
Coarse-grained molecular dynamics simulations of clay compression 

 

Sara Bandera1 *, Postgraduate researcher 

Catherine O’Sullivan1, Professor of Particulate Soil Mechanics 

Paul Tangney2,3, Senior Lecturer 

Stefano Angioletti-Uberti3, Senior Lecturer 

 

1Department of Civil and Environmental Engineering, Imperial College London, UK 

2Department of Physics, Imperial College London, UK 

3Department of Materials, Imperial College London, UK 

 

*Corresponding author: Sara Bandera, Skempton Building, Imperial College London, South 

Kensington Campus, London, SW72AZ. Tel.: +44 (0)20 7594 6117. Email address: 

s.bandera17@imperial.ac.uk 



Abstract 

This paper outlines a framework for using molecular dynamics to simulate compression of 

kaolinite saturated at alkaline pH (=8) in a low (1 mM) concentration solution. The particles 

are modelled as flat (3D) ellipsoids and their interactions are described by a modified form of 

the Gay-Berne potential, calibrated against DLVO theory. The LAMMPS software was used 

to generate monodisperse and slightly polydisperse samples, and to simulate isotropic 

compression to 100 kPa. The influences of sample size and strain rate on the void ratio and the 

arrangement of particles within the samples were investigated via parametric studies. It is 

useful to consider the extent to which the system temperature (a measure of the average kinetic 

energy) is controlled when assessing whether the applied strain rate is appropriate. It is found 

that the number of particles that can be considered a representative element volume is orders 

of magnitude larger than the number simulated in earlier studies and that larger number of 

particles are required in polydisperse samples than in the monodisperse case. A comparison 

between the results obtained and those of published experimental studies show that the 

methodology proposed can deliver sensible results for the material considered. 

 

Keywords: Clay; Molecular Dynamics; DLVO theory; Discrete Element Method; Micro-
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1. Introduction 1 

Clay minerals are ubiquitous in soil deposits everywhere. Predicting clay behaviour is non-2 

trivial; its response to applied loads is non-linear, rate- and time-dependent, and measurably 3 

influenced by the clay chemistry, mineralogy and particle morphology, the stress history of the 4 

deposit, the pore water chemistry and temperature (e.g., Anandarajah, 2000a; Lambe and 5 

Whitman, 1969; Leroueil and Hight, 2003; Mitchell and Soga, 2005; Santamarina et al., 6 

2001b). A comprehensive understanding of clay behaviour is important to deliver engineering 7 

solutions to key infrastructure challenges (e.g., tunnelling in stiff clays, road embankments on 8 

soft clays, barriers for nuclear waste disposal, etc.). Current understanding of clay behaviour is 9 

based on in-situ observation and sophisticated laboratory testing (e.g., Burland, 1990; Leroueil 10 

and Hight, 2003; Leroueil and Vaughan, 1991); while these have enabled frameworks for 11 

prediction, explanations of the fundamental mechanisms involve significant conjecture.  12 

Particle-scale models are generally accepted in geomechanics as a research tool to advance the 13 

understanding of sand behaviour (e.g., Cheng et al., 2004; O’Sullivan, 2011; Thornton, 2000). 14 

However, relatively few studies have documented particle-scale simulations of clay because 15 

the characterisation of both the elementary units and the interparticle forces between them is 16 

significantly more complicated (Delage, 2010). Such simulations are the only way to 17 

quantitatively link particle-scale mechanisms to the complex features of behaviour that are 18 

routinely encountered in engineering practice. Given the increased availability of particle-scale 19 

simulation tools, namely open-source discrete element methods (DEM) and molecular 20 

dynamics (MD) codes that can in principle exploit large distributed-memory high performance 21 

computers, it is timely to consider how these simulations can be delivered.  22 

This contribution considers how best to use currently available resources to study the 23 

mechanical behaviour of clay by considering the compressive behaviour of kaolinite, an 24 
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inactive clay. The key decisions required to develop a particle-scale model of clay are critically 25 

analysed to lay out a coherent framework for using Coarse-grained Molecular Dynamics 26 

(CGMD) to simulate a soil mechanics element test. In the context of the current study, the term 27 

“coarse-grained” means that the simulated particles are the clay particles, rather than their 28 

constituent atoms. Firstly, the literature on clay particle interactions is reviewed to justify the 29 

interparticle forces adopted here. The choices of modelling approach and particle geometry are 30 

based on consideration of previous studies. Then, the potential function adopted and its 31 

calibration are explained before considering the steps required to simulate a mechanical 32 

element test. Data from parametric studies are used to discuss important issues, namely the 33 

appropriate number of particles to consider and the selection of the compression rate. 34 

2. Quantifying clay particle interactions 35 

Any particle-based model requires an analytical description of the variation in force or energy 36 

with particle surface separation (ℎ) and relative orientation. The force-separation relationship 37 

for clay particles with given relative orientation is relatively complex as both contact and non-38 

contact forces must be considered (in the physics and chemistry communities these forces are 39 

also referred to as short- and long-range interactions, respectively). For contacting particles, 40 

the mechanical short-range forces are modelled by the Born repulsion (e.g., Lu et al., 2008; 41 

Sjoblom, 2016; Yao, 2001), which dominates the interaction only when particles come into 42 

very close proximity (generally less than 1	𝑛𝑚) (Anandarajah and Yao, 2005; Lu et al., 2008; 43 

Yao, 2001). The non-contact forces are usually described by DLVO theory (Derjaguin and 44 

Landau, 1941; Verwey and Overbeek, 1948), developed in the 1940s to explain colloidal 45 

stability in solutions. DLVO theory describes both van der Waals attractive force (FHIJ) and 46 

the electrostatic diffuse double layer contribution (FKIL). Given the small particle sizes and 47 

large specific surface areas in clays, non-contact forces are understood to strongly influence 48 

key aspects of the overall behaviour including response to applied loads, volume change 49 
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characteristics and strength (Anandarajah, 2000a; Bolt, 1956; Lambe and Whitman, 1969; Lu 50 

et al., 2008). Non-contact forces also influence the evolution of clay fabric during deposition 51 

as they can determine whether an open or closed material fabric forms (Lambe and Whitman, 52 

1969). Clays exhibit a chemical-mechanical coupling due to the sensitivity of these forces to 53 

the pore-fluid chemistry (Santamarina et al., 2001b). 54 

DLVO equations are often expressed as energies per unit area; forces are defined as the 55 

negative slope of the energy-separation distance profiles. Within the DLVO framework, the 56 

total interaction energy between two charged colloidal particles, 𝐸: [𝐽/𝑚%], is the sum of the 57 

van der Waals (𝐸<6=) and electrostatic (𝐸56,) contributions: 58 

𝐸: = 𝐸56, + 𝐸<6= Eq. (1) 

The total energy is defined relative to the energy at infinite separation; therefore, negative 59 

slopes indicate repulsion, while positive slopes indicate attraction. 60 

𝐸<6=	[𝐽/𝑚%] is a weak short-range attractive energy originating from the correlated motions 61 

of electrons in adjacent colloidal particles (Mitchell and Soga, 2005). Its dependence on the 62 

clay mineralogy is quantified through the Hamaker constant (𝐴1 	[J]) parameter, which is 63 

challenging to measure and depends, amongst other factors, on the dielectric permittivity of 64 

the pore fluid (Israelachvili, 2011). Generally, a value of the order of 1 × 10M%0	𝐽 is suggested 65 

in the literature for colloidal particles interacting through water (Israelachvili, 2011). Here, 𝐴1 66 

values measured on kaolinite surfaces with the atomic force microscopy (AFM) by Gupta 67 

(2011) are used. There is general agreement in the literature on the mathematical expression 68 

for 𝐸<6> for two charged, parallel and infinite planar surfaces (Israelachvili, 2011; Mitchell 69 

and Soga, 2005). This study used the form employed by Gupta (2011): 70 

𝐸<6> = −
𝐴1
12𝜋 [ℎ

M% + (ℎ + 𝛿# + 𝛿%)M% − (ℎ + 𝛿#)M% − (ℎ + 𝛿%)M%] 
Eq. (2) 
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where 𝐴1 	[𝐽] is the Hamaker constant, ℎ	[𝑚] is the separation distance between the particle 71 

surfaces, and 𝛿#	[𝑚] and 𝛿%	[𝑚] are the thicknesses of the two interacting plates. 72 

