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Surfactants, as lyotropic liquid crystals, exhibit a whole host of ordered liquid phases,

as a function of surfactant concentration, solvent identity, and any additives present.

These ordered phases confer properties to the solution on a macroscopic level, and

so understanding ordered phase formation is critical in predicting the physical be-

haviours of surfactant–containing mixtures.

Typically, household cleaning products contain sufficiently low surfactant con-

centrations that micellar solutions form, resulting in isotropic, low viscosity liquids.

However, in recent years “single unit dose” (SUD) products have became increasing

popular. The formulation of SUDs results in high concentrations of surfactant, which

can result in undesirable properties such as excessively high viscosity, turbidity, and

poor product dispersal. This work aims to elucidate the nature of the ordered struc-

tures that form in these products, and understand the molecular driving factors that

result in their formation.

To gain an understanding of the molecular–level interactions involved in these

liquid mixtures, we applied the Dissipative Particle Dynamics (DPD) simulation

method. DPD is the ideal technique to study mesophase formation of these mixtures

as it is exceptionally fast, allowing one to simulate on the mesoscale (the pertinent

length scale for mesophase studies) while retaining detail on the order of molecular

fragments. The main body of this work has been dedicated to investigating the

parameterisation of DPD models in a tractable manner.

We have developed a highly transferable DPD model of the most common anionic

surfactants: sodium dodecylsulphate, linear alkylbenzene sulphonate, and alkylether

sulphate. Our model reproduces the phase behaviour of both individual isomers and

isomeric mixtures, across entire phase diagrams (with respect to concentration).

Although there are some difficulties in producing chemically tractable models with

DPD, once developed these models are an incredibly powerful tool in studying phase

behaviour from a molecular perspective.



Declaration

The work in this thesis is based on research carried out in the Mark Wilson Research

Group in the Department of Chemistry, Durham University, UK. No part of this

thesis has been submitted elsewhere for any other degree or qualification and it is

all my own work unless referenced to the contrary in the text.

Copyright c© 2018 by Sarah Gray.

“The copyright of this thesis rests with the author. No quotations from it should be

published without the author’s prior written consent and information derived from

it should be acknowledged”.

iii



Acknowledgements

First, my thanks to my supervisor, Prof. Mark Wilson, for his endless enthusiasm,

and for allowing me the wonderful opportunity of carrying out this project. It has

been an absolute joy to work with someone that takes such pleasure in what they

do.

Next, I’m grateful to the members of the Wilson group, and everyone else of CG200

and CG200X, for many years of cake and camaraderie. In particular, my thanks to

Dr. Martin Walker, for being a reliable source of scientific wisdom, and tea bags.

My thanks to the friends I’ve made over my time at Durham University. They have

made this experience a wonderful one, and I will treasure the memories made here.

An enormous thank–you to Andrew, for being an ever–reliable sounding board, and

a constant source of encouragement.

Last, but not least, my deepest thanks to my parents, for teaching me that the sky

is the limit, and always supporting me in what I do.

iv



Contents

Abstract ii

Declaration iii

Acknowledgements iv

1 Introduction to Surfactants 1

1.1 What are surfactants? . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Surfactant phase behaviour . . . . . . . . . . . . . . . . . . . . . . . 5

1.2.1 Mesophase progression with concentration . . . . . . . . . . . 7

1.3 Scope of Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.3.1 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . 14

2 Introduction to Modelling 15

2.1 Atomistic Simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.1.1 Force Fields . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.1.2 Application of Force Fields . . . . . . . . . . . . . . . . . . . . 18

2.2 Larger Systems - Coarse Graining . . . . . . . . . . . . . . . . . . . . 22

2.3 Dissipative Particle Dynamics . . . . . . . . . . . . . . . . . . . . . . 23

2.4 Development of DPD . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.4.1 Initial Formulation . . . . . . . . . . . . . . . . . . . . . . . . 25

2.4.2 Fine-Tuning the Algorithm . . . . . . . . . . . . . . . . . . . . 26

2.5 Choosing Simulation Parameters . . . . . . . . . . . . . . . . . . . . . 29

2.5.1 Groot-Warren parameterisation . . . . . . . . . . . . . . . . . 30

2.5.2 Building on the Groot-Warren parameterisation . . . . . . . . 33

v



Contents vi

2.6 Concluding Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3 Simulation analysis methodologies 48

3.1 Viscosity measurements . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.1.1 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.1.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.1.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

3.2 Cluster analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

3.2.1 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.2.2 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.3 Pair distribution functions . . . . . . . . . . . . . . . . . . . . . . . . 55

3.3.1 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.3.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.3.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

3.4 Isosurface analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

3.4.1 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

3.5 Concluding remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

4 Building a DPD model of sodium dodecylsulphate 67

4.0.1 Simulation details . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.1 Testing literature parameter sets . . . . . . . . . . . . . . . . . . . . . 69

4.2 Testing the most popular parameterisation method . . . . . . . . . . 74

4.3 ‘Brute force’ parameterisation . . . . . . . . . . . . . . . . . . . . . . 81

4.3.1 Varying single parameters . . . . . . . . . . . . . . . . . . . . 82

4.3.2 Varying two parameters . . . . . . . . . . . . . . . . . . . . . 85

4.3.3 Producing the complete parameter set . . . . . . . . . . . . . 88

4.3.4 Resulting model . . . . . . . . . . . . . . . . . . . . . . . . . . 90

4.3.5 Mesophase characterisation . . . . . . . . . . . . . . . . . . . 95

4.3.6 Experimentally relevant insight . . . . . . . . . . . . . . . . . 104

4.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105



Contents vii

5 Extension of the DPD model to other surfactants 107

5.1 Extension of the SDS model . . . . . . . . . . . . . . . . . . . . . . . 108

5.2 Linear alkylbenzene sulphonates (LAS) model . . . . . . . . . . . . . 111

5.2.1 DBS1 model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

5.2.2 DBS3 model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

5.2.3 DBS6 model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

5.2.4 Overall performance of the DBS models . . . . . . . . . . . . 143

5.3 Alkylether sulphates model . . . . . . . . . . . . . . . . . . . . . . . . 143

5.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

6 System perturbation - introducing surfactants to polymers and

walls 149

6.1 Effect of confinement on surfactant mesophases . . . . . . . . . . . . 149

6.1.1 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . 150

6.1.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

6.2 Effect of polymer on surfactant mesophases . . . . . . . . . . . . . . . 158

6.2.1 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . 158

6.2.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

6.2.3 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173

6.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 175

7 Monte Carlo free energy calculations: an alternative parameterisa-

tion strategy 177

7.1 The theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178

7.1.1 Widom insertion . . . . . . . . . . . . . . . . . . . . . . . . . 178

7.1.2 Implementing Widom insertion for use with DPD . . . . . . . 182

7.2 The model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 186

7.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 187

7.3.1 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 193

7.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 195

8 Conclusions 197



Chapter 1

Introduction to Surfactants

1.1 What are surfactants?

Surfactants, or surface active agents, have been used by mankind over the last

millenium in everyday applications like cleaning and food emulsification.1 The sur-

factant’s molecular structure is the source of its functionality, as it consists of two

distinctly different parts: the ‘head’ group describes the polar, hydrophilic portion

(or portions) of the molecule, and the ‘tail’ group describes the apolar, lipophilic

region (or regions) of the molecule. There are a whole host of chemical moieties

that can be incorporated into a surfactant as a head or tail group. Head groups

can be anionic, cationic, zwitterionic, or even nonionic e.g. sodium sulphates, am-

monium chlorides, choline, and ethoxylates. Tail groups tend to be composed of

one or more alkyl chains, perfluorocarbon groups, or polydimethyl siloxane (PDMS)

chains. These example moieties are shown in figure 1.1.

When surfactants are dissolved in solvent, typically water, they can exhibit a

wide range of behaviours depending on concentration of surfactant and solvent iden-

tity. For water-soluble surfactants at very low concentrations, the molecules exist

as monomers in solution; if the surfactant is of the appropriate chemistry, the ma-

jority of the surfactant molecules may sit at the interface between the solvent and

a neighbouring fluid. As the concentration increases, the surfactants pass a thresh-

old at which they form structures known as ‘micelles’. This threshold is known as

the critical micelle concentration (CMC).1 For a single surfactant solution, below

1



1.1. What are surfactants? 2

Figure 1.1: Some example chemical moieties that are typically found in surfactants

as either ‘head’ or ‘tail’ groups.

the CMC all the dissolved molecules exist as monomers, and above the CMC all

added surfactant forms micelles. Micelles form due to the hydrophobic effect, i.e.

the hydrophobic tail groups of the surfactant molecules minimise their interaction

with the water (or other solvent) by grouping together with a protective layer of

hydrophilic head groups at the surface. This demixing is entropy (and in some cases

enthalpy) driven. The entropic component arises from the increased freedom of con-

figuration of the water molecules if separated from the surfactant tails, which more

than outweighs the decrease in entropy in bringing the tail chains together.

Micelles can range in size from tens of molecules up to tens of thousands,1 but

specific surfactants have a typical number of molecules per micelle, known as the

mean aggregation number. Micelles form through a series of step-wise, dynamic

equilibria between monomers, dimers, trimers, etc., all the way up to the full mi-

celle size. However, these small building–block aggregates only exist in very small

numbers, as the size distribution of micelles is often narrow, around ±10%.1 As

such, micelles have a considerably large, but finite, lifetime, typically on the order

of 10−2−10s. This continuous exchange of monomers between micelles and the bulk

solution results in micellar structures that are mobile and disordered. Molecules can
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diffuse around the micelle, may protrude into or out of the micelle, and are often

swapped in and out of the structure. In addition, the long tail groups of the surfac-

tant molecules will exhibit a large range of conformations. If a surfactant is ionic, a

large fraction of the counterions remain close to the surface of the micelle in solution

(typically 70− 80%)1 which adds a further degree of structural variation.

The CMC is arguably the most important characteristic of a surfactant, as above

the CMC surfactant activity is approximately constant, whereas below the CMC the

activity is proportional to the concentration. To get reliable results from a surfactant

solution, a steady activity is desirable. CMCs of surfactants can be predicted based

on the factors that influence the hydrophobic effect: the area of the nonpolar chain

exposed to solvent (related to the chain length), the valency of the head group

charge, and the counterion valency. The relationship is described as:1

ln (xCMC) = An+B, (1.1.1)

where xCMC is the mole fraction of surfactant at the CMC, n is the tail chain length,

and A,B are constants given by the valency of the head group and and counterion

respectively. In the case of a solution of several different surfactants, the CMC

is given as a function of the component CMCs and the relative concentrations of

each. Naturally, micelle composition will vary with concentration in this instance,

as micelles that form at low concentrations will be rich in low-CMC surfactant, and

micelles that form at higher concentrations will be rich in high-CMC surfactants.

Specific head or tail group interactions may cause non-ideal mixing, which also has

an impact on micelle composition.1

Micelles that form at or near the CMC have the potential to form in three

different arrangements: spheres, rods, or discs. Which arrangement is preferable can

be predicted based on the shape of the surfactant molecule, using simple packing

constraint concepts.2 If the area the surfactant head group occupies is a, then the

total surface area of the micelle is n a = A, where n is the number of molecules per

micelle i.e. the mean aggregation number. Equivalently, each tail group occupies a

volume v, and so the volume of tail groups within a micelle is n v = V . A relationship

between these two variables can be established by considering the surface area and



1.1. What are surfactants? 4

volumes of the different potential micelle geometries. For instance, in the case of a

sphere:A = na = 4πr2, and V = nv = 4
3
πr3, therefore a = 3 v/r. Equivalently, for

a rod, a = 2 v/r, and for a disc, a = v/r (ignoring edge effects). Here, r provides

a limitation on the length of the surfactant tail to produce a particular micelle

geometry (given a fixed head group size a), as if the molecule was longer than the

radius of the micelle it would not be able to pack into such a shape while maintaining

a protective layer of head groups. Entropically, the smallest possible aggregate is

favoured, and so spheres are favoured over rods over discs, if packing constraints

allow. As such, only surfactants with notably small head groups, or notably large

tail groups, will form rods or discs. It is worth noting that this theory is based

on a smooth surface, and so is not strictly accurate in describing real, dynamic,

fluctuating micelles.

A more rigorous approach to determining micellar shape through not only molec-

ular geometry, but also thermodynamics and interaction energy, is described in the

work of Israelachvili et al..3 They determine the chemical potential of an aggregate

of size n to be:

µ0
n = µ0

infinity +
αkT

np
, (1.1.2)

where the αkT term describes the bonding energy between two surfactants in a

micelle, and p is 1
3
, 1

2
, or 1 for spheres, discs, and rods respectively. In the case of

p < 1, this theory results in very low concentrations of small aggregates, i.e. the

micelles either have aggregation numbers on the order of ten molecules, or must

extend to ‘infinite’ sizes. However, for p = 1, this theory allows for larger aggregates

on the order of hundreds of molecules. Therefore, spherical micelles must remain

small∗, disc-like micelles must either remain small or extend ‘infinitely’ (essentially

becoming lamellar sheets), and rod micelles can range from small to large sizes.

∗Spherical micelles cannot extend infinitely as the radius is limited to be approximately the

length of the alkyl chain.
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Figure 1.2: Schematic surfactant phase diagram, with illustrations of typical aggre-

gate structures, reproduced from Chemistry and Technology of Surfactants, Chapter

3 pp64, R. J. Farn, Blackwell Publishing (2006) with permission from John Wiley

and Sons.

1.2 Surfactant phase behaviour

Surfactant behaviour in solution is much richer than forming isolated aggregates

in free solution. As alluded to with the mention of ‘infinite’ disc-like micelles in

the previous paragraph, surfactants can effectively form infinitely-large aggregates.

These large aggregates normally form at high concentrations of surfactant, and

accordingly pack into energy minimising structures. This results in the formation of

‘mesophases’. Mesophase structures of surfactants vary hugely, and impart a great

range of different physical properties to their solutions. As there are many potential

mesophases, including some whose structures are still a matter of debate, here we

will only touch on the most common mesophases which are relevant to this thesis,

demonstrated in figures 1.2 and 1.3.

Figure 1.2 illustrates a schematic phase diagram of surfactant in water, high-

lighting the most typically formed mesophases and demonstrating the molecular

structures of the aggregates that form these mesophases.4 Later, in section 1.2.1,

we discuss in more detail the typical nomenclature used in describing these phases,

and how they can be identified in experiment.
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Figure 1.3: Theoretical phase diagram of a diblock copolymer, reprinted with per-

mission from Macromolecules, 1996, 29 (4), pp1091-1098. Copyright 1996 American

Chemical Society.

Figure 1.3 illustrates the theoretical phase diagram of a diblock copolymer sys-

tem. This is shown for two reasons. First, the phase behaviour of diblock copolymers

can be considered a simplified representation of surfactant phase behaviour, as both

phenomena are driven by phase separation of two immiscible regions. Second, we

choose a theoretical (rather than experimental) diagram as this gives a clearer pic-

ture of the underlying chemistry, unclouded by the effects of experimental technique

limitations, potential contaminants, or any other factors that have the ability to

alter phase behaviour. The axes in the figure are labelled as f , which denotes the

volume fraction of one component, and χN, denoting increasing immiscibility.

One of the most striking features of this phase diagram is its symmetry about the

50-50 composition point, as the major component becomes the minor component,

and the minor component becomes the major. In the case of surfactant mesophases,

these are referred to as the ‘normal’ and ‘inverse’ forms of the mesophase. In the

normal phases the polar regions are continuous, and in the reversed phases the

nonpolar regions are continuous - solvent can be incorporated into both the polar

or nonpolar regions, depending on the solvent identity. We emphasise here that

while this switch in behaviour occurs at 50-50 composition in the diblock copolymer

case (figure 1.3), in the case of surfactant solutions this transition typically occurs
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at much higher surfactant concentrations, or even does not occur at all e.g. in

figure 1.2.

The phase labels on the diblock copolymer phase diagram (figure 1.3) are as

follows:

• ‘H’ is the hexagonal columnar phase

• ‘L’ is the lamellar phase

• ‘CPS’ close packed spheres, ‘QIm3̄m’ body centered cubic packed spheres, and

‘QIa3̄d’ bicontinuous cubic, are all examples of cubic phases

• ‘DIS’ is a disordered point in the phase diagram

While the disordered phase structure is self-explanatory, the other three phases

are more complex, and will be described in more detail in subsection 1.2.1.

1.2.1 Mesophase progression with concentration

Relating back to our discussion on estimating micellar shape, one can estimate the

preferred aggregate symmetry of a given molecular structure, by considering how

the molecular ratio of surfactant tail volume to head group area fits within the

geometrical constraints of a given aggregate shape.2 This ratio is known as the

surfactant packing parameter, P :

P =
vt
ltah

, (1.2.3)

where vt is the volume occupied by the surfactant tail, lt is the length of the surfac-

tant tail, and ah is the surface area occupied by the surfactant head. This measure is

often used to identify the likely mesophase a surfactant solution forms, as illustrated

in figure 1.4. In the case of single-tail surfactants with large head groups, one would

anticipate the micellar phase to be formed. However, for surfactants with several

tail chains and a small head group, one would anticipate the lamellar phase, or even

inverse phases, to be favoured.

Changes in phase behaviour as a function of concentration are accounted for in

this theory2 by adjusting the effective value of ah, as the solvation of the surfactant
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Figure 1.4: Surfactant packing parameters and their associated aggregate structures,

reproduced from Chemistry and Technology of Surfactants, Chapter 2 pp37, R. J.

Farn, Blackwell Publishing (2006) with permission from John Wiley and Sons.
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molecules changes with variation in the solvent volume. As such, in surfactant

phase diagrams we expect to see aggregates of lower curvature form as concentration

increases (i.e. following the phase progression exemplified in figure 1.2).

Micellar phase At the lowest surfactant concentrations† (or conversely the high-

est concentrations for the inverse phase) is the micellar phase, discussed previously

in section 1.1. These phases are often referred to as “L1” for the normal phase, and

“L2” for the inverse phase.

Hexagonal columnar phase As surfactant concentration increases, surfactant

aggregates become long and rod-like (this aggregate structure is illustrated in fig-

ure 1.5, and figure 1.4 described as a ‘cylindrical micelle’) and pack onto a hexagonal

lattice. In the inverse phase, columns of polar region (typically solvent and head

group) are constrained to a hexagonal lattice, surrounded by the continuous nonpo-

lar region (the tail groups). These phases are often referred to as “H1” for the normal

phase, and “H2” for the inverse phase. The high degree of symmetry along two axes

results in H-phases being highly viscous, as the aggregates will only freely flow along

one direction. This can make these phases difficult to handle and manipulate, and

are problematic if present in commercial products such as shampoos or laundry de-

tergents. Hexagonal mesophases are typified by fan-like and non-geometric textures

under optical polarising microscopy (OPM), illustrated in figure 1.5.

Lamellar phase As surfactant concentration increases even further, the aggre-

gates expand across two dimensions to form bilayers, which stack with layers of

solvent between head groups. This is the lamellar phase, denoted “Lα”, which does

not have an inverse form. Molecular orientation within the lamellar mesophase is

illustrated in figure 1.6, and figure 1.4 described as a ‘bilayer’. This is the most

common mesophase at higher surfactant concentrations. While lamellar phases do

not typically flow under gravity, they are not particularly viscous and are much more

manageable in processing than H-phases. Under OPM, lamellar phases are defined

†The unlabelled region in figure 1.3.
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(a) Diagram to illustrate the molecular

structure involved in ‘columnar’ mesophases,

adapted from Biochim. Biophys. Acta.

Biomembr., 2007, 1768 (11), pp2681-2689

with permission from Elsevier.

(b) Typical fan-like texture of the hexago-

nal columnar phase under optical polarising

microscope (OPM), adapted from J. Mater.

Chem. C, 2015, 3, pp8166-8182 with per-

mission from the Royal Society of Chemistry.

Figure 1.5: The defining features of the hexagonal columnar phases.
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(a) Diagram to illustrate the molecular

structure involved in ‘lamellar’ mesophases,

adapted from Biochim. Biophys. Acta.

Biomembr., 2007, 1768 (11), pp2681-2689

with permission from Elsevier.

(b) Typical ‘Maltese cross’ texture of the

lamellar phase under optical polarising mi-

croscope (OPM), adapted from Food Bio-

phys., 2010, 5 (4), pp8309-320 with permis-

sion from Springer US.

Figure 1.6: The defining features of the lamellar phase.
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Figure 1.7: Diagrams to illustrate the various molecular structures involved in ‘cubic’

mesophases, adapted from Med. Chem. Commun., 2014, 5, pp1602-1618 with

permission from the Royal Society of Chemistry.

by maltese crosses, or mosaic oily textures, shown in figure 1.6.

While the micellar, hexagonal, and lamellar phases are the most common mesophases

exhibited by surfactants, it is also worth noting here the existence of cubic phases.

Cubic phases tend to sit as intermediate phases, with the simple discontinuous cubic

region between the micellar and hexagonal phases, and the more complex bicontin-

uous cubic phase between the hexagonal and lamellar regions - inverse cubic phases

may also occur between Lα and H2, and H2 and L2. The discontinuous cubic phases

are normally denoted as “I1,2”, and the bicontinuous cubic phases are typically de-

noted as “V1,2”. However, even within these four categories different symmetries

may be present, which are normally stated in addition to the cubic phase type if

identified.

The discontinuous cubic phases are made up of cubic lattices of roughly spher-

ical micelles (though deviations from sphericity may occur). These lattices can be

primitive, body-centered, or face-centered. In inverse micellar-cubic phases, there

are reports that the micelles can be different sizes,5 as the surfactant tails are no

longer constrained to the volume of a sphere as part of the continuous region. The

bicontinuous cubic phases consist of two interpenetrating regions, one of the nonpo-

lar tails and one of the solvent, with the head groups at the interface. Bicontinuous

cubic phases have highly complex geometries, as can be seen in figure 1.7.

Cubic phases are symmetric in all directions and therefore optically isotropic,

with no textures under OPM. They tend to be experimentally identified from their

exceptionally high viscosities, and their positions in the phase diagram. They are

highly undesirable in detergency-based applications, as dissolution of cubic phases
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Figure 1.8: Chemical structures of molecules we have a particular interest in sim-

ulating with our DPD model; (a) AES, (b) LAS, (c) PEG, (d) PPG, (e) glycerine,

(f) p-diol, (g) nBPP, and (h) DPG.

is difficult to achieve. However, as cubic phases tend to cover small regions of the

phase diagram this is not typically a problem.

Other surfactant mesophases are not expected in our mixtures of interest, de-

scribed in section 1.3, and as such will not be discussed here.

