid that are initially in contact. 
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This operation carried out in vacuum, for the solid-water interface gives, Wpw=γp+γw-γpw. The 

definition of Wpo is obtained by substituting the subscript w with the subscript o. Starting from eq 1, 

the definitions of Wpw and Wpo lead to the following expression for ω: 

 
wo

popwo

γ
)W(W)γ(γ

ω
−−−

= w
     (3) 

The advantage of eq 3 is that it depends on quantities that can be calculated through molecular 

simulations, both with AT and CG models. Indeed, γw, γo and γwo can routinely be obtained from 

various methods which are reviewed for example in ref 39. As for Wpw and Wpo, several methods have 

been derived in the recent years based on thermodynamic integration40-42 as shown in section 3 or other 

enhanced sampling techniques and indirect methods.43,44 It is important to note that most models for 

liquids including water and alkanes are not optimized to reproduce experimental interfacial properties 

like interfacial tension in the first place (see ref 45 for the example of water). Similarly, straightforward 

combination of force-field parameters between models for solid-liquid interface is generally not 

expected to yield interfacial thermodynamic properties like interfacial tensions or works of adhesion 

that compare to experiments in quantitative terms.34,45 Hence, the challenge with molecular simulations 

is to derive models for the solid-liquid interactions (quantified through Wpw and Wpo in eq 3) which 

compensate the differences with the experimental values for γw, γo or γwo by the liquid models in order 

to obtain a given ω. In our approach, the values for γw, γo or γwo were taken as given by the liquid 

models while graphene-liquid interactions were adjusted to obtain a given value of ω. This approach 

is presented in section 3.3. 

Finally, it can be noted that the condition |ω|<1 discussed above to observe the spontaneous 

adsorption of thin planar particles at the liquid-liquid interface has already received confirmation from 

experiments. Indeed, graphene adsorption was observed at the water-cyclohexane46 and at the water-

1,2-dichlorobenzene47 (1,2-DCB) interfaces. Graphene oxide adsorption at the interfaces between 

water and several fluids like benzene,48 toluene,49,50 chloroform,49 methyl methacrylate (MMA)4 was 

observed, too. Other thin two-dimensional materials such as MoS2 and WS2 were found to adsorb at 

the interface between water and 1,2-DCB. In all the cases, we found that the condition ω<1 was met 

(see table S1 and section SIII of the SI for the details on the calculation of ω). These experimental 

observations therefore strongly support our approach based on the condition |ω|<1 to derive models 

for the adsorption of planar nanoparticles at the liquid-liquid interface. Moreover, the particular values 

of ω obtained enable one to compare the different organic liquids as far as adsorption at the interface 

with water is concerned. For example, it is expected that 1,2-DCB is more suitable than cyclohexane 

to stabilize graphene at the interface, whereas toluene, hexane or MMA (all with ω≈0) stabilize 
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graphene oxide at the interface with water better than benzene. The condition |ω|<1 can thus be used 

to assess the ability of two liquids to yield interfacial adsorption, provided that the quantities that define 

ω in eq 3 are known.  

 

3. MODELING APPROACH 

Classical molecular dynamics simulations were performed using the open-source simulation 

package LAMMPS,51 developed and managed at the Sandia National Laboratories. The equations of 

motion were integrated using the Verlet algorithm. Both AT and CG models were employed to model 

the liquids whereas the graphene sheet was always represented with full atomistic details. As a 

prototype of oily phase, n-hexane was chosen to form the liquid-liquid interface with water. All 

simulations were performed at 323 K, i.e., well above the melting point of the CG water model 

presented below. The technicalities of the calculations of the interfacial quantities discussed in section 

3.1 and 3.2 are detailed in section 3.4. Information on the system sizes for different calculations is 

given in Tables S1-S3 (SI). 

3.1 Models for pure components 

At the AT level, n-hexane was represented using a united atom model with the NERD52 force-field 

with a cutoff radius of 1.4 nm. No long-range corrections were used for pressure or energy. This model 

yields γo=11.2±0.4 mJ/m2, which underestimates the experimental value (15.43 mJ/m2 at 323 K53). 

Atomistic water was modeled with the SPC/E54 model. The long-range dispersion and Coulomb 

corrections were applied using a variation of the particle-particle-particle-mesh algorithm explicitly 

developed for heterogeneous interfaces.55 Interactions in the real space for water were truncated at 1 

nm. The accuracy of calculations in the k-space was set to the order of 10-5 for forces and energies in 

SI units. That model of water yields γw=60.1±1.2 mJ/m2. At the CG level, water was simulated using 

the recently developed finite-sized spherical particle-dipole ELBA56 model, which leads to 

γw=71.2±0.8 mJ/m2, in good agreement with the experimental value (67.9 mJ/m2 at 323 K). The model 

ELBA is a single-water model, i.e., a water CG bead represents a single water molecule. The CG 

interactions for n-hexane were derived using the conditional reversible work (CRW) method.57 More 

details about this approach are given in our recent work.41 A three-bead representation was used for n-

hexane, as shown in Figure S2 (SI). There are two types of beads in this model: one bead (A type) for 

the terminal CH3-CH2 groups of atoms and another bead (B type) for the center CH2-CH2 group (Figure 

S2).  Note that in our previous study on CG n-hexane the all-atom model with the OPLS force-field58 

was employed instead of the NERD model. The present CG n-hexane model yields γo=16.2±0.6 mJ/m2. 
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The graphene particles were modeled using the standard AIREBO59 potential. For the purpose of 

developing our approach, these graphene particles have no edge hydrogen termination and therefore 

only contain carbon atoms. It can be noted that the graphene particles are fully flexible and that their 

instantaneous shape deviates from the strictly planar geometry assumed in the derivation of eq 3 for 

the definition of ω. We observed that these fluctuations are weak in magnitude and neglected them in 

our analysis. The graphene particle used in the simulations contained 294 carbon atoms. It is 

hexagonal in shape with an area of 8.4 nm2. 

3.2 Models for the liquid-liquid interfaces 

In the AT simulations, water and n-hexane interacted through Lennard-Jones pair potentials. The 

corresponding distance and energy parameters were obtained using the Lorentz-Berthelot mixing rules. 

These interactions were truncated at 1.4 nm with no long-range corrections. This model leads to the 

value for the water-n-hexane interfacial tension γwo=51.4±1.8 mJ/m2, which compares well with the 

experimental value60 (49.25 mJ/m2 when linearly extrapolated to 323K). 

The derivation of the water-n-hexane CG pair potentials was performed in two steps. Firstly, 

simulations with the AT models were performed to obtain these potentials using the thermodynamic 

perturbation variant of the CRW method.57 The potentials thus obtained were found to give a value of 

γwo larger than the AT value given above, indicating that the CG potentials directly obtained from the 

CRW calculations were too repulsive. Thus, a second step followed in which the potentials were tuned 

to increase the magnitude of the corresponding interactions. This was implemented by multiplying the 

CRW potentials directly obtained with a mono-exponential function of the interparticle distance 

following: 

( ) ( ) ( )ijijCRWijCRW rruru α−= exp0      (4) 

In eq 4, uCRW is the pair potential obtained after the second step acting between a given CG water 

molecule (i-th CG site) and either sites of CG n-hexane (j-th CG site) at a distance rij apart. The quantity 

u0
CRW is the CG potential directly arising from the CRW calculations (first step). The quantity α is a 

scaling parameter, which when set to -0.4 nm-1 yields γwo=49.2±1.0 mJ/m2, in agreement with the 

experimental and AT values. This value of -0.4 nm-1 was obtained by computing γwo depending on α, 

as shown in Figure S3 (SI). The role of the exponential function in eq 4 is to preserve the repulsive 

part of the original pair potential, while it scales the potential well and the attractive tail without 

modifying the monotonic variation.41 Both the potentials u0
CRW and uCRW at α=-0.4 for the n-hexane-

water interaction are shown in Figure S4 (SI). 

At this point, it is interesting to observe that the contribution (γw-γo)/γwo to ω is close to 1. More 

precisely, that quantity is 1.09 for the experimental system, 0.95±0.06 for the AT model and 1.12±0.05 
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for the CG model. It is thus expected according to eq 3, that ω≈1 is obtained when the ratio (Wpo-

Wpw)/γwo is negligible, i.e., when the force-field parameters are adjusted to obtain Wpo≈Wpw. 

3.3 Models for the solid-liquid interfaces 

The interaction between graphene and the liquids was modeled with different potentials depending 

on the resolution of the models. For the AT simulations, water and n-hexane interacted with graphene 

through Lennard-Jones pair potentials. For the CG simulations, the water bead interacted with 

graphene also through the Lennard-Jones pair potential similarly to our previous work.61 Only for the 

interaction between CG n-hexane and graphene a non-analytical tabulated potential was used. As 

already mentioned, in both the AT and CG simulations graphene was modeled at the atomistic 

resolution, i.e., with all the carbon atoms represented. 