𝐸56, is the Coulombic interaction between charged surfaces screened by ions in solution which 73 

partially neutralise them (Masiliyah and Bhattacharjee, 2006). 𝐸56, can be either repulsive or 74 

attractive depending on the signs of the charges of the interacting surfaces (Bandera et al., 75 

2019; Gupta, 2011; Gupta and Miller, 2010; Kumar et al., 2017; Liu, 2015): surfaces whose 76 

charges have the same sign repel and those with oppositely signed charges attract. While there 77 

are several expressions that relate 𝐸56, to the separation of the two charged surfaces, an exact 78 

analytical solution does not exist. The linearised solution proposed by Hogg et al. (1966) is 79 

accepted to be valid when the surface potential is low (a suggested upper limit is usually 25mV 80 

where the electrolyte is monovalent and the temperature is 300K). While non-linear 81 

formulations exist in the literature (Honig and Mul, 1971), their implementation is non-trivial. 82 

Referring to data presented in Hogg et al. (1966) and Masiliyah and Bhattacharjee (2006) the 83 

current study follows Gupta et al. (2011) and adopts the linearised 𝐸56, -separation distance 84 

relationship predicted by the DLVO equation defined for infinitely long planar surfaces. While 85 

we adopt this assumption here, it is only where a constant and low surface electrical potential 86 

is assumed that the linearisation is reasonably accurate.  87 

𝐸56, = 𝜀'𝜖0𝜅 P
2𝜓#𝜓% exp(𝜅ℎ) − 𝜓#% − 𝜓%%

exp(2𝜅ℎ) − 1 T 
Eq. (3) 

 88 

where 𝜓	#[𝑉] and 𝜓	%[𝑉] are the surface potentials (pH-dependent) of the interacting particles, 89 

𝜀' 	[−] is the relative permittivity, 𝜖0	[𝐹/𝑚] is the permittivity of free space and 𝜅	[𝑚M#] is the 90 

reciprocal thickness of the double layer (reciprocal Debye length), which depends on the ion 91 
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concentration of the solution. Eq. (3) was developed assuming a constant surface electrical 92 

potential.  93 

Recent studies have applied linearised DLVO expressions to AFM data to determine the 94 

surface potential along each of the three kaolinite particle surfaces, i.e. the alumina face, the 95 

silica face, and the edge. (Gupta, 2011; Kumar et al., 2017; Liu, 2015). The solution pH 96 

influences the particles’ surface chemistries and charge densities and so the pH determines 97 

whether the interactions are attractive or repulsive. Pedrotti and Tarantino (2018) analysed 98 

SEM images and mercury intrusion porosimetry (MIP) data for kaolinite samples saturated 99 

with water at different pH. They observed a variation in fabric with pH; they attributed this to 100 

the activation or deactivation of some interaction mechanisms as a consequence of the variation 101 

in the surface chemistry of the edges.  102 

DLVO theory has been qualitatively invoked to explain observations in experimental studies 103 

(e.g. Gupta, 2011; Mitchell and Soga, 2005; Pedrotti and Tarantino, 2018; Wang and Siu, 104 

2006a). However, it is broadly acknowledged that this theory over-simplifies the interactions. 105 

Discrepancies have been observed between predictions using DLVO theory and the behaviour 106 

of many clays (Mitchell and Soga, 2005). DLVO theory implicitly incorporates many 107 

assumptions and can be highly inaccurate when used outside its conditions of validity. The 108 

Gouy-Chapman theory of the electric double-layer, which is incorporated in the DLVO model, 109 

(Bharat and Sridharan, 2015; Güven, 1992; Masiliyah and Bhattacharjee, 2006; Mitchell and 110 

Soga, 2005; van Olphen, 1977) neglects the ion sizes by considering them as point charges 111 

(Sridharan and Prakash, 1999); additionally, the theory is valid only for low to moderate 112 

surface potentials and low salt concentrations (Güven, 1992; Masiliyah and Bhattacharjee, 113 

2006). Furthermore, the measurement of the surface properties (surface potential) required to 114 

use this theory in quantitative predictions is challenging (Mitchell and Soga, 2005). Ebrahimi 115 

et al. (2014) and Carrier (2014) argued that DLVO theory cannot accurately capture the 116 



6 
 

interaction at short distances (less than 1	𝑛𝑚), which, as will be shown later, is irrelevant for 117 

many of the large scale properties considered. 118 

 119 

Figure 1. Schematic of the energy-separation distance plot for two interacting clay particles illustrating the 120 

energy barrier; ℎ!" is the separation distance at which the energy barrier (global maximum) is attained 121 

Figure 1 presents a schematic of the energy- surface separation distance plot for two interacting 122 

particles. As particle separation increases from the fully contacting case, there is a sharp rise in 123 

the DLVO energy up to a local maximum termed energy barrier (Israelachvili, 2011), as shown 124 

in Figure 1; before this maximum, interactions are dominated by an attractive force. A 125 

reduction in the surface potential reduces the energy barrier, leading to flocculation 126 

(Israelachvili, 2011). Subsequent increases in separation result in a monotonic reduction in the 127 

energy and a repulsive force. 128 

Arguably the value of DLVO is limited to providing a conceptual framework within which to 129 

understand how clay’s qualitative behaviour arises from microscopic interactions and the net 130 

balance of interparticle forces (Güven, 1992). However, it is important to acknowledge that 131 

while DLVO cannot capture the fine detail of clay-clay interactions especially at very short 132 

distances, it still contains a description of the dominant physical forces, which should lead at 133 

least to a correct description of trends. More generally, as previously argued in other fields 134 
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(Angioletti-Uberti, 2017), the fine details of the energy-separation distance relation might not 135 

be too relevant for a correct description of meso-scale or integrated properties, as long as the 136 

important features, e.g., the presence of minima, or barriers, and their relative position, are 137 

correctly captured. 138 

A number of authors (Güven, 1992; Israelachvili, 2011; Mitchell and Soga, 2005) have argued 139 

that the most rigorous approach to study clay particle interactions is to adopt atomistic 140 

molecular dynamics (MD) simulations. However, atomistic simulations are too 141 

computationally expensive to be used to study most properties of clay. Some researchers have 142 

recently used atomistic MD to develop coarse-grained potential functions to describe clay 143 

particle interactions (Carrier, 2014; Ebrahimi et al., 2012; Honorio et al., 2018, 2017), but no 144 

data are available for kaolinite.  145 

Table 1. DLVO parameters (Gupta, 2011) used to compute face-face and edge-edge interactions under the 146 
assumption of constant surface potential. Af-Af, Sf-Sf and Af-Sf indicate Alumina face – Alumina face, Silica 147 
face – Silica face and Alumina face – Silica face interactions, respectively. E-E indicates the Edge – Edge 148 

interaction 149 

DLVO parameter Af – Af  Sf – Sf  Af – Sf  E – E  

𝐴1 	[𝐽] 3.9 × 10#$% 1.11 × 10#$% 2.08 × 10#$% 2.37 × 10#$% 

𝜓#	[𝑉] 
−55.27	 × 10#& −67.05	 × 10#& 

−55.27	 × 10#& 
−125.29	 × 10#& 

𝜓%	[𝑉] −67.05	 × 10#& 

𝜀' 	[−] 78 

𝜖0	[𝐹/𝑚] 8.854 × 10#'$ 

𝜅	[1/𝑚] 9.6 × 10#( 

𝛿#	(𝑎𝑛𝑑	𝛿%)	[𝑚] 
Particles diameter (as in  

Table 2) 

Particles thickness 

(as in  

Table 2) 

 150 

This study explores how we can implement DLVO in a particle-based model so that its 151 

relevance to clay behaviour can be critically analysed. The DLVO equations provided in the 152 

literature cannot be directly used in a DEM / MD code where the platelets have a finite size 153 
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and interact at arbitrary relative orientations in three-dimensional space. Instead, the DLVO 154 

energy-separation relationships must be used to develop and calibrate specific potential 155 

functions or contact constitutive models for use in a MD or DEM code, respectively. Kaolinite 156 

saturated in an electrolyte solution with a KCl (Potassium Chloride) salt concentration 𝜌! =157 

1𝑚𝑀 at pH=8 is considered. Under these conditions, all the interactions are repulsive. The 158 

surface potential values were estimated from surface force measurements obtained using the 159 