1.3 Scope of Thesis

This thesis will describe work carried out in applying the Dissipative Particle Dy-

namics (DPD) simulation technique to surfactant systems, in order to predict and

probe mesophase behaviour and the molecular factors that influence it. The DPD

simulation technique is discussed at length in Chapter 2. This project arose as a

result of work between Durham University and Procter and Gamble Ltd., with an

objective of understanding the phase behaviour of P&G’s complex mixtures of sur-

factants, polymers, additives, solvents, chelants, perfumes, etc. in their soluble unit

dose products. Some examples of the molecules most typically present in these types

of products, and therefore of most interest for us to describe with our models, are

shown in figure 1.8.

The key questions underlying this problem were:

• how to represent surfactants and other key species for mesoscale simulation

using DPD?
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• can we use these models to gain any chemical intuition of the underlying

mechanisms of mesophase formation and stability?

• are these models transferable, to describe the range of molecules involved in

the complex mixtures of interest?

The major motivation behind this project, in addressing these questions, is to ap-

ply molecular simulation to better understand the underlying chemistry of a shock-

ingly poorly understood, but hugely common, system.

As stated in the very beginning of this chapter, we have been utilising surfac-

tants for the past thousand years, yet industrial knowledge of interactions between

components of surfactant-containing products is predominantly empirical. A rep-

resentative, mesoscale model of these mixtures would go a long way in furthering

our understanding of the balance of the many interactions involved in mixtures

containing surfactants, and therefore in improving our ability to design product

formulations.

1.3.1 Thesis Structure

The subsequent chapters will discuss the following: chapter 2 details the history and

implementation of the dissipative particle dynamics method; chapter 3 describes the

analyses tested to automate identification of mesophases in simulation output files;

chapter 4 discusses the brute-force parameterisation implemented in parameterising

a DPD model of a simple test anionic surfactant, sodium dodecyl sulphate; chapter

5 presents our results in extending our sodium dodecyl sulphate model to other

anionic surfactants of more significant industrial interest; chapter 6 looks at how

these models are affected by changes in conditions, such as nano-confinement or

introduction of polymer into solution; chapter 7 looks at an automated method

of parameterisation for DPD models, and how effective these models are; chapter 8

concludes this thesis, summarising the key findings in this work and a brief discussion

of future directions.



Chapter 2

Introduction to Modelling

Computer simulation is a powerful tool in developing a molecular-level understand-

ing of chemistry. Atomistic simulations have been employed in studies to elucidate

behaviour not understood from experiment alone since the 1950s. In addition to this

molecular–level insight, simulation also has the advantage of being able to consider

a much greater range of phase space and physical conditions than experiment. Syn-

thesis of new species can be highly time consuming, and many conditions are not

easily accessible to experiment e.g. use of very high pressures and temperatures,

or use of dangerous materials, etc.. Simulation, on the other hand, can be used

to probe an enormous variety of different variables with ease, as the methods are

readily applicable to a wide range of models and conditions.

2.1 Atomistic Simulation

In applying simulation to chemical questions, the size and complexity of the sys-

tem determines the types of model that can be applied, and therefore dictates the

properties that can be probed. At the smallest length scales, quantum mechanical

methods give insight into the electronic distribution of molecules which, for instance,

is of particular importance in understanding reactivity. However, the complexity of

quantum models, i.e. solving an approximation to the electronic Schrödinger equa-

tion, limits this method to the order of hundreds of molecules at most. To describe

a larger number of molecules, we do away with descriptions of electronic motion and

15
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instead describe atoms as spheres that interact according to an interaction potential,

known as a ‘force field’.

2.1.1 Force Fields

In molecular mechanics, atoms interact via a prescribed force field and obey classical

mechanics, like billiard balls on a pool table. The molecular mechanics force field

energy, here denoted as V , is the sum of multiple terms:

Vtotal
ij = νbond

ij + νang
ij + νtor

ij + νnb
ij + νelec

ij , (2.1.1)

where the bond, angle, torsion, non-bonded, and electrostatic potentials can take

a variety of forms depending on the model the force field is applied to. Typically,

these terms take the following forms:6

νbond
ij =

1

2

∑
bonds

krij(rij − r0)2, (2.1.2)

νang
ijk =

1

2

∑
angles

kθijk(θijk − θ0)2, (2.1.3)

νtor
ijkl =

1

2

∑
torsions

∑
m

kφ,mijkl (1 + cos(mφijkl − γm)), (2.1.4)

νnb
ij = 4εij

[(
σij
rij

)12

−
(
σij
rij

)6
]
, (2.1.5)

νelec
ij =

1

4πε0

qiqj
rij

, (2.1.6)

where rij is the distance between two beads i and j, r0 is the equilibrium bond

length, kx represents the respective force constants, θijk is the angle between beads

i, j, and k, θ0 is the equilibrium bond angle, φijkl is the torsional angle between

beads i,j,k, and l, m is a constant defining the frequency of minima in the torsional

potential, γm is the offset of the mth term in the (phase angle) torsional potential,

εij is the energy of the non-bonded interaction at the equilibrium length, σij is the

distance at which the non-bonded interaction passes through zero (i.e. switches
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from attractive to repulsive), ε0 is the permittivity of free space, and qi is the charge

on bead i.

Here, bonds are treated as springs, with deviation from the equilibrium length as

a harmonic deformation. Equally, deviations from equilibrium angles are described

harmonically. As variation in bond lengths and bond angles is highly energetically

unfavourable, the simple harmonic potential is often considered sufficient to capture

this behaviour. While other more sophisticated potentials, e.g. the Morse potential

V (r) = De

(
1− exp−a(r−r0)

)2
, may be considered more accurate, they are much more

time consuming to compute. A system of thousands of molecules will contain an

enormous number of bonds and angles, and so computational speed is often favoured

over highly accurate potentials.

The torsional potential, also referred to as the dihedral angle potential, relates

the behaviour of two intersecting planes given by a chain of four connected atoms

i.e. rotation about the central bond. The trigonometric cosine function is typically

used to describe this molecular rotation. It has a much lower barrier to variation

than bond length and angle, and has several minima across the full 2π rotation,

which reflects the different stabilities of different conformations e.g. cis- versus

trans- stability in alkyl chains.

The non-bonded potential given here, the Lennard–Jones potential, is an example

of a function used to describe typical dispersion, induction and repulsion forces, i.e.

van der Waals forces. The r−12
ij term depicts a steep repulsion at short distances,

and the r−6
ij term describes attraction at longer range, where εij is the depth of the

attractive well, and σij is the near distance at which the potential becomes zero i.e.

the distance at which the potential switches from attractive to repulsive.

For charges on atoms, the electrostatic interactions are described using the

Coulomb potential between point charges. As this potential has an r−1 depen-

dence, these interactions may span the whole size of a simulation box and become

very cumbersome to calculate. Two methods are generally employed to overcome

this: the Ewald sum method,7,8 and the Particle-Particle-Particle-Mesh method.9
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2.1.2 Application of Force Fields

Molecular mechanics style force fields can be applied in a variety of simulation

techniques, but here we will focus on the Molecular Dynamics and Monte Carlo

methods. The field of molecular-level soft matter simulation developed from the

original works of Metropolis et al.,10 the seminal Monte Carlo paper, and Alder

and Wainwright’s work,11,12 the first works to describe the Molecular Dynamics

technique.

The Metropolis et al. Monte Carlo paper10 describes simulating a periodic sys-

tem of several hundred hard spheres, interacting through two-body potentials, to

calculate the equation of state of the theoretical substance. They set up their system

as a regular lattice of particles, and then move each of them in succession up to a

maximum size move. If the move lowers the energy of the system, it is accepted, and

if the move increases the total energy, the move is accepted according to whether

the Boltzmann factor is greater than a random number between zero and one. The

Boltzmann factor expresses the probability of a state of energy E2 being populated,

given a ground state of energy E1, as:

q = exp

(
E1 − E2

kBT

)
, (2.1.7)

where kB is the Boltzmann constant, and T is the temperature. After each move,

whether it is accepted or not, the averages of properties of interest are updated.

This method results in a canonical distribution.

Alder and Wainwright’s initial letter11 describes work in which five hundred par-

ticles are initially positioned on a lattice, all with the same speed but a random

distribution of velocities, which then move according to classical equations of mo-

tion. Their follow–up paper12 goes into more technical details, such as the particles

interacting by a square well potential, to allow easy calculation of forces upon col-

lision. The original dynamics calculations were implemented and performed by M.

A. Karlsen,13 using the following methodology:

• Given the current velocities and positions of the particles, the next collision is

calculated.
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• Particles experience free flight up until the point of the first collision.

• At the point of collision, the next collision is calculated from the new velocities

and positions of the particles, followed by a period of free flight, etc..

The authors recognised that the accuracy of their calculations were limited by using

short time intervals, and so employed some tricks to maximise the efficiency of

their code. Modern dynamics simulations, using continuous inter-particle interaction

potentials, use more sophisticated algorithms to advance particle positions, which

are described later in this section (2.1.2). The main differences in propagating a

dynamics simulation using a continuous interaction potential, rather than describing

hard spheres, are:

• Interparticle forces are calculated by considering interactions between neigh-

bours i.e. is a particle within the interaction radius of another?

• The particles then move for a short period under a constant force, rather than

jumping to the next collision event.

• Particle forces are recalculated, followed by another short period of movement,

etc..

In the case of both Metropolis et al.10 and Alder and Wainwright,11,12 the au-

thors simulated simple systems with minimal interparticle potentials, and a small

number of particles in a periodic box. To best offset the possibility of boundary

effects, e.g. through interaction with a solid wall or a vacuum layer, they employed

periodic boundary conditions. Periodic boundary conditions work by causing a par-

ticle which leaves the box through one wall to re-enter through the opposite wall

with unchanged velocity. This results in a single box being surrounded by images of

itself, effectively producing an infinite system. While this is not a perfect solution,

as the box interacting with itself may give rise to some spurious effects, it is certainly

the best of the options available when trying to simulate a bulk system with only a

finite simulation box.
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Dynamics Algorithms

In applying molecular force fields to describe molecules and their dynamics, we

need to periodically calculate the forces atoms exert on one another and accordingly

update the velocities and positions of the atoms i.e. solve Newton’s second law,

F = ma. Algorithms applied to regularly update atomic positions have changed

significantly since the work of Alder and Wainwright.11,12 Here, we highlight the

more commonly used integrator algorithms, in particular with regards to Dissipative

Particle Dynamics as it is our choice of method in this work.

Verlet algorithm The Verlet algorithm, adopted by Verlet14 and attributed to

Störmer,15 is based on a Taylor expansion about r(t):

r(t+ δt) = r(t) + v(t)δt+
1

2
a(t)δt2, (2.1.8)

r(t− δt) = r(t)− v(t)δt+
1

2
a(t)δt2. (2.1.9)

The two can be combined to remove the velocity term, so that new positions are

determined from two previous positions and the force due to neighbouring particles:

r(t+ δt) = 2r(t)− r(t− δt) + a(t)δt2, (2.1.10)

which is the typical expression used to update atomic positions. If the velocity

term is required, for instance to calculate kinetic energies or related terms, it can

be obtained from the expression:

v(t) =
r(t+ δt)− r(t− δt)

2δt
. (2.1.11)

This method is very simple to code, requires little storage of variables, is time

reversible, and shows good energy conservation even with long steps,16 making it a

popular choice. However, there are some issues with the Verlet algorithm that have

led people to produce improved variants of it. The main issues with the simple Verlet

algorithm are that: the method needs two previous sets of positions to calculate the

next step; the method needs to implement an additional step to calculate velocities,

and therefore temperature, kinetic energy etc. require an additional step to be
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calculated; the velocity calculation has a large error associated with it (as the velocity

is calculated by subtraction of two large quantities to evaluate a small quantity),

which can only be improved by storing more variables; and finally, the positions

update is calculated as a difference between two larger terms, which imparts some

imprecision on the calculated values.

Leapfrog algorithm To improve the handling of velocities from the Verlet algo-

rithm, the leapfrog algorithm was introduced.17,18 This algorithm derives its name

from its half-step scheme, in which the velocity is calculated at a half step ahead of

the positions:

v

(
t+

1

2
δt

)
= v

(
t− 1

2
δt

)
+ a(t)δt, (2.1.12)

r(t+ δt) = r(t) + v

(
t+

1

2
δt

)
δt. (2.1.13)

The current positions, r(t), accelerations, a(t), and mid-step velocities, v(t − 1
2
δt),

are stored to calculate the new positions and half-step velocities above. With the

new half-step velocity, the velocity at time t can be calculated as:

v(t) =
1

2

(
v

(
t+

1

2
δt

)
+ v

(
t− 1

2
δt

))
, (2.1.14)

which is useful for calculation of energies at time t, to correspond to coordinate

data.

Algebraically, this method is equivalent to the Verlet algorithm. However, it

has the advantage that the velocities appear explicitly, making scaling of simulation

energy easier. This method is still simple to code, and has small storage require-

ments, but has the additional advantage over Verlet of a more precise evaluation of

new positions; rather than taking the difference of two large values to get the small

value of the new positions, the new positions are calculated by summing previous

positions and the half-step velocity.16

The main drawback of this algorithm is the handling of the velocities, as v(t) is

not stored explicitly.

Velocity-Verlet algorithm Another Verlet variant algorithm, but this time with

explicit handling of positions, velocities, and accelerations, all at time t, is the
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Velocity-Verlet algorithm,16,19 in which:

r(t+ δt) = r(t) + v(t)δt+
1

2
a(t)δt2, (2.1.15)

and:

v(t+ δt) = v(t) +
1

2
(a(t) + a(t + δt)) δt. (2.1.16)

Again, this is algebraically equivalent to the Verlet algorithm, sharing the benefit

of being simple to code, requiring minimal storage (only needing r(t), v(t), and

a(t)), and having good numerical stability.16 The velocity-Verlet algorithm is also

symplectic. This all makes the velocity-Verlet algorithm a popular choice.

2.2 Larger Systems - Coarse Graining

As simulation has become an increasingly popular tool, many have looked to simulate

progressively larger and more complex systems. This has led to the development

of a huge variety of different techniques, specialising in different time and length

scales, or in accurately reproducing particular properties of a system.

As has been said before, the level of detail required from a simulation limits the

size of the system to be simulated. Therefore, one can choose to simplify a model

to gain an increase in system size and accessible time scales. This loss of fine-level

detail is due to the reduced number of degrees of freedom that makes the larger

simulation possible. This elimination of degrees of freedom, typically finer details

such as several atoms being grouped into a single site, is referred to as “coarse

graining”, and provides a signficant reduction in computational cost, allowing the

simulator to describe more of these larger super–atomic sites.

The interaction potential between large coarse-grained sites tends to take on a

simpler, softer form than atomistic force fields. Coarse-grained potentials are de-

scribed as “softer” than all-atom potentials, as they generally have a less steep inter-

bead repulsion, as overlap of particles no longer equates to overlap of atoms. These

new interaction potentials result in increased simulation speed in several aspects:

first, the softness of these coarse-grained potentials allows for a larger timestep to

be taken, as conformations of excessively high energies are less readily encountered;
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second, grouping sites results in fewer interactions to be calculated; and third, the

softer potential removes some local minima in the potential energy surface, allowing

phase space to be traversed much faster, resulting in faster simulation equilibration.

Producing a coarse-grained model, with a series of super–atomic sites interacting

via simple potentials, can be achieved in one of two ways:

• The ‘bottom up’ approach begins with a highly detailed system, e.g. an atom-

istic simulation, and systematically reduces the degrees of freedom from the

original model.

• The ‘top down’ approach uses experimental thermodynamic data, e.g. free

energies of mixing, to parameterise the coarse grained model.

The two most common bottom–up coarse graining methods are known as itera-

tive Boltzmann inversion and force matching. Iterative Boltzmann inversion20 works

by iteratively updating an estimated function for a target degree of freedom (e.g.

a bond potential) over a series of short coarse-grained simulations, until the target

function is matched to within a given tolerance. The other commonly used bottom–

up method is known as force matching,21,22 which maps interatomic forces from an

atomistic simulation onto the corresponding coarse-grained interaction sites.

Top–down coarse graining tends to be much more bespoke, with simulations

fitted to various experimental data (such as water-octanol partition coefficients,

activity coefficients, or phase equilibria to name just a few) or to theoretical data,

e.g. Statistical Associating Fluid Theory (SAFT)23 which can predict a whole host

of liquid properties.

2.3 Dissipative Particle Dynamics

In this work we hope to study the phase behaviour of complex surfactant–polymer–

additive mixtures. The fluid nature of these systems, in addition to the large number

of molecules needed to capture their phase behaviour, led us to select dissipative

particle dynamics as our simulation method. DPD specialises in describing hydro-

dynamics in complex fluid systems on the mesoscale (reaching up to the micrometre
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length and the millisecond time scale). A mesoscale simulation study of these mix-

tures should provide clear molecular-level insight into molecular behaviour within

mesophases, and also provide predictions for bulk properties such as phase separa-

tion and stability.

DPD has been developed over the past twenty five years as an equivalent to

Brownian dynamics with hydrodynamic effects incorporated, essentially acting as a

mesoscale analogue of molecular dynamics. Before DPD, mesoscale simulations fell

into two broad categories, each with their own drawbacks: particle-based methods

(such as Brownian dynamics) were highly time consuming and failed to accurately

reproduce fluid behaviour, and lattice-based methods (such as Lattice-Boltzmann

dynamics) were inherently limited in describing a continuum due to their underlying

lattice constraints. The two main features of DPD allowing it to overcome these

issues are:

1. The heavily coarse-grained bead-based model allows the use of particularly soft

potentials, as two beads overlapping does not equate to molecules themselves

overlapping. The soft potentials allow enormous timesteps to be taken, there-

fore accessing much longer timescales than atomistic methods. This removes

the need for use of a lattice to describe the system.

2. The form of the pairwise interaction between beads describes hydrodynamics

effects, a result of the thermostat being local and Galilean invariant.

The inclusion of hydrodynamics in a particle-based mesoscale method means DPD

is used for various simulations in soft matter science, such as studying polymer prop-

erties,24–27 colloidal suspensions,28–31 amphiphiles in solution,32–35 lipid bilayers,36,37

nanoparticles,38 and liquid crystal phase behaviour.39–41 See42 for several references

on recent work using DPD.
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2.4 Development of DPD

2.4.1 Initial Formulation

In 1992, Hoogerbrugge and Koelman introduced a new simulation method:28 a hy-

brid of molecular dynamics and lattice-gas automata, which incorporates hydrody-

namic phenomena. This hybrid method was faster than molecular dynamics, and

more flexible than lattice-gas automata. With some alterations made to the lattice-

gas automata style time stepping scheme, a second paper was released by the pair

in 1993,29 and so DPD was born. The result was a simulation method that can

effectively take significantly larger time steps, making it over 100 times faster than

traditional molecular dynamics.

DPD is designed for use on coarse–grained systems, as it models soft spheres

that evolve in time according to Newton’s equations of motion. To propagate the

equations of motion, a pairwise potential is used. This pairwise potential is con-

sidered as the sum of three pairwise forces: the conservative force, the dissipative

force, and the random force:

~fij =
N∑
i 6=j

~fCij + ~fDij + ~fRij , (2.4.17)

where,

~fCij = aij(1− rij)r̂ij, (2.4.18)

~fDij = −γωD(rij.νij)r̂ij, (2.4.19)

~fRij = σωRθij r̂ij. (2.4.20)

These forces apply below the cutoff radius (which is typically set to 1, defining the

length scale used in the simulation), and beyond rcut all forces become zero. Here,

rij is the separation of the two beads, aij describes the immiscibility (i.e. repulsion)

of beads i and j, ωR,D is a weighting function with respect to r, νij is the velocity

between the two beads,γ is the friction coefficient (which controls the speed at which

equilibrium is reached), σ is the noise level (which also controls the speed at which

equilibrium is reached), and θ is a random normally distributed variable between 0

and 1.
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The dissipative force acts as a heat sink, and the random force acts as a heat

source; together, they act as a thermostat. The constants σ and γ in these two

forces control the temperature. The relation between the two was found to dictate

the equilibrium ensemble of the simulation by Español and Warren in 1995.43 They

established the Fokker-Planck equation relevant to Hoogerbrugge and Koelman’s

description of DPD, and found that, in order to have a Gibbs canonical ensemble

as the steady state solution, the constants describing the relative weights of the

dissipative and random forces must be related as σ2 = 2γkBT
∗. The conservative

force describes repulsion between beads according to their immiscibility. The aij

parameter characterising this force embodies the essential chemistry of the system.

This interaction potential, implemented within Newton’s equations of motion,

produces the correct statistical mechanics in a constant–NVT ensemble, with hy-

drodynamic interactions taken into account.44 For full details on the development

of DPD see Hoogerbrugge and Koelman,28,29 Groot and Warren,45 and Groot and

Madden.46

A note on DPD units

It is standard practice in DPD simulations to use reduced units: distances are scaled

by unit length l = rcut = 1 (where rcut is the cutoff distance over which the DPD

force field acts), masses are scaled such that beads have a reduced mass of m = 1,

energies are scaled by unit energy ε = 1, and this results in reduced temperature T ∗

of units kBT/ε.

The aij parameter (that determines the degree of inter-bead interactions and

mixing) has units of energy, and the timestep has units of τ = l

(m/ε)
1
2

. Typically

DPD simulations use a density of beads per unit volume, n/l3, of 3.

2.4.2 Fine-Tuning the Algorithm

Following the initial papers on DPD, it was found that the choice of timestep had

a critical role to play in the results obtained. Unless particularly small timesteps

were used, totally negating the benefit of choosing to use DPD, artifacts were found

when calculating various physical parameters. This was initially discussed in a letter
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by Marsh and Yeomans in 1997,47 following on from Español and Warren’s work

published in 1995.43 Marsh and Yeomans established that for a given set of input

parameters (γ, σ etc.), the temperature increases as the timestep increases, up to a

point where the simulation becomes unstable. In addition to a critical timestep size,

they also found there was an upper limit to the density for a stable simulation.

Pagonabarraga, Hagen, and Frenkel48 showed in 1998 that the choice of integra-

tor also had significant impact on the erroneous simulation behaviour found. Euler-

type integrators were originally used in DPD simulation, despite their use being

avoided in molecular dynamics due to their propensity to lead to energy drift. Some

attempted to avoid this pitfall by implementing Verlet-type integrator schemes in-

stead. However, they still exhibited issues with energy drift. Pagonabarraga, Hagen,

and Frenkel suggested and tested a self-consistent leapfrog (Verlet-type) algorithm,

and found promising results with this method for gas phase simulations.

Building on the work of Pagonabarraga et al., DenOtter and Clarke49 investi-

gated the cause of the temperature rise due to the DPD thermostat. They found

this stems from the assumption in the integrator algorithm that the friction and

random forces are constant during a timestep. This can be avoided by using the

Lowe-Andersen thermostat, or as an alternative the authors suggest a new algo-

rithm by drawing parallels to stochastic dynamics. The spurious temperature rises

are avoided by using a leapfrog algorithm with a modified velocity step, allowing

the friction and random forces to fluctuate. Both of these approaches afford tem-

perature control to the DPD method, but cannot prevent temperature change due

to an excessively large timestep.