As discussed at the end of section 2, the models for the liquids may fail to reproduce the experimental 

values for surface tension. In the present case, it was discussed at the end of section 3.2 that the AT 

and CG liquid models yield values for the ratio (γw-γo)/γwo that are in good agreement with experiments. 

Therefore, the interaction potentials between the liquids and graphene have to be constructed in such 

a way that they yield values for the work of adhesion that can easily be adjusted to obtain a given ω. 

Such a constraint was dealt with by adjusting the depth of the well of the graphene-liquid interaction 

pair potentials. In concrete terms, the solid-liquid work of adhesion was made dependent on a 

parameter that controls the depth of the potentials wells. We discuss below how this approach was 

implemented in simulations with AT and CG potentials, although it has already been illustrated in 

previous works by us with others.41  

For the AT systems which interact through the 12-6 Lennard-Jones pair potential, the depth of the 

water-carbon and of the CH2-carbon and CH3-carbon pair potentials was adjusted through the energy 

parameter for the carbon atoms of graphene εC. Following the dry-surface approach,40 the solid-liquid 

work of adhesion between a carbon surface and a given liquid, here denoted by liquid 1, is obtained 

from: 
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In eq 5, NL is the number of atoms in the liquid. For water, NL is the number of water molecules, for 

hexane it is the total number of CH3 and CH2 united atoms. The quantity NC is the number of carbon 

atoms on a given graphene surface. The quantity εi is the Lennard-Jones energy parameter for the i-th 

liquid atom, and σij is the distance parameter for the interaction between the i-th liquid atom and the j-

th solid atom. Finally, ε0 is a reference value for the energy parameter of the carbon atoms that defines 
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a reference state. It was chosen such that the average total solid-liquid interaction energy is of the order 

of -0.01 mJ/m2, as prescribed in the dry-surface approach.40 The variation of Wpo and Wpw depending 

on εC for the atomistic systems on graphene is given in Figures S5 and S6 (SI), respectively. 

The interaction between graphene and the CG water bead was also modeled through the Lennard-

Jones potential whose distance and energy parameters are σCW and εCW, respectively. The solid-liquid 

work of adhesion between water and graphene depends on εCW following:41  
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where NW is the total number of CG water beads, εCW,0 is the carbon-water energy parameter that 

defines the reference state for the CG water-graphene system. The value εCW,0=0.0031 kJ/mol was 

employed. This value is small enough to render graphene-water interactions negligible and therefore 

provides a reference state as detailed in our earlier work.41 The variation of Wpw for ELBA on graphene 

is given in Figure S7 (SI). 

The solid-liquid work of adhesion Wpo between CG n-hexane and graphene was made dependent 

on a parameter α as prescribed in ref 41, such that: 

   ( ) ( ) ( )∫ ∑∑
= =

−−−=
α

α

ααα
0

''exp1
1 1

0
, drrur

A
W

L CN

i

N

j
ijijjSLijpo    (7) 

where u0
SL,j is the CG pair interaction potential between either of the n-hexane CG beads and the carbon 

atoms of graphene, and α0=10 nm-1 defines the reference state for the system. Similar to the CG 

potential for the water-n-hexane interaction, the CRW method was employed to obtain u0
SL. In the 

corresponding reference atomistic model, the simulations were performed on graphite modeled with 

four carbon layers. The energy parameter εC for the graphite carbon atoms was set to 0.3123 kJ/mol, 

so that the solid-liquid work of adhesion of n-hexane on graphite is 115 mJ/m2. The experimental value 

for this system can only be approximated due to the scattered experimental data.31 Therefore, it was 

chosen to reproduce the value previously calculated by us with the all-atom OPLS force-field which 

yields 115 mJ/m2.41 This value is consistent with experimental results. The CG pair potentials u0
SL,j on 

graphite were employed without modification on graphene. The variation of Wpo(α) is shown in Figure 

S8 (SI). 

 3.4 Simulation Details 

The various initial configurations were generated using PACKMOL.62 To evaluate the liquid-vapor 

surface tension, the system was first equilibrated at constant number of particles, constant temperature 

and constant pressure (1 atm) (NPT) for 1 ns and then stretched perpendicular to the interface to thrice 
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its size. A subsequent simulation at constant volume and constant temperature (NVT) was performed. 

For the liquid-liquid interfacial tensions, the same first step as above was performed and NVT 

simulations were performed at the volume obtained in the first step. The interfacial tensions were 

evaluated using the mechanical route given by the pressure anisotropy equation45 while collecting the 

data over at least 50 ns. The system sizes for these calculations are reported in Table S2 (SI). 

For the adsorption-desorption simulations with graphene particles at the interface discussed in 

section 4, immiscible layers of water and hexane were equilibrated giving rise to two water-oil 

interfaces as illustrated in Figure S9 (SI). Then a graphene particle interacting only through soft-core 

interactions (with finite interaction at zero separation) was introduced into the system. The system was 

equilibrated for one picosecond to move aside the liquid molecules that were too close to graphene. 

Despite this action, in some cases a few molecules remained connected through graphene. These 

molecules were deleted from the system forcefully. Finally, the interactions between graphene particle 

and liquid were switched to the normal hard-core interactions based on the model being used before 

equilibrating further. All the simulations with the graphene particles were performed under NVT 

conditions after the NPT equilibration at T=323 K and pressure P=1 atm of the liquid-liquid interface. 

Simulations were performed with a single graphene particle with hexagonal shape. For the AT systems, 

Nosé-Hoover thermostat and barostat were used, with time constants 0.05 ps and 2 ps, respectively. In 

the CG systems where ELBA water is present, Langevin thermostat and Berendsen barostat were used 

with the time constants equal to 0.1 ps and 4 ps respectively. The equations of motion were integrated 

with a time step of 0.5 fs in all cases. A smaller timestep was used for equilibrating random initial 

configurations. Such short timestep values combined with the use of computationally expensive long-

range electrostatics in the AT simulations represent a drastic limitation on such high-resolution 

simulations. Simulations with the Umbrella sampling method63 in the NVT ensemble were used to 

compute the potential of mean force (PMF) on the graphene particle. A spring was attached to the 

graphene particle’s center of mass with a force constant of 52300 kJ/mol/nm2. Water’s center of mass 

was also tethered to a spring (with a spring constant six times the above value) to maintain the interface 

stationary. Several windows were utilized by fixing the graphene particle’s z-coordinate in space at 

various locations close to the interface. A window separation of 0.02 nm was chosen and at each 

window, the system was equilibrated for 100 ps and statistics were collected for 500 ps. The trajectories 

obtained for each window were combined using the Umbrella integration method64 to finally compute 

the PMFs. More details about the calculations are provided in the SI (section SVIII). 

 

4 RESULTS & DISCUSSION 

4.1 Single graphene particle at the oil-water interface 
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It can be noted that n-hexane and n-heptane have surface tension values that differ only by 2 mJ/m2 

and interfacial tensions with water differ by 0.5 mJ/m2. Thus, it is straightforward to show (see SI) that 

the value ω≈1 for graphene at the n-heptane-water interface inferred from experiments in section 2 is 

also applicable for the n-hexane-water interface. We show below through PMF calculations that both 

AT and CG simulations performed around ω=1 with interaction potentials developed as indicated in 

section 3 also yield graphene adsorption at the water-n-hexane interface. We performed additional 

simulations to find out what other values of ω also yield adsorption at the interface and tested whether 

the transition from adsorption to desorption is in accord with the PMF calculations and the condition 

|ω|<1. 

 
Figure 1. PMF profiles for systems (a) AT and (b) CG illustrating the value of ω at which the transition 

from adsorption to desorption takes place. Curves that possess a clear minimum at the interface support 

adsorption at the interface (ω=1.0 for the AT system and ω=0.8 and 0.9 for the CG system) whereas 

curves that lack a global minimum (ω=1.1 and 1.2 for the AT system and ω=1.0 and 1.1 for the CG 

system) result in graphene particle migration to the bulk-oil phase. The coordinate (z) perpendicular 

to the interface is shifted for clarity. kBT is the thermal energy. 

To perform simulations around ω=1, γo, γw and γwo were taken as given by the models (section 3) while 

values for Wpw and Wpo and the related force-field parameters were tuned. In this context, it can be 

noted that Wpw is relatively well known owing to the considerable experimental work that has been 

performed to characterize the wetting behavior of highly-ordered pyrolitic graphite.65 Recent 

experiments suggest that θ=64° for water on graphite.66 It can also be assumed that the temperature 

change between 298 K at which the measurements were carried out and 323 K which is the temperature 

of our simulations, did not affect θ.61 Combined with the experimental value for the surface tension of 

water at 323 K γW=67.9 mJ/m2, this contact angle leads to Wpw=97.7 mJ/m2 for the work of adhesion 
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of water on graphite. The simulation parameters εC for atomistic water and εCW for CG water introduced 

in section 3.3 were tuned to reproduce this value. The parameters obtained lead to Wpw=84.2 mJ/m2 

for the AT system and Wpw=87 mJ/m2 for the CG system on a graphene monolayer. Finally, Wpo was 

tuned to obtain different values of ω around 1. The corresponding parameters used can be seen in Table 

S4 (SI). 