AFM (Gupta, 2011; Gupta and Miller, 2010) (Table 1). For the alkaline conditions considered 160 

here, the Alumina face – Alumina face (Af-Af), Alumina face – Silica face (Af-Sf) and Silica 161 

face -Silica face (Sf-Sf) interactions are comparable as these surfaces all have a similar 162 

potential. This is not the case when low pH conditions are considered and so the modelling 163 

approach proposed cannot be directly applied for all pH values.  164 

3. Choice of modelling framework and particle type  165 

3.1.  Overview of available modelling frameworks 166 

Prior attempts to simulate the mechanical behaviour of a system of clay particles (e.g., 167 

Anandarajah, 2000a; Ebrahimi, 2014; Pagano et al., 2020) have used either DEM (Cundall and 168 

Strack, 1979) or MD (Alder and Wainwright, 1959; Smith and Frenkel, 2002). These two 169 

techniques are algorithmically similar; both consider the equilibrium of a system of discrete 170 

rigid bodies at discrete time intervals and use a simple, explicit time integrator to simulate the 171 

evolution of the system. There are, however, some key differences. In DEM, the frictional 172 

contacts between particles are modelled by means of orthogonal springs and force-173 

displacement relationships describe the interactions between grains. In MD interactions are 174 

modelled by considering the variation of the potential energy with respect to distance (and 175 

orientation, for rigid bodies like in our case). Friction between particles does not have to be 176 

explicitly implemented as it arises from the potential used, as well as from the coarse-graining 177 

procedure followed. Whether DEM or MD was used, fully saturated samples of clay were 178 
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considered; the systems were assumed to be fully drained so that excess pore water pressures 179 

did not develop. The pore water chemistry was accounted for via the choice of interaction 180 

model and model parameters. 181 

Configurations obtained using MD are consistent with various probability distributions, called 182 

“ensembles” (Ercolessi, 1997), which generate a different distribution of particles, positions 183 

and momenta and ensure the correct equilibrium properties are obtained. Following a 184 

convention in the physics and chemistry communities, these “ensembles” are labelled with a 185 

three-letter sequence, e.g., NVE, NVT and NPT, where N denotes the number of particles, E 186 

denotes the total energy (kinetic + potential), and V, T and P denote volume, temperature and 187 

pressure, respectively. Temperature and pressure, which, in reality, are imposed by a material’s 188 

environment, must be imposed by artificial computational devices known as “thermostats” and 189 

“barostats”, respectively. The MD “ensembles” define specific conditions on a group of 190 

particles. These conditions are automatically associated with the equations of motion used to 191 

simulate the dynamics of the system, which by construction can be shown to keep the quantities 192 

indicated by the letters V, E, P and T at controllable target values (Allen and Tildesley, 1987). 193 

For our simulations this means that in the case of NVE, once the initial positions and velocities 194 

of the particles are given, the energy is determined and is constant throughout the simulation. 195 

In the case of NVT, volume is constant, and a computational device known as a thermostat 196 

replicates the constant temperature of the simulated system. Here the NPT ensemble was used 197 

to compress the sample; in this case a thermostat replicates constant T conditions; a barostat 198 

was used to control the pressure, which in our simulations was increased linearly. In all of these 199 

“ensembles” the number N of particles is constant. The way these ensembles are used here is 200 

summarised in Figure 2 and further detailed below.  201 
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 202 

Figure 2. Work-flow employed to perform molecular dynamics simulations of kaolinite considering alkaline pH 203 

conditions. 𝑇 is the temperature of the system and 𝐸)*,,-. and 𝐾)*,,-. are the total energy and the kinetic 204 

energy of the system from CGMD simulations, respectively 205 

3.2.  Modelling options to represent clay particle morphology 206 

When developing a particle-based model, it is important to choose a particle shape which can 207 

realistically represent the material modelled. Clay particles are phyllosilicate platelets, they are 208 

primarily hydrous aluminium silicates sheet structures. Kaolinite is a 1:1 clay so that an 209 

octahedral sheet comprising aluminium cations alternates with a tetrahedral silica sheet 210 

(Mitchell and Soga, 2005). A kaolinite particle has a diameter (D) between 0.1𝜇𝑚	𝑎𝑛𝑑	4𝜇𝑚 211 

and a thickness (𝛿) of about 0.05	𝜇𝑚 − 2	𝜇𝑚 (Lambe & Whitman, 1969; Mitchell & Soga, 212 

2005; Santamarina et al., 2001). The particle shape is often observed (from Scanning Electron 213 

Microscopy (SEM) images) to be pseudo-hexagonal.   214 

Anandarajah and his colleagues have explored the use of DEM to simulate one-dimensional 215 

compression of kaolinite. Initially they considered 2D rectangular particles (Anandarajah, 216 

2000a, 2000b, 1994); their subsequent 3D work used cuboids (Anandarajah and Yao, 2005; 217 

Yao, 2001). They included FHIJ and FKIL in their interaction model, but they neglected the 218 

negative electrostatic force that arises from the different surface potentials on opposite sides of 219 
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the particles. A typical simulation considered 400 randomly oriented particles enclosed by rigid 220 

planar boundaries. Pagano et al. (2020) also employed DEM to simulate one-dimensional 221 

compression of kaolinite using 2D rod-like particles made of disk-clusters. They developed a 222 

simple tri-linear contact model based on qualitative experimental observations (Pedrotti and 223 

Tarantino, 2018). The open-source software MercuryDPM (Weinhart et al., 2020) was used to 224 

simulate 300 randomly oriented particles enclosed within rigid wall boundaries, which, 225 

however, introduce artefacts in the particle arrangement (Allen and Tildesley, 1987; 226 

Anandarajah, 2000b; Huang et al., 2014). These two-dimensional models are, effectively, 227 

simple conceptual models as they cannot capture the real material’s 3D geometric complexity. 228 

In fact, it is well-established that there are both quantitative and qualitative distinctions between 229 

2D and 3D models (Visscher and Bolsterli, 1972).  230 

Liu (2015) performed coarse-grained MD simulations using the LAMMPS software (Plimpton, 231 

1995) to capture cluster formation in suspensions of kaolinite under different pH conditions. 232 

Each hexagonal particle was represented by a clump of spheres on a hexagonal lattice. Particle 233 

interactions were computed using a combination of the DLVO model and a shifted and 234 

truncated Lennard-Jones (LJ) potential (Liu et al., 2014). They considered about 1,000 235 

composite particles and used periodic boundary conditions to prevent boundary effects. A 236 

similar modelling approach was used to simulate kaolinite in one-dimensional compression 237 

(Sjoblom, 2016) and triaxial compression (Aminpour and Sjoblom, 2019). In both cases, 238 

composite particles with a diameter-to-thickness ratio ≈ 12 were modelled as rigid hexagons 239 

using two types of smaller sub-particles to differentiate the responses of the particle faces and 240 

edges. Interparticle forces were captured using the DLVO theory with the addition of Stern and 241 

Born short-range repulsion forces, modelled by means of orthogonal springs. LAMMPS was 242 

used with periodic boundary conditions and a typical cubic sample contained 4,700 (Sjoblom, 243 

2016) or 1,000 (Aminpour and Sjoblom, 2019) particles. The sphere clumps used in prior 244 



12 
 

studies comprised 122 and >160 sub-spheres (Liu, 2015; Sjoblom, 2016, respectively) so that 245 

up to ≈ 15,000 sub-sphere interactions must be calculated for a single face-face interaction 246 

between two particles. This has implications for computational cost and may inhibit achieving 247 

a representative element volume (REV) in MD/DEM simulations, as we will argue later.  248 

Ebrahimi (2014) used LAMMPS in his simulations of Na-montmorillonite to quantify its 249 

effective macro-scale stiffness. He modelled montmorillonite particles using prolate ellipsoids 250 