At the same time as DenOtter and Clarke, Vattulainen et al.50 also investigated

the source of artifacts due to integrator schemes in DPD. They established that

these artifacts in physical parameters become more pronounced when the conserva-

tive force is not significantly stronger than the dissipative and random forces. Sim-

ilarly to other works in the area, they suggest as a solution to use a self-consistent

velocity-Verlet variant integrator, alongside an auxilliary thermostat such as the

Lowe-Anderson, in order to minimise the appearance of spurious effects due to the

thermostat and integration scheme.
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Nikunen, Karttunen, and Vattulainen released a review in 200351 that gave an

overview of the different approaches to overcoming the integrator issues in DPD,

testing the various methods, and came to the conclusion that the best performing

methods were either use of the Lowe-Andersen thermostat,52 or the splitting method

of Shardlow.53

Alongside the thermostat issues found in early studies, some noticed that the self-

diffusion in DPD simulations was much higher (relative to other viscosities) than

expected from atomistic-level counterpart simulations and experiment. Rigorous

theoretical treatment of the fluid transport properties of the DPD fluid were first

carried out by Marsh, Backx, and Ernst in 1997.54,55 They established the basic

kinetic phenomena of the dissipative fluid by formulating an appropriate Fokker-

Planck equation, therefore identifying principal timescales of the fluid, and explicit

expressions for transport coefficients (including viscosity and the self-diffusion coef-

ficient). In describing the transport properties of the dissipative fluid, they found

that heat flow is strictly not possible in a traditional DPD simulation, as the internal

energy of DPD particles is not in any way accounted for. This is problematic as

only isothermal conditions can be represented by DPD, whereas most simulations

of interest necessitate some heat flow.

Also in 1997, two papers were simultaneously released by Español56 and Avalos

and Mackie57 with an answer to the lack of thermal conductivity present in stan-

dard DPD simulations. Whilst published separately, the authors suggest the same

solution: introduction of an internal energy parameter associated with individual

particles, that would “account for the energy stored in the internal degrees of free-

dom of the particles without explicit consideration of any internal Hamiltonian”.57

This parameter is susceptible to viscous heating arising from the dissipative force,

as well as heat conduction due to the random force. Both papers describe a set of

stochastic differential equations determining the particle positions, velocities, and

internal energy, with a local temperature dependent fluctuation dissipation theo-

rem (i.e. friction changes with local temperature). For complete details on the

considerations of this method, see the papers previously referenced.

The findings of Marsh, Backx, and Ernst on the kinetic behaviour of the DPD
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fluid became known as MBE theory. In 1999, Masters and Warren58 established

that MBE theory only applied to the DPD fluid under the Vlasov (weak scattering)

limit. They state:

“MBE theory is actually only a weak deflection theory, valid in the limit

where many collisions are required to decorrelate a particle’s velocity.”

This means that collisions only weakly perturb the velocities of the particles in-

volved. This applies to DPD simulations at very large densities, as the softness of

the particles allows them to interpenetrate, causing individual particles to ‘see’ an

averaged field rather than distinct neigbours; as such, each collision only slightly

modifies the trajectories of the particles involved. Masters and Warren studied var-

ious transport properties’ behaviour with respect to density, and give as an example

that the kinematic viscosity, ηK , shows deviation towards MBE-type behaviour at

approximately a density of ten beads per unit volume, though drastic change in be-

haviour is not seen until extremely large densities (ρ ≥ 200). They found, by drawing

parallels between Boltzmann pair collision theory and their simulation results, that

the kinetic behaviour of the dissipative fluid is dominated by pair collisions, as the

mean free paths of particles is large compared to their interaction radius, rc. The

main implication they discuss in describing fluid properties of DPD in this way is

the behaviour of the Schmidt number, Sc, (ratio of momentum to mass diffusivity)

scaling as ρ2γ rather than (ργ)2, as inferred from use of MBE theory, where γ is the

dissipation rate of the DPD fluid. Whilst this work does not change the implemen-

tation of DPD, it is hugely important as it gives insight into the properties of the

DPD fluid.

2.5 Choosing Simulation Parameters

Despite having been used for simulations probing various soft matter problems for

almost twenty years, there still lacks a standard procedure to “translate” micro-

scopic chemistry onto a coarse grained model suitable for DPD. Interactions based

on chemical identity in DPD arise from the conservative force, and so are wholly

dictated by the interaction parameters aij (see equation 2.4.18). Groot and Warren
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introduced a method for this translation in 199745 that rapidly became popular, and

is still in use today.27,35,59–61

In this paper,45 Groot and Warren gave extensive detail on how to parame-

terise the various interactions in DPD, and ran example calculations to exhibit the

method’s ability to reproduce the behaviour of polymer chains in the melt. They

link the interaction parameter that characterises the conservative force to the χ

parameter of Flory-Huggins theory, thus introducing chemical representation. The

simplicity and elegance of this method, and the choice of largely available exper-

imental data as a standard, meant Groot and Warren’s parameterisation opened

up DPD to much wider application.24–26,36,37,62–65 Due to the enormous success of

Groot and Warren’s parameterisation method, the number of published studies us-

ing DPD exploded within months, as evidenced by Warren’s review of the already

broad range of applications of DPD in 1998.66

Following on in the vein of DPD polymer simulations, Groot and Madden46

investigated the dynamics of polymer chains in a DPD simulation. Their results

validated DPD as a dynamic method of mesoscale study as they found their polymer

chains to exhibit dynamically correct trajectories with time, showing DPD to be an

effective mesoscale analogue of molecular dynamics.

2.5.1 Groot-Warren parameterisation

In DPD, the conservative force varies depending on the identities of the pair of

beads interacting, as represented by the interaction parameters aij. The interaction

parameters can be split into two groups, either between beads of the same type or

beads of different types, where the method of parameterisation is rather different

between the two. It is rather intuitive to see that the interaction parameter between

different types of bead represents how two phases interact and mix. However, for

the interaction between beads of the same type it is less obvious where to derive the

aii parameter from.
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Calculating aii

Groot and Warren45 established a simple relationship between (inverse) liquid com-

pressibility κ, the density ρ, and the DPD parameter, aii:

κ−1 = 1 +
2αaiiρ

kBT
, (2.5.21)

where κ−1 is the dimensionless compressibility, relating to the isothermal compress-

ibility as κ−1 = 1/ (nkBTκT ) (n being the number density of molecules). α is

effectively a constant and can be treated as such. It has a functional form relating

to the separation distance and the liquid structure function g(r)∗. This relationship

was established from the DPD equation of state:

P = ρkBT +
2

3
π

∫ 1

0

rf(r)g(r)r2dr, (2.5.22)

knowing that compressibility relates to the pressure as:

κ−1 =
1

kBT

(
δP

δn

)
T

. (2.5.23)

The compressibility of a liquid is considered the most suitable variable to de-

termine aii from, as it describes the density and density fluctuations of the liquid,

therefore enabling the simulation to reproduce the correct liquid behaviour. With

Groot and Rabone’s68 extension to this method to take account of the degree of

coarse graining, Nm:

aii =
κ−1Nm − 1

2αρ
kBT, (2.5.24)

quantitatively good molecular structures68 with respect to experimental data have

been obtained.

Groot and Warren use aii = ajj = akk etc. as an approximation in their DPD

simulations, matching a to the compressibility of water, as liquids tend to have

∗Whilst α has a functional form, it is found that practically it can be treat as a constant of

approximately 0.101, as it does not vary far from this value over parameters used in standard DPD

simulation - see Maiti and McGrother67 for numerical exemplification.



2.5. Choosing Simulation Parameters 32

very similar compressibility. Whilst this may be suitable for their simulations of

homopolymer melts, there are other areas in which DPD investigations are used

that are much less appropriate to make this approximation e.g. polymer-surfactant

mixtures. Some work in recent years has attempted to address this issue,69–71 as is

discussed later in section 2.5.2.

Calculating aij

The similarities of the equations describing the pressure in DPD (equation 2.5.22)

to that from Flory-Huggins theory, led Groot and Warren to relate the DPD in-

teraction parameters between different phases, aij, to the Flory-Huggins interaction

parameter, χ:

χij =
2α(aij − aii)(ρi + ρj)

kBT
. (2.5.25)

The practical parameterisation method taken from this work, and widely prac-

tised, is to vary ∆a (i.e. aij − aii) between two types of bead, and measure the

resulting χ parameter by studying the phase separation:

χ =
ln1−φ

φ

1− 2φ
, (2.5.26)

where φ is the volume fraction of the major component, and χ is the Flory-Huggins

parameter. This is used to calibrate a numerical linear relationship between χij

and aij, which is then applied to calculate aij based on experimental values of χ

for molecules of interest. For example, Groot and Warren found for their model of

choice:

χ = (0.286± 0.002)∆a when ρ = 3. (2.5.27)

Groot and Warren’s approach has proven popular for a combination of reasons.

Firstly, using Flory-Huggins theory is a natural choice in polymer simulations as the

link between χ and aij is quite intuitive – they both relate to the energy of mixing of

two components. Secondly, there are large amounts of experimental χ data readily

available. Additionally, carrying out the parameterisation is relatively simple and
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fast; it does not require extensive obscure experimental data, or large numbers of

preliminary simulations.

However, the method is not without flaws. Groot and Warren45 carried out

simulations looking at the variation in χ as a function of ∆a, at various densities

ρ, expecting to find linear relations according to equation 2.5.22. However, the

proportionality constant they found between χ and ρ was not linear, as predicted,

but rather quadratic. In order to avoid the unknown cause of this discrepancy in

parameterising ∆a, they opted to use the reliable relationship between χ and ∆a at

a fixed density. The most obvious possible source of error in their simulations would

be the use of the Flory-Huggins theory when its approximations may not apply,

e.g. break down of mean field approximation at low density, the quasi-solid lattice

approximation, the presence of interactions on a longer scale than the equivalent of

neighbours-only in a filled lattice, concentration independence, and constant volume

phase changes.

As a result of the promising data collected using this parameterisation, few

efforts have been made to build upon this method, particularly in resolving the er-

roneous behaviour of χ with respect to density. Rather, most developments have

looked at alternative methods to calculate χ values when they are not experimen-

tally attainable, or at relating aij to different variables (calculated computationally,

or experimentally derived) in a top-down approach to parameterisation. Top-down

methods seem to prove favourable in producing DPD models as results with excel-

lent experimental agreement are seen quickly, whereas bottom-up methods are time

consuming to fully develop, and are more prone to deviation from real data.

2.5.2 Building on the Groot-Warren parameterisation

Whilst the Groot-Warren parameterisation of the interaction parameter, aij, has

proven popular in the twenty years since its inception, it does have flaws and as

such has seen a variety of attempts to improve it. For instance, in 2001 Groot and

Rabone68 simulated a biological membrane, illustrating water diffusion through it

and its response to nonionic surfactant at various concentrations. They describe a

bilayer–forming phospholipid as a chain of beads linked by springs, with variation
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in the interaction parameters to describe the relevant chemistry, similar to the poly-

mers in Groot and Warren’s original paper.45 However, they also introduce into the

parameterisation of the conservative force the notion of a degree of coarse graining.

This small modification to Groot and Warren’s original scheme has proven hugely

popular, and is seen in many DPD studies to this day.27,32,72–79

In 2004, Maiti and McGrother67 also looked at the relationship between the χ

Flory-Huggins parameter and the DPD interaction parameter, and at the impact of

bead size on simulations. They suggest in situations where experimental χ data is

unavailable, a value could be calculated from the Hildebrand solubility parameter,

available both experimentally or from a simple simulation. Another example of

augmenting the Groot-Warren parameterisation comes from Kacar et al. in 2013.70

They suggest that in order to obtain pure liquid phases of different densities upon

phase separation, a density-dependent parameterisation of the like-like interaction

parameters (i.e. aii, ajj etc.) should be introduced.

Rather than opting to simply write additions to Groot and Warren’s style of

parameterisation, some have looked at using alternative theories and parameters

to fit the DPD interactions to. For example, in 2007 Travis et al.69 developed

a parameterisation of the conservative DPD interaction based on regular solution

theory (RST) rather than Flory-Huggins theory. The main advantage to be taken

from this approach, other than avoiding the restrictions of Flory-Huggins theory,

is that the conservative interaction between beads of the same identity can vary

between different phases i.e. aii 6= ajj. This means that upon phase separation the

pure phases can be of different densities. However, the method used by Travis et al.

does not parameterise aii with any relation to ajj etc., and as such the overall density

is not well controlled. It must also be considered that regular solution theory comes

with its own assumptions and restrictions; heat capacity is treated as constant,

the vapour phase is ideal, and the theory only strictly applies to non-polar fluids.

However, these issues are not insurmountable, for instance it would be possible to

extend this treatment to non-polar fluids by separating the solubility parameter

(used to calculate the conservative interaction parameters) into three components

to describe the non-polar, polar, and hydrogen-bonding contributions. While this
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approach does show promise, it is yet to be fully developed and widely adopted.

Another type of approach in producing representative DPD models is to match

simulation parameters to physical quantities, commonly referred to as a top-down

parameterisation. A recent example of this style of parameterisation comes from

Vishnyakov et al.,71,80–82 who calculate DPD interaction parameters from experi-

mental infinite dilution activity coefficients of small molecules. Their method uses

Widom insertion83 in Monte Carlo simulations to calibrate the infinite dilution activ-

ity coefficient curve of binary monomer/monomer, monomer/dimer, or dimer/dimer

solutions, with respect to ∆a. With this relationship, they can interpolate experi-

mental activity coefficients of molecules that represent the coarse grained fragments

in their DPD simulation, to establish appropriate aij parameters. With this novel

approach to defining interaction parameters, they have simulated a range of differ-

ent types of surfactant (C8E8, DDAO, and MEGA-10) with quantitatively successful

results.

Despite dissipative particle dynamics simulation now being over twenty five years

in development, there is yet to be a universally agreed upon method for parameter-

isation!

Finding χ without experiment

Groot and Warren’s parameterisation provided a very simple method for modelling

a polymer-based system with available experimental data. However, many systems

of interest do not have experimentally determined χ values. Rather than formulate

an alternative method to establish parameters, many have looked to find methods to

calculate χ by simulation, or to relate it to different experimental values e.g. through

solubility and interfacial tensions (both experimental or computational),67 pair in-

teraction calculations (computational),84 or vapour pressures (experimental).85

One method of emerging popularity is the use of solubility parameters; experi-

mental data is more widely available than Flory-Huggins parameters, but they are

also easier to calculate by simulation. This was initially introduced by Maiti and

McGrother in 2004,67 using the relation:
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χij =
Vbead

kBT
(δi − δj)2, (2.5.28)

where Vbead is the volume of the DPD bead, and δx is the Hildebrand solubility

parameter. The solubility parameters can be calculated by atomistic simulation:

δ =

√
Ecoh

V
, (2.5.29)

where V is the volume, and Ecoh is the cohesive energy. The cohesive energy is

calculated from atomistic simulation, as the difference between the system energy

and the sum of the energies of the constituent molecules, with the same internal

coordinates, in isolation.

This parameterisation has proven popular, as it gives excellent results for χij

values with respect to experimental data,67 whilst being applicable to a huge variety

of molecules with relative ease. The key to this transferability is the use of molecular

dynamics. The relevant software is widely available, and can be applied to any

molecule to obtain good results, given an accurate force field, with no experimental

data required.

If experimental data is available, it can be used alongside computed solubility

data to develop an internal consistency in the parameterisation. Maiti and Mc-

Grother also relate the computed solubility parameters to the interfacial tension of

the interface in a separated mixture, as an additional measure in validating their

parameterisation (as this can also be compared to experimental data).

Relating atomistic simulation to a thermodynamic variable is advantageous over

use of experimental data, as it eliminates error due to erroneous samples etc., and is

preferable to the use of molecular-level structural data as it involves mapping onto

a coarse-grained mesoscale model rather than an atomistic model.

Another computationally-based method in estimating Flory-Huggins interaction

parameters that has seen some practise over the years was described by Fan et al.

in 1992.84 Whilst not designed specifically for use in DPD (rather for molecular

simulations) it is a simple methodology to establish pair energies between different

interacting bodies. In Flory-Huggins theory, the interaction parameter χ can be

described as:
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χ12 =
z∆w12

RT
, (2.5.30)

where z is the lattice co-ordination number, and ∆w12 is the energy of formation

of an unlike pair, which can be calculated using Monte Carlo simulation. In order

to calculate the energy of formation of a pair between species 1 and 2, one needs a

reliable method to calculate the interaction energies of the various combinations of

pairs of species 1 and 2:

∆w12 = w12 − 1/2(w11 + w22). (2.5.31)

The success of Fan et al.’s work here is that they developed a Monte Carlo step

that, when implemented in a Metropolis Monte Carlo algorithm,10 results in good

configuration sampling between pairs, taking into account excluded volume effects.

This allows for good calculation of w11, w22, w12 etc., and therefore accurate values

of χ12 can be established.

In a similar style of procedure, Wijmans et al.86 use Gibbs ensemble Monte Carlo

to estimate the free energy of a monomer particle surrounded by solvent, and relate

this energy to the Flory-Huggins parameter. They extend this to polymer-solvent

mixtures, by introducing a step that allows the transfer of the entire polymer chain

into the solvent much more efficiently than using the standard configurational bias

Monte Carlo method.

An example of this procedure being put into practise as a parameterisation

method in DPD is seen in the work of Chen et al..87 Their model is then used

in further studies on the interfacial tension of the oil/water interface in the presence

of the surfactant CTAB (cetyltrimethylammonium bromide).88,89

Relation of the χ parameter to experimental data has been well established over

the seventy years since the original description of the polymer theory; examples

include relation to experimental phase boundary data,85 osmotic pressure,90 liquid-

gas chromatography,91 freezing point of both polymer or solvent in solutions,92,93

and activity coefficients of electrolyte solutions.76
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Alternatives to the Groot-Warren parameterisation scheme

There are three major flaws in the Groot-Warren parameterisation scheme:

1. the lack of flexibility in the coarse–grained representation (as all beads are of

the same mass and interaction radius),

2. the basis of the approach, being related to Flory-Huggins theory, inherently

limits the application of the parameterisation to particular cases, and

3. the assumption that aii = ajj = akk etc., limiting the use of DPD to describing

phases of the same density.

Various works have attempted to address these issues. In this section we detail

the salient points of these works, and consider their applicability to general DPD

studies.

Variable DPD Particle Volumes Generally the issue of universal bead volume

across a DPD simulation is not considered a major concern, as many works use

simple toy-model style coarse graining schemes that are approximate by nature.

However, in developing a quantitative parameterisation for the DPD method an

understanding of the impact of bead size (or the represented molecular fragment) is

a necessity. The work of Liyana-Arachchi et al.94 published in early 2015 looks to

tackle this issue, primarily by varying bead densities to account for the change in

the molecular volume represented by the DPD particle.

In their example calculations, the authors aim to produce a representative model

of acetic anhydride in n-hexane and n-octane, choosing to describe each molecule

as a single bead. To account for the different molecular dimensions, different parti-

cle number densities, and accordingly different interaction parameters, are selected.

The authors maintain the criteria that different phases should be of the same com-

pressibility (although this is not strictly necessary, it simplifies their method).

First, a reference density is selected, which generally identifies with one partic-

ular bead type. From the equation of state (equation 2.5.22) the self-interaction

parameter of the reference bead type, and the pressure of the entire system, is then
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evaluated. By analogy to the work of Kacar et al.,70 density variation of different

bead types is introduced according to the relation:

ρ0
i =

νrefρref

νi
, (2.5.32)

where ρ0
i is the number density of the pure phase i, ρref is the number density of

the reference bead system, νref is the molecular volume represented by the reference

bead, and νi is the molecular volume of species i. From these calculated pure-phase

densities, the self-interaction parameters can be calculated, again from the DPD

equation of state.

As the variation in bead volume tunes the interaction parameter, the authors

needed to also develop a methodology to establish cross interaction parameters.

Travis et al.69 describe the cross interaction parameter by consideration of the radial

distribution functions of binary mixtures, and relating this to the Groot-Warren

equation of state, resulting in the form:

aij =
aii(ρ

0
i )

2 + ajj(ρ
0
j)

2

2ρ0
i ρ

0
j

. (2.5.33)

Liyana-Arachchi et al. alter this to fit their revised equation of state, by introducing

an additional factor:

h(a, ρ0) = fa(ρ
0) +

B2(a)fB2(ρ0)

a
, (2.5.34)

which is the multiplicative factor of the aρ2 term in the revised equation of state.

This results in the cross interaction parameter being described as:

aij =
h(aii, ρ

0
i )aii(ρ

0
i )

2 + h(ajj, ρ
0
j)ajj(ρ

0
j)

2

2ρ0
i ρ

0
j

√
h(aii, ρ0

i )h(ajj, ρ0
j)

. (2.5.35)

However, this expression only covers models describing athermal mixtures. In

order to incorporate chemistry into a model, a slightly more complex fitting pro-

cedure is required. The authors opt to use the Flory-Huggins parameter as the

relevant variable to describe the chemistry of the DPD beads. χ is often described

as relating to the infinite dilution energy of moving one particle of species i into a
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phase of pure species j, which the authors choose to relate to the (infinite dilution)

excess chemical potential, resulting in the expression:

χ =
1

2RTρref

{ρ0
i [µ

ex
i,j(aij, ρ

0
j)−µex

i,j(aii, ρ
0
i )] +ρ0

j [µ
ex
j,i(aij, ρ

0
i )−µex

j,j(ajj, ρ
0
j)]}, (2.5.36)

where ρref , ρ
0
i , and aii are all as before, and µex

i,j is the infinite dilution excess chemical

potential of species i in j. The cross interaction parameter must be chosen to satisfy

this relation for a given set of χ, ρ0
i , and ρ0

j . It is clear to see that this is a more

challenging task than previous descriptions relating Flory-Huggins theory to a DPD

model. Equation 2.5.36 needs to be solved iteratively for aij, using a two-dimensional

interpolation for µex
i,j(aij, ρ

0
j).

To simplify this procedure, and so hopefully improve the popularity of the

method, the authors describe an analytical function for the excess chemcial po-

tential, as a function of the cross interaction parameter and the phase density:

µex
i,j(aij, ρ

0
j) = {1− exp[−aij(0.00323ρ0

j + 0.00439)]} ×
50.9ρ0

j

1 + 0.790ρ0
j

. (2.5.37)

With a fixed value of the chemical potential, it is relatively simple to use a standard

iterative solver (for instance, Newton-Raphson) to establish a value of χ that is

represented at a particular set of values of aij, ρ
0
i,j etc..

The major deficiency in this method is that the chosen simulation values dictate

the represented chemistry in χ, rather than the other way around. Unfortunately, a

similar analytical function cannot be described to allow the determination of aij as a

function of χ, as this relies upon a lot of variables in the DPD simulation, including

the pressure, reference number density and reference self interaction parameter.