The PMF calculations were performed for the AT and CG systems using the Umbrella sampling 

simulations. The plots in Figures 1a and 1b show the variation of the PMF relative to the thermal 

energy as the graphene particle changes its location perpendicular to the interface, at different values 

of ω. For the AT system shown in Figure 1a, when ω becomes ≥1.1, the minimum in the free energy 

profile that was present at ω=1.0, disappears. Note that the depth of the corresponding well at ω=1.0 

is around 8 kBT. Accordingly, at ω=1.1 and beyond, the graphene particle is expected to preferentially 

stay in the n-hexane phase. This observation is consistent with the fact that when ω is increased from 

1 to 1.1, graphene is made more soluble in n-hexane by increasing the interaction between these 

compounds. Further, it is worth noting that the free-energy profiles with a minimum for the AT system 

are very similar to the profiles obtained in ref 54, where similar systems were studied. In Figure 1b, we 

plot the variation of PMF/kBT, as ω changes from 0.8 to 1.1 to illustrate the transition of the free energy 

landscape for the CG system. As ω increases, one can clearly see the transformation of the curve with 

a strong minimum at the interface to its complete absence. In this case, the boundary for interfacial 

adsorption was found at ω=0.9. At ω=1.0 and beyond, the minimum either becomes a local minimum 

or completely disappears. However, at ω=0.9 the well depth is rather shallow (≈2-3 kBT), when 

compared to ω=0.8, where the well depth is about 7-8 kBT. Therefore, in this case, ω=0.8 might be a 

better choice for performing large scale simulations. In can be concluded that, ω values 1.0 and 0.9 

mark a transition in the free energy landscape for the AT and CG systems respectively. As ω exceeds 

these critical values, the graphene particle becomes stabilized in the n-hexane phase and fails to adsorb 

at the interface. It should be mentioned that the values of ω are given with a statistical uncertainty of 

at least about 10%, i.e., ±0.1 (Table S5 of SI) arising from uncertainties in various quantities in eq 3. 

The PMFs confirm that the estimate ω≈1 obtained under the assumption of a thick graphitic particle 

can be applied to monolayers of graphene as well. These calculations also validate our approach for 

the derivation of the AT and CG potentials. There are a few reasons which explain why the condition 

ω≈1 applies to obtain interfacial adsorption of graphene particles while it was primarily derived for 

thick particles. It can be noted from eq 3 that ω was defined from differences between several 

quantities. Thus, there may be cancellation of errors that contribute to make the condition apply to 

graphene adsorption. More importantly, the short-range nature of the interactions at hand plays an 

important role. We found that when a graphene particle is surrounded by liquid molecules on both the 
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sides, the corresponding liquid-liquid interactions are negligibly small compared with the solid-liquid 

interactions. For example, the water-n-hexane interaction energy through graphene amounts to less 

than 2% of the total solid-liquid interaction energy. Therefore, when the graphene particle changes its 

location from either phase to the interface or conversely from the interface to the oil or water phase, 

the dominant change in energy arises from the solid-liquid interaction as if the particle were infinitely 

thick, i.e., as assumed in the derivation of |ω|<1. Furthermore, it should be noted that changes in the 

liquid-liquid interactions when one liquid replaces the other on a side of the graphene particle amounts 

to less than the upper boundary of 8 mJ/m2 obtained by Driskill et al. (see section 2). Such a value is 

equivalent to ≈0.1 in terms of ω, i.e., it is equivalent to the statistical uncertainty in ω. 

 
Figure 2. Schematic representations of initial location used to study the adsorption of a graphene 

particle at the water-n-hexane interface: a) graphene particle in n-hexane, b) at the interface. 

To test the generality of the criterion |ω|<1, for nanoparticle adsorption and to validate qualitatively 

the results of the PMF calculations additional simulations were performed. Simulations at various ω 

were performed and the adsorption behavior of a graphene particle was scrutinized through protocols 

detailed below. The quantities Wpo and Wpw were changed through the corresponding force-field 

parameters εC, εCW and α, while γo, γw and γwo were taken as given by the models. In the first set of 

simulations denoted by stage A, several randomly chosen values of ω in the range [-1.8: 2.0] were 

sampled. In most cases, Wpw was set to 84.2 mJ/m2 for the AT system, Wpw was set to 87.0 mJ/m2 for 

the CG system while Wpo was varied to tune ω. To obtain the most negative values of ω, Wpw had to 

be increased in addition to the use of extremely low values of Wpo as can be seen in Table S5 (SI). 

Indeed, ω<0 (although unrealistic) corresponds to an increased solubility of graphene in water and 

thus enhanced water-graphene interaction combined with poor n-hexane-graphene interaction. At each 

value of ω between -1.8 and 2.0, the initial location of the graphene particle was chosen either within 

0.3 nm from the interface or in either of the bulk phases at around 1 nm from the interface as shown 

in Figure 2. Note that, in both these cases the separation distance between the graphene particle and 

the interface was less than the cutoff distance used for the dispersion interactions. It should also be 

noted that, this distance is rather approximate as the interface cannot be defined sharply. The central 
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idea was to insert the particle in two different locations, one close to the minimum in the free-energy 

profile (if it exists) and the other, reasonably far away from it. The solid-particle interactions were set 

to soft-core potentials when the graphene particle was initially inserted and later switched to the usual 

LJ interactions, as discussed in section 3.4. In the second set of simulations denoted by stage B, an 

equilibrated structure with graphene particle at the interface was chosen as a starting point and the 

solid-liquid interactions were instantaneously switched to obtain new values of ω. A range of values 

for ω was scanned until a value that marks transition from adsorption to desorption was identified.  

The complete list of parameters used in each stage is summarized in Table S5 of the SI. The results 

obtained for stages A and B are summarized in Figure 3 where each colored square refers to a given 

value of ω in Table S5. 

 
Figure 3. Summary of the results that describe the location of the graphene particle at the end of stage 

A (graphene particle initially close to the interface or in the bulk of either phases) and stage B 

(graphene particle initially at the interface) depending on the wetting coefficient ω. The green circle 

indicates that the graphene particle finally adsorbs at the interface. The red square indicates that the 

graphene particle is stabilized in either of the bulk phases. Shaded area in green marks the region |ω| 

<1.  

For the points indicated in red in stage A, the graphene particle equilibrium was found in one of the 

bulk phases, irrespective of whether the graphene particle was initially located close to the interface or 

away from it. The graphene particle when initially placed at the interface, hovered close to the interface 

but was unable to adsorb there and eventually jumped into the bulk phase never to return. On the other 

hand, for the values indicated in green in stage A, the graphene particle was found to migrate 

spontaneously to the interface no matter what the initial location was. Once the graphene particle 

settled down at the interface, it remained stable there without making any jumps into the bulk even for 
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a period of around 10 ns. Figure 4 illustrates these two scenarios. For conciseness, only cases with 

ω>0 are presented. It can be seen for example in Figures 4a-4d and Figures 4i-4l (ω>1) that the 

graphene particle remains in the n-hexane phase after 2 ns, while it migrates to the interface in a shorter 

time in Figures 4e-4h and Figures 4m-4p (ω<1). The direct stage-A simulations confirm that the 

graphene particle adsorbs at the liquid-liquid interface for ω<1 for the AT and CG models as already 

predicted by the PMF calculations. Interestingly, negative values such as -1.5<ω<0 also yield 

interfacial adsorption. 

 
Figure 4. Representative snapshots taken from AT (figures a-h) and CG simulations (figures i-p) in 

stage A. For figures a-d, ω=1.3, for e-h, ω=0.7, for i-l, ω=1.52, for m-p ω=0.5. For a given row, time 

increase from left to right. Water is shown in blue, oil yellow and graphene particle in black. 

In stage B, the simulations were initialized with graphene particle at the interface and then solid-liquid 

interactions were instantaneously modified to give new values of ω. The initial configurations chosen 

were equilibrated first for about 10 ns under NVT conditions with interactions set at ω=0.5 for both 

AT and CG systems. Starting from this arrangement, the force-field parameters were instantaneously 

switched to new values (Table S5). After the interactions were switched, simulations with the pressure 

perpendicular to the liquid-liquid interface maintained constant were performed for 200 ps to allow 

the system’s density to relax. Simulations at constant volume and temperature (NVT) were performed 

then on. For the set of values indicated by red symbols in stage B in Figure 3, the graphene particle 

was found to spontaneously migrate to the bulk. For the ω values indicated by green symbols, the 

graphene particle just stayed at the interface for several nanoseconds, without moving into the bulk. 