(spheroids) (Ebrahimi et al., 2016, 2014) and the interparticle interactions were described by 251 

the Gay-Berne (GB) potential (Everaers and Ejtehadi, 2003; Gay and Berne, 1981). The GB 252 

potential is a modified form of the Lennard-Jones potential. It is widely used in molecular 253 

dynamics simulations of colloidal systems to simulate non-spherical particles, and, like the LJ 254 

potential, is characterised by a repulsive and attractive component. While it has been criticised 255 

for its empirical nature (Everaers and Ejtehadi, 2003), the Gay-Berne potential is used here as 256 

it allows simulations of three-dimensional systems containing ellipsoids of various aspect 257 

ratios interacting at different orientations and it is already implemented in LAMMPS (Brown 258 

et al., 2009; Everaers and Ejtehadi, 2003; Plimpton, 1995). Ebrahimi (2014) showed that by an 259 

appropriate choice of the principal radii, a circular disc can be described as a flat ellipsoid and 260 

used to model clay grains. Ebrahimi’s simulations considered 1,000 randomly oriented 261 

particles under periodic boundary conditions.  262 

263 
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Table 2. Sample ID, diameter, thickness and aspect ratios information of samples considered 264 

 Sample ID 

ID 

Particle 

Type  

Diameter D 

(nm) 

Thickness δ 

(nm) 

Aspect ratio 

(D/ δ) 

Monodisperse Mono_1 1 2000 200 10 

Polydisperse Poly_1 

3 1300 130 10 

2 1650 165 10 

1 2000 200 10 

 265 

3.3.  Strategy adopted here 266 

In this contribution, MD is used to simulate kaolinite particles as oblate spheroids (i.e., 267 

ellipsoids with equal major and intermediate semi-axis lengths); the system is assumed to be 268 

fully saturated and fully drained and the influence of pore water chemistry on interactions is 269 

accounted for via the potential function. Figure 3(a) presents a schematic showing plane and 270 

side views of the particles used to model kaolinite in this study. Pair-wise interactions are 271 

described by the GB potential. Two sample types were considered here as detailed in Table 2. 272 

Sample Mono_1 contains monodisperse ellipsoidal particles with an aspect ratio AR (ratio 273 

between diameter and thickness) of 10 and 𝐷 = 2000	𝑛𝑚. The polydisperse sample contained 274 

a 1:1:1 (approximate) mixture of three particle types. The average diameter is the mean value 275 

in the range suggested by Santamarina et al. (2001); the two additional diameter values were 276 

taken as 20% above and 20 % below the average. Poly_1 contains particles with different 277 

dimensions but all having AR=10. 278 

 279 



14 
 

 

 

(a) (b) 

Figure 3. (a) Plane and side view of ellipsoidal kaolinite particles; (b) Face-face (I) and edge-edge (II) 280 

reference configurations  281 

4. Development and Calibration of a modified Gay-Berne Potential 282 

The GB potential, as implemented in LAMMPS, is given by the following functional form 283 

(Berardi et al., 1995; Brown et al., 2009; Everaers and Ejtehadi, 2003):  284 

𝑈DE = 4𝜖 P]
𝜎

ℎ#% + 𝛾𝜎
^
#%
− ]

𝜎
ℎ#% + 𝛾𝜎

^
N
T × 𝜂 × 𝜒 Eq. (4) 

where 𝜖	[𝐽] is the energy scale, 𝜎	[𝑛𝑚] is the atomic interaction radius, 𝛾[−] is the shift of the 285 

potential minimum, and ℎ#%	[𝑛𝑚] is the closest distance between particle surfaces (this 286 

distance equals the surface separation distance ℎ in Eq. (2) and Eq. (3) only when particles are 287 

in the reference configurations as in Figure 3(b) so that when ℎ#%~0, particles are almost 288 

touching). The quantity ℎ#% is determined by the particle sizes and orientations. The 289 

dimensionless quantities 𝜂 and 𝜒 (the shape and energy anisotropies, respectively) depend on 290 

the particle dimensions, their orientation and on the relative well-depth values, 𝜀(., 𝜀(", 𝜀(&, 𝜀/., 291 

𝜀/",	𝜀/&, which are defined for face-face, side-side (which is equivalent to the face-face here), 292 

and edge-edge interactions. The letters 𝑖 and 𝑗 refer to the interacting particles, while 𝑎, 𝑏 and 293 

𝑐 indicate the semi-axes directions these quantities refer to. For the ellipsoids used here 𝜀(. =294 
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𝜀(" and 𝜀/. = 𝜀/". The first term of 𝑈DE 	[𝐽] is related to repulsion, while f− O
P/0QRO

g
N
is the 295 

attractive component of the potential. The GB potential parameters do not have a direct 296 

physical meaning and cannot easily be linked to clay surface chemistry and pore fluid 297 

chemistry. The GB potential is defined such that, if faces and edges are characterised by a 298 

surface potential with the same sign (i.e., negative in the case examined), a unique set of 299 

parameters can reproduce the energy-separation distance relationship observed considering the 300 

face-face and edge-edge reference configurations (Figure 3(b)).  301 

  

(a) (b)  

Figure 4. Interactions for particles in sample Mono_1 (kaolinite saturated in an electrolyte solution with a KCl 302 

𝜌1 = 1𝑚𝑀 at pH=8); Af, Sf and E denote Alumina face, Silica face and Edge respectively. (a) DLVO energy-303 

separation distance relationships and (b) DLVO force-separation distance relationships  304 

Figure 4(a) and Figure 5 present energy-separation data for Mono_1 and Poly_1 generated 305 

using the DLVO expressions (Eq. (2) and Eq. (3)) for the two reference configurations and 306 

using the surface potential values given in Gupta (2011) (Table 1). Eq. (3) was also applied in 307 

the edge-edge configuration, for which we determined the energy density using the expressions 308 

for infinite parallel surfaces, i.e., using Eq. (3). The energy computed for this configuration 309 

may be overestimated as we fail to account for edge effects and, in principle, the Derjaguin 310 
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assumption for curved surfaces could be applied (Israelachvili, 2011). Eq. (2) and Eq. (3) 311 

provide data in terms of energy/unit area. Energy – separation distance profiles were obtained 312 

multiplying Eq. (2) and Eq. (3) by the interacting areas in the two reference configurations. For 313 

simplicity, the interacting areas were determined based on geometrical considerations and 314 

defined as 𝐴-.&?! = 𝜋 × f8
%
g
%
 and 𝐴?6S?! = 𝜋 × f8

%
g × 𝛿, which is half the area of the edges. 315 

For the pore fluid conditions considered, the data show a purely repulsive response at distances 316 

ℎ exceeding ℎ?", the height of the energy barrier in the system (see Figure 1 for reference). 317 

Equivalent force data obtained via numerical differentiation are illustrated in Figure 4(b) and 318 

Figure 6, for Mono_1 and Poly_1 samples, respectively; these data are within the range of force 319 

values reported in the literature (Israelachvili, 2011; Yao, 2001). The data on Figure 4(a) and 320 

Figure 5 were used to calibrate the GB potential parameters. It is assumed that the interactions 321 

at intermediate orientations are correctly predicted by the GB model once the face-to-face and 322 

edge-to-edge interactions are correctly calibrated (Ebrahimi et al., 2014; Gay and Berne, 1981). 323 

Due to its mathematical form, the GB potential cannot reproduce the attraction at short 324 

distances predicted by DLVO equations, arising when ℎ<ℎ?" (Bandera et al., 2019). This does 325 

not present a problem during initial loading; rather, it must be solved to simulate unloading, 326 

and this is beyond the scope of the current study. The calibration process focussed on separation 327 

distances greater than ℎ?" and so can describe the variation of the interparticle forces with pore 328 

fluid chemistry (e.g., pH, salt concentration). Once calibrated, the GB potential represents a 329 

good analytical framework that can capture both the energy-separation distance relationship 330 

predicted by DLVO and simulate particle rotation.  331 

  332 
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Type 1 – Type 1 Type 1 – Type 2 Type 1 – Type 3 

   

Type 2 – Type 2 Type 2 – Type 3 Type 3 – Type 3 

Figure 5. DLVO energy-separation distance relationships for particles in sample Poly_1 (kaolinite saturated in 333 

an electrolyte solution with a KCl 𝜌1 = 1𝑚𝑀 at pH=8); Af, Sf and E denote Alumina face, Silica face and Edge 334 

respectively. All six possible interactions are considered (Plots consider different scales on the vertical axes) 335 

  336 
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Type 1 – Type 1 Type 1 – Type 2 Type 1 – Type 3 

   