The authors determine an analytical function relating aij as a function of χ for

their chosen simulation conditions, and use this to produce their models for mix-

tures of acetic anhydride in hexane or octane. They study the liquid-liquid equilib-

ria diagrams produced by their DPD model, concluding that their parameterisation

method marks a significant improvement on previous works, as their model un-

derpredicts the upper critical solution temperature by “only 10%” (approximately

50K).94
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The introduction of this method represents a significant step in producing chem-

ically representative models in DPD simulation, moving away from toy-model coarse

graining to something more quantitaive. While the authors in their example chose

to maintain the approximation aii = ajj, it would be simple to implement otherwise.

This would be another step towards a realistic model. The main hindrances of the

method are that it still links DPD fluids to the mean field theory of Flory-Huggins,

and the inherent limitation to the parameter ranges investigated.

Parameterising DPD phases without Flory-Huggins One example of a sug-

gested parameterisation that attempts to address the issue of the Groot-Warren

method’s basis in Flory-Huggins theory, while maintaining the use of identical like-

like bead interactions as described by Groot and Rabone, is that of Vishnyakov et

al..71 Instead of fitting the change in interaction parameter, ∆a, to variation in χ

parameters, Vishnyakov et al. investigate matching the DPD interaction to infinite

dilution activity coefficients (γ∞) of representative binary solutions. This means

that, analagous to Groot and Warren’s method, a calibration curve describing the

relation between the two is initially constructed. Then, interpolating experimen-

tal (activity coefficient) data onto the reference curve allows the ∆a value† for a

particular pair of DPD beads to be evaluated.

The calibration curves are established by modelling binary solutions by Monte

Carlo simulation, using the Widom insertion technique83 to measure the γ∞ depen-

dence on ∆a. Widom insertion is quite efficient in a model of DPD beads due to the

softness of the inter-bead repulsion. These reference curves have to be constructed

for different types of binary solution, e.g. monomer–monomer, monomer–dimer, or

dimer–dimer solutions, as this changes the behaviour of the infinite dilution activity

coefficients with respect to the conservative DPD interaction.

To then map a real chemical identity onto a DPD model, the infinite dilution

activity coefficient of a binary solution is measured, where the two components in

the solution are representative of the molecular fragments described as monomers

†The infinite dilution activity coefficient has relatively weak dependence on aij itself. Instead,

it is determined by the mismatch parameter ∆a, which is correlated almost linearly with log(γ∞).
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or dimers in the DPD simulation. For instance, in their paper Vishnyakov et al. use

octane to measure relevant activity coefficients for DPD parameters involving alkyl

chain interactions; their coarse graining procedure mapped a four-carbon segment of

saturated alkyl chain onto a single bead, and accordingly a dimer represents octane‡.

Vishnyakov et al. use this parameterisation to study the critical micelle concen-

tration and mean aggregation number of three different surfactant molecules:

1. octaethylene glycol monooctyl ether, C8E8, made of a hydrophobic octyl tail

and a hydrophilic oxyethylene head,

2. dodecyldimethylamineoxide, DDAO, whose hydrophilic segment is a zwitteri-

onic aminoxide group (treated as nonionic for the short distance between the

charged atoms),

3. N-decanoyl-N-methyl-D-glucamide, MEGA-10, also composed of an alkyl tail,

amide middle segments, and glycol hydrophilic segments.

They chose these three particular examples of various nonionic surfactant structures

as they all have well-established experimental data of their critical micelle concen-

trations and mean aggregation numbers. From their implementation of standard

DPD, with their proposed parameterisation technique, Vishnyakov et al. found

quantitative agreement between their simulations and experiment.

This top-down approach to parameterisation, through simply fitting the model

to a particular set of experimental data, has both advantages and disadvantages.

Similarly to Flory-Huggins parameters in polymer science, infinite dilution activity

coefficients are standard properties of binary solutions with well-established mea-

surement techniques, resulting in a vast body of data available in the literature.

Another positive feature of this style of parameterisation is it does not rely upon

theories, and therefore their inherent assumptions. However, deviations from ex-

pected results using this method in future may be difficult to rectify, due to the

lack of understanding of the relation between the pertinent variables. Another issue

‡Experimental liquid-liquid equilibria data for butane was not used, as octane data was more

readily available, and more reliable.
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facing this method is that some experimental data for reference compounds is not

available, and in these cases a reliable alternative formulation is unknown. In the

article71 the authors do suggest some improvements to be made to their parameter-

isation:

• Rather than assuming all like-like bead interactions are identical, introduce in-

dependent determination of self-repulsion parameters from the compressibility

of reference liquids.

• Extend to include ionic surfactants by using established methods for incorpo-

ration of electrostatic interactions in DPD e.g.72,95.

• Introduce flexibility in bead sizes, or use of fractional numbers of groups per

bead, to accommodate variation in volume sizes of reference compounds used

for experimental data reference, for example Bondi tables.71,96

Parameterising DPD phases of different compressibility The use of aii =

ajj = akk arises from the ties of DPD to mean field Flory-Huggins theory, and

means beads must represent the same average molecular volume, so coarse graining

of the molecular structures involved must be highly consistent to avoid significant

volume differences§. In addition, the equivalent like-like bead interactions give rise

to symmetric composition upon phase separation, which is problematic in simulating

accurate phase behaviour in mixtures. It is more desirable to design a parameteri-

sation that is not restricted to a mean field theory, and maps to real data.

This can be done qualitatively, simply by considerations of intermolecular inter-

actions and phase densities. One example of this is an article from Groot,97 followed

by Rekvig et al.,98 describing simple surfactant molecules between a polymer and

water phase; generally using the Groot-Warren parameterisation scheme, but mak-

ing some alterations to the four self-repulsion interaction parameters in order to

account for their macroscopic chemical properties. The study focuses on predict-

ing changes in interfacial tension with respect to the architectures of the surfactant

§Liyana-Arachchi et al.94 suggest a solution to this using variable phase densities.
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model, and as such is not designed to produce quantitative results with respect to

experimental values. This allows for the use of a qualitative parameterisation of the

model.

An example of a more quantitative approach is that employed by Kacar et al.,70

which simply extends the Groot-Warren method by parameterising aii, ajj, etc. sep-

arately, such that an overall pressure is maintained. The pressure is determined by

calibrating one of the like-like bead repulsions according to the liquid compressibility

κ−1 of a well-characterised phase. From there, the remaining aii values are found

using the formula:

aii =
P − ρi,purekBT

αρ2
i,purer

3
c

, (2.5.38)

which is simply an adjustment of the DPD equation of state from Groot and Warren

(equation 1645). Their relation between χ and aij (equation 2345) is similarly altered,

resulting in:

∆a =
P

0.0454(aiiρi,pure + ajjρj,pure)
χijkBT, (2.5.39)

where ρi,pure is the pure liquid density of material i, and the remaining parameters

are as previously described. The factor of 0.0454 is assumed to be a constant,

established from calibration of the relationship according to simulated data.70

The choice to parameterise aii values based on density rather than compressibility

is due to the authors’ interest in using DPD to equilibrate mesoscale structures, and

then reverse-map the results onto molecular dynamics (MD) simulation. MD would

be capable of relaxing errors in the compressibility of the system, but would not be

capable of the large-scale rearrangements required to relax errors due to incorrect

density fluctuations on the length scale of the DPD simulation. This update to the

Groot-Warren parameterisation overcomes the issue of varying liquid compressibility

in different phases. However, it does not address the issues in the method due to its

basis on Flory-Huggins theory (as a mean field theory).

In another paper, Travis et al.69 allow for pure phases of different compressibilty,

as well as avoiding the use of Flory-Huggins theory, by applying regular solution

theory (RST) to DPD. The like-like bead interaction parameters are found by es-
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tablishing the relationship between the Hildebrand solubility parameter, δi, and the

internal energy, and knowing the form of the virial expression for pressure, resulting

in:

aii =
δ2
i

αρ2
i r

4
c

. (2.5.40)

By integrating the virial expression for the pressure, and identifying the entropic

terms, one finds an expression describing the “excess free energy of mixing”. Com-

paring this to the free energy of mixing in RST produces the relation:

(δi − δj)2 = −r4
cα[ρ2

i aii + ρ2
jajj − 2ρiρjaij]. (2.5.41)

Parameterising aij according to solubility parameters, rather than Flory-Huggins

parameters, is advantageous as, in addition to having a greater range of experimental

data available, the solubility parameter is much easier to calculate by atomistic

simulation if necessary (see discussion in section 2.5.2).

Like Flory-Huggins theory, RST is not without its limitations; the major problem

in using RST is that it only strictly applies to regular solutions, and needs extension

to be applied to phases beyond non-polar fluids. To extend this parameterisation

beyond non-polar fluids, the Hildebrand solubility parameter, δ, could be separated

into three contributions, as the three Hansen solubility parameters;99 non polar,

polar, and hydrogen bonding. This would give three contributions to the interbead

repulsion, and so three components to the conservative force. Assumptions made

through the use of RST may also pose problems or lead to errors e.g. assuming

no volume change upon mixing, constant heat capacities, or an ideal vapour phase.

Any further work on extending the RST-based parameterisation method is yet to

be published.

Despite the assumptions made in the parameterisation, Travis et al.’s results

for their simulation of the binary SnI4/SnCl4 mixture look promising,69 with their

calculated binodal phase boundary in close quantitative agreement with experiment.

As described previously in section 2.5.2, updating the Groot-Warren description of

the DPD fluid can also result in a model that comes close to matching experimental

phase behaviour. However, there is yet to be released a comprehensive review to
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compare these various parameterisations on equal terms, and as such it is difficult

to infer if any method offers a distinct advantage over the others.

While the examples of Kacar et al.70 and Travis et al.69 both work in a “bottom-

up” approach to parameterisation, it should be possible to employ a top-down style

while also using phases of different compressibility. In fact, this may arise more

obviously in the top-down methods, as it is physically quite intuitive to think of

separated phases as having different properties such as compressibility.

2.6 Concluding Remarks

Simulation is a versatile tool to study molecular behaviour, at many levels of detail

and a range of time and length scales. Our method of interest is DPD, as it can

give us detail at the molecular level, while still seeing the big picture of mesophase

formation. The main hurdle we face in applying this method to our problem is

finding a reliable parameterisation for inter-bead interactions, through the variable

aij.

Groot and Warren’s original parameterisation,45 and variations thereof, have

proven popular in producing representative models in DPD, due to its ease of imple-

mentation and generally good agreement between results and experiment. However,

we do not feel this is a satisfactory method to produce a quantitatively representa-

tive DPD model due to the basis in a mean field theory. While good results may be

obtained when models fall within the range used to evaluate the parameterisation,

outside of these (sometimes narrow) regions there is no guarantee of how well the

model will perform.

We believe the key to an effective transferable parameterisation scheme in DPD

is fitting to thermodynamic (rather than structural) data as a basis for fundamental

parameters. We hope to establish from initial routes of investigation how one would

construct a robust, transferable parameterisation method in DPD, and if this is

not feasible, which methods lend themselves towards the best representations of

particular classes of molecules.

In the following chapters we will discuss the various parameterisation schemes we
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have investigated in application to surfactant simulations, specifically the mixture

of sodium dodecylsulphate in water. We have investigated previously established

parameter sets used in describing sodium dodecylsulphate (chapter 4), in addition

to the popular parameterisation method of Groot and Warren,45 and a brute force

parameterisation to develop a fundamental understanding of how individual inter-

action parameters influence model behaviour (chapter 4), and finally considered a

parameterisation via free energies of representative fragments (chapter 7).



Chapter 3

Simulation analysis methodologies

Before going into the details of the simulations carried out in this work, it seems fit-

ting to give a brief description of the analyses performed, as without these methods

we would not be able to confidently assign whether a phase is micellar, lamellar,

or anything in between. While it is easy to identify most mesophases by visual

inspection, as they have distinctly different structural motifs, we need a quanitative

measure of mesophase. As we investigate how different parameters and conditions

may influence phase behaviour, perhaps even to a degree not noticeable by visual

inspection, we want to be able to quantify how a given change may subtly favour or

disfavour a particular mesophase. In this chapter we shall detail the four main anal-

ysis methods we trialled, their implementation, results, advantages and weaknesses.

These methods are:

1. Measuring viscosity through the application of shear.

2. Cluster analysis, both identifying clusters and measuring their shape through

the P2 order parameter.

3. Radial and pair distribution functions of specific moieties within our models.

4. Isosurface analysis, and subsequent use of the P2 order parameter.

48
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3.1 Viscosity measurements

Viscosity was our first choice of analysis method to test, as it is a macroscopic-level

measure that we can use to compare to experiment, that also gives theoretical in-

sight into the symmetries and structures within a mesophase - relative viscosity of

different mesophases is well understood. Viscosity is readily and intuitively related

to aggregate size and symmetry in a system: larger aggregates, extending across

several dimensions, cause larger viscosities, as they are more difficult to align with

shear flow. As such, simple micellar systems are expected to have low viscosities,

comparable to solvent alone, as the micelles readily flow under shearing force. At the

other end of the scale, complex surfactant-continuous phases, e.g. the bicontinuous

cubic or inverse micellar, tend to have very large viscosities, as the large surfactant

aggregates are too entangled to flow, and so require breakage of the aggregate be-

fore shear–induced flow can occur. Between these two extremes lie the lamellar and

hexagonal columnar phases: lamellar sheets can happily flow past one another along

two axes, and so tend to have moderate viscosities; columns (in a hexagonal array)

will only readily flow along one axis, and so tend to have higher viscosities, that

can be problematic in industrial processes. To summarise, one would anticipate vis-

cosities to increase in size as: ηmicellar < ηlamellar < ηhexagonal columnar < ηcontinuous phases,

where ‘continuous phases’ encompasses phases such as the bicontinuous cubic. For

further discussion of rheological behaviour of surfactant solutions, see Farn.4

With this information, one can measure viscosity as a function of concentration,

and expect to see changes in viscosity where the phase changes occur, e.g. for a

sodium dodecylsulphate in water solution, one would expect an increase in viscos-

ity at approximately 40 wt% surfactant (at the micellar to columnar transition),

followed by a decrease in viscosity at roughly 60 wt% (as the lamellar phase forms).

3.1.1 Implementation

We trialled measuring viscosity on simulations performed using the DPD code

in DL MESO version 2.5,100 implementing Lees-Edwards shearing boundary con-

ditions,101 and measured the appropriate stress tensors in order to extrapolate
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Figure 3.1: Figure to illustrate the application of shear through the use of Lees-

Edwards periodic boundary conditions.101 The central shaded box represents the

simulation box, and the unshaded boxes represent the displacement of its periodic

images.

the zero-shear viscosity. A diagramatical representation of Lees-Edwards periodic

boundary conditions is given in figure 3.1. Details of the general simulation con-

ditions used are given in section 4.0.1. Shear forces were applied in the xy plane

(accordingly viscosity was measured as the average of the stress tensor components

σxy and σyx), with the shear applied ranging from one to ten DPD units∗, in in-

crements of one. Viscosity was calculated by extrapolation of the average σxy+σyx
2

to its value at zero shear. The extrapolation is only performed on the first linear

section of data from these measurements, as beyond that point the mesophases had

reorientated.

3.1.2 Results

An example of the data we find in measuring viscosity is given in figure 3.2. Two

noticeable features of this data make this method unsuitable to identify phase tran-

sitions. First, the variation in measured viscosity is not particularly significant, and

so trends are difficult to spot within the data. Second, the error bars on some data

points are far too large for us to have confidence in the measurement, with some

errors in excess of 50% of the measured value. These uncertainties arise from our

linear extrapolation to measure the viscosity, and inherently become larger with

∗The DPD unit of shear is distance per time, i.e. rcut
τ .
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Figure 3.2: Measured viscosity of a model of sodium dodeculsulphate in water, where

η is quoted in DPD units (as used in the DL MESO package100), as a function of

surfactant concentration.

larger viscosity, which is unavoidable in this method.

3.1.3 Summary

One of the advantages of measuring viscosity in our simulations was for easy com-

parison to experiment. However, upon searching the literature we failed to find

any published examples measuring, in detail, how the viscosity of surfactant solu-

tion changes across a large concentration range experimentally. The other promising

feature of this analysis was the good theoretical framework from which to rationalise

results. However, we found our measurements not to be sufficiently sensitive or ac-

curate to match up to the trends we anticipated. The combination of large errors

in this method, and the lack of quantification of mesophase in these results, led us

to consider alternative analyses in quantifying mesophases and phase boundaries.

3.2 Cluster analysis

The lack of quantitative results in measuring viscosty led us to consider which char-

acteristics in a mesophase can be numerically definitive. As mesophases are defined

by their unique spatial distribution of functional groups, we must consider how to

simplify the complex information of the three-dimensional distribution of each chem-
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ical moiety into something that can readily be interpreted as a particular mesophase.

Structurally, mesophases consist of a series of aggregates (that vary in shape and

size) that can pack into a range of orientations. As such, the number and shape

of these aggregates is a defining feature of any mesophase. This led us to consider

applying clustering algorithms to our results, so that we can identify the number

of clusters present, which molecules belong to which clusters, and even analyse the

shapes of the clusters present.

As with measuring viscosity, we can collect some data in cluster analysis that

relates to experiment. The aggregation number, Nag, is an experimental measure

of the average number of molecules in a micelle. However, this is not of great im-

portance in applying this analysis, as the data point only applies in the micellar

phase, and there is no equivalent for more concentrated phases such as the lamel-

lar. Alternatively, through theory and polarising optical microscopy, the shapes of

aggregates in different mesophases are well known.1–3 This data is the main aim in

implementing this analysis, as once the clusters in a snapshot have been identified

their shape can be analysed via the P2 order parameter.

P2 order parameter

The P2 order parameter is commonly used in the field of liquid crystals, to measure

the degree to which a group of molecules are aligned.102 It is typically written as:

P2 =

〈
3

2
cos2 θ − 1

2

〉
, (3.2.1)

where θ describes the angles between molecules and the net orientation of the system.

If the molecules are perfectly aligned, P2 will return a value of one, and if the

molecules point in all directions equally, P2 will approach zero.

The same technique can be applied to our surfactant molecules. The vector of

a molecule can either be calculated from between its head and tail groups (given

the molecules exhibit sufficiently linear conformations), or assumed to be orthogonal

to the surface at which the head group sits. In a spherical micelle, the molecular

vectors are symmetrically distributed in all three dimensions, and so we expect a

very low P2 value. For columnar aggregates, the micelle has essentially extended
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along one axis, leaving the molecular vector symmetrically distributed across two

dimensions (the plane perpendicular to the long axis of the column), which causes

the value of P2 to increase. As concentration increases further to the lamellar phase,

the molecular vectors either point up or down out of the lamellar leaflet, i.e. along

only one axis, and so P2 is expected to be larger again. This measure should quantify

how close a mesophase is to one identity or another, by how close the value of P2 is

to the transition values.

3.2.1 Implementation

The premise of how to identify clusters is simple: running through all pairs of atoms

in the box, if two atoms are within a given radius of each other they belong to

the same cluster. The cutoff radius is a parameter we vary to identify a suitable

value. This is a slightly simplified version of the standard “mygang” clustering

algorithm,16 which has been applied successfully in DPD studies to identify micelles

in the literature.103

In trialling our clustering code, we applied it to a range of simulation snapshots

with different aggregate symmetries, i.e. a range of micellar and lamellar examples.

In each case, we tested a range of cutoffs to see how quickly we went from identifying

single molecules, to full clusters, to a single ‘cluster’ percolating through the whole

simulation. In performing this testing we came across several difficulties in producing

a definitive quantitative result to identify cluster shape:

• First, we found the range of cutoffs in which the algorithm identifies clus-

ters correctly to be very narrow, typically around half a DPD length unit.

This seems to arise due to our aggregates, particularly micelles, being quite

dynamic, with molecules often entering and leaving structures, and micelles

often coming in close proximity to one another.

• Second, this narrow range varies from snapshot to snapshot, even in the same

phase. Also most likely due to the dynamic nature of the simulations.

• Third, the lamellar phase can often be identified as a single cluster, as the

lamellar sheet meets up with itself across the periodic boundaries. As our



3.2. Cluster analysis 54

simulation box is only large enough to accommodate a handful of larger ag-

gregate structures, the more concentrated mesophases tend to show defects in

our simulations due to frustration. If we identify only one percolating clus-

ter in a simulation, these defects have a significant effect on the measured P2

value, and may reduce it beyond the recognisable threshold.

While these tests established that clustering algorithms are not capable of auto-

matically identifying mesophases in our simulations with 100% certainty, they have

confirmed that our model is an accurate representation of the dynamic system of

surfactant aggregates in solution, with molecules freely entering and leaving clusters,

and the cluster surface itself being mobile. In addition to this being a preferable

description of mesophase behaviour, it also demonstrates that our simulation is not

trapped in a metastable state, as the molecules are mobile and the clusters are

dynamic.

3.2.2 Summary

Although cluster analysis seemed a promising route to automate identification of

mesophases, we found in practice that application of the algorithm required fine

tuning in each instance it was applied. In addition to this, we also found that defects

and deformation of mesophase reduced the measured order parameter, giving rise

to the potential for false results if not manually verified.

This method has the potential to be useful in understanding the micellar phases

formed by our models, by averaging cluster size data over a sufficiently large sample

to gain an averaged picture of micelle size (as has been performed in the litera-

ture103), and thus overcome the issue of the narrow range for the ideal value of cutoff

radius in the algorithm. However, this would be prohibitively time–consuming, as

our algorithm was not optimised for time efficiency in implementation. Rather, we

decided our efforts were best focussed on identifying alternative routes to mesophase

identification.

However, this analysis has demonstrated that our DPD models are a good rep-

resentation of surfactant aggregates by highlighting the dynamic nature of our sim-

ulations, in line with experimental understanding of the real system.1 The inherent
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aggregate mobility, and associated mesophase fluctuations, led us to consider alter-

native analyses that can also sensitively quantify order, but additionally robustly

deal with defects in the system.

3.3 Pair distribution functions

An appropriate analysis to identify mesophases should be based on simplifying the

three-dimensional co-ordinates of relevant chemical groups. Rather than focussing

on the aggregates that build up the mesophase, we can consider how different molec-

ular groups are distributed across the mesophase in order to identify repeating struc-

tural motifs, and therefore deduce structures. By describing the distribution of a

particular fragment across the simulation box as a histogram of pairwise distances,

we build up an averaged picture of structure at both short and long distances, known

as a pair distribution function.

Distances between pairs can be calculated either as the direct distance between

two sites (i.e. radially) or can be projected along a particular axis of interest. The

former, known as a radial distribution function, is often used as a measure of liq-

uid structure in simulations,16 as it can identify hydration shells or other ordered

structures within the fluid. While the radial distribution function is a useful tool

in identifying patterns in spatial distributions of species, the inherent symmetries

of the mesophases we wish to simulate will complicate radially measured distribu-

tions. By measuring these distributions along molecular or aggregate axes, repeating

structural motifs are more distinctly recognisable, making mesophase identification

clearer. While different mesophases are identifiable from radial distribution func-

tions, data is required over longer distances to demonstrate the individual interfer-

ence pattern of structural motifs in a particular symmetry. As a pair distribution

function is limited to distances of half a box length, the necessary simulation size to

have uniquely identifying radial distribution functions is prohibitively large.