Representative trajectories for both these cases are shown in Figure S10 (SI).  
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The stage-B simulations confirm the findings of the stage-A simulations. They show that the graphene 

particle does not spontaneously desorb from the interface when |ω|≤1±0.1, whereas it desorbs when 

|ω|>1.0±0.1 for both the AT and CG systems. Given the statistical uncertainty in ω, these relatively 

simple simulations also confirm the PMF results, namely that a monolayer graphene particle adsorbs 

at the water-n-hexane interface for ω≈1, both with the AT and CG resolutions. It should also be 

mentioned that there is a certain ambiguity, as to where the particle finally adsorbs when |ω| was chosen 

in the interval [1.0: 1.1] for the AT system and [0.9: 1.0] for the CG system, as seen by the contrasting 

results between stage A, B simulations, and PMFs. This could be attributed to the presence of a local 

minimum in the PMF like one at ω=1.1 as shown in Figure 1a in addition to the uncertainties in ω. In 

this interval of time, either the driving force or the sampling time may be too small to cross this barrier, 

preventing a jump from the initial position of the particle at the interface to be observed. Interestingly, 

adsorption was also observed for ω<0, possibly within -1≤ω<0. Although this observation tends to 

confirm the generality of the criterion |ω|<1 discussed in section 2, negative values of ω are not 

consistent with experiments. Indeed, ω<0 is interpreted as graphene having a better affinity for water 

than for n-alkanes, in contradiction with the observation that graphene interacts with water in the partial 

wetting regime, while alkanes tend to interact with graphene in the full wetting regime. 

An additional observation to be made is that, the graphene particle diffuses at a much faster rate in 

the CG system when compared to the graphene particle in an AT system. This kind of behavior is 

much expected as the CG potentials are known to have smoother potential energy surfaces and 

therefore accelerated dynamics. As indicated by the approximate time scales in Figure 4, an 

acceleration of up to a couple of orders of magnitude was seen for the smallest of the particle sizes. 

The time-dependent variation of the mean-square displacements of the center of mass of the graphene 

particle parallel to the water-oil interface (at ω=0.5) in Figure S11 (SI) shows that, the diffusion of the 

graphene particle in the CG system is faster that the AT system by orders of magnitude. According to 

Stokes-Einstein law, diffusivity of a particle is inversely proportional to the surrounding fluid’s 

viscosity. The CG n-hexane model derived using the CRW method67 possesses significantly low 

viscosity when compared to its atomistic counterpart and thus speeds up the dynamics of the graphene 

particle. This observation means that, systems that are thermodynamically consistent with the AT 

systems can be simulated at a much faster rate at a fraction of the computational cost. Such CG models 

could be used to simulate and equilibrate much larger interfacial systems giving access to a great 

degree of heterogeneity, length, and time scales. 

4.2 Many particles simulation 
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In the previous subsection, we discussed how one can reasonably use ω as a criterion to suitably 

model oil-water interfaces close to the experimental conditions. As already suggested via stages A and 

B simulations, the approach seems to be general and may yield interfacial adsorption as long as the 

condition |ω| ≤1 is satisfied. We performed simulations with several graphene particles at the interface 

as an illustration of the applicability of the potentials derived with ω=0.8 as suggested by the PMFs. 

The simulation cell consisted of a two water-n-hexane interfaces. The simulation procedure is detailed 

in section SXII of the SI. We observed that, all the graphene particles spontaneously migrated towards 

either of the liquid-liquid interfaces, regardless of whether they were initially placed in water or n-

hexane phases. This behavior is the result of the imposed condition ω=0.8, i.e., ω<1. Graphene 

particles that were introduced far away from the interface did not feel the presence of the interface and 

diffused until they came near the interface where they finally adsorbed, as is illustrated in Figure 5. 

We noticed that, graphene particles stack on top of each other to form few-layer graphene particles. In 

Figures 5a-5d, a new graphene particle (black) is seen to join two graphene particles stacked by 

sandwiching hexane layer in between. The sandwiched hexane layer was found to be stable (for ~50 

ns) and hints that this formation could significantly hamper energy transport and is a relevant 

occurrence that cannot be ignored while studying energy or electron transport through network of 

particles. In Figure 5e, a typical formation of a junction between two adjacent graphene particles is 

shown and further Figure 5f shows a snapshot of the water-oil interface crowded with several adsorbed 

particles.  

The simulation discussed above is only an illustration of the capability of our approach. In principle, 

much larger interfaces spanning a great degree of heterogeneity in terms of graphene particle size and 

shape can be constructed. Such simulations are possible owing to the very fast dynamics of the CG 

models. A possible application of our approach is to study percolation in the two-dimensional 

arrangement of liquid-liquid interfaces or the formation of emulsions stabilized by interfacial 

nanoparticle adsorption through large scale CG simulations. 
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Figure 5. Snapshot of several graphene particle simulations near the water-oil interface. (a)-(d) show 

a set of graphene particles forming stacks. Interestingly, there is a hexane layer sandwiched between 

lower and center graphene particles (e) A typical connectivity between two adsorbed graphene 

particles is shown (f) A top view shows an interface crowded with several graphene particles. 

5. CONCLUSIONS 

A methodology was developed to derive atomistic and coarse-grained potentials to simulate the 

adsorption of nanoparticles at the interface between immiscible liquids. Although our approach aims 

to be general, we focused on the specific and experimentally relevant case of the adsorption of 

graphene nanoflakes at the interface between water and oily liquids, here represented by n-hexane. In 

such multi-component systems, one cannot rely on the usual mixing rules between force-field 

parameters to obtain accurate potentials. Therefore, the interaction potentials have to be optimized. 

Our methodology focuses on deriving the interaction potentials for the nanoparticle-liquid interactions 

while leaving the liquid-liquid interactions intact. The target quantity for the related optimization 

process is the wetting coefficient ω introduced in eq 1. This coefficient expresses the balance of 

interactions in a system where a thick planar nanoparticle adsorbs at the liquid-liquid interface. The 

challenge for atomistic and coarse-grained simulations is to be able to generate potentials that represent 

the balance of interactions that yield a given precise value of ω. To this end, we introduced an 

expression of ω which depends on measurable quantities that can be calculated through free-energy 
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calculations. These quantities directly depend on the force-field parameters to optimize and thus 

establish a connection between the models and the experimental system. 

It was found that graphene adsorbs at the water-n-hexane interface for ω≈1. Interestingly, such a 

value is also obtained based on interfacial thermodynamic quantities for the interaction between n-

hexane, water and graphite, i.e., a stack of graphene layers. This observation suggests that the 

definition of ω is independent of the thickness of the particle as long as the interactions are short-

ranged in nature. 

It was also found that the coarse-grained potentials yield simulations that are at least an order of 

magnitude faster than atomistic simulations. An illustration of the applicability was shown by 

simulating many graphene particles adsorbing at the interface using a model system. Our approach to 

derive such potentials will thus be very useful in large scale simulations of systems like emulsions or 

molecular models for oil recovery where water, oily liquids and carbon particles are involved. 
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SI. Estimates of the wetting coefficient from experiments 

The wetting coefficient ω for the particle at the water-n-hexane interface is defined following: 

wo

popw

γ

γγ −

=ω  

where γpo is the graphene-alkane interfacial tension, γpw the graphene-water interfacial tension 

and γwo the water-alkane interfacial tension. We estimate ω for graphite at the water-n-heptane 

interface using the experimental data of Fowkes.S1 According to this work, γpo=γp+γo-2 (γp
d
γo

d)1/2 

and γpw=γp+γw-2 (γp
d
γw

d)1/2, where γp, γo and γw are the surface tensions of graphite, n-heptane and 

water, respectively. The quantities γp
d, γo

d and γw
d are the dispersion components of γp, γo and γw, 

respectively. According to Fowkes, at 20°C γo= γo
d=20.4 mJ/m2, γw=72 mJ/m2, γw

d=21.8 mJ/m2, 

γwo=50.2 mJ/m2 and γp
d=115-132 mJ/m2. Combining these values according to the equations 

above leads to ω=0.96. According to van Engers et al. graphene (115 mJ/m2) and graphite (119 

mJ/m2) have similar values of the surface energy γp.
S2 We thus conclude that ω≈0.96 for 

monolayer graphene at the water-n-heptane interface. For n-hexane γo=γo
d=18.4 mJ/m2 and 

γwo=51.1 mJ/m2, thus ω≈0.89 for graphene at the water-n-hexane interface. 

 

SII. Illustration of the free energy change up on adsorption 
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Figure S1. Illustration of the free energy change per unit area when a planar nanoparticle 

initially in water is relocated to the interface between water and an oily liquid. The inset is an 

atomic scale rendering of a graphene monolayer at the n-hexane-water interface. Here γ is the 

interfacial free tension and the subscripts, p, o and w refer to the graphene particle, oily phase (n-

hexane here) and water respectively. 