Type 2 – Type 2 Type 2 – Type 3 Type 3 – Type 3 

Figure 6. DLVO force-separation distance relationships for particles in sample Poly_1 (kaolinite saturated in 337 

an electrolyte solution with a KCl 𝜌1 = 1𝑚𝑀 at pH=8); Af, Sf and E denote Alumina face, Silica face and Edge 338 

respectively. All six possible interactions are considered (Plots consider different scales on the vertical axes) 339 

In the general case, nine GB potential parameters (𝛾, 𝜀, 𝜎, 𝜀(. , 𝜀(", 𝜀(&, 𝜀/. , 𝜀/", 𝜀/& ) must be 340 

calibrated to reproduce the energy-separation distance relationship predicted by the DLVO 341 

model. However, for monodisperse samples with spheroidal particles there are only five 342 

independent parameters as 𝜀(. = 𝜀/. = 𝜀(" = 𝜀/" and 𝜀(& = 𝜀/&. 343 

  344 
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Table 3. Calibrated GB parameters for sample Mono_1 345 

GB parameter Value 

𝛾!"	[−] 0.37 

𝜖	[𝐽] 2.36 × 10#$% 

𝜎	[𝑛𝑚] 230 

𝜀&' = 𝜀$'	[−] 850 

𝜀&" = 𝜀$"	[−] 850 

𝜀&( = 𝜀$(	[−] 250 

 346 

Table 4. Calibrated GB parameters for sample Poly_1 347 

GB 

parameter 

Type 1 – 

Type 1 

Type 1 – 

Type 2 

Type 1 – 

Type 3 

Type 2 – 

Type 2 

Type 2 – 

Type 3 

Type 3 – Type 

3 

𝛾!"	[−] 0.35 0.32 0.32 0.305 0.305 0.39 

𝜖	[𝐽] 1.4 × 10#$) 6.95 × 10#$* 6.95 × 10#$* 6.95 × 10#$* 6.95 × 10#$* 1.74 × 10#$% 

𝜎	[𝑛𝑚] 370 370 390 340 350 350 

𝜀&'	[−] 1100 1100 1100 1050 1050 1050 

𝜀&"	[−] 1100 1100 1100 1050 1050 1050 

𝜀&(	[−] 600 600 600 470 470 300 

𝜀$'	[−] 1100 1050 1050 1050 1050 1050 

𝜀$"	[−] 1100 1050 1050 1050 1050 1050 

𝜀$(	[−] 600 470 300 470 300 300 

 348 

For the scenario considered here, DLVO predicts a purely repulsive interaction and so a 349 

modified GB potential expression which considers only the repulsive term was implemented 350 

in the LAMMPS source code to avoid spurious, non-physical interactions: 351 

𝑈DE,F?G+,!(<? = 4𝜖 P]
𝜎

ℎ#% + 𝛾𝜎
^
#%
T × 𝜂 × 𝜒 Eq. (5) 

The new implementation was cross-checked by comparison with data generated by MATLAB 352 

for a single interaction. In the monodisperse case both the interaction energy and forces 353 

predicted by MATLAB matched those obtained in LAMMPS. In the polydisperse case, a 354 

discrepancy arose because LAMMPS inhibits the use of different 𝛾 values for different 355 

interacting pairs, as 𝛾 is set as a global parameter. The issue was resolved by further modifying 356 
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the code of the GB potential at source by introducing a new, pair-dependent, 𝛾 parameter, 𝛾!". 357 

The repulsive energy then becomes: 358 

𝑈DE,F?G+!(<?!" = 4𝜖 P]
𝜎

ℎ#% + 𝛾!"𝜎
^
#%
T × 𝜂 × 𝜒 Eq. (6) 

The trial and error calibration process used was informed by a parametric study. Table 3 and 359 

Table 4 summarise the calibrated parameters for the two samples considered here. Figure 7 and 360 

Figure 8 compare the calibrated GB potential with the DLVO prediction by considering the 361 

energy-separation distance relationships (for ℎ > ℎ?") for the Mono_1 and Poly_1 cases, 362 

respectively. As can be seen in Figure 7 and Figure 8, the GB potential calibration focuses on 363 

low potential values. This represents the most likely scenario in the case of virgin compression 364 

from a cloud of non-contacting particles. We did not seek to accurately describe the initial part 365 

of the DLVO curve for two reasons. Firstly, the DLVO theory provides an unphysical 366 

description at very small distances, where effectively the potential should become repulsive 367 

because particles cannot physically overlap (Anandarajah, 2003, 2000a). The second reason is 368 

that when interacting particles enter this short distance region, the material fabric does not 369 

change significantly with a further increase in pressure (Hanley et al., 2015) and it becomes 370 

less sensitive to the exact details of the potential.  371 

  372 
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 373 

Figure 7. GB potential calibrated against DLVO energy-separation distance profiles for Mono_1 sample. 374 

DLVO denotes DLVO prediction, GB denotes the calibrated GB potential; Af, Sf and E denote Alumina face, 375 

Silica face and Edge respectively 376 

  377 
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Type 1 – Type 1 Type 1 – Type 2 Type 1 – Type 3 

   

Type 2 – Type 2 Type 2 – Type 3 Type 3 – Type 3 

Figure 8. GB potential calibrated against DLVO energy-separation distance profiles Poly_1 sample. DLVO 378 

denotes DLVO prediction, GB denotes the calibrated GB potential; Af, Sf and E denote Alumina face, Silica 379 

face and Edge respectively 380 

5. Simulation of Compression 381 

5.1.  Sample Generation and initial equilibration 382 

Figure 2 summarises the simulation work-flow we converged to for the CGMD simulations 383 

described here. Initial sample configurations were created by placing the centroids of the 384 

ellipsoids at positions defined by a simple cubic lattice so that the centre-to-centre spacing 385 

between them was larger than the particle diameter to avoid overlap. Random orientations were 386 

assigned to each particle and particles were also given initial random velocities at a specified 387 

kinetic temperature 𝑇 = 300	𝐾. Periodic boundaries conditions were used in all three 388 

directions, x, y, and z. Sample generation inevitably involves a decision on the size of the 389 
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system to be simulated. The large computational resources required limit discrete numerical 390 

simulations to consider an incredibly small number of particles compared to the number of 391 

particles contained in samples used for laboratory element tests. In principle, use of periodic 392 

boundaries enables very large assemblies of particles to be simulated; conceptually only a 393 

subdomain of the entire system is considered and then replicated infinitely in three-dimensional 394 

space. However, it is still necessary to achieve a representative element volume (REV). An 395 

REV is the minimum volume of material for which the macroscopic parameters of interest are 396 

not influenced by the size of the sample and it can be identified via parametric studies where 397 

the sample size is systematically varied (Barreto, 2009).  398 

The smallest sample size considered here (1,000 particles) is in line with prior published studies 399 

(Table 5). The parametric study included additional specimens with 10,000 and 100,000 400 

particles so that the influence of sample size on the simulated material behaviour could be 401 

examined. These virtual samples were visualised using the open-source software OVITO 402 

(Open Visualisation Tool) (Stukowski, 2010). Figure 9 (a) and (b) present representative 403 

images of 1,000-particle samples of Mono_1 and Poly_1 to show the particle arrangements 404 

immediately after specimen generation. At this stage, the specimens were gas-like, that is, had 405 

very low density, were characterised by a very high percentage of voids and had little 406 

interaction amongst particles.  407 

For each sample, following generation, a NVE simulation, in which particles move and interact 408 

with each other while meeting the constant energy constraint (𝐸78,:;)) was performed. 409 

Because the initial configuration is very far from equilibrium, large forces develop between 410 

particles at the beginning of the NVE simulation. This causes the energy of the system to 411 

oscillate over a few time-steps before the equations of motion can be correctly integrated (Allen 412 

and Tildesley, 1987; Tuckerman, 2010). During this NVE simulation, the temperature (𝑇) 413 

calculated from the average of the particles kinetic energies increased to a high value, 414 
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indicating the system had not yet reached equilibrium. The sample in the non-equilibrated stage 415 

was then subjected to a NVT simulation in which its temperature was reduced to room 416 

temperature by applying a Nose’-Hoover (Shinoda et al., 2004) thermostat; the system was left 417 

equilibrating until the temperature had stabilised. Before compression, an additional NVE 418 

analysis was performed on the systems at room temperature to assess the suitability of the time-419 

step chosen for the explicit integration of the equations of motion for the system. Figure 9 (c) 420 

and (d) shows Mono_1 and Poly_1 samples at the end of the equilibration stage.  421 