Radial and pair distribution functions are also of interest, as we can relate the

data collected to experimentally measured X-ray patterns, if available. Converting

an X-ray diffraction pattern from reciprocal to normal space identifies structural
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repeat units within the sample; WAXS and SAXS data would be particularly inter-

esting to compare to pair distribution functions, as they identify long-range order

e.g. layer spacing of the lamellar phase. It is important to note that handling of the

sample in measuring X-ray diffraction patterns is hugely important in this case, as a

macroscopic sample will consist of many domains of a mesophase, and therefore the

data collected will be the equivalent of a powder pattern, averaged over the many

orientations of the domains. An aligned sample would be necessary to make direct

comparison to our simulated pair distribution functions.

3.3.1 Implementation

We exploit the inherent symmetry of our mesophases by measuring pair distribution

functions relative to the global director, Û, as our mesophases have well-defined

global directors. The vector distance between two groups is projected onto the unit

vector describing the global director:

r cosθ = r · Û, (3.3.2)

where Û is the average director across the whole system (i.e. the eigenvector associ-

ated with the P2 order parameter), r is the vector between every pair of particles for

which the pair distribution function is being measured, and θ is the angle between

Û and r. This results in a given moiety’s density being calculated, for a given dis-

tance r‖, in two thin discs ‘above’ and ‘below’ the point from which g‖ (r) is being

calculated (see figure 3.3 for illustration), and so we measure:

g‖ (r) =
n(r)

ρbulk2πr2
wdr‖

, (3.3.3)

where g‖ (r) is the pair distribution function parallel to the global director, n(r)

is the mean number of molecules in the two thin discs of height dr‖ and radius

rw =
(
r2

cut − r2
‖

)1/2

.

We also project the pairwise distances onto the plane perpendicular to the global

order parameter:
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Figure 3.3: Illustration of the volume in which g‖ (r) is measured, reproduced from

Phys. Chem. Chem. Phys., 2018, 20, pp1485–1496, with permission from the Royal

Society of Chemistry.

r sinθ = r× Û. (3.3.4)

This results in a moiety’s density being calculated on the surface of a cylinder (see

figure 3.4), and so we measure:

g⊥ (r) =
n(r)

ρbulk2πhr⊥dr⊥
, (3.3.5)

where g⊥ (r) is the pair distribution function perpendicular to the global director,

n(r) is the mean number of molecules in the cyclindrical shell of width dr⊥ and

height h = 2 (r2
cut − r2

⊥)
1/2

.

We refer to these two measures, g‖ (r) and g⊥ (r), as the parallel pair distribution

function and the perpendicular pair distribution function, respectively.

Û, and accordingly P2, is calculated from the vector along the length of the

molecule, from the first to last bead, as an indication of the direction the molecule

points. The pair distribution functions were calculated taking r between pairs of

head beads, as we found this best differentiated the structure of our mesophases.
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Figure 3.4: Illustration of the volume in which g⊥ (r) is measured, reproduced from

Phys. Chem. Chem. Phys., 2018, 20, pp1485–1496, with permission from the Royal

Society of Chemistry.

3.3.2 Results

In the micellar phase there is no distinctive axis, and so the radial, parallel and

perpendicular pair distribution functions are all expected to be identical - showing

a peak centered one nearest-neighbour distance off zero, extending out to a distance

of the average micelle radius. A secondary peak may be seen, if there is an average

neighbouring micelle distance.

In the columnar phase, the global director Û points along the long axis of the

column. As such, we expect the parallel pair distribution function to show a constant

density, and the perpendicular distribution function will demonstrate the packing

structure of the columns e.g. whether it is hexagonal, or liquid-like shells.

In the lamellar phase, the global director Û points orthogonal to the lamel-

lar sheets. Therefore, we expect the parallel pair distribution function will show

regularly spaced density waves passing through the layers, and the perpendicular

distribution function will show a constant density.

As these patterns all differ significantly, this method differentiates mesophases

well, as demonstrated in figure 3.5. An example of the sensitivity of this method

is demonstrated by the pair distribution functions of the hexagonal columnar and

lamellar phases, as it captures the sharp phase transition with only 5 wt% difference
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(a) Micellar phase.

(b) Hexagonal columnar phase.

(c) Lamellar phase.

Figure 3.5: Example directional pair distribution functions of three different

mesophases: the micellar, hexagonal columnar, and lamellar.
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in surfactant concentration between the two simulations.

In addition to projecting pairwise distances either parallel or perpendicular to

the global director Û, and plotting the resultant one-dimensional data, we can com-

bine the data from both g‖ (r) and g⊥ (r), resulting in a two-dimensional plot, with

examples given for the micellar, hexagonal columnar, and lamellar phases in fig-

ure 3.6. These two-dimensional plots (similarly to the one-dimensional plots) have

the ability to sensitively differentiate mesophases of different identities, but addition-

ally provide more intuitive insight into the mesophase structure: one can consider

these plots as a projection of the whole simulation box onto a flat plane, illustrating

the average structure.

Pair distribution function normalisation

Radial and pair distribution functions, when normalised appropriately, should tend

to a value of g(r) = 1 at large r. However, this is quite apparently not the case in the

pair distribution functions shown in figure 3.5. We believe this is due to the nature

of the regions in which we measure the number density, n(r), of the surfactant head

beads. If the region in which n(r) is measured represents the average density of

the species across the entire simulation, g(r) at that point is 1. However, if the

measurement area covers a region in which the density (of the given moiety) is not

at its average value, at large distances g(r) will vary from a value of 1.

Here we address each g‖ (r) and g⊥ (r) for the micellar, columnar, and lamellar

phases, to discuss why our measurement of n(r) results in g(r)s tending to values

that differ from 1.

Micellar phase As the head groups (from which we measured our pair distribu-

tion functions) sit at the surface of the micelle, one of the two discs in measuring

g‖ (r) will inevitably lie outside of the micelle, and so is guaranteed to be empty,

reducing n(r). In the case of measuring g⊥ (r), when r is small, the cylinder in which

n(r) is measured encircles a signficant proportion of the micelle surface, and so n(r)

is high. However, when r becomes sufficiently large, the cylinder surface moves be-

yond the micelle surface, and therefore samples space with a very low probability of
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Figure 3.6: The top row of figures are illustrative simulation snapshots of the mi-

cellar, hexagonal columnar, and lamellar phases, for reference. Orange beads repre-

sent the sulphate/sulphonate head group, yellow beads represent the benzene linker

group, purple beads represent the alkyl tail, and cyan beads represent the solvent -

see chapters 4 and 5 for further simulation details. The bottom row of figures are

the measured 2–dimensional g(r)s of the corresponding mesophases, in which colour

signifies intensity of the function.
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containing head groups. The disperse nature of the micellar phase also attributes

to the large–r behaviour of g‖ (r), as there will be no significant measure of n(r)

beyond the initial micelle.

Hexagonal columnar phase When measuring g‖ (r) in any columnar phase, the

value of rw plays a critical role in the evaluation of g‖(r), as it determines both the

measured value of n(r), and the volume in which it is measured. g‖ (r) is proportional

to r−2
w , and so if rw is excessively large g‖ (r) will be unusually small, and conversely

if rw is too small g‖ (r) will be unusually large.

In our case, we find rw to be quite large, thus the measured disc region encom-

passes a signficant volume of unmeasured beads (solvent and tail beads within the

column), without a proportionally larger volume of head groups being detected. This

results in reducing the measured density of the head groups in this region, to below

that of the overall density across the simulation. A similar issue also arises in the

case of measuring g⊥ (r), as the volume of solvent and inner column much exceeds

that of the column surface when measured on the surface of a cylinder (cylinder

shown in figure 3.4).

Potentially, a more informative pair distribution function would be gained if

measured from the central line within the columns. However, we could not associate

this with a given bead of our surfactant model, owing to the fluid nature of our

aggregates. We have also measured distribution functions based on the surfactant

tail-type beads, but found the peaks in the distribution became prohibitively broad.

Lamellar phase We believe the reduced values in our pair distribution functions

(at large distances) of our lamellar phases arise due to molecular tilt in the lamellar

planes. This results in the global director sitting at an angle relative to the lamellar

sheets. This tilt causes g⊥ (r) to be measured outside of an individual bilayer at

large r, resulting in a drop in value. Additionally, this tilt causes the discs involved

in sampling g‖ (r) to contain a disproportionately large volume of solvent and tail

groups, rather than only the head groups that reside at the surface of the bilayer.

This results in broader peaks of reduced height in g‖ (r).
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3.3.3 Summary

Pair distribution functions (particularly when projected onto axes representing the

average order of the mesophase) are an excellent method in identifying and dif-

ferentiating mesophases. As the data in the pair distribution function is averaged

over every pair of molecules, and across several simulation snapshots, this method is

much more robust than our clustering analysis, and is not overly sensitive to defects

in the mesophase.

This method readily identifies the mesophase in a snapshot, but we do not find

any quantitative relationship between peak heights, widths, or any other feature,

and the degree to which a mesophase is micellar, lamellar, etc., which would be

of use in analysing transition regions between phases. To complement the sensi-

tive detection this analysis method offers in identifying mesophases, we considered

measuring isosurfaces as a means to quantify these results.

3.4 Isosurface analysis

Although our use of pair distribution functions showed excellent capability in differ-

entiating mesophases from one another, it did not quantify the degree to which a set

of coordinates shows elements of different mesophases e.g. at transitions between

phases. We return to the idea of using the P2 order parameter to measure shapes

of aggregates, as it is a continuous measure that can identify whether an object is

symmetric in one, two, or three dimensions. Rather than identifying clusters from

our simulations, we could apply the measurement of P2 to a surface that separates

the surfactant aggregates from solvent. This is achievable even with our fluctuating,

dynamic micelles, as in simple terms we draw this surface at a point of critical den-

sity of a species of interest. In our case, this “species of interest” is chosen as the

head group of our surfactant, as this always sits at the interface between surfactant

and solvent, and so describes the outer edge of the surfactant aggregates.

The isosurfaces describe a surface in our three-dimensional simulation box where

the density of a predetermined molecular moiety, or bead, is constant. An example

of an isosurface of head groups in a micellar phase is shown in figure 3.7. These
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Figure 3.7: Example isosurface of head groups in a micellar phase.

isosurfaces can also be helpful in visually identifying mesophases, as data for other

species are removed.

3.4.1 Implementation

We calculated our isosurfaces using the utility built into the DL MESO package

version 2.6.100 The basic premise in calculating the isosurface is as follows: the

simulation box is overlaid with a regular lattice (we use the automatic lattice spacing

of 0.25 rcut), if a bead of the assigned type is within a critical radius (3σ) of a lattice

point, it contributes to that point according to a Gaussian smearing function:

f(r) =
1

(2πσ2)
3
2

exp

(
−|r− ri|2

2σ2

)
, (3.4.6)

where r is the position of the lattice point, ri is the position of a bead, and σ is

the standard deviation of the Gaussian function. In this case we use σ = 0.4. If a

lattice point exceeds a certain density, we use the average density of the simulation

i.e. ρ = 3, it is plotted as part of the isosurface.

The P2 order parameter is calculated from the second moment of the isosurface

normals. This is done by diagonalising the tensor of the distribution, resulting in

a set of three eigenvalues (and corresponding eigenvectors), which in our case are

normalised such that their sum is one. The typically quoted value of P2 is the

largest of the three eigenvalues. The ratios of the three eigenvalues are indicative

of the mesophase present, as they reflect the symmetry of the isosurface i.e. if
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the isosurface is spherically symmetric the eigenvalues have similar values, if the

isosurface exhibits order in two directions (as in the hexagonal columnar phase)

there will be two larger eigenvalues, and if the isosurface exhibits order in one axis

(as in the lamellar phase) there is a single large eigenvalue.

While there has been previous discussion on how to interpret the ratios of

these eigenvalues,104,105 we considered for ourselves the critical eigenvalues between

mesophases. Transition regions are readily spotted in the data as the eigenvalues

change in a small window of concentrations. To pinpoint exactly where the transi-

tion occurs, we combined this data with pair distribution function analysis, to give

ourselves a guideline of where to probe for phase transitions. We found that:

• ε1 ' ε2 ' ε3 is indicative of an isotropic phase, such as micellar or bicontinuous

cubic,

• ε1 ≤ ε3
2
, ε2 ' ε3 is indicative that the phase has a hexagonal symmetry, i.e.

hexagonal columnar (or inverse) phase,

• and ε1 + ε2 ≤ ε3 indicates a lamellar phase.

While we use pair distribution functions to identify the dominant mesophase, how

close the isosurface eigenvalues are to one symmetry or the other gives an indication

of the preference of the system to form mesophases of a particular symmetry.

3.4.2 Results

An example data set of isosurface eigenvalues that we use in identifying mesophases

is shown in figure 3.8, along with the assigned mesophase at each point. You may

notice that at the given phase transitions, the eigenvalues do not perfectly match

the guidelines we previously gave. This results from using this data in combina-

tion with pair distribution functions to give accurate phase assignment at, or near,

transition points. However, our guidelines are well suited to identify these transition

regions, that require additional analysis by considering appropriate pair distribution

functions for a complete mesophase assignment.
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Figure 3.8: Example isosurface eigenvalues, i.e. P2 values, for sodium dodecylsul-

phate in water.

Combined, these two analytical measures give us a strong basis for assigning

mesophase identity, and the potential to quantify the nature and symmetry of any

given mesophase.

3.5 Concluding remarks

This chapter has been included at this point to make clear how we choose to assign

mesophase identity in our simulations, as this process is critical to the interpreta-

tion of our parameterisation and the following results. Specific data used in each

mesophase assignment will not be discussed at length in the following results chap-

ters. Unless otherwise stated, all phase assignments are based on a combination of

isosurface P2 analysis, and directional pair distribution functions where necessary.



Chapter 4

Building a DPD model of sodium

dodecylsulphate

As mentioned briefly in section 1.3, the aim of this work is to successfully model

mesophase behaviour in mixtures of surfactants, solvents, and industrially relevant

additives. The particular molecules of interest span alkylether sulphates (AES),

linear alkylbenzene sulphonates (LAS), polyethylene glycol (PEG), polypropylene

glycol (PPG), water, glycerine (also known as glycerol), propane-1,2-diol (p-diol),

n-butoxy-propoxy-propanol (nBPP), and dipropylene glycol (DPG), shown in fig-

ure 4.1. Our model should capture the different roles chemical moieties play in

forming (or disrupting) ordered structures in solution, so that it can best be ap-

plied to understand the factors that influence the viscosity and efficacy of highly

concentrated surfactant products.

In order to test our ability to model mesophases using the DPD technique, we

began with a test case. The test case should be representative of the characteristics

to be reproduced in simulating these complex mixtures, but sufficiently simple that

we can relate the model’s properties to its parameters. As such, we selected sodium

dodecylsulphate (SDS) in water as our test case, the structure of which is shown in

figure 4.2. SDS is chemically similar to our surfactants of interest (it is the simplest

surfactant molecule containing the sulphate head group), industrially relevant, and

well characterised experimentally. By developing a model that reproduces the phase

behaviour of SDS in water, we can develop an intuitive understanding of the influence

67
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Figure 4.1: Chemical structures of molecules we have a particular interest in simu-

lating with our DPD model: (a) AES, (b) LAS, (c) PEG, (d) PPG, (e) glycerine,

(f) p-diol, (g) nBPP, and (h) DPG.

of individual DPD interaction parameters. This will equip us with the requisite

knowledge to design interaction parameter sets for other surfactants, such as LAS

and AES.

4.0.1 Simulation details

For reference, a standard set of simulation details was used across this work. The

DPD method was implemented using the DL MESO software package.100 Over the

course of this work two versions of the software were used, DL MESO 2.5 and 2.6.

Version 2.6 was tested for consistency with version 2.5 before being adopted.

Simulations were performed in the constant-NVT ensemble, using a standard

Velocity Verlet integrator. The DPD thermostat parameters used were γ = 5.625,

and so σ = 3.354 (values chosen in line with literature simulations45,46,78,100). Sim-

ulations were run with a time step δt = 0.01τ for a minimum of 106 time steps.

This conservatively short time step was chosen so that application of shear (ap-

plied in equilibrating mesophase structures) could be performed without excessively

Figure 4.2: Chemical structure of sodium dodecylsulphate (SDS).
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large energies arising from over extension of bonds. 106 time steps were used as a

conservative minimum length to ensure equilibration of the system. The rapid equi-

libration of the various energy components within our simulations is demonstrated

in figure 4.3.

The simulation box contained 100,000 DPD beads at a density of 3 beads per

unit volume. We found a box of 100,000 beads sufficiently small that calculations

could be performed on the time scales of a couple of days across tens of CPUs, and

used the widely accepted minimum DPD bead density (ρ = 3 r−3
cut) as this is the

lowest acceptable bead density for a DPD fluid.45 Parameterisation simulations were

carried out at a temperature of T ∗ = 1, while phase behaviour was mapped between

temperatures of T ∗ = 0.4− 1.2.

The simulation box is initialised (in DL MESO)100 under the simulations condi-

tions specified in the “CONTROL” file, e.g. size, temperature, etc.. Molecules are

placed into the box with configurations (bond lengths, angles, etc.) as specified in

the “FIELD” file, at random positions with random orientations.

DPD simulations make use of reduced units, and so require mapping onto phys-

ical parameters when desired. A temperature of T ∗ = 1.0, as kBT , is defined as

two thirds of the kinetic energy per particle. Mapping of the temperature T ∗ onto

a physical temperature (e.g. in Kelvin, or degrees Celsius) defines an energy scale,

relating all of the energies involved in the simulation (e.g. the non-bonded interac-

tions given by the aij parameters, the bond and angle energies) to a physical value.

Equivalently, the length scale rcut is chosen to represent a given size (generally dic-

tated by the identity of a single DPD bead) which then defines the size of all other

species in the simulation.

4.1 Testing literature parameter sets

As DPD is a technique that has been growing in popularity for over twenty years,

there is much work in the literature applying DPD to a variety of different systems.

It is no surprise that there are many papers discussing application of the DPD

technique to describe surfactant behaviour, ranging from simple dumbell and toy
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(a) Equilibration of the total energy: left shows the first 105 δt

steps, and right shows the complete 106 δt–step simulation.

(b) Equilibration of the potential energy: left shows the first

105 δt steps, and right shows the complete 106 δt–step simula-

tion.

(c) Equilibration of the bond extension energy (left) and an-

gle bending energy (right) over the course of the 106 δt–step

simulation.

Figure 4.3: An example of the various energies measured over the course of our

DPD simulations of surfactant in water (using the model laid out in section 4.3.4),

demonstrating rapid equilibration.
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models36,103,104,106–109 to more realistic models describing a specific molecule and re-

producing particular characteristics.71,78,88,110 With this wealth of knowledge readily

available, our first step was to consider how SDS has been represented in the past,

analyse how these models have performed, and then consider how we can build upon

that information.

Mai et al.78 published their work on parameterising a representative model of

SDS with the DPD method, which seemed promising for a range of reasons:

• The paper describes the parameterisation of a family of linear anionic surfac-

tants, rather than a single molecule, demonstrating a degree of transferability

in their model. The family of molecules have a range of different alkyl chain

lengths, which suggests their model has a good general representation for alkyl

chains at the very least.

• The parameterisation scheme used in the work is based on the highly popular

parameterisation schemes laid out by Groot and Rabone68 and Groot and

Warren,45 as previously discussed in sections 2.5.1 and 2.5.2 (pages 30 and 33).

Mai et al. also perform a degree of fitting in their parameters to reproduce

the desired experimental measures.

• The authors find their model performs well in reproducing the experimental

measures Nag, the mean aggregation number, and the critical micelle concen-

tration (CMC). For example, their SDS model has a CMC of 9.020 mmol l−1,

comparing favourably to experimental values of 8.0 − 8.3 mmol l−1, and an

Nag of 59± 2, within the experimentally determined range of 59− 64.

To summarise the parameterisation of this model, the authors established suit-

able ranges of aij interaction parameters based on the range of experimentally avail-

able χ data. They performed a series of simulations, varying the aij parameters

and the chain flexibility, and selected their model as the one that performed best in

reproducing the CMC and Nag values of the group of surfactants.

Their model consists of three bead types, the sulphate head bead, the alkyl tail

bead, and the water bead. We will refer to these as the H, T, and W bead types

respectively. The manner in which atoms are partitioned into beads is shown in
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Figure 4.4: Coarse graining scheme used by Mai et al..78 Reproduced from J. Chem.

Phys., 140, 204902 (2014), with the permission of AIP Publishing.

figure 4.4. SDS is represented by one H bead and four T beads in a linear arrange-

ment, bonded together by harmonic springs. The model aij interaction parameters

are given in table 4.1.

The model has a bond equilibrium length of 0.7 rcut with a stretching force con-

stant of 100 ε/r2
cut, and an equilibrium bond angle of 180o with a bending force

constant of 6 ε/rad2. In the publication the authors highlight that their positive

results in measuring the CMC and Nag are a product of their parameterisation,

saying:

“It should be emphasized that the accurate simulation values are not just

a coincidence but a result of extensive exploration of suitable interaction

parameters.”

In our use of this model, we are interested in probing whether it can reproduce phase

behaviour of sodium dodecylsulphate in water, from surfactant concentrations as low

as 5 wt% up to 95 wt%. We tested the model at surfactant concentration increments

H T W

H 86.7 104 65

T 78 93.5

W 78

Table 4.1: Table illustrating the DPD aij parameters used in Mai et al.’s model78

of linear sodium alkylsulphates.
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Figure 4.5: Experimental phase diagram of sodium dodecyl sulphate in water, re-

produced from Mol. Cryst. Liq. Cryst, 549, pp160–165 (2011), with permission

from Taylor and Francis.

of 5 wt%, at a range of temperatures (T ∗ = 0.5 − 3.0) and applied annealing to

encourage formation of equilibrated phases. In our annealing procedure, simulation

temperatures were initially raised to T ∗ = 3.0 to generate an isotropic phase, and

then reduced in increments of ∆T ∗ = 0.1 down to T ∗ = 0.5, for simulations of 104δt,

to ensure equilibrium temperature stability before another step in T ∗.

Testing at T ∗ = 1.0, the model showed a micellar phase from 5 to 35 wt%,

between 40 and 70 wt% our simulations exhibited complex entangled elongated

micellar structures, and at 75 wt% and above the model formed well ordered lamellar

phases. Experimentally, the phase progression of SDS in water is found to be:

first, a simple micellar phase up to roughly 40 wt% surfactant; next, a hexagonal

columnar phase from 40 to 60 wt% SDS; between 60 and 70 wt% surfactant a series

of complex phase transitions are seen, spanning bicontinuous cubic and perforated

lamellar phases; and finally, beyond 70 wt% surfactant the solution forms a lamellar

mesophase. This progression of mesophases is illustrated in the experimental phase

diagram, reproduced in figure 4.5.