 

SIII. Wetting Coefficients of some chosen systems 

 γO (γ
d
o) γWO Wpw Wpo |ω| Ref 

Cyclohexane/GR 25.5S3 (25.5) 50.2S1 104.7 108.3 0.99 S4 

1,2 DCB /GR and MoS2 35.7S5 (15.35) 40S6 104.7 84.02 0.39 S7 

1,2 DCB /WS2 35.7 (15.35) 40 104.7 74.09 0.40 S7 

Water 72.8S1 (21.8) - - - - - 

Benzene/GO 28.85S1 (27.4) 34.1S8
 116.06 69.46 0.74 S9 

CHCl3/GO 26.56S10 (25.03) 31.6S8 116.06 67.15 0.73 S11 

Hexane/GO 18.4S1 (18.4) 51.1S1 116.06 48.04 0.07 S12 

Toluene/GO 28.4S3 (26.1) 36.1S8 116.06 70.86 0.04 S11, S13 

MMA/GO 27S14 (23.3) 50.3S14 116.06 71.60 0.04 S14 

 

Table S1. Values of ω (based on eq 1 of the main manuscript) for various oil-water interfaces 

found in literature that lead to adsorption of a nanoparticle at the interface. GR is graphene and 

GO is graphene oxide. Values are at RT. First column is the surface tension of the oil and its 

dispersion component, other symbols have their usual meanings, with w referring to water, o to 
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oil and p to particle. Last column is the experimental reference where particle adsorption was 

seen at the water-oil interface.  

 

The work of adhesion for water-graphene was chosen as, Wpw=104.7 mJ/m2, assuming a contact 

angle of 64ᵒ and using Wpw=γW(1+cosθ). Wpo is approximated using the relation proposed by 

Good,S15 ��� = 2������� + 2�������. Where superscripts, d and p refer to the dispersion and 

polar components of the interfacial tension. The dispersion and polar components of GO are 

taken from ref S8 and for GR, the polar component is equal to zero. The dispersion components 

of liquids are taken from the literature and in cases where they were not available (benzene and 

chloroform), equation 6 in ref S3 has been applied by using the values of known total surface-

tension and interfacial tension with water. The values computed here are only approximate due 

to the scattered/unavailable experimental data and the approximate nature of the equations used 

to compute work of adhesion.  

 
SIV. System sizes in different simulations 

The system sizes for the calculation of the water and n-hexane surface tension as well as the 

water-n-hexane interfacial tension are given in Table S2 below. 

 
 Atomistic Coarse-grained 
Water 10000 (4.8×4.8 nm2) 10000 (6.2×6.2 nm2)  
n-hexane 1500 (5.1×5.1 nm2) 1500 (4.4×4.3 nm2) 
Water-n-hexane 11500 (4.5×4.5 nm2) 11500 (6.4×6.4 nm2) 

Table S2. System sizes in number of molecules for the calculations of the liquid surface tensions 

and water-n-hexane interfacial tension in the AT and CG simulations are given. The numbers in 

the parenthesis indicate the dimensions of the simulation cell parallel to the interface. 
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The system sizes for the PMF calculations are given in Table S3 below. The same simulation 

box was also used for the adsorption-desorption simulations.   

 Atomistic Coarse-grained 
Number of water molecules 5450 5450 
Number of n-hexane molecules 1200 1200 
Cross sectional area 5.2 × 5.2 nm2 5.2 × 5.2 nm2 

 
Table S3. System sizes in number of molecules and cross-sectional area of the simulations cell 

for the PMF calculations. 

 

SV.  Atomistic and coarse-grained 

representations of n- hexane 

 

 

Figure S2. CH3-CH2-CH2-CH2-CH2-CH3 is the united atom representation of n-hexane with 

atomistic resolution. A-B-A is the coarse-grained representation of n-hexane. 

 
 

SVI. Interaction potentials and force-field parameters 

 
For the CG system, the water-n-hexane pair interaction potentials obtained from the CRW 

calculations were further optimized by varying the scaling parameter α (as defined in eq 7 of the 

manuscript) to reproduce the water-n-hexane interfacial tension γwo at 323 K. The variation of γwo 

with respect to α is shown in Figure S2 below. 
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Figure S3. Variation of γwo depending on α. The error bars are around 2-3 mJ/m2. 
 
 

 
Figure S4. Coarse-grained interaction potentials between water (W) and either the A or B bead 

of n-hexane. The blue and the red curves are the potentials obtained through the CRW method. 

The green and black curves are the rescaled potentials obtained with α=-0.4 nm-1. 
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Figure S5. Graphene-water work of adhesion depending on the water-carbon Lennard-Jones 

energy parameter for the atomistic system. The curve was obtained through the approach 

formalized in eq 8 of the manuscript. εCO is the corresponding LJ energy parameter.  

 

 
Figure S6. Graphene-n-hexane work of adhesion depending on the Lennard-Jones energy 

parameter for carbon for the atomistic system. The curve was obtained through the approach 

formalized in eq 9 of the manuscript. εC is the corresponding LJ energy parameter. 
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Figure S7. Graphene-water work of adhesion depending on the Lennard-Jones energy parameter 

between graphene carbon and water bead for the coarse-grained system. The curve was obtained 

through the approach formalized in eq 8 of the manuscript. εCW is the corresponding LJ energy 

parameter. 

 

 
Figure S8. Graphene-n-hexane work of adhesion depending on the potential scaling parameter α 

for the coarse-grained system. The curve was obtained through the approach formalized in eq 10 

of the manuscript.  
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SVII. Simulation cell 

 

 
 

Figure S9. Left: Illustration of the simulation cell arrangement with n-hexane in green, water in 

blue, and the graphene particle in black. Right: A separate instance of the particle with hexagonal 

shape. 

 

SVIII. Potential of Mean Force (PMF) calculations 

The PMFs were computed using the Umbrella Integration method by combining the several 

windows sampled by applying a spring force to the center of mass of the graphene particle. The 

simulations were performed under NVT conditions with a Langevin thermostat with a time 

constant of 0.1 ps. The potential (U) applied by the spring is given by  

2*)(
2

zz
K

U comSpring −=  

where K was set to 52300 kJ/mol/nm2 and zcom is the center of mass of the graphene sheet. A 

similar spring with a force constant of 313800 kJ/mol/nm2 was attached to the center of mass of 

water molecules to prevent the interface from moving. Several windows were simulated around 

the interface by choosing z* appropriately with a spacing of 0.02 nm. The initial structure for the 
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simulations consisted of a particle that was at the interface obtained after equilibration with same 

set of interactions. The PMFs were also computed with the standard WHAM method and no 

significant difference was seen. The interaction parameters used are given below. 

 
Atomistic  

εC/ kJ/mol Wpo /mJ/m2 εCO/ kJ/mol Wpw / mJ/m2
 ω 

0.2582 87 0.4627 84.2 1.00 
0.2785 92 0.4627 84.2 1.10 
0.2988 97 0.4627 84.2 1.20 

Coarse-grained 
α/ nm-1 Wpo /mJ/m2

 εCW / kJ/mol Wpw / mJ/m2
 ω 

0.3828 71.6 0.5598 87 0.80 
0.3060 76.5 0.5598 87 0.90 
0.2373 81.2 0.5598 87 1.00 
0.1693 86.2 0.5598 87 1.10 

 

Table S4. Parameters used for the PMF calculations. ε is the corresponding LJ energy parameter, 

W is the work of adhesion, ω is the wetting coefficient and subscripts, p, o and w refer to 

graphene particle, n-hexane and water respectively. Subscripts C, O and W denote the graphene 

carbon atom, oxygen atom in water and the water bead of the ELBA model respectively.  

 

SIX. Graphene-liquid work of adhesion values and force field parameters used in the 

adsorption-desorption simulations (stage A and stage B simulations) 

Atomistic, Stage A 
εC 

kJ/mol 
Wpo 

mJ/m2 
εCO 

kJ/mol 
Wpw 

mJ/m2 
ω Approx. 

Error in ω 
0.01027 5.9 0.7390 160.0 -2.04 0.12 
0.01027 5.9 0.6978 147.5 -1.80 0.11 
0.01027 5.9 0.6444 132.0 -1.50 0.1 
0.0222 13.9 0.5430 104.5 -0.81 0.08 
0.0151 9.55 0.4627 84.2 -0.50 0.07 
0.0719 35.3 0.4627 84.2 0.0 - 
0.1568 61 0.4627 84.2 0.50 0.09 
0.1743 65.7 0.4627 84.2 0.59 0.09 
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0.1965 71.5 0.4627 84.2 0.70 0.09 
0.2582 87 0.4627 84.2 1.0 0.10 
0.2988 97 0.4627 84.2 1.20 0.10 
0.3110 100 0.4627 84.2 1.25 0.11 
0.3200 102.2 0.4627 84.2 1.30 0.11 
0.3406 107.3 0.4627 84.2 1.40 0.11 
0.3616 112.5 0.4627 84.2 1.50 0.11 

Atomistic, Stage B 
0.01027 5.9 0.6266 127.0 -1.40 0.1 
0.01027 5.9 0.6085 122.0 -1.30 0.09 
0.01027 5.9 0.5901 117.0 -1.21 0.09 
0.01027 5.9 0.5692 111.4 -1.10 0.09 
0.2784 92 0.4627 84.2 1.10 0.10 
0.2988 97 0.4627 84.2 1.20 0.11 
0.3200 102.2 0.4627 84.2 1.30 0.11 
0.3406 107.3 0.4627 84.2 1.40 0.11 
0.3616 112.5 0.4627 84.2 1.50 0.12 

Coarse-grained, Stage A 
α 

nm-1 
Wpo 

mJ/m2 
εCW 

kJ/mol 
Wpw 

mJ/m2 
ω Approx. 