Table 5. Number of particles used in previous numerical studies of clay 422 

Authors Material modelled Number of particles used 

Anandarajah and Yao (2003) Kaolinite (2D/3D) 400 

Ebrahimi (2014) Montmorillonite (3D) 1000 

Liu (2015) Kaolinite (3D) 1000 

Sjoblom (2016) Kaolinite (3D) 4700 

Aminpour and Sjoblom (2019) Kaolinite (3D) 1000 

Pagano et al. (2020) Kaolinite (2D) 300 

 423 

  424 
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Particle arrangement after sample generation 

  

(a) 

 

(b) 

 

Particles arrangement before compression 

  

(c) (d) 

Figure 9. Illustration of small (1,000 particle) samples: (a) Mono_1 post-generation (b) Poly_1 post-generation 425 

(c) Mono_1 just prior compression (d) Poly_1 just prior compression. In (b) and (d) images are color-coded 426 

according to their types (see Table 2): Type 1 particles are red, Type 2 are green and Type 3 are blue 427 

5.2.  Selecting simulation time-step  428 

The second-order Verlet integration scheme is used to integrate the equations of motion in 429 

MD/DEM in LAMMPS (Otsubo et al., 2017). The Verlet algorithm is explicit, conditionally 430 

stable and to ensure numerical stability, the time-step ∆𝑡*($+, must be smaller than ∆𝑡&'() 431 

(critical timestep) (O’Sullivan and Bray, 2004; Otsubo et al., 2017). The non-linearity of the 432 

interaction model used here significantly complicates the calculation of ∆𝑡&'(). Following prior 433 

published numerical simulations of clay (e.g., Yao, 2001), a simplified method, which 434 
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considers the oscillation period of a single degree of freedom (DOF) system with mass m and 435 

stiffness k, is used. The critical time-step ∆𝑡&'()	[𝑠] was computed as (Eq. (7)) 436 

∆𝑡&'() =
𝑇8BC
𝜋 	 Eq. (7) 

𝑇8BC [s] is the oscillation period of a single DOF system, defined as: 437 

𝑇8BC = 2𝜋k
𝑚$(A

𝑘$.@
 Eq. (8) 

where 𝑚$(A	[𝑘𝑔] is the minimum mass in the system and 𝑘$.@	[𝑁/𝑚] is the maximum 438 

stiffness associated with particle-particle interactions. The stiffness, 𝑘, is computed here 439 

numerically as the second derivative of the pair energy with respect to the separation distance 440 

for the two reference configurations (Figure 3(b)). As the interaction is purely repulsive for 441 

pH=8, 𝑘$.@ is observed when particles touch at ℎ = 0. To account for the existence of multiple 442 

contacts within the system (Otsubo et al., 2017), ∆𝑡&'() is multiplied by a reduction factor, 443 

𝜗[−], such that the time-step used to integrate the equations of motions in MD, ∆𝑡*($+,, 444 

satisfies the following condition: 445 

∆𝑡*($+, ≤ 𝜗∆𝑡&'() Eq. (9) 

 446 

Different values for 𝜗 can be found in the literature (e.g. Anandarajah, 1994; O’Sullivan and 447 

Bray, 2004; Pagano et al., 2020; Yao, 2001). In this paper, two 𝜗 values, defining two different 448 

time-steps ∆𝑡# and ∆𝑡%, are considered: 𝜗# = 0.17 obtained by O’Sullivan and Bray (2004) for 449 

3D analyses of uniform spheres, and 𝜗% = 0.02, obtained from results in Pagano et al. (2020). 450 

An NVE simulation was carried out to assess which time-step value, ∆𝑡# or ∆𝑡%, ensured energy 451 

conservation and, hence, correct integration of the equations of motion. Results obtained from 452 

analyses carried out with ∆𝑡# and ∆𝑡% were compared with results of a simulation performed 453 
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with a very small time-step, used as a benchmark: ∆𝑡"$ = 1 × 10M##	𝑠. Figure 10 plots 454 

potential (𝑈78,:;)), kinetic (𝐾78,:;)), and total (𝐸78,:;))	energies obtained by performing 455 

simulations for Mono_1 with 1,000 particles. In all the cases, 𝐸78,:;)	is conserved. However, 456 

when considering ∆𝑡#, higher 𝐾78,:;) and 𝐸78,:;) energies were observed compared to the 457 

benchmark case (∆𝑡*($+, = ∆𝑡"$). Here ∆𝑡*($+, ≈ ∆𝑡% were employed: 	458 

∆𝑡*($+, = 1.1 × 10M#0	𝑠 for Mono_1 and ∆𝑡*($+, = 2.26 × 10M#0	𝑠 for Poly_1, respectively. 459 

The ∆𝑡*($+, 	 values used in prior simulations of kaolinite (e.g., Pagano et al., 2020; Sjoblom, 460 

2016) are comparable with the ∆𝑡*($+, used here. 461 

 462 
Figure 10. Energy profiles (total, 𝐸)*,,-., potential, 𝑈)*,,-. and kinetic, 𝐾)*,,-.) considering 1,000-particle 463 

Mono_1 sample analysis carried out with different time-step values 464 

6. Isotropic compression 465 

After the second NVE simulation (Figure 2), samples were subjected to isotropic compression 466 

by performing NPT simulations at a constant 𝑇 = 300𝐾, while a linear variation of pressure 467 

(𝑃) up to 100	𝑘𝑃𝑎 was applied. Selecting the compression rate is a key issue for these 468 

simulations. Compression tests on platy aspherical particles are computationally expensive. 469 

LAMMPS can run on distributed-memory high performance computers (HPCs). A single node 470 

with 48 CPUs was used to simulate the 10,000-particle specimen; 10 nodes and a total of 480 471 
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CPUs were employed to simulate the 100,000-particle specimen. For each sample size and 472 

type, four NPT simulations were performed at different compression rates to determine which 473 

value was appropriate to achieve reasonable results. These compression rates are significantly 474 

bigger than those used in experimental studies. The fastest compression rate at which the output 475 

is independent of the strain rate is the one that should be used as a trade-off between having a 476 

simulation that can be performed and that is meaningful when compared to experimental 477 

results. Table 6 summarises the length of the analyses considered. The compression rate values 478 

for Mono_1 and Poly_1 are slightly different, as the periodic box dimensions cannot be directly 479 

controlled during the NPT simulations; however, they are of the same order of magnitude and 480 

thus direct comparison is valid.  481 

Table 6. Length of the isotropic compression tests performed on Mono_1 and Poly_1 samples 482 

Simulation ID Simulation length (s) 

NPT1 5	 × 10#2 

NPT2 5	 × 10#3 

NPT3 5	 × 10#& 

NPT4 1 × 10#$ 

 483 

6.1.  Effects of compression rate 484 

6.1.1 Macroscopic effects 485 

The effects of sample size and strain rate on the behaviour of virtual specimens cannot be 486 

completely decoupled and so we first consider all three sample sizes and then focus only on 487 

the samples with 100,000 particles.  488 
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 489 

Figure 11. Pressure profiles used in isotropic compression simulations 490 

 491 

The pressure profiles applied in the simulations are shown in Figure 11; NPT1 had the fastest 492 

compression rate, while NPT4 was the slowest. The void ratio e = e100kPa [-] at the end of each 493 

compression test (i.e. at 100	𝑘𝑃𝑎) is plotted against the compression rate in Figure 12(a) and 494 

Figure 14(a) for Mono_1 and Poly_1, respectively. The compression rate at the end of each 495 

NPT simulation, 𝜀-̇	[1/𝑠], was computed using Eq. (10):  496 

𝜀-̇ =

𝑙0 − 𝑙-
𝑙0
𝑡-

 
Eq. (10) 

where 𝑙0	[𝑚] is the periodic box dimension at the beginning of the compression, 𝑙-	[𝑚] is the 497 

box dimension in either direction at the end of each NPT simulation and 𝑡-	[𝑠] is the total time 498 

length of the analysis.  499 
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(a) (b) 

Figure 12. Sensitivity of response to sample size and strain rate for Mono_1 samples: (a) Variation in void ratio 500 

at 100 kPa with compression rate and sample size (b) Variation in void ratio - pressure relationship with strain 501 

rate for 100,000-particle sample 502 

The data for the Mono_1 samples in Figure 12(a) show that for the three sample sizes 503 

considered, 𝑒#0034. is clearly influenced by the compression rate. There is a significant 504 

decrease in 𝑒#0034. comparing NPT2 with NPT1. For the two slowest compression rates (i.e., 505 