The main discrepancy between the phase progression of this model78 and the
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experimentally observed phase diagram, is the lack of the hexagonal columnar phase,

where instead we see a complex phase of entangled elongated micelles. Despite our

annealing procedure, the model did not form a well-defined columnar phase. We

also found that at temperatures in excess of T ∗ = 0.5, i.e. at all temperatures

studied, aggregates appeared ill-defined and became difficult to identify. We expect

mesophase aggregates to be stable at temperatures higher than this, as such low

temperatures reduce mobility, and so the model may no longer represent a fluid.

As we want to produce a model that accurately and sensitively describes surfac-

tant mesophases in complex mixtures, we feel our model should capture the nature

of aggregates at both high and low concentrations. While Mai et al.’s model report-

edly performed well at reproducing micellisation data, we found in our testing of

the model that its ability to reproduce phase behaviour of sodium dodecylsulphate

at concentrations beyond the CMC was limited at best, and so deemed the model

unsuitable for our studies.

Additionally, we noticed that the interaction parameters used by Mai et al. are

higher than many others use.45,63,106,108 With an aii parameter of 78 between like

beads (chosen in line with equation 2.5.24, from the work of Groot and Rabone68), in

order to encourage demixing of different beads one must use even larger interaction

parameters, which opposes the soft nature of the DPD method. This “hardness” may

result in loss of fluid properties, or require shorter simulation time steps, increasing

the time taken to reach equilibrium, and increasing the likelihood of the simulation

falling into metastable local minima. In our parameter sets we favour using a smaller

interaction parameter, e.g. aii = 25 is typical,36,45,62,88,103,104,106–110 as this allows a

greater range of relative demixing of species while retaining the fluid and fast nature

of the DPD simulation. For these reasons, we to chose to develop our own parameter

set for a model of SDS rather than using the set developed in the reference paper.78

4.2 Testing the most popular parameterisation method

As we found Mai et al.’s parameter set unsuitable for the simulations we wish to

run, we next considered how to build our own parameter set. Whilst we expressed
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some concerns of the technique in section 2.6 (page 46), we felt that we ought to

test the highly popular parameterisation method of Groot and Warren45 to see how

it applies to our molecules, and whether it can offer us any insight into how these

molecules should be represented in dissipative particle dynamics.

As detailed previously, Groot and Warren suggest assigning aij interaction pa-

rameters by relating a Flory-Huggins χ parameter to the molecules or molecular

fragments a DPD bead represents. When two components favour interaction with

one another over self-interaction, χ is negative, and when two components favour

demixing, χ is large and positive. Small, positive values of χ do not result in demix-

ing, but beyond a critical value domains rich in each component will form.

The relationship between χ and aij is established by simulating a binary DPD

fluid of a given cross interaction parameter, and measuring the volume fractions of

the two components at the resulting interface. In this work, the interface was iden-

tified by partitioning the simulation box into slices of thickness 1.0 rcut, measuring

the number ratio of the major to minor component, and thus finding the interface

as the region(s) in which this ratio reached a minimum value. Using this ratio as

the volume fraction, φ, results in calculating a χ parameter as:

χ =
ln1−φ

φ

1− 2φ
, (4.2.1)

(where φ is the volume fraction of one component) that is equivalent to the aij

parameter used in the binary fluid. These calculations of χ were performed using

a box of size 32.2r3
cut, containing 50000 A particles and 50000 B particles, for 105

steps of size δt = 0.01, where ∆a ≡ aij − aii ranged from 10 to 60. From this test

data, shown in figure 4.6, we find:

χ = 0.1564∆a+ 2.25, (4.2.2)

or equivalently:

aij − aii ≡ ∆a =
χ− 2.25

0.1564
. (4.2.3)

It can be seen in figure 4.6, quite clearly in our data, that although this pa-

rameterisation method relies on a linear relationship between χ and ∆a, there are
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Figure 4.6: Left: literature data measuring the Flory-Huggins χ parameter as a func-

tion of ∆a, reproduced from J. Chem. Phys., 140, 4423 (1997), with the permission

of AIP Publishing. Right: our data in measuring the Flory-Huggins χ parameter as

a function of ∆a, at ρ = 3, where χ is calculated from measured phase separation,

as described in equation 4.2.1.

some fairly significant deviations from this behaviour, particularly at higher values

of ∆a that appear to be unexplored in the work of Groot and Warren.45 Addi-

tionally, while Groot and Warren state this relation should pass through the point

χ = 0, ∆a = 0, this is quite apparently not the case in our measurements. We

attribute this difference in behaviour to our use of larger ∆a values (measuring χ

from ∆a = 10 − 60 rather than ∆a = 8 − 25), as in both graphs (figure 4.6) it is

clear that as ∆a increases, the gradient with respect to χ decreases.

As this method relies upon a linear relationship between ∆a and χ (as a gradient

value is required to scale χ values to aij values), we used our best linear fit of this

data, equation 4.2.3, to progress with testing of this parameterisation.

In the case of our fragments (water, sulphate group, and linear alkyl chain)

χ data is not experimentally available. Instead, similarly to the method of Maiti

and McGrother,111 we related the theoretical χ parameter of our fragments to their

Hansen (rather than Hildebrand) solubility data,99 taking the form:

χij =
Vbead

RT

[(
δDi − δDj

)2
+

1

4

(
δPi − δPj

)2
+

1

4

(
δHi − δHj

)2
]
, (4.2.4)

where δD, δP , and δH are the Hansen dispersion, polar, and hydrogen-bonding

solubility parameters respectively, Vbead relates to the size of the fragments, R is

the gas constant in units of cal mol−1 K−1, and T is the temperature. The disperson
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fragment δD δP δH

−OSO−3 17.7 17.0 9.7

CH3CH2CH2− 13.4 0.0 0.0

H2O 15.5 16.0 42.3

Table 4.2: Table of Hansen solubility parameters99 selected to represent the frag-

ments described in calculation of Flory-Huggins χ parameters.

−OSO−3 CH3CH2CH2− H2O

−OSO−3 0(25.0) 17.3(135.4) 8.3(78.4)

CH3CH2CH2− 0(25.0) 15.7(125.2)

H2O 0(25.0)

Table 4.3: Table of Flory-Huggins χ parameters calculated from Hansen solubility

parameters,99 with the equivalent DPD aij parameter of our model in brackets.

component describes cohesion energy arising from nonpolar interactions e.g. van

der Waals forces. The polar component describes cohesion energy from interactions

of permanent molecular dipoles. The hydrogen-bonding component describes the

cohesion energy arising from the formation of hydrogen bonds, or more generally

electron exchange. Hansen solubility parameters (rather than Hildebrand solubility

data) were chosen in this instance, as they were readily available.99 The Hansen

solubility parameters used, and accordingly the χ and ∆a values calculated, are

shown in the tables 4.2 and 4.3.

The results of this model can be summarised through a few representative simu-

lation snapshots, given in figure 4.7. These images clearly demonstrate microphase

segregation of the surfactant molecules and the solvent, rather than forming or-

dered aggregates as one expects in a mesophase. We would expect to see a micellar

phase in the simulation on the left, a hexagonal columnar phase in the simulation

in the centre, and a lamellar phase in the simulation on the right, if this model was

representative of sodium dodecyl sulphate in water.

We propose this parameterisation method fails in this case as the solubility data

used in calculating the appropriate aij parameters are always positive, when we
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Figure 4.7: Example simulation snapshots demonstrating microphase segregation,

rather than the desired mesophase formation, of an SDS model based on the Groot-

Warren parameterisation, at 20, 60, and 80 wt% surfactant. The cyan beads rep-

resent water, yellow beads represent the sulphate head group, and purple beads

represent the alkyl chain tail group.

know that enthalpies of mixing can be either positive or negative. This results in

aij > aii in all cases, and the magnitude of this difference is sufficiently large (for

our fragments) that there is no effective attraction between species (as is the case

when aij < aii). Even in the case of perfect mixing, where φ = 0.5, this results in a

calculated χ parameter of 2, resulting in an equivalent ∆a value of 7. We highlight

how this is problematic in figure 4.8. These snapshots illustrate simulations of two

types of monomer, A and B, at a density of ρ = 3, temperature T ∗ = 1.0, and

aii = 25, where aij varies between 7 and 10. As can be seen, a value of ∆a = 7 is

sufficient to cause some demixing of the monomers, and increasing ∆a to 10 results

in complete phase separation. This is a cause for concern, as we believe ∆a = 7

should be representative of perfectly intermixing species. Large calculated values

of ∆a of the molecular fragments of SDS cause the mixing of species i and j to

always be less favourable than the mixing of i and i, and j and j, and therefore only

demixing occurs in our simulations.

A difficulty in applying this type of parameterisation is that the data fed into the

model only contributes to the enthalpic energy of the model, when we know that

in the act of coarse graining we change the underlying balance between enthalpy

and entropy. For example, in coarse graining of solvent, any hydrophobic effects are
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Figure 4.8: Simulation snapshots of two monomers, A and B, denoted by the pink

and cyan beads respectively. As ∆a increases, we see an increase in phase separation.

fragment δD δP δH

CH3CH2O− 15.8 8.8 19.4

CH3CH2CH2− 13.4 0.0 0.0

H2O 15.5 16.0 42.3

Table 4.4: Table of Hansen solubility parameters99 selected to represent the frag-

ments of CxEy surfactants.

reduced (due to the reduced number density of the solvent particles), which must

be compensated for by enthalpic interactions in order for the coarse–grained solvent

model to be representative. These differences must be captured in our assignment

of aij values to correctly reflect free energy changes upon mixing, solvation, etc., but

this does not seem to be built into this parameterisation method.

We also considered whether this parameterisation could be applied to other sur-

factants of slightly different chemistry, and chose the example of the nonionic CxEy

surfactants - this family of surfactants consist of a saturated hyrocarbon chain,

bonded to a short ethylene glycol oligomer. Unfortunately, the solubility data dif-

ferences remain too large, resulting in phase separation as with SDS. The solubility

parameters of the representative molecules are given in table 4.4, and resulting aij

parameters are shown in table 4.5, with an example simulation snapshot demon-

strating phase separation in figure 4.9

As no previously published parameter set reproduces the phase behaviour of SDS

across the whole concentration range, nor could we apply the most popular DPD
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CH3CH2O− CH3CH2CH2− H2O

CH3CH2O− 0(25.0) 3.6(48.0) 4.4(53.1)

CH3CH2CH2− 0(25.0) 15.7(125.2)

H2O 0(25.0)

Table 4.5: Table of Flory-Huggins χ parameters calculated from Hansen solubility

parameters99 of CxEy surfactant fragments, with the equivalent DPD aij parameter

of our model in brackets.

Figure 4.9: Simulation snapshot of surfactant model C12E8, based on the Groot-

Warren parameterisation. The cyan beads represent water, red beads represent the

ethoxylate head groups, and pink beads represent the alkyl chain tail groups.
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parameterisation technique with any success, we were left with the option of a “brute

force” parameterisation, in which a large range of parameter space is investigated

to find the best model to fit our data of interest (i.e. phase behaviour).

The benefit in carrying out such a parameterisation is that from the large amount

of data produced, we should build an intuitive and meaningful picture of how dif-

ferent DPD aij interaction parameters influence model behaviour, and in particular

how these interactions may affect aggregate and mesophase formation.

4.3 ‘Brute force’ parameterisation

Building our model consisted of two stages; designing a coarse–grained representa-

tion of our molecule (SDS), and parameterisation of the interaction parameters of

the constituent beads. Coarse graining in DPD is more tolerant of variation than

in other methods, such as iterative Boltzmann inversion or force mapping,20–22,112

as the soft interaction potential allows a significant degree of bead overlap, and the

more flexible interpretation of DPD simulation results means the method is often

used as a toy model.

In DPD, coarse graining is typically performed such that beads have a similar

atomic mass, which is often applied as having the same number of heavy atoms (i.e.

non-hydrogen atoms)∗. As we will use our model in investigation of mesophases, we

want to achieve the largest length scales possible, hence we use the coarsest repre-

sentation of our surfactants that captures the effective chemistry of the molecules,

i.e. their amphiphilicity. As such, we represent the head group of our surfactant

(the sulphate group) as a single bead. We choose our tail beads (alkyl chain) to

be slightly lighter (i.e. smaller) than the head bead, so that we can build in chain

flexibility in our models (as the chain will consist of a larger number of particles),

and also to allow us to better accommodate a range of chain lengths in applying our

parameterisation to different models. We denote our tail bead to represent a satu-

∗Some authors choose to use DPD beads of variable size,94 however we avoid this approach as

it introduces an additional variable that requires parameterisation, and we wish to build as simple

a model as possible.
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rated alkyl chain containing three carbon atoms. This results in our model of SDS

consisting of a head bead and four tail beads bonded in a linear fashion, similarly

to the model of Mai et al.78, shown in figure 4.4.

With our coarse–grained representation established, the next stage was the pa-

rameterisation of the DPD interaction parameters, aij. This parameterisation was

achieved by a comprehensive sweep of the parameter space, and consequently fit-

ting our model to the experimental phase diagram. Initial test simulations were

performed in a system of 20 % water and 80 wt% surfactant model, which for SDS

should form a lamellar phase, to particularly parameterise our model to reproduce

high concentration mesophase behaviour.

The sweep of parameter space was performed in three stages:

• First, we began by varying individual aij interaction parameters away from

the value of aii = 25, while maintaining all other aij parameters at the aii

value of 25.

• Next, we looked at the effect of simultaneously varying two (of the three) aij

interaction parameters away from aii = 25. The values of a12 and a13 are

independently swept through, resulting in a two-dimensional set of data as

a12 6= a13.

• Finally, we tested the limits of the established aij parameters by gradually

reducing (both individually and as a set) the aij parameters towards the value

of aii.

We address these three stages chronologically below. For each new set of param-

eters, fresh simulations were set up according to the details given previously in

section 4.0.1, on page 68.

4.3.1 Varying single parameters

As there are three bead types in our model of SDS in water, there are six interaction

parameters to assign: three between beads of the same type; aHH, aTT, and aWW,

and three cross interactions; aHT, aHW, and aTW. It would be enormously inefficient
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to run a simulation at every possible combination of values for these six interactions,

so we removed some of the unreasonable interaction combinations through common

sense and chemical intuition.

We began by selecting a value for the aii type interactions, as this sets the

benchmark for the fluid behaviour of the model, and will determine whether an aij

value is effectively attractive or repulsive. We opted for the usual aii = 25 at a

bead density ρ = 3, as this is well established45 as within the liquid regime, and

gives us sufficient flexibility in making aij parameters either relatively attractive or

repulsive. With our aii parameters decided, we next identified regions in which the

optimal values of the three aij parameters were likely to be found:

• Micellisation is driven by minimizing the undesirable interaction of hydropho-

bic tail groups with solvent,113 so aHT must be greater than aii. aHT was varied

from 25 up to 50 in this initial work, to maintain a preliminary data set of

manageable size, and also to avoid beads becoming excessively hard due to

large interbead repulsion.

• As micellisation is additionally driven by favourable water solvation of the

ionic sulphate head group (rather than interaction between SDS molecules),113

aHW should favour mixing over aHH and aWW. We chose to test a range from

aij = 25 down to aij = 12.5 as our lower limit. We refrained from using

smaller aij values to avoid creating regions of significantly higher overlap (and

therefore density) in our simulations.

• Our solvent and surfactant tails will be immiscible, and so aTW will certainly

exceed aii = 25. We chose to investigate from aij = 25 up to our upper limit

of aij = 50, as with aHT.

It is worth noting here, we do not expect to see mesophase formation in our tests

of varying one or two cross interaction parameters away from aii. We are looking

to see how these individual interactions change the mixing behaviour of the three

components away from homogeneity. As such, at this stage we do not apply formal

analyses, as visual inspection is sufficient to identify changes in mixing interactions,

and the emergence of potential aggregates.
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Varying aHT We varied the value of aHT from 25 to 50, while all other aii and

aij parameters held a value of 25. We found that as aHT increased, the distribution

of the water and head group beads became increasingly inhomogeneous across the

simulation box. This inhomogeneity did not progress to a point of microphase

segregation, most likely due to the constraint of the head group being bonded to

the tail group, and there being an excess of surfactant molecules relative to solvent.

Varying aHW In changing the value of aHW away from aij = 25 we found little

variation in the distribution of moieties across the system.

Varying aTW Varying aTW from 25 to its maximum value of 50 gave the most

pronounced effects. Up to aTW = 27.5 we saw similar inhomogeneities as in the

simulations with our largest value of aHT. Values of aTW ≥ 35 were sufficiently

unfavourable to result in microphase separation of the solvent and the tail groups.

We expect this parameter has a greater influence on phase separation than aHT, due

to the greater freedom afforded to the W beads (which are unbound monomers) over

the H beads (which are directly bonded to the chain of T beads).

In summary, we found increasingly repulsive values of aTW favoured the aggregation

of surfactant molecules, while the aHT parameter had a similar but more subtle effect.

However, reducing the value of aHW seemed to have a less pronounced (or at least

not noticeable by visual inspection) effect on demixing. The repulsive interactions in

our model clearly have a stronger ability to drive phase separation than (effectively)

attractive interactions.

One might anticipate this pattern (of aTW having a greater influence than aHT),

by consideration of the change in the balance of entropy and enthalpy in coarse grain-

ing the description of the surfactant molecule. As mentioned in our consideration of

our Groot–Warren parameterised model in the previous section, a signficant portion

of the interaction between solvent and surfactant tail is driven by the hydrophobic

effect. This is of particular importance in the micellar phase as the hydrophobic

interaction drives micelle formation, due to the favourable entropy in liberating the

solvent by bringing together the surfactant tails. This favourable entropy is reduced
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in coarse graining the solvent, as a single particle describes several solvent molecules.

As such, the enthalpic interaction between the coarse–grained solvent and tail sites

should be adjusted to compensate for this loss of entropy, which would be achieved

by increasing the aTW repulsion.

We built on the knowledge developed through these simulations, by sweeping

through a range of values for two cross interaction parameters simultaneously, to con-

sider how the balance and combination of these interactions influences the model’s

behaviour.

4.3.2 Varying two parameters

We performed two groups of simulations to build up a picture of how interactions in-

fluence aggregate formation, in which two aij parameters were simultaneously varied.

In the first, we varied aHT and aTW to probe the balance between these two similar

interactions, and to elucidate whether they have subtly different effects within the

simulation. Secondly, we changed aHW and aTW as a pair, to see if (or how) the

aHW parameter may affect aggregate formation, once it has been encouraged by the

mutual repulsion of solvent and surfactant.

Varying aHT and aTW The patterns in qualitative phase behaviour in these ex-

periments are summarised in the schematic representation of 2-dimensional phase

space in figure 4.10. When both aTW and aHT are small (< 40 and < 35 respec-

tively), the simulations are homogeneous as all three components mix effectively

equally. As aTW increases beyond a value of 40, the distribution of species becomes

spatially inhomogeneous, and at large aTW values (≥ 45) becomes completely phase

separated. With a value of aTW < 40 and increasing the value of aHT above 35, we

find the head-tail repulsion has a less pronounced effect on phase separation, with

values of aHT = 50 resulting in phase separation on the length scale of the bead size,

owing to the bonding of the H bead to the chain of T beads. Combining large aTW

and aHT values, we find the phase separated regions to be larger than those when

aHT alone is large, and smaller than those when aTW alone is large. At our largest

value of aHT (50), with moderately large aTW (≈ 45), the simulation heterogeneity
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Figure 4.10: Schematic representation of the qualitative phase behaviour of our

surfactant model, upon changing the values of aHT and aTW while maintaining all

other aij values at 25.

appears to be on the order of micellar size, with pockets of solvent surrounded by

hydrophilic head groups.

This sweep of parameter space shows our surfactant model requires large repul-

sion between the hydrophobic tail group and both the solvent and the hydrophilic

head group, as one might expect from a qualitative description of surfactant disso-

lution.

Varying aHW and aTW Again, the patterns in qualitative phase behaviour in

these experiments are summarised in the schematic representation of 2-dimensional

phase space in figure 4.11. When both aHW and aTW are small i.e. 12.5 and 27.5

respectively, the simulations show no large scale demixing but inhomogeneity on the

length scale of bead size, reducing the surface area between tail groups and solvent.

If aHW is increased towards the value of aii, i.e. ≈ 25, the scale of inhomogeneity

increases and complete phase separation occurs in the simulation. When aTW is

increased towards large values (> 40), the inhomogeneous regions grow, but do not

proceed to the point of phase separation.

As our model should entail a degree of demixing of molecules in forming mesophase

aggregates, but not simulation-scale phase segregation, this data suggests optimal

parameters are a large value of aTW (> 40) and a small value of aHW (< 15) in
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Figure 4.11: Schematic representation of the qualitative phase behaviour of our

surfactant model, upon changing the values of aHW and aTW while maintaining all

other aij values at 25.

trying to capture surfactant phase behaviour.

From these simulations we found our model requires a sizeable repulsion between

the surfactant tail and solvent to drive sufficient separation in forming the basis

of an aggregate. Our model also requires a reasonably large repulsion between the

surfactant tail and head, to balance the solvent-tail repulsion’s propensity to drive

the system into total phase separation. We also found that a small ‘repulsion’ (i.e.

a large effective attraction) between the solvent and surfactant head has a similar

balancing effect, stabilising the presence of separate hydrophilic and hydrophobic

regions, tied together through the bonds of the surfactant molecule.

This pattern of repulsive interactions between the surfactant tail and the solvent

and head group, and an attractive interaction between the surfactant head and

solvent, are all as would be anticipated from ‘chemical intuition’, as we previously

discussed in narrowing the range of interaction parameters to be tested. However, in

addition to these considerations of mixing at the molecular level, one must consider

the shift in the balance of enthalpy and entropy upon coarse graining, and thus how

the model ought to compensate for this change in energetic balance. The particular

interaction which concerns us most, with respect to this effect, is the hydrophobic

interaction between surfactant tail and solvent, as the coarse graining of the solvent



4.3. ‘Brute force’ parameterisation 88

Figure 4.12: Simulation snapshot of the lamellar phase formed by our SDS model,

with 80 wt% surfactant and 20% solvent, performed under the simulation conditions

set out in section 4.0.1, with the interaction parameters set out in table 4.6. Cyan

beads represent water, purple beads represent alkyl tail groups, and orange beads

represent sulphate head groups.

results in a reduced entropic contribution to the demixing of these two species. As

such, aTW may require a larger value than would be anticipated from enthalpic data

alone.

From the information collected through our sweep of parameter space, the data

set we chose to test further combines the maximum effects from all three cross

interaction parameters: aHT = 50, aHW = 15, and aTW = 45. We chose a slightly

larger value of aHT than aTW, as the influence of the head-tail repulsion is limited by

the connectivity of the surfactant model, and we found in our sweep of parameters

that too large a value of aTW without the balance of a large aHT parameter lead to

phase separation on a large scale. This set of interaction parameters is summarised

later in table 4.6, and when applied to our model results in a lamellar phase at high

surfactant concentration, which is shown in figure 4.12.