Error in ω 
3 6.5 0.8318 150.0 -1.80 0.1 
3 6.5 0.7731 135.3 -1.50 0.09 

1.8256 20.0 0.6555 107.8 -0.67 0.08 
2.7391 7.4 0.5598 87.0 -0.50 0.06 
1.296 32.0 0.5598 87.0 0.0 - 

0.7665 51.3 0.5598 87.0 0.39 0.08 
0.6630 56.2 0.5598 87.0 0.49 0.08 
0.5652 61.2 0.5598 87.0 0.59 0.08 
0.1933 84.4 0.5598 87.0 1.06 0.09 

0 100.0 0.5263 80.0 1.52 0.09 
Coarse-grained, Stage B 

3 6.5 0.7731 135.3 -1.50 0.09 
3 6.5 0.7525 130.3 -1.39 0.09 
3 6.5 0.7319 125.4 -1.30 0.08 
3 6.5 0.7111 120.5 -1.20 0.08 
3 6.5 0.6899 115.6 -1.10 0.07 

0.2373 81.2 0.5598 87.0 1.00 0.10 
0.1693 86.2 0.5598 87.0 1.10 0.09 
0.1078 91 0.5598 87.0 1.20 0.09 
0.0459 96 0.5598 87.0 1.30 0.09 
0.0520 95.5 0.5321 81.2 1.40 0.09 

0 100.0 0.5321 81.2 1.50 0.09 
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Table S5. Force-field parameters and the corresponding work of adhesion values employed to 

vary the wetting coefficient ω in the atomistic and CG simulations. ε is the corresponding LJ 

energy parameter, W is the work of adhesion, ω is the wetting coefficient and subscripts, p, o and 

w refer to graphene particle, n-hexane and water respectively. Subscripts C, O and W denote the 

graphene carbon atom, oxygen atom in water and the water bead of the ELBA model 

respectively. 

 

SX. Trajectories in stage B simulations 

 

Figure S10. Typical trajectory of the center of mass of the particle in the direction perpendicular 

to the interface (z-axis) is shown for AT (a) and CG (b) systems in stage B. At time=0 ps, the ω 

(wetting coefficient) values were switched from 0.5 to the values indicated in the plot. The 

shaded region in green roughly denotes the interfacial region. The region above the shaded 

region is n-hexane and below is water.  

 

SXI. Time dependence of the mean squared displacement of the graphene particles  
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Figure S11. Mean-squared displacement (MSD) of the particle center of mass in the direction 

parallel to the interface, plotted with respect to time. The sizes S1 and S2 for the hexagonal 

graphene particles are given in Table S6 below. AT refers to atomistic system and CG refers to 

the coarse-grained system. 

 

System a / nm NC No Nw A / nm2 Ap/A 

S1 1.8 294 1200 5450 5.2 × 5.2 0.31 

S2 3.2 1014 2885 13350 8.2 × 8.2 0.39 

 

Table S6. Sizes of the systems for the MSD simulations. The parameter a is the edge length of 

the hexagonal graphene particle, NC is the number of carbon atoms in the particle, No is the 

number of n-hexane molecules, Nw is the number of water particles, A is the cross-section area of 

the simulation cell and Ap/A is the ratio between the area of the graphene flake and the simulation 

cell lateral dimension. S1 is the size of the particle that is used in the calculations discussed in 

the manuscript. 

SXII. Many particles simulation 

The cross-sectional area of the liquid-liquid interface was 14.6×14.6 nm2. The size of the 

graphene particle is the same as the one presented in most of the results which is denoted by S1 
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in Table S3. One graphene particle was inserted randomly into the liquids every 1ns. For the 5 ps 

after insertion, the particle only interacted through soft potentials with the liquid and then the 

target interactions were switched on. A total of ten particles were inserted and the system was 

equilibrated under constant volume and constant temperature conditions (NVT). The interaction 

between the different graphene sheets was modelled using LJ interactions,S16 while AIREBO 

interactions were retained for the interactions within the graphene sheets. The equations of 

motion were integrated using the multi-step integrator RESPAS17 using a time step of 2 fs for the 

non-bonded interactions and 0.5 fs for the bonded and reactive force-field interactions. 

 

References 

(S1)  Fowkes, F. M. Attractive Forces at Interfaces. Ind. Eng. Chem. 1964, 56, 40–52. 
(S2)  van Engers, C. D.; Cousens, N. E. A.; Babenko, V.; Britton, J.; Zappone, B.; Grobert, N.; 

Perkin, S. Direct Measurement of the Surface Energy of Graphene. Nano Lett. 2017, 17, 
3815–3821. 

(S3)  Two-Component Surface Energy Characterization as a Predictor of Wettability and 
Dispersability. Krüss GmbH 2000. https://www.kruss-
scientific.com/fileadmin/user_upload/website/literature/kruss-ar213-en.pdf (accessed on 
Dec 23 2017). 

(S4)  Tang, Z.; Zhuang, J.; Wang, X. Exfoliation of Graphene from Graphite and Their Self-
Assembly at the Oil−Water Interface. Langmuir 2010, 26, 9045–9049. 

(S5)  From the United States Environmental Protection Agency (EPA) Database (accessed on 
Dec 23 2017). 

(S6)  From the website: https://cameochemicals.noaa.gov/chris/DBO.pdf (accessed on Dec 23 
2017). 

(S7)  Hirunpinyopas, W.; Rodgers, A. N. J.; Worrall, S. D.; Bissett, M. A.; Dryfe, R. A. W. 
Hydrogen Evolution at Liquid|Liquid Interfaces Catalyzed by 2D Materials. Chem. Nano. 

Mat. 2017, 3, 428–435. 
(S8)  Moghaddam, S. Z.; Sabury, S.; Sharif, F. Supporting Information for Dispersion of rGO in 

Polymeric Matrices by Thermodynamically Favorable Self-Assembly of GO at Oil-Water 
Interfaces. http://www.rsc.org/suppdata/ra/c3/c3ra46342g/c3ra46342g.pdf (accessed on 
Dec 23 2017). 

(S9)  Lee, S. H.; Kim, H. W.; Hwang, J. O.; Lee, W. J.; Kwon, J.; Bielawski, C. W.; Ruoff, R. 
S.; Kim, S. O. Three-Dimensional Self-Assembly of Graphene Oxide Platelets into 
Mechanically Flexible Macroporous Carbon Films. Angew. Chemie Int. Ed. 2010, 49, 
10084–10088. 

(S10)  Surface Tension of Chloroform from Dortmund Data Bank (accessed on Dec 24 2017). 



S15 
 

(S11)  Kim, F.; Cote, L. J.; Huang, J. Graphene Oxide: Surface Activity and Two-Dimensional 
Assembly. Adv. Mater. 2010, 22, 1954–1958. 

(S12)  Creighton, M. A.; Zhu, W.; van Krieken, F.; Petteruti, R. A.; Gao, H.; Hurt, R. H. Three-
Dimensional Graphene-Based Microbarriers for Controlling Release and Reactivity in 
Colloidal Liquid Phases. ACS Nano 2016, 10, 2268–2276. 

(S13)  Hoseini, S. J.; Bahrami, M.; Dehghani, M. Formation of Snowman-like Pt/Pd Thin Film 
and Pt/Pd/reduced-Graphene Oxide Thin Film at Liquid-Liquid Interface by Use of 
Organometallic Complexes, Suitable for Methanol Fuel Cells. RSC Adv. 2014, 4, 13796–
13804. 

(S14)  Gudarzi, M. M.; Sharif, F. Self Assembly of Graphene Oxide at the Liquid-Liquid 
Interface: A New Route to the Fabrication of Graphene Based Composites. Soft Matter 
2011, 7, 3432–3440. 

(S15)  Good, R. J.; Girifalco, L. A. A Theory for Estimation of Surface and Interfacial Energies. 
Iii. Estimation of Surface Energies of Solids from Contact Angle Data. J. Phys. Chem. 
1960, 64, 561–565. 

(S16)  Lindsay, L.; Broido, D. A. Optimized Tersoff and Brenner Empirical Potential Parameters 
for Lattice Dynamics and Phonon Thermal Transport in Carbon Nanotubes and Graphene. 
Phys. Rev. B 2010, 81, 205441. 