NPT3 and NPT4), the void ratio reached a stable value, indicating a quasi-static compression 506 

had been achieved.  507 

Figure 12(b) plots the variation of e with pressure for the 100,000-particle sample and shows 508 

that the compression rate also influences the slopes of the compression curves. The differences 509 

between the curves decrease with decreasing compression rate and they have a similar slope at 510 

pressures > 50 kPa. Two additional quantities were monitored during the compression phase; 511 

𝑇 and the total energy 𝐸78,:;), to further confirm quasi-static conditions were being achieved. 512 

The temperature variation in the system with pressure for the different strain rates considered 513 

is shown in Figure 13(a). NPT3 and NPT4 had the lowest 𝑇 values which oscillated around the 514 

room temperature value, i.e., 𝑇~300 K. Figure 13(b) considers how 𝐸78,:;) varies with 515 
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pressure: quasi-static simulations are associated with the lowest value of the total energy in the 516 

system.  517 

  

(a) (b) 

Figure 13. Data for energy variation during compression at different strain rates for Mono_1 100,000-particle 518 

sample: (a) Variation in temperature with pressure (b) Variation in total energy with pressure 519 

The variation in e100kPa with 𝜀-̇ for the Poly_1 samples is shown in Figure 14(a). In comparison 520 

with the Mono_1 samples, the Poly_1 sample e100kPa values are much closer to each other. The 521 

smallest samples with 1,000 particles show no clear sensitivity to 𝜀-̇; e100kPa for NPT3 is higher 522 

than e100kPa for NPT2. The influence of compression rate becomes clear for the large samples; 523 

this indicates that the 1,000-particle Poly_1 sample is far from being a REV. Figure 14(b) plots 524 

how the compression curves defined for the biggest Poly_1 sample change when considering 525 

different compression rates. Just as in Mono_1, e100kPa decreases with reducing compression 526 

rate. However, the slope of the e-log(p) curve (i.e., compressibility) varies markedly less than 527 

in the Mono_1 samples. Both 𝑇 and 𝐸78,:;) were monitored throughout the compression phase 528 

and results are displayed in Figure 15(a) and Figure 15(b). Similar to Mono_1, at the slowest 529 

compression rate, the system is characterised by the lowest total energy and 𝑇 is close to 300K 530 

throughout.  531 
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(a) (b) 

Figure 14. Sensitivity of response to sample size and strain rate for Poly_1 samples: (a) Variation in void ratio 532 

at 100 kPa with compression rate and sample size (b) Variation in void ratio - pressure relationship with strain 533 

rate for 100,000-particle sample 534 

 535 

  

(a) (b) 

Figure 15. Data for energy variation during compression at different strain rates for Poly_1 100,000-particle 536 

sample: (a) Variation in temperature with pressure (b) Variation in total energy with pressure 537 

Figure 16 compares the isotropic compression curves for the 100,000-particle Mono_1 and 538 

Poly_1 samples with results of 1D compression tests carried out by Pedrotti and Tarantino 539 
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(2018) on kaolinite samples at alkaline pH. At pressures less than 50 kPa, the Mono_1 540 

compression curve exhibits a behaviour similar to that observed in the laboratory when samples 541 

are consolidated from a slurry (Delage, 2010; Leroueil and Vaughan, 1991). Then, between 50 542 

and 100	𝑘𝑃𝑎, the 𝑒 − 𝑙𝑜𝑔(𝑝) curve obtained in the laboratory and those associated with both 543 

Mono_1 and Poly_1 sample are parallel, having the same slope ≈ 0.20. Data provided in Lambe 544 

and Whitman (1969) suggest that 𝐶& values vary from 0.19 to 0.26 for kaolinite. Differences 545 

between numerical and experimental void ratios may be explained by differences in the 546 

kaolinite and pore fluid conditions used in AFM experiments by Gupta (2011) and those used 547 

by Pedrotti and Tarantino (2018). Differences may also arise due to the assumptions that are 548 

adopted in this simulation approach. Specifically, using the DLVO model assumes the validity 549 

of the Gouy-Chapman double layer theory. By using Eq. (3) we are assuming it is acceptable 550 

to use a linearised version of the solution to the Poisson-Boltzmann equation and that a constant 551 

surface potential can be adopted. The parameters employed when adopting Eq. (3) rely on the 552 

accuracy of the AFM measurements on kaolinite surfaces in Gupta (2011). Furthermore, the 553 

CGMD simulations depend on the ability of the GB potential to reproduce the DLVO 554 

interaction energy for configurations other than the face-face and edge-edge.  555 

  556 
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 557 

Figure 16. Comparison between e - log(p) profiles for Mono_1 and Poly_1 virtual samples containing 100,000 558 

particles and 1D compression results obtained by Pedrotti and Tarantino (2018) on kaolinite saturated at 559 

alkaline pH.  560 

6.1.2 Fabric 561 

Figure 17 presents snapshots and polar histograms of the particle orientations following 562 

isotropic compression for the 100,000-particle Mono_1 samples. The polar histograms are all 563 

approximately semi-circular indicating the expected isotropic fabric after isotropic 564 

compression was attained (Hattab and Fleureau, 2010; Hicher et al., 2000). In fact, based on 565 

our understanding of the behaviour of this material, crystalline structures are not likely to 566 

emerge in kaolinite samples following isotropic compression.  567 

The ability of particles to rearrange during compression is influenced by 𝜀-̇. The fabric for the 568 

NPT1 simulations is relatively open with little evidence of cluster formation. A likely 569 

explanation is that there is insufficient time for the particles to move freely and rearrange. The 570 

formation of clusters becomes then clearer as the strain rate decreases (Figure 17(a)-(d)). Since 571 

the values of e100kPa are indistinguishable, and the polar histograms are similar, further 572 

microscale analyses are needed to ultimately reveal differences in fabric for the NPT3 and 573 

NPT4 simulations. 574 



35 
 

 575 

Figure 17. Variation of particles arrangements with compression rate at 100 kPa (100,000-particle Mono_1 576 

sample). Particles in snapshots (a-d) are colour-coded according to their orientation in the x-z plane. Polar 577 

histograms (e-h) indicate particles orientation in the x-z plane  578 

Figure 18 considers similar data for the 100,000-particle Poly_1 simulation. The material fabric 579 

as observed in the snapshot images does not exhibit a strong rate-dependence; in contrast to 580 

the Mono_1 case, here the cluster formation is evident even for NPT1. For the lowest strain 581 

rates different clusters and void spaces can be identified. In contrast to Mono_1, the polar 582 

histograms are not relatively smooth semi-circles particularly for the NPT3 and NPT4 583 

simulations, indicating, that in this case, a REV might not be obtained, as discussed further 584 

below.  585 
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 587 

Figure 18. Variation of particles arrangements with compression rate at 100 kPa (100,000-particle Poly_1 588 

sample). Particles in snapshots (a-d) are colour-coded according to their orientation in the x-z plane. Polar 589 

histograms (e-h) indicate particles orientation in the x-z plane  590 

6.2.  Effect of sample size 591 

6.2.1 Macroscopic effects 592 

The effect of sample size is assessed by comparing the simulations of specimens with 1,000, 593 

10,000 and 100,000 particles. Figure 12(a) and Figure 14(a) show that for both Mono_1 and 594 

Poly_1 samples, the influence of sample size on the void ratio values is negligible at high 595 

compression rates (i.e. NPT1 and NPT2), which were shown to provide unreliable results in 596 

section 6. However, sample size becomes relevant when considering quasi-static simulations 597 

(i.e. NPT3 and NPT4). The void ratio difference can also be seen in Figure 19(a) and Figure 598 

19(b), where compression curves obtained at the NPT4 strain rate are shown. A noticeable 599 

variation in the void ratio is observed when moving from 1,000 to 10,000 particles, while 600 

compression curves overlap when simulating either 10,000 or 100,000 particles. This indicates 601 

that the 1,000-particle samples are too small to be considered an REV for kaolinite. Figure 19 602 

also shows that, while the final void ratio is sample size dependent, the slope of the compression 603 

curves between 50 and 100 kPa is not influenced by sample size. 604 
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(a) (b) 