4.3.3 Producing the complete parameter set

Having produced a complete set of interaction parameters, we wanted to test its be-

haviour across a range of surfactant concentrations, and find the limits under which

it performs in the way we require. Up to this point, test simulations have been car-

ried out at 80 wt% surfactant, which should demonstrate a lamellar phase for SDS.
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With all three cross interaction parameters different to the like-like interaction pa-

rameter, aij 6= aii, we wanted to test whether the aij parameters were the minimum

required in forming the lamellar phase, now that there are three factors contributing

to the formation of mesophase aggregates. We tested this by reducing the difference

aij − aii (∆a) incremently, for each interaction in turn, until the lamellar phase was

disrupted beyond recognition.

We found the model still produced lamellar phases when aHW ≤ 20, aHT ≥ 40,

or aTW ≥ 40, given the other parameters were maintained at their original value.

However, combining the parameters from all three of these limits resulted in the

lamellar phase being completely disrupted, and wormlike micelles formed instead.

As these parameters are not significantly beyond the original set, and led to total

loss of the lamellar phase, we chose to retain the full set of original parameters to

ensure the stability of the lamellar phase.

Next, we investigated whether the model is applicable beyond the lamellar phase,

by applying it to simulations of 20, 40, and 60 wt% surfactant. Experimentally, at

20 wt% SDS forms a micellar phase, 40 wt% is just beyond the transition to the

hexagonal columnar phase, and 60 wt% is at a complex transition region between the

columnar and lamellar regions. With our model, a micellar phase formed at 20 wt%

surfactant. At 40 wt% surfactant, the micelles became elongated, but remain in a

disordered state rather than packing into an ordered array (a potential equilibration

issue, that could be resolved with annealing in further simulations). At 60 wt%

surfactant, the elongated micelles remain, but show local hexagonal packing - this

may be a fair representation of SDS, as this is the beginning of a series of complex

transitions from the H1 phase, through V1 phases, to the Lα.

The complex structures at 40 and 60 wt% surfactant do not appear to be fully

equilibrated after a simulation of 106δt (where δt = 0.01), as they have not yet

been annealed to reach true equilibrium structures. This is to be expected with

large aggregates spanning a simulation box under periodic boundary conditions, and

so further investigation was required to ascertain whether the model’s equilibrium

behaviour matched that of SDS. However, the structural motifs seen emerging in

these cases are promising at a local level, and so we performed further tests of our



4.3. ‘Brute force’ parameterisation 90

H T W

H 25 50 15

T 25 45

W 25

Table 4.6: Table illustrating the DPD aij parameters selected as our best model of

sodium dodecylsulphate through a comprehensive sweep of parameter space.

model and parameter set.

At this point we chose to test the effect of varying chain flexibility, as this has

been shown to have a significant influence on model properties. Up to this point,

simulations used literature parameters of an equilibrium angle of 180o with a bending

force constant of 6 ε/rad2.78,98 We tested our model with a range of bending force

constants from 0 ε/rad2 up to 10 ε/rad2, at various surfactant concentrations, to

ascertain how the parameters influenced different mesophases. We found with no

angle potential (i.e. a bending force constant of 0 ε/rad2) that simulations formed

lamellar sheets at all concentrations. As the angle bending force constant increased,

there was an increased formation of micelles at low concentrations, and the lamellar

region occured at higher surfactant concentrations. The ‘sweet spot’ for matching

the phase diagram of SDS, at least approximately, was found to be at a bending

force constant of 4 ε/rad2.

4.3.4 Resulting model

To summarise, our model of SDS consists of a single head bead bonded to a chain

of four tail beads, all in a linear arrangement. Bonds have an equilibrium length of

0.7 rcut with a stretching force constant of 100 ε/r2
C , following guidance of studies

on how bond length variation changes properties of surfactant models,63,78,98 and an

equilibrium bond angle of 180o with a bending force constant of 4 ε/rad2. The DPD

aij interaction parameters are given in table 4.6.

To test this model more thoroughly, we performed simulations at 5 wt% incre-

ments (5 to 95 wt%) of surfactant, at a range of temperatures T ∗ = 0.4 − 1.2,



4.3. ‘Brute force’ parameterisation 91

and applied gentle shear (see below) to encourage formation of the highly ordered

equilibrium mesophases. We apply shear to encourage ordering of our mesophases,

rather than the more typically used annealing, due to the temperature invariance

our DPD models exhibit (as was briefly mentioned in section 4.1).

As in our measurements of viscosity, shear was applied through Lees-Edwards

periodic boundary conditions,101 which were illustrated previously in figure 3.1

(page 50). The Lees-Edwards periodic boundary conditions result in a shear flow in

which one face of the simulation box moves at a rate dνx/dry, and the opposing face

moves at a rate −dνx/dry,
16 i.e. with the same speed but in the opposite direction.

The velocity profile is smooth, such that at the centre of the simulation box there

is no force applied, and as one moves outwards towards the shearing boundary the

force applied increases. It is more convenient to represent this using shifted cubic

boxes, as in figure 3.1, rather than deformation of an individual simulation box.

The simulations were initialised with random coordinates and orientations, and

were run for 106 time steps of δt = 0.01. This was followed by another simulation of

106 time steps of δt = 0.01, where a shear force of 1.0 DPD units† was applied in the

xy plane to encourage ordering of mesophase structure - we investigated the effects

of a range of shear rates from 1.0 to 10.0 DPD units (as laid out in section 3.1,

page 49), and found the slowest rate was sufficient to reorient mesophases into their

stable ground states. To allow re-equilibration of the aggregates, a final simulation

was ran for 106 time steps of δt = 0.01. We assigned mesophase identity, at the

end of each set of three simulations, based on eigenvalues derived from isosurface

analysis; an example of this data was given in figure 3.8, for our SDS model at

T ∗ = 0.8 across concentrations 5− 95 wt%. The complete set of eigenvalue data is

given in figure 4.13.

This data is summarised, and contrasted to experimental results, in our phase

diagram (figure 4.14), with the purely experimental phase diagram previously given

in figure 4.5 (page 73). Our phase diagram is established at temperature intervals

of ∆T ∗ = 0.2, and concentration intervals of ∆% = 5 wt%.

†The DPD unit of shear is distance per time, i.e. rcut
τ .
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Figure 4.13: Isosurface eigenvalues measured in simulations of our SDS model in

water, at concentrations of 5 to 95 wt%, and temperatures of T ∗ = 0.4 − 1.2. L1

indicates a micellar phase, L′1 indicates an elongated micellar phase, H1 indicates

a hexagonal columnar phase, Lα indicates a lamellar phase, and L2 indicates an

inverse micellar phase.
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Figure 4.14: Phase behaviour of our parameterised SDS model is reflected in the

colours of the diagram, with the experimental phase transitions given by the bold

black lines, and experimentally assigned mesophases given by the white labels on

the diagram.

Our model gives excellent results in comparison to the experimental phase be-

haviour of sodium dodeculsulphate in water, as can be seen in figure 4.14. Experi-

mentally, SDS in water forms micellar phases from 0 to 40 wt% surfactant, between

40 and 60 wt% is the hexagonal columnar phase, between 60 and 70 wt% there are

a series of intermediate phases (most likely cubics and perforated lamellar), and be-

yond 70 wt% is the lamellar phase. At very high concentrations (> 90wt%) hydrated

crystals form due to the high concentration of surfactant.

In our simulations, the boundaries between the phases vary subtly with temper-

ature, but we generally find our simulated mesophases to be temperature invariant

until either freezing or melting occurs. We compare our simulations to experiment

by considering the cases furthest from these extremes, i.e. T ∗ = 0.6 − 1.0. As in

experiment, our model exhibits the L1−H1 transition at 40 wt%, and the H1 region

ends at 60 wt%. Differing slightly from experiment, our model transitions directly

from the H1 phase to the Lα, which extends up to 95 wt%. At higher temperatures,

the H1 phase suffers some melting, instead forming entangled, elongated micellar

structures. Additionally, we do see some inverse micellar phases (L2) at high con-

centrations, rather than hydrated crystal phases. Example snapshots illustrating

how the main mesophases of this phase diagram (the micellar, hexagonal columnar,
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(a) Simulation snapshots illustrating the micellar phase formed by our model at 15

wt% SDS, at T ∗ = 1.0, left with solvent omitted, right with solvent present.

(b) Simulation snapshots illustrating the hexagonal columnar phase formed by our

model at 50 wt% SDS, at T ∗ = 1.0: left view is orthogonal to columnar axis, right

view is parallel to columnar axis.

(c) Simulation snapshots illustrating the lamellar phase formed by our model at 75

wt% SDS, at T ∗ = 1.0.

Figure 4.15: Illustrative snapshots of how the major mesophases of the SDS in water

phase diagram appear in our simulations. All simulation conditions are as set out in

section 4.0.1. Cyan beads represent water, purple beads represent alkyl tail groups,

and orange beads represent sulphate head groups.
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and lamellar phases) appear in our simulations are shown in figure 4.15.

Overall, we believe this model performs very well in reproducing the phase be-

haviour of SDS in water. The discrepancies between our model and experiment

only occur at experimentally difficult to characterise points in the phase diagram,

i.e. the complex cubic and mesh phases at the transition between the columnar

and lamellar phases, and the hydrated crystal phase. Our model can be applied to

characterise and clarify these experimentally complex regions, by considering how

changes in conditions or interactions influence the mesophases formed at these sur-

factant concentrations.

4.3.5 Mesophase characterisation

Having applied isosurface analysis to quantify our mesophase identification, we fur-

ther characterise our model’s mesophases through analysis of radial and pair dis-

tribution functions, whose implementation was described in detail in section 3.3

(page 55).

As the micellar mesophase’s global director does not define a given axis within the

aggregates (due to their approximately spherical symmetry), g(r), g‖ (r) , and g⊥ (r)

all demonstrate the same pattern, and so we can use any of them to measure the

average aggregate size in our micellar simulations.

Figure 4.16 illustrates some examples of g(r) in the micellar phase of our SDS

model. It is immediately obvious that moving from 10 wt% to 20–30 wt%, the

separation of the first and second peaks in g(r) becomes less defined. This is due

to the peaks moving closer together, in combination with the diffuse nature of the

peaks. The graph on the right hand side of figure 4.16 shows the finer detail in

these functions, making apparent that as concentration increases, the peaks in g(r)

appear at smaller r. The width of the first peak of g(r) (centered on almost r = 0)

gives a measure of the average diameter of the micelle. This data for our model’s

micellar phase is given in table 4.7.

As can be seen in table 4.7, for simulations in excess of 15 wt% surfactant, we

could not definitively measure an average micelle diameter, but instead we give a

range in which the value lies. This is due to the broadening and mixing of the
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Figure 4.16: g(r) of simulations at 10, 20, and 30 wt% SDS, at T ∗ = 1.0, demon-

strating the measure of average micellar radius. Left: full g(r) measured from our

simulations. Right: region of g(r) highlighting the change in behaviour as concen-

tration changes.

wt% SDS micelle diameter /rcut

5 5.7

10 6.1

15 5.4

20 ∼ 5.0− 5.7

25 ∼ 4.8− 5.5

30 ∼ 4.7− 5.5

Table 4.7: Table of the measured average micellar diameter of our SDS model as a

function of surfactant concentration, at T ∗ = 1.0.
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first and second peaks in g(r), making it unclear where the end of the first peak

lies. These measured diameters were checked against visualisations of the simulation

trajectories, using the software Visual Molecular Dynamics (VMD).114

We estimate our simulation size based on the average bond length in our sim-

ulation (0.75 rcut, directly written out from our simulations), and the approximate

length of the SDS molecule (≈ 2 nm), resulting in rcut ≈ 0.53 nm. This means our

simulation box of length 32.2 rcut is approximately 17 nm long, and our micelle diam-

eters (given in table 4.7) are between 2.5 and 3.3 nm. Experimentally, SDS micelle

diameters have been established as between 2.5 and 3.7 nm,115,116 which compares

favourably to our measurements of micelle size in simulation.

Performing additional simulations to probe the micellisation behaviour of our

model, at concentrations around the CMC of ≈ 8 mM78 (roughly 0.2 wt%), we find

our model does not entirely capture the subtle behaviour of micellisation (which was

discussed at length in section 1.1). It should be noted that we ran larger simula-

tions in order to test the micellisation behaviour of our model, as simulations of only

100000 beads are not sufficiently large to contain the requisite number of surfactant

molecules to form a micelle at the critical micelle concentration. Experimentally,

a sharp transition occurs between freely solvated individual molecules below the

CMC, to forming micelles of Nag molecules above the CMC. Qualitatively, our sim-

ulations show a gradual transition: as concentration increases, more, larger micelles

form, and fewer surfactant molecules remain free in the solvent. We find no critical

concentration for onset of micellisation. Although our model does not describe the

subtle experimental behaviour of micellisation at ultralow concentrations, the char-

acterisation of the micelles formed at ≥ 5 wt% demonstrates that our model remains

a satisfactory representation of experimental data beyond these concentrations.

In the hexagonal columnar phase, g⊥ (r) measures the distances between columns,

as the global director points along the long axis of the columns. However, the mea-

surement of g⊥ (r) is highly sensitive to defects in the mesophase; if the aggregates

in the phase are not well aligned globally, the global director will not lie exactly

along the long axis of all the columns, which would result in a skewed measure of r

in g⊥ (r). We find that g(r) is a more reliable measure of column spacing, as it does
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wt% SDS measure 1 /rcut measure 2 /rcut

35 4.2 7.7

40 3.9 7.4

45 3.8 7.1

50 3.7 6.8

Table 4.8: Table of the measured average column spacings of our SDS model as

a function of surfactant concentration, at T ∗ = 1.0. “Measure 1” describes the

average diameter of the solvent region between columns, and “measure 2” describes

the average distance between the same point on two columns (i.e. equivalent to the

distance between the central points of columns).

not rely on identifying an axis to be measured along. Furthermore, while the com-

bined information of g‖ (r) and g⊥ (r) within g(r) does result in relatively broader

peaks, we find it remains possible to identify the position of the peak heights in the

function. g(r) measured for each H1 phase of our SDS model, at T ∗ = 1.0, are shown

in figure 4.17. We find two points along g(r) that are informative of the columnar

structure in our simulations: the distance between the initial peak and the first

minimum in g(r) describes the average diameter of the solvent region between two

columns, and the distance between the initial and second peaks in g(r) describes

the average column to column distance. Visualisation using VMD114 corroborates

these assignments. This data is given in table 4.8.

As is the case in the micellar simulations, it can be seen from both figure 4.17

and table 4.8 that as the surfactant concentration increases, the peak positions move

to smaller r, indicating the columns pack closer together.

In the lamellar phase, g‖ (r) measures the distance between bilayers, as the global

director lies orthogonal to the plane of the lamellar layers. However, as was the case

with using g⊥ (r) to measure inter-columnar distances in the hexagonal phase, using

g‖ (r) to measure lamellar layer spacing is only accurate if the global director is

orthogonal to all of the layers in the mesophase - any defects in the phase will skew

the measurement of g‖ (r). Figure 4.18 shows some simulation snapshots of lamellar

phases of a surfactant model at different concentrations, and it can clearly be seen
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Figure 4.17: g(r) of simulations between 35 and 50 wt% SDS, at T ∗ = 1.0, demon-

strating the measure of average column spacings.

Figure 4.18: Simulation snapshots to illustrate the varying defects in the lamellar

phase (formed by our ‘DBS1’ model, discussed later in chapter 5). The orange and

yellow beads represent the head groups, the purple beads represent the alkyl tail

groups, and the cyan beads represent the solvent.

that there is a varying proportion of defect volume within these simulations, which

would result in layer spacings measured through g‖ (r) being incomparable between

simulations at different concentrations.

The difference in r between peak maxima in g(r) measures the average distance

between the same point in two separate layers, i.e. the layer spacing. Representative

g(r)s are shown in figure 4.19, and the full set of layer spacings measured at T ∗ = 1.0

are given in table 4.9.

As is the case for both the micellar and columnar phases of our SDS model,

the lamellar phase also shows a decrease in aggregate spacing as the surfactant

concentration increases. One might anticipate this behaviour, as the simulation box
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Figure 4.19: g(r) of simulations ≥ 55 wt% SDS, at T ∗ = 1.0, demonstrating the

measure of average layer–layer distances.

wt% SDS layer spacing /rcut

55 6.6

60 5.9

65 5.6

70 5.5

75 5.3

80 5.3

85 5.2

90 4.8

Table 4.9: Table of the measured average lamellar layer spacing of our SDS model,

as a function of surfactant concentration, at T ∗ = 1.0.
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remains a fixed size across all of these simulations as the concentration changes;

with more surfactant in the box, and less solvent, the surfactant aggregates will

inherently pack closer together as the volume of solvent is reduced. If the spacing of

aggregates remained constant as the ratio of solvent to surfactant changed (given a

fixed box size), this would cause signficant changes in density of at least one of the

phases, which would raise concerns of whether the simulations were representative

of these molecules in the fluid phase.

Radial and pair distribution functions, in addition to illustrating changes in

mesophase properties with changes in concentration, highlight the different be-

haviours of our mesophases upon temperature change. We illustrate three typical

examples of change in mesophase structure with temperature, one for each of our

most common mesophases (L1, H1, and Lα), in figures 4.20, 4.21, and 4.22 respec-

tively.

The micellar phase shows the most sensitivity to temperature change, exhibiting

the widest range of changes to aggregate structure. The first feature to note in

figure 4.20 is that at very small r, within the structure of the ‘first’ micelle, there

is a reduction in peak height as temperature increases, indicating a reduction in

micellar stability with higher temperatures.

Considering g (r) in the region r = 4 − 12 (right of figure 4.20), for each tem-

perature simulated there are different peak positions and stability balances for both

the first and neighbouring micelle peaks. At T ∗ = 0.4, the first micelle is at its

most stable, and the neighbouring micelle is at the largest distance of all our tested

temperatures; this suggests that we have fewer, but larger micelles, with greater

space between them. At T ∗ = 0.6, the first micelle peak ends at a similar distance

as at T ∗ = 0.4, but the second micelle peak becomes much higher and significantly

closer, indicating increased mobility of micelles (resulting in an increased likelihood

of micelles passing close to one another). At T ∗ = 0.8, the second micelle peak be-

comes broader with a reduced height, indicative of a broader range of neighbouring

micelle distances. This pattern continues at T ∗ = 1.0, with the second micelle peak

moving to even smaller r values, i.e. micelles continue to come into closer contact,

but encounter a range of neighbouring distances, as the micelles become more mo-
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Figure 4.20: g (r) of simulations at 20 wt% SDS (micellar phase), where T ∗ =

0.4 − 1.2, demonstrating the change in average micellar structure as a function of

temperature. Left: full g (r) measured from our simulations. Right: region of g (r)

highlighting the change in behaviour as temperature changes.

bile with increased temperature. At our highest tested temperature of T ∗ = 1.2,

the first micelle peak ends at notably smaller r than any other temperature tested,

and the neighbouring micelle peak becomes more pronounced. This suggests that

at T ∗ = 1.2 the average micelle size has reduced, resulting in an increased likelihood

of neighbouring micelles being within distance r. The overall trends from this data

are that as temperature increases, micelles become less stable, more mobile, and

eventually smaller, which is in line with experimental observations.117

The hexagonal columnar phase displays a simpler change in structure with tem-

perature, as can be seen in figure 4.21. As T ∗ increases, peaks in g(r) move to

gradually smaller r, and the height of the first peak gradually reduces, indicative of

average aggregates becoming smaller, with a larger number of neighbouring aggre-

gates, as temperature increases.

The lamellar phase shows little structural change with temperature variation -

this could be indicative of the parameterisation method, in which parameters were

optimised to reproduce the lamellar phase first. All five g(r) curves in figure 4.22

show highly similar patterns, with only T ∗ = 0.4 exhibiting any deviations that are

visually noticeable. At T ∗ = 0.4, there are shoulders present on the peaks, indicative

of some freezing in the structure. Over the range T ∗ = 0.6 − 1.2, the inter-layer

distance changes by 0.2 rcut, much smaller than the change of 1.1 rcut in the columnar
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Figure 4.21: g(r) of simulations at 50 wt% SDS (hexagonal columnar phase), where

T ∗ = 0.4−1.2, demonstrating the change in average columnar structure as a function

of temperature. Left: full g(r) measured from our simulations. Right: region of g(r)

highlighting the change in behaviour as temperature changes.

Figure 4.22: g(r) of simulations at 75 wt% SDS (lamellar phase), where T ∗ =

0.4 − 1.2, demonstrating the change in average layer structure as a function of

temperature. Left: full g(r) measured from our simulations. Right: region of g(r)

highlighting the change in behaviour as temperature changes.
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spacing of the H1 phase over the same temperature range.

In all three cases, the micellar, columnar, and lamellar phases all exhibit unsur-

prising behaviour with respect to temperature; high temperatures result in reduced

stability of aggregates, as the molecules have more kinetic energy. It is interesting

to note that while the micellar and columnar phases show some change in aggregate

size and/or packing with temperature, the lamellar phase spacing is incredibly in-

variant upon temperature change. As touched upon before, this may be an artifact

of our parameterisation method in which we first focussed on producing a model

that resulted in a lamellar phase. However, this behaviour could simply be due to

the higher concentrations at which this phase forms, resulting in a reduced volume

to accommodate fluctuations in surfactant aggregates.

4.3.6 Experimentally relevant insight

The excellent transferability our SDS model demonstrates, reproducing mesophase

identity at all concentrations of surfactant solution, gives us confidence in using this

model to ask questions both about factors that underly phase formation, and how

new chemistry may change this phase behaviour. We can gain some insight into

experimentally relevant changes to the SDS in water mixture, by considering the

behaviours seen in our comprehensive sweep of interaction parameters in developing

this model.

For instance, adding salt to the SDS solution would result in an increase in the

number of charged species in the solvent; the increased presence of solubilised charge

would screen the charge-based interactions of the surfactant head groups, particu-

larly reducing the solvation of the head group. We can mimic this in our model by

reducing the aHW parameter, which we previously explored in section 4.3.2 (page 86).

We found that as the solvation of the head group became less favourable (see fig-

ure 4.11 and associated discussion) the length scale of phase separation increased, as

the driving force to phase separate (arising from the hydrophobic surfactant tails)

became more significant than the driving force to mix (due to the relative attraction

between the solvent and head group). This is in line with trends measured experi-

mentally, in which SDS micelles are seen to grow, and transition from spherical to
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elongated rodlike shapes as salt concentration is increased.117–119

Similarly, one may consider from the data collected in section 4.3.2 how changes

in chemistry of the surfactant tail, or solvent, may have an influence on the phase

behaviour of SDS in water (or variants thereof). This is an additional strength of our

model of SDS, in which it not only reproduces the phase behaviour of the original

molecule, but can be used to consider how variations of the mixture will change its

behaviour.