(S17)  Tuckerman, M.; Berne, B. J.; Martyna, G. J. Reversible Multiple Time Scale Molecular 
Dynamics. J. Chem. Phys. 1992, 97, 1990–2001. 

 



 

    
VRA © 2018 101 

 

      

 

 

 

 
 
 
 
 
 
 
 

CHAPTER # 5 
  



 

    
VRA © 2018 102 

 

      

  



 

    
VRA © 2018 103 

 

      



 

    
VRA © 2018 104 

 

      



 

    
VRA © 2018 105 

 

      



 

    
VRA © 2018 106 

 

      



 

    
VRA © 2018 107 

 

      

 



 

    
VRA © 2018 108 

 

      

 

  



Supplementary material for the article “Is a coarse-grained model for water 

sufficient to compute Kapitza conductance on non-polar surfaces?  

Vikram Reddy Ardham* and Frédéric Leroy 

Eduard-Zintl-Institut für Anorganische und Physikalische Chemie, Technische Universität 

Darmstadt, Alarich-Weiss-Strasse 8, 64287 Darmstadt, Germany 

*v.ardham@theo.chemie.tu-darmstadt.de 

mailto:v.ardham@theo.chemie.tu-darmstadt.de


 

I. SIMULATION PARAMETERS 

System size and setup  

For the thermal interfacial conductance calculations, the systems contained 16000 water 

molecules and 32256 carbon atoms. The cross-sectional area of the simulation cell was 

5.981×6.0434 nm2. The inlayer graphene interactions were modeled using the optimized Tersoff 

potential.1 The parameters given in Ref. 2 were used for the interlayer interactions. Water 

interacted with the carbon surfaces through the 12-6 Lennard-Jones potential. In the case of 

SPC/E, only the oxygen-carbon interaction was taken into account. For both SPC/E and mW, the 

distance parameter of the potential was set to σSL=0.335 nm. In all cases, the Lennard-Jones 

forces were truncated beyond 1.3 nm and when electrostatic interactions were present, 

interactions below 1 nm were evaluated in the real space while the interactions beyond this 

distance were evaluated in the reciprocal space with a relative accuracy of 10-4 using the particle-

particle particle-mesh method.3 

 

FIG. S1. Simulation setup for measuring the interfacial thermal conductance. Two slabs of liquid 

are sandwiched between stacks of graphene sheets. The heat source and sink are placed as shown 

in blue and red, respectively. The resulting temperature spatial variation perpendicular to the 

interfaces and measurement of the interfacial temperature discontinuities at the hot and cold 

interfaces are illustrated in the plot above through ΔThot and ΔTcold, respectively. 



 

 
Equilibration procedure prior to interfacial thermal conductance calculations 

To compute the interfacial thermal conductance, the setup presented in Fig. S1 above was 

used. A film of liquid of 8000 molecules was first sandwiched between six layers of graphene 

(1344 atoms each) on each side and equilibrated in at constant number of particles, constant 

temperature and pressure (NPT) with the Nosé-Hoover thermostat and barostat4 with the time 

constants 0.5 ps and 1 ps, respectively. Due to the heterogeneous nature of the system, different 

temperatures were obtained for the liquid and solid parts. To achieve constant temperature 

throughout the system, water and graphite were coupled to two separate Berendsen thermostats,5 

both at 300 K. Once equilibrated, the system was duplicated in the z-direction (perpendicular to 

the interfaces) and further equilibrated at constant volume and temperature (NVT) with a Nosé-

Hoover thermostat until temperature was homogenous across the entire system. The equilibration 

process was typically performed for 1 ns with a timestep of 0.5 fs. 

 

Kapitza Conductance calculations 

After equilibration was performed as described above, thermal gradient was applied with the 

help of heat source and sink (Fig. S1) maintained at 350 K and 250 K, respectively, by means of 

a Nosé-Hoover thermostat with a time constant of 0.5 ps. The rest of the system was simulated at 

constant energy and volume (NVE). After steady-state was reached, data was accumulated to 

obtain the variation of temperature perpendicular to the interfaces throughout the system. 

Typically, the temperature profiles were constructed through the analysis of trajectories that 

lasted between 2-5 ns (see Table S1 below). The timestep used was 0.2 fs for all NEMD 

simulations. The interfacial thermal conductance G was evaluated as the ratio of the flux Q 

across the interface to the temperature difference ΔT between the substrate and water at the 



 

interfaces through G=Q/ΔT. The heat flux was obtained from the time dependence of the energy 

which was injected to the heat source and extracted from the sink. The temperature difference 

was evaluated first by fitting straight lines to the temperature gradient in the non-thermostatted 

graphene layers and to the temperature gradient in water. Note that the water region in the 

immediate vicinity of the carbon surfaces was not included in the fits (typically within 0.7 nm 

from the surface). Then ΔT was evaluated by extrapolating the fits to the surface of the interfacial 

graphene layer, i.e., at the average height of the carbon atoms of the layer in direct contact with 

water. This is a choice made because ΔT could be evaluated at any location within the 3-4 

ångströms between the substrate and the adsorbed water molecules. We found that there is a 

weak dependence of G on the extrapolation distance as is shown in Fig. S3. Although G seems to 

increase with this distance, the variation is comparable with statistical uncertainty. Thus, we only 

present values of G which were obtained with ΔT measured at the graphene surface. Moreover, 

these values were obtained by averaging over the four interfaces in the system (Fig. S1). The 

average values of ΔT at the cold and hot interfaces depending on WSL are given in Table S3. The 

statistical uncertainties on G were calculated as the standard deviation on the mean through block 

averaging with a block size of 0.5 ns. The system was simulated for 1.5 ns so that steady state 

was established. The simulations in steady state were used to collect data for the thermal 

conductance calculations. The corresponding simulations lengths are given in Table S1 below. 

  



 

 

 System Simulations length in 
steady state 

SPC/E 
WSL=6.5 mJ/m2 2 ns 
WSL=16.7 mJ/m2 2 ns 
WSL=40.5 mJ/m2 2 ns 
WSL=59.5 mJ/m2 2.5 ns 
WSL=80.6 mJ/m2 2.5 ns 
WSL=102.6 mJ/m2 4 ns 

mW 
WSL=6.3 mJ/m2 5.6 ns 
WSL=17.1 mJ/m2 5.6 ns 
WSL=42.0 mJ/m2 5.6 ns 
WSL=61.3 mJ/m2 5.3 ns 
WSL=82.6 mJ/m2 5.3 ns 
WSL=104.4 mJ/m2 5.6 ns 

 

TABLE S1. Simulation lengths for the steady state non-equilibrium simulations with SPC/E and 

mW. The individual systems are identified through their respective WSL value, which quantifies 

the water-surface interaction strength. 

 

II.  INTERACTION PARAMETERS 

The energy parameter εSL is varied to tune the water-surface interaction strength and assess the 

effect of this parameter on the Kapitza conductance. Rather than quantifying the solid-liquid 

interaction through εSL, this interaction is discussed in terms of WSL. The calculation of WSL 

depending on εSL was obtained through thermodynamic integration as detailed in recent 

publications by us.6,7 The results of the calculations of WSL together with the range of εSL values 

sampled are detailed in Table S2 and Fig. S2. Water and graphite interacted through the 12-6 

Lennard-Jones interaction pair potential uLJ following: 

( )

















−






=

612

4
rr

ru SLSL
SLLJ

σσε     



 

where εSL and σSL are the energy and distance parameters, respectively. σSL=0.335 nm for all 

systems. The solid-liquid work of adhesion WSL was evaluated depending on εSL using the dry-

surface method, which is detailed in our recent works.8,9  

 
εSL / kJ/mol 

Model mW 
WSL / mJ/m2 

Model SPC/E 
WSL / mJ/m2 

0.0595 6.3 6.5 
0.1191 17.1 16.7 
0.2382 42.0 40.5 
0.3192 61.3 59.5 
0.4002 82.6 80.6 
0.4764 104.4 102.6 

 

TABLE S2. Lennard-Jones energy parameter for the carbon-water pair interactions and 

corresponding values of WSL for the mW and SPC/E models. Only the values of WSL at which the 

interfacial thermal conductance was calculated are given. 
 

 

FIG. S2. Dependence of WSL on εSL for the water models SPC/E (green) and mW (blue) models. 

 
 
 
 
  



 

III.  INTERFACIAL THERMAL CONDUCTANCE DEPENDING ON THE 

LOCATION AT WHICH ΔT IS MEASURED 

The temperature difference between water and the graphene surface at the interface was 

measured depending on the distance dx from the average height of the top graphene layer. 

Consequently, the interfacial heat conductance G depends on dx.  

 

FIG. S3. Interfacial thermal conductance for SPC/E at WSL≈100mJ/m2 depending on the location 

where the temperature drop was measured. The quantity dx is the distance from the mean surface 

location. All the values presented in the manuscript were evaluated at dx=0. 