Figure 19. Isotropic compression profiles for (a) Mono_1 and (b) Poly_1 samples with 1,000, 10,000 and 606 

100,000 particles obtained considering NPT4 607 

6.2.1 Fabric 608 

Fabric evaluation is a key driver for particle-scale analysis and so it is important to establish 609 

the sensitivity of the fabric data to the simulation variables, including sample size. Figure 20 610 

presents polar histograms for the Mono_1 samples at the slowest strain rate, NPT4, after the 611 

equilibration stage (Figure 20(a-c)) and at the end of compression (Figure 20(d-f)). The 1,000-612 

particle (Figure 20(a) and (d)) sample shows an irregular polar histogram. With increasing 613 

sample size, the polar histogram approaches the relatively smooth semi-circular shape expected 614 

for an isotropic sample, indicating that 100,000 particles are a more appropriate REV for this 615 

type of sample (Figure 20(c) and (f)). This was also proven by some simple statistical analyses 616 

which compared the distribution of particle orientations in the 1,000-particle sample with data 617 

from a series of random 1,000-particle sub-samples taken from the 100,000-particle one. The 618 

standard deviation of the number of particles in each bin was much larger in the 1,000-particle 619 

sample than in any of the 1,000-particle sub-samples. 620 
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The evolution of particle arrangements with size is shown in Figure 21, where particles are 621 

colour-coded according to their orientation in the x-z plane. The prototype sample (Figure 622 

21(a)) shows a limited number of clusters whose size is large relative to the sample, while in 623 

the biggest sample (Figure 21(c)) more complex aggregate shapes form involving more 624 

particles and having a smaller size relative to the sample size. These data suggest that in the 625 

case of Mono_1, a sample containing 100,000 particles is required for any meaningful fabric 626 

analysis. 627 
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 628 

Figure 20. Polar histograms to quantify particle orientations at the beginning (a-c) and at the end (d-f) of 629 

isotropic compression for Mono_1 samples with 1,000, 10,000 and 100,000 particles  630 

  631 
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Figure 21. Particle arrangements colour-coded according to particle orientations in the x-z plane for Mono_1 632 

samples with (a) 1,000 particles, (b) 10,000 particles and (c) 100,000 particles (boxes dimensions are not in 633 

scale) 634 

In contrast to the Mono_1 samples, Figure 22 shows that for Poly_1, an irregular polar 635 

histogram was obtained for all samples, including the 100,000-particle sample (Figure 22(f)). 636 

The orientation of particles within the sample is not isotropic even at this lowest strain rate 637 

considered, suggesting that the sample may be too small to be an REV. Computational 638 

limitations compromised our ability to explore this further in the current study. 639 

Figure 23 shows that, as in the Mono_1 case, the size and the shape of the clusters evolve with 640 

sample size. Both Figures 21 and 23 highlight the complex topology of the system in three 641 

dimensions; supporting the view that only limited insight can be obtained from 2D analyses. 642 

  643 
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 644 

Figure 22. Polar histograms to quantify particle orientations at the beginning (a-c) and at the end (d-f) of 645 

isotropic compression for Poly_1 with 1,000, 10,000 and 100,000 particles  646 

 647 

   

 

 
 

 

(a) (b) (c) 

Figure 23. Particles arrangement colour-coded according to particles orientation in the x-z plane for Poly_1 648 

samples with (a) 1,000 particles, (b) 10,000 particles and (c) 100,000 particles (boxes dimensions are not in 649 

scale) 650 
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7. Conclusions  651 

This paper has presented a particle-based framework to effectively simulate the compressive 652 

behaviour of a non-active clay (kaolinite) by performing molecular dynamics simulations. 653 

Given its general acceptance in the geotechnical literature, the DLVO model was used to 654 

quantify kaolinite particles interactions. Following Ebrahimi (2014), clay particles were 655 

modelled as flat ellipsoids (oblate spheroids) and DLVO theory was used to calibrate a 656 

modified Gay-Berne potential. Monodisperse and slightly polydisperse samples were 657 

simulated. A work-flow for using MD to simulate isotropic compression of clay was outlined. 658 

Comparison of the overall macroscale response with relevant experimental data indicates that, 659 

for both monodisperse and polydisperse cases, the methodology outlined can deliver 660 

reasonable results when considering a non-active clay saturated at alkaline pH.  661 

The following main conclusions can be drawn from the simulation data presented: 662 

• The current study used DLVO theory to predict the energy-separation relationship 663 

while also recognising the limitations of DLVO theory. Currently this is the most 664 

accessible approach to calibrate the potential expressions for use in particle-scale 665 

(coarse-grained) MD simulations to model assemblies of clay particles. There is a need 666 

for research that uses atomistic MD simulations to develop more accurate and realistic 667 

interaction models. 668 

• The Gay-Berne potential is an attractive potential form to use for simulating clay 669 

behaviour; it is significantly less computationally expensive than using a 670 

cluster/agglomerate of spheres to model a clay particle. However, to model kaolinite 671 

under the pore-fluid conditions considered here, it cannot be used without modification. 672 

Additionally, the GB potential calibration against DLVO energy-separation distance is 673 

possible only for separation distances that exceed the separation at which the energy 674 
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barrier is reached, i.e. ℎ > ℎ?", which is only adequate when performing virgin 675 

compression.  676 

• Comparison between results obtained considering the biggest samples (i.e., 100,000 677 

particles) compressed at the lowest strain rate (i.e., NPT4) and published experimental 678 

results on kaolinite show agreement on the value of the slope of the compression curves. 679 

Differences in the final void ratio may be due to differences in the type of kaolinite and 680 

pore fluid conditions used to perform AFM measurements and in laboratory tests and 681 

on the assumptions introduced in the approach used and in the CGMD simulations 682 

performed. 683 

• Sample size influences the void ratio reached at the end of compression. Results of a 684 

parametric study indicate that the prototype sample containing 1,000 particles is too 685 

small to be considered representative (i.e. an REV) for the material examined, while 686 

samples with 10,000 and 100,000 particles exhibit overlapping 𝑒 − 𝑙𝑜𝑔(𝑝) curves, 687 

meaning they can both be used to infer macroscopic information on the material 688 

behaviour. Prior particle-based simulations documented in the literature were about two 689 

orders of magnitude smaller than those performed here.  690 

• The strain rate was found to affect the void ratio at the end of the isotropic compression 691 

and the slope of the compression curves to different extents for monodisperse and 692 

polydisperse samples. This strain-rate dependency is non-linear and plateaus with 693 

reducing strain rate if the strain rate is sufficiently low. Monitoring the temperature (𝑇) 694 

and the total energy (𝐸78,:;))	within the system at different strain rates is proven to be 695 

useful to inform selection of an appropriate compression rate. Stable simulations are 696 

characterised by temperature profiles oscillating around the temperature specified (~ 697 

300 K). The parametric study also showed that the total energy-pressure profiles 698 

converge as the rate decreases to the stable case.  699 
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• Analysis of particle orientations before and after compression, provides additional 700 

insight into the extent to which an REV is attained. For both Mono_1 and Poly_1, 701 

samples containing 10,000 particles exhibit a jagged polar histogram, which appears to 702 

indicate an anisotropic fabric following isotropic compression indicating that these 703 

simulations cannot be used to draw conclusions about the material fabric. The smooth, 704 

isotropic, distribution of orientations in the 100,000-particle sample supports the 705 

conclusion that this size is sufficient to attain an REV for the monodisperse case. 706 

However, when polydispersity is introduced, an isotropic distribution of orientation of 707 

particles at the end of compression is not seen even for the 100,000-particle system, 708 

suggesting that an even larger sample is needed if polydispersity is included in the 709 

model. 710 

• Snapshots portraying the 100,000-particle sample were useful to observe the evolution 711 

of particle arrangement (fabric) with strain rate. These snapshots provided 712 

supplementary information to assess which strain rate was appropriate to use for 713 

inferring microscale information. 714 

• The time-step used in MD simulations (∆𝑡*($+,) was computed by considering the 715 

period of a simple one-DOF system reduced by a factor 𝜗, to account for multiple 716 

interactions. The conservation of the total energy 𝐸78,:;) in the sample is used as means 717 

to assess whether ∆𝑡*($+, is appropriate.  718 
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