4.4 Conclusion

This chapter has detailed the first steps we took in producing a DPD model to

simulate surfactant phase behaviour. We chose sodium dodecylsulphate as a simple

test case, owing to its uncomplicated structure and the large amount of experimen-

tal data available for comparison. We found a DPD model of SDS already in the

literature,78 but upon investigation it failed to describe phase behaviour at high

concentrations of surfactant. Additionally, we implemented a popular DPD param-

eterisation technique,45 but found it unsuitable in describing surfactant behaviour

as it did not capture the effectively attractive interactions between species. Finally

we performed a brute force parameterisation, through a comprehensive sweep of

parameter space. The literature SDS model78 does outperform our model in repro-

ducing the precise micellisation behaviour of SDS at concentrations near the CMC,

however it exhibits poor transferability to higher concentration phases. By contrast,

our model has excellent transferability, reproducing experimental measurements of

phase behaviour across the whole range of solution concentrations, from 5 to 95 wt%

SDS.

In addition to developing a parameter set for further investigation, this set of

simulations gave us insight into how different moieties in our model interact to

produce our desired result. Upon consideration of the aggregate structures within

the mesophases formed, we find in the temperature range T ∗ = 0.4 − 1.2 that our

mesophases experience small changes in stability, but generally persist across the

temperature range. As might be expected from running simulations in a box of
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fixed size, we find that in mesophases consisting of effectively infinite aggregates

(due to the periodic boundary conditions) packing structures and aggregate sizes

are determined by the ratio of solvent to surfactant.

Brute force parameterisation has given us a model that performs well on the

measure it was parameterised to reproduce (the experimental phase diagram of

figure 4.5), showing a good degree of transferability as it captures phase behaviour

at both high and low surfactant concentrations. As Mai et al. noted in their work,78

and as we quoted earlier in this chapter:

“[...] the accurate simulation values are not just a coincidence but a

result of extensive exploration of suitable interaction parameters.”

We highlight that the ability of our model to describe the phase behaviour of SDS

in water is not of itself particularly profound, as the model was designed to do

this. However, in the next chapter we describe our work in applying this model

to other molecules, to see whether our parameters capture general surfactant phase

behaviour, or simply reproduce a single set of data. We hope that the nature of the

DPD potential (in which all chemistry is described by a single parameter aij), and the

method in which we parameterised our model, lends itself towards producing a highly

transferable model that may be capable of describing a whole host of molecules,

as the interactions describe generic mixing and demixing properties of molecular

fragments, that should be applicable across many molecular interactions.



Chapter 5

Extension of the DPD model to

other surfactants

A model that reproduces behaviour that is already known experimentally has value

in elucidating molecular-level behaviours that may not be investigable by experi-

ment. However, it has no predictive capability, and therefore is of limited use in

developing an understanding of new mixtures. We chose to extend our model to a

range of surfactants, as our model of sodium dodeculsulphate was developed only

as a test system, and we wish to simulate mixtures containing several types of in-

dustrially relevant surfactants, solvents, and additives.

The particular examples we highlight in this chapter are extending our model

to represent sodium dodecylbenzene sulphonates (a member of the linear alkylben-

zene sulphonate “LAS” family, used in a significant number of detergent products),

and alkylether sulphates (present in many personal care and cosmetics products).

These are structurally simple molecules with many similarities to SDS, but with the

addition of a benzene ring or polyethylene glycol chain respectively; the molecular

structures of these species are shown in figure 5.1. These seemingly small struc-

tural changes can have an enormous impact on phase behaviour, as can be seen by

contrasting the SDS phase diagram (figure 4.5, page 73) to the phase diagrams of

some LAS isomers (figure 5.3, page 112) and the phase diagram of an AES isomer

(figure 5.24, page 144).

The SDS model was extended to describe these molecules by the introduction of

107
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(a) Molecular strucure of sodium dode-

cylbenzene sulphonate (LAS).

(b) Molecular structure of one member

of the alkylether sulphate (AES) family,

sodium laureth sulphate.

Figure 5.1: Industrially relevant surfactants, that we extended our DPD model of

SDS to describe.

additional beads, whose interaction parameters were chosen in line with the existing

SDS parameter set, by comparison to theoretical solubility parameters.

5.1 Extension of the SDS model

Our LAS models are a straightforward extension of our description of SDS, with

an additional bead between the head and tail groups to describe the benzene ring

linker group. Our AES model is also similar to the model of SDS, but with a variable

number of tail beads, and a variable number of polyethylene glycol beads between the

sulphate head and the tail group. We chose to represent the sulphate and sulphonate

head groups as the same bead type, as one oxygen atom is a fractional change in

bead mass, and our parameters describe overarching moiety behaviour rather than

being highly structure specific i.e. we believe the sulphate and sulphonate head

groups play the same role, and so we represent them as such.

Bond and angle potentials take the same form as in our SDS model, and no

additional angle constraints are directly imposed in branched models. Nonbonded

interaction parameters were established by comparing solubility data between the

original (SDS) model fragments and the new fragments to be introduced, and draw-

ing appropriate comparison to the equivalent interaction parameters. For both types

of new bead (benzene and ethanol) to be introduced, there are three interaction pa-

rameters to establish: one with the sulphate/sulphonate head group, one with the
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bead molecule δD δP δH Vm

H dimethyl sulphate 17.7 17.0 9.7 94.7

T propane 13.4 0.0 0.0 89.5

W water 15.5 16.0 42.3 18.0

B benzene 18.4 0.0 2.0 89.4

EO ethanol 15.8 8.8 19.4 58.5

Table 5.1: Table of Hansen solubility parameters, taken from reference99, chosen to

represent the molecular fragments that make up our SDS, LAS, and AES models.

H T W B EO

17.3 8.3 13.2 7.0 H

15.7 16.7 18.0 T

14.5 4.4 W

15.4 B

Table 5.2: Table of Flory-Huggins χ parameters calculated from Hansen solubility

parameters99 described in table 5.1.

alkyl chain tail group, and one with the solvent (water).

The complete set of Hansen solubility parameters selected to calculate the aij

parameters of our LAS and AES models are given in table 5.1, and the calculated

χ values (as per equation 4.2.4 on page 76) are given in table 5.2. Table 5.3 serves

as a reminder of the aij parameters selected in producing the SDS model; new aij

parameters were identified by comparison of the χ parameters of the new interac-

tion to χ parameters of established interactions, and so selecting the equivalent aij

parameters by comparison to the existing aij parameter set.

The interaction of benzene with both the head group and the solvent was found to

be between the values of the head-solvent interaction and the tail-solvent interaction,

i.e. between the values of aij = 15 − 45. The interaction of benzene with the tail
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H T W

25 50 15 H

25 45 T

25 W

Table 5.3: aij parameters of our SDS model, selected through a comprehensive sweep

of parameter space, and fitting to the SDS phase diagram.

group∗ is in the same region as the tail-solvent and head-tail interactions, and so

values of aij = 45 & 50 were tested.

The interaction of the ethanol fragments were more clearly defined, as the inter-

action with the head group and the tail group both matched very closely to other

interactions in the original parameter set, and accordingly the parameters were set

to 15 and 45 respectively. The interaction between the ethanol fragment and water

is found to be more attractive than the head group-water interaction, and so values

of aij = 10 & 15 were tested.

The sweep over potential interaction parameters was much more extensive for

benzene than for ethanol. This is due to the larger number of aij parameters to be

tested for aBW and aBH than any aij parameters involving the ethanol bead, and

the large number of positional isomers of LAS with specific phase data to reproduce

(see figure 5.3). The sweep of LAS parameters was performed on two positional

isomers (the completely linear and the symmetrically branched cases) to ensure the

model represents the widest range of molecules possible. Each set of parameters

were tested at four surfactant concentrations (15, 30, 60, and 90 wt%) as these are

representative of the four mesophases the linear isomer exhibits, and also spans some

of the many mesophases the branched isomer shows (see figure 5.3, page 112, for

specific mesophase information). The result of this large parameter search was the

set of interaction parameters: aBH = 40, aBT = 50, and aBW = 20.

∗Here we note that there was an error in our calculation of χBT, and that it should have been

0.9, rather than 4.0. Although this is a significant change in chemistry, the results of the model

based on χBT = 4 were found to be in excellent agreement with experimental phase behaviour.
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To establish our AES model, we ran simulations at 10 wt% increments of sur-

factant concentration, from 10 to 90, with both aEO−W = 10 and aEO−W = 15.

We found the model with aEO−W = 10 best reproduced the experimental phase

behaviour of AES mixtures, given in figure 5.24, page 144.

In mapping out the phase diagrams of these models, as with our simulations

of SDS, we ran an equilibration from random co-ordinates, followed by a shearing

experiment, and then a second equilibration stage. The phases were not seeded in

any way, but were encouraged to equilibrate by application of shear. Phase diagrams

were established at a full range of surfactant concentrations, from 5 wt% to 95 wt%,

and a range of temperatures, T ∗ = 0.4− 1.2.

5.2 Linear alkylbenzene sulphonates (LAS) model

The phase behaviour of LAS is much more complex than that of SDS, as LAS refers

to a whole family of molecules of different chain lengths, degrees of functionalisation,

and positional isomers. In order to make comparison to experimental data, we sim-

ulated specific isomers of LAS, as detailed phase diagrams were unavailable for iso-

meric mixtures. We found experimental phase data for a particular LAS molecule,120

sodium dodecylbenzene sulphonate (the structure of which is shown in figure 5.1a).

The paper120 demonstrated the different phase behaviours of the molecule as a func-

tion of the position of the head group on the alkyl tail. The totally linear molecule,

where the head group, via the benzene ring, bonds to the end carbon atom of the

tail chain, is referred to as sodium dodecylbenzene-1-sulphonate (DBS1). If the

benzene ring bonds to the third carbon atom, this is sodium dodecylbenzene-3-

sulphonate (DBS3), and if the benzene ring bonds halfway along the dodecyl chain

this is sodium dodecylbenzene-6-sulphonate (DBS6).

With our degree of coarse graining, the dodecyl chain is represented as four

beads. This allows us to simulate the three isomers mentioned above, with the

models shown in figure 5.2. Each of these isomers show distinctly different phase

progressions as a function of concentration, as can be seen from the experimental

data reproduced in figure 5.3.



5.2. Linear alkylbenzene sulphonates (LAS) model 112

Figure 5.2: Our three sodium dodecylbenzene sulphonate models, DBS1, DBS3, and

DBS6, respectively. The orange bead represents the sulphonate head group (same

as the SDS head group), the yellow bead represents the benzene ring, and the purple

beads represent the alkyl tail groups (same as SDS tail group).

Figure 5.3: Experimental phase behaviour of linear sodium dodecylbenzene

sulphonate isomers, reproduced with permission from Langmuir, 2006, 22 (21),

pp8646-8654. Copyright (2006) American Chemical Society.



5.2. Linear alkylbenzene sulphonates (LAS) model 113

We note that we do not see the two-phase regions of the experimental phase

diagram in our simulations, due to the size of our periodic simulation box. The

heterogeneity of two-phase regions, experimentally, is on the order of hundreds of

micrometers,121 whereas our simulations are on the order of tens of nanometers.

5.2.1 DBS1 model

Phase diagram

As can be seen in figure 5.3, the phase progression of DBS1 in water (at temperatures

above the crystal phase) is: L1, L1 + H1, H1, and finally Lα, with transitions at

approximately 35, 50, and 70 wt% surfactant respectively. Our DBS1 model shows

a progression of three phases, L1, H1, Lα, with the transitions at 45 wt% and 65 wt%

surfactant. The complete phase diagram is illustrated in figure 5.5, with the full

isosurface eigenvalue data quoted in figure 5.4. Our data matches the experimental

assignment closely, with the exception of the L1 + H1 region which we simulate as

predominantly micellar.

As previously noted, our simulations are not on the same length scale as exper-

imentally assigned two-phase regions, and so we do not intend to reproduce this

behaviour. Instead, we can see the molecular-level interactions of the system which

result in a tendency to form micrometer scale heterogeneities. In our simulations,

we see that most of the experimental L1 + H1 region is dominated by an L1 phase,

suggesting that (at the nanometer scale) smaller aggregates are more stable than

larger ones. This favouring of L1 over H1 is potentially an artifact of our simulation

box size, as the large aggregates of the columnar phase must interact with them-

selves across periodic boundaries, and perfectly pack into the size of the simulation

box. If the natural volume the columnar phase occupies is not commensurate with

our simulation box, the mesophase becomes frustrated and can form large numbers

of defects. These defects may be sufficient to completely disrupt a highly ordered

phase (though experimentally hexagonal phases with defects, such as branching of

columns, do exist).

We also note that our linear LAS model exhibits isolated regions where the
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Figure 5.4: Eigenvalues measured in simulations ran for our DBS1 model in water,

at concentrations of 5 to 95 wt%, and temperatures of T ∗ = 0.4−1.2. L1 indicates a

micellar phase, H1 indicates a hexagonal columnar phase, and Lα indicates a lamellar

phase.
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Figure 5.5: Phase behaviour of our parameterised model applied to sodium

dodecylbenzene-1-sulphonate. Our model’s phase behaviour is reflected in the

colours of the diagram, with the experimental phase transitions given by the bold

black lines, and experimentally assigned mesophases given by the white labels on

the diagram.

columnar phase spontaneously forms in a hexagonal array (from the random initial

configuration, before shearing) unlike in our SDS simulations. Our DBS1 model

is comparable to our SDS model as the only difference is the introduction of the

benzene bead, which effectively acts as an extension to the head group. This spon-

taneous appearance of the H1 phase suggests the larger head group of our LAS

model favours the formation of columnar aggregates, as one may expect from the

space-filling theories of Israelachvili et al..2,3

The H1 phase tends to spontaneously form at higher concentrations in the colum-

nar region, nearer the transition to the lamellar phase than the transition to the mi-

cellar phase. This additional stability in this part of the H1 region supports the idea

from the experimental phase diagram that the transition from micellar to columnar

is gradual (through a two-phase region, with regions of both L1 and H1 phases),

as the columnar phase becomes more stable further away from the micellar region,

closer to the lamellar phase.

Phase characterisation for DBS1

As in the previous chapter, detailing our development of a model of SDS, we find

g(r) is a useful measure in characterising the mesophases our models form. First
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we consider the micellar phase, with the average micelle diameter data given as a

function of surfactant concentration in table 5.4, and some representative g(r)s given

in figure 5.6. As was the case for our SDS model, we find that as concentration

increases, micelles tend to come into closer contact with each other (as the first

and second peak in g (r) move closer together), and the average micelle diameter

decreases, as reflected in the data of table 5.4.

To validate our mesophase characterisation, we searched for experimental mea-

surements of micelle size for the DBS1 isomer. However, we only found data mea-

sured for isomeric mixtures of DBS,122 and particularly at concentrations nearer the

CMC, rather than across the entire L1 phase region. In these experiments, the DBS

micelles’ diameters were measured to be in the region of 5.7 − 7.5 nm. Given our

length scale of rcut ≈ 0.53 nm, the diameters measured in table 5.4 range between

2.1 and 3.0 nm, half the size of the experimental measure.122 We do not place much

importance on this result, as the experimental measure is on a system quite different

to our simulations; rather, we use this measurement to confirm our aggregates are

forming on an appropriate order of magnitude length, but do not seek to reproduce

this data exactly.

It can be seen in table 5.4 that our DBS1 micelles appear to become smaller

as concentration increases. Measurements made on trajectory data using VMD114

confirm that the micelles remain approximately the same size with concentration

changes. This indicates that this decrease in measured micelle radius from g(r) is

a result of neighbouring peaks moving closer together, thus mixing at the region

between the two micelles, resulting in a skewed measurement of the micelle size.

Looking at g(r) for the hexagonal columnar phase, which is given in table 5.5

and illustrated in figure 5.7, surprisingly we do not see the same trend of smaller

aggregates and reduced neighbour–neighbour distances as concentration increases.

In fact, there is very little change in aggregate spacing with concentration.

From figure 5.8 we can see that the columnar phases at 50 and 55 wt% DBS1

appear quite similar, with notable changes at 60 and 65 wt% surfactant. The colum-

nar aggregates at 60 and 65 wt% DBS1 exhibit clear elongation in one direction; at

65 wt%, some columns merge resulting in aggregates exceeding a 4:1 width to depth
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Figure 5.6: g(r) of simulations at 10, 20, 30, and 40 wt% DBS1 (micellar phase),

where T ∗ = 1.0, demonstrating the change in average micellar structure as a function

of concentration. Left: full g(r) measured from our simulations. Right: region of

g(r) highlighting the change in behaviour as concentration changes.

wt% DBS1 micelle diameter /rcut

5 5.6

10 5.4

15 5.1

20 5.0

25 4.9

30 4.7

35 4.6

40 4.7

45 4.0

Table 5.4: Table of the average micellar diameter of our DBS1 model, measured

from g (r) as described in section 4.3.5, as a function of surfactant concentration, at

T ∗ = 1.0.
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Figure 5.7: g(r) of simulations at 50–65 wt% DBS1 (columnar phase), where

T ∗ = 1.0, demonstrating the change in average columnar packing as a function

of concentration. Left: full g(r) measured from our simulations. Right: region of

g(r) highlighting the change in behaviour as concentration changes.

wt% DBS1 measure 1 /rcut measure 2 /rcut

50 3.8 7.0

55 3.8 7.0

60 3.9 7.1

65 3.9 7.0

Table 5.5: Table of the average column spacings of our DBS1 model, measured

from g (r) as described in section 4.3.5, as a function of surfactant concentration, at

T ∗ = 1.0. “Measure 1” describes the average diameter of the solvent region between

columns, and “measure 2” describes the average distance between the same point on

two columns (i.e. equivalent to the distance between the central points of columns).
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Figure 5.8: Simulation snapshots to illustrate the subtle changes in aggregate shape

and size of the columnar phase, as a function of concentration. The orange beads rep-

resent the sulphonate head group, the yellow beads represents the benzene groups,

the purple beads represent the alkyl tail groups, and the cyan beads represent the

solvent.

ratio, which is illustrated in figure 5.8. However, the spacing between these ‘in-

termediate’ aggregates (between typical columnar and lamellar geometries) remains

the same as the inter-column distances in the pure columnar phases.

This is in contrast to the behaviour of the hexagonal columnar phase of our SDS

model, which shows a change in inter–column spacing in excess of 1.1 rcut over the

same change in concentration (15 wt%). In fact, the consistency of the spacing of

the DBS1 hexagonal columnar phase is comparable to the behaviour of the SDS

model’s lamellar phase. This difference in behaviour could simply be attributed to

the different concentration regions in which the H1 phase occurs - our SDS model’s

H1 phase forms between 35 and 50 wt% surfactant, while our DBS1 model’s H1

phase forms at much higher concentrations of 50 to 65 wt%.

The solvent in our simulations is more compressible (and less viscous) than

the surfactant model, as the solvent is monomeric while the surfactant model con-

tains several bonds (which increase the local density of beads, increasing the energy

penalty of neighbouring beads overlapping that region). As such, an increased con-

centration of surfactant results in a larger volume within the simulation box that

is slightly denser locally (and is therefore less favourable for beads to explore that

region, or for that region to be compressed). Conversely, an increased proportion of

solvent must result in a larger volume within the simulation box that is more easily
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wt% DBS1 layer spacing /rcut

70 6.4

75 6.0

80 6.4

85 6.2

90 6.3

95 6.3

Table 5.6: Table of the average lamellar layer spacing of our DBS1 model, measured

from g (r) as described in section 4.3.5, as a function of surfactant concentration, at

T ∗ = 1.0.

explored by other beads, and is more readily compressed - this would allow for an

increased flexibility in the volume the surfactant molecules can occupy, as it may

be energetically favourable to marginally compress the solvent in order to allow the

surfactant models an increased volume to occupy. This greater ‘compressibility’ at

low surfactant concentrations could be a key factor in the changing inter–column

distances of our SDS model’s columnar phase, while our DBS1 model’s columnar

phase may not have this freedom. This behaviour is a key difference between our

SDS and DBS1 models.

Naturally, these changes (or lack thereof) in aggregate spacing in these simu-

lations may partially be a result of the fixed box size in our simulations, leading

to phase frustration if this volume is not commensurate with the natural volume

of the equilibrium phase. This effect was not probed in this work, by condsidering

variations in box size, due to time constraints.

Looking at g(r), we find the layer spacing of our lamellar phases shows very little

variation with concentration, with data given in table 5.6 and illustrated in figure 5.9.

This is in line with the behaviour of our SDS model, in which the micellar (and

columnar) phases show increased packing with increased surfactant concentration,

but the lamellar spacing appears invariant with respect to concentration. Visual

inspection reveals that most of these simulations exhibit varying degrees of defects

in the lamellar phase, as shown in figure 5.10, which allows for the average layer–
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Figure 5.9: g(r) of simulations at 70–95 wt% DBS1 (lamellar phase), where T ∗ = 1.0,

demonstrating the change in average layer spacing as a function of concentration.

Left: full g(r) measured from our simulations. Right: region of g(r) highlighting

the change in behaviour as concentration changes.

Figure 5.10: Simulation snapshots to illustrate the varying defects in the lamellar

phase formed by DBS1. The orange beads represent the sulphonate head group, the

yellow beads represents the benzene groups, the purple beads represent the alkyl

tail groups, and the cyan beads represent the solvent.



5.2. Linear alkylbenzene sulphonates (LAS) model 122

layer distances to remain constant as the concentration changes, resulting in fewer

defects as the surfactant concentration increases. This behaviour does give rise to

some uncertainty in our measured layer spacings, as defects may result in fluctuations

in layer spacing. Naturally, the changing proportion of defects reflects changes in the

degree of frustration the mesophase experiences, indicating which of our simulations

may be less comparable to experimental measurements.

This variation in ‘defect density’ may also account for the difference in behaviour

of our SDS and DBS1 columnar phases. However, visualisation of defects in the

columnar phases is prohibitively challenging, leaving this an open question.

As with the micellar phase of the DBS1 model, we also compare the charac-

terisation of the lamellar phase with experimental measurements of lamellar layer

spacing. As was the case with LAS micelles, we found only experimental mea-

surements of layer spacing available on isomeric mixtures of LAS in water.121,123

However, this data is available at well-defined surfactant concentrations (30− 100%

surfactant, with detailed temperature dependent measurements given in the region

of 26−63%) which are comparable to our simulations.123 Considering the layer spac-

ings measured at temperatures near room temperature, the lamellar layer spacings

are measured as between 3.1 and 3.3 nm. By comparison, our data in table 5.6 mea-

sures our model’s layer spacing as between 3.2 and 3.3 nm, in excellent agreement

with the experiments.

Investigating the behaviour of the main phases formed by our DBS1 model (L1,

H1, and Lα) as a function of temperature, we find all three phases exhibit the

same sort of changes. Data summarising these changes in behaviour is