  



 

IV.  INTERFACIAL TEMPERATURE DISCONTINUITIES 

SPC/E mW 

WSL / mJ/m2 ΔTcold / K ΔThot / K WSL / mJ/m2 ΔTcold / K ΔThot / K 

6.3 47.3(2.2) 44.2(2.3) 6.5 48.0(2.8) 42.5(2.3) 

17.1 42.9(2.2) 38.5(1.6) 16.7 43.6(0.9) 37.9(1.3) 

42.0 37.0(1.1) 36.6(1.3) 40.5 36.5(1.0) 31.6(2.4) 

61.3 36.0(1.4) 32.0(0.3) 59.5 32.8(1.0) 30.4(1.3) 

82.6 33.9(2.1) 30.6(2.2) 80.6 32.1(1.0) 27.2(1.1) 

104.4 32.8(1.2) 26.9(1.5) 102.6 30.4(1.7) 26.4(1.0) 

 

TABLE S3. Average values of ΔT at the cold and hot interfaces for the calculations of G for 

SPC/E and mW. 

 

V. BULK PROPERTIES 

Isobaric heat capacity 

The isobaric heat capacity, Cp is calculated by performing simulations in the NPT ensemble 

following: 

2
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=      

where H is the enthalpy, kB the Boltzmann constant and T the temperature. The system consisted 

of 2048 water molecules. The simulations used a Nosé-Hoover thermostat and barostat with a 

time constant of 1ps, with a timestep of 1 fs for a total of 2ns. 

Bulk thermal conductivity 

The same setup used above to calculate specific heat capacity is used to compute the thermal 

conductivity. The equilibrated system above is then fixed at constant volume and a source and 



 

sink are attached in the center and edge of the simulation box in the z-direction at 325 K and 

275K respectively. A timestep of 0.1 fs was used and the rest of the system was simulated at 

constant energy (NVE). The temperature profiles are extracted during a 2ns simulation run. The 

thermal conductivity k is computed following Fourier law as the ratio of the net heat flux JQ to 

the temperature gradient T∇  in the flux direction, following:  

T
J

k Q

∇
=       

 

VI. VIBRATION SPECTRUM OF BULK AND ADSORBED WATER 

To evaluate the power spectrum of the adsorbed layer on the graphite surface (Eq. (1) of the 

manuscript), velocities of only the atoms within the first layer (within 21/6 σSL) are taken into 

account. Since, the atoms keep on adsorbing and desorbing the time-series obtained for the 

velocities is not continuous. To solve this problem, one can either use the traditional DFT 

[discrete Fourier transform without fast Fourier Transform (FFT)] and evaluate intensities at 

different frequencies or one can obtain the time-series as it is, split it into different windows 

when it is adsorbed (and ignoring when desorbed) and pad zeros at the end and finally apply the 

regular FFT. It was found that both methods result in no significant differences and the plots 

presented are using the later method as it uses efficient FFT. 

 
  



 

VII. PHONON DENSITY OF STATES OF FEW-LAYER GRAPHENE 

 
 
FIG. S4. Phonon density of state of graphene with 8 carbon layers. The spectrum was obtained 

through the Fourier transform of the velocity auto-correlation function. The quantity f on the x-

axis is frequency. 

 
 

VIII. CUMULATIVE HEAT FLUX 

 

FIG. S5. Normalized cumulative heat-flux is shown for the graphite atoms at two wetting 

extrema.  
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Conclusions and Outlook 

 

Polymer nanocomposites are of considerable interest as they offer significant improvement in physical 

properties over conventional materials and at the same time provide flexibility and control. These 

composite systems consist of a very high density of polymer-nanoparticle interfaces. These interfaces 

are key to determining the transport properties in these systems. A closer look at these interfaces using 

molecular simulations can enhance our understanding of the interfacial physics in action.  

However, simulating multiphase systems is not straightforward, as a subtle balance of interaction 

strengths between the various species must be maintained. In addition, heterogeneities in composite 

systems span many length scales and simulating them using the simplest atomistic models is 

computationally out of reach. In this thesis, both the above problems are addressed by studying in 

detail the interfacial thermodynamics, the influence of coarse-graining on the interfacial free energy. 

Further, a simple approach was developed to accurately model graphene particles adsorbing at the 

water-oil interface. Coarse-graining results in loss of degrees of freedom, which means that thermal 

properties like heat capacity and thermal conductivity cannot be directly reproduced. However, it was 

not yet known, how the loss of information with coarse-graining influences heat transfer across 

interfaces. We took a first step in this direction by studying heat transfer and its mechanisms across 

water-graphitic systems using atomistic and coarse-grained models of water. We observed that, 

removal of certain degrees of freedom is not very relevant for the heat transfer as long as the interfacial 

layered structuring and wetting strengths are maintained.  

These are certainly fundamental insights into interfacial thermodynamics, coarse-graining, heat-

transfer, and multi-scale modeling. Through our study we have learnt that, to represent a solid-liquid 

interface accurately, it is not enough to simply reproduce the solid-liquid interaction energy but also 

its fluctuations must be reproduced. These fluctuations in the solid-liquid interaction energy are found 

to be very crucial, and this information in fluctuations which corresponds to the entropy, is lost when 

coarse-graining is performed. We further learnt that, macroscopic wetting coefficient could be used as 

a reasonable criterion to predict adsorption of particles as thin as graphene monolayer at liquid-liquid 

interfaces. This due to the short-ranged nature of the VdW interactions dominating these systems. In 

addition, coarse-graining the liquid was found to provide accelerated dynamics when it comes to 

graphene particle diffusion which is very useful in obtaining equilibrated structures of complex 

networks of graphene at the water-oil interface.  

 Since majority of the resistance to heat occurs at the interface, it is very crucial to understand the 

corresponding changes when the liquid is coarse-grained. We take a first stride in this direction by 

delving deeper into the mechanisms of heat transfer across water-graphitic systems. We observed that 
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wetting strength and the liquid layering at the interface are crucial in determining heat transfer across 

solid liquid interfaces. Therefore, by combining all the insights gained in the detailed studies 

performed in this thesis, one has enough knowledge and a sufficient tool kit to perform large scale 

simulations of two-dimensional graphene particle networks and characterize heat transfer through 

these networks.  

A viable approach in this direction could be, to first create a network of graphene particles at the water-

oil interface with a large interfacial area (up to 100 nm) at the coarse-grained resolution. After a 

network of particles is well equilibrated, atomistic details could be back-mapped into the coarse-

grained liquid models. The back-mapping often results in quick equilibration of atomistic 

configurations. Now, a detailed understanding of the heat transfer could be made by performing non-

equilibrium molecular dynamics simulations. Interesting aspects like, connectivity within the particle 

network, heat exchange across neighboring graphene sheets, corresponding fluctuations, structure of 

the particle-particle, particle liquid interfaces can be studied in detail. Alternatively, as we now found 

out that heat transfer across water-graphene is immune to water coarse-graining, heat transfer in the 

above network could in fact be characterized at the coarse-grained level. This however, requires that 

heat transfer across n-hexane-graphene interface be immune to the resolution of n-hexane model, 

which could be a topic of further investigation as well. In case the conclusions drawn for water-

graphene interfaces are not equally applicable to liquids consisting of longer chains, one could try to 

implement methods by adding additional implicit degrees of freedom, for instance, by using the 

Dynamics with Implicit Degrees of freedom (DID) method. In this method, mesoparticles are 

phenomenologically assigned additional implicit degrees of freedom that are allowed to exchange heat 

with the external degrees of freedom. This approach could mitigate the problem and correctly 

reproduce the interfacial heat transfer. This method, however has been only applied to bulk systems 

but could be easily extended to interfacial systems.   

On the other hand, the approach developed here could be used to derive coarse-grained models and 

extensive studies could be possibly made to study the role of graphene particle size distribution on the 

network formation, to understand the structure and formation of so called Pickering emulsions that are 

formed when nanoparticles assemble at the interface formed by droplets of water in oil (or oil in water), 

to study the influence of functionalization of graphene on the structure of the assembly, the 

corresponding heat transfer, just to mention a few interesting problems.  

The studies performed in this thesis open a wide venue for several new, exciting studies to substantially 

improve our understanding of the self-assembly and thermal transport in graphene-based 

nanocomposites. The insights gained could in principle be applied not just to graphene but also to other 

nanoparticle inclusions like metals, semiconductors, low dimensional metal dichalcogenides as well. 
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In addition, the insights the thesis provides should be able to assist in developing coarse-grained 

models for heterogenous systems, as the essential ingredients about the equilibrium and dynamics 

properties are made available. For instance, liquid coarse-models that reproduce accurately the wetting 

strength, layered structure and the fluctuations in the interaction energy will be very good choices to 

model systems consisting of high density of solid-liquid interfaces. Below a rough roadmap is laid out 

to guide future studies using the insights gained in the thesis. 

 
Figure 3. Possible road map for further investigations 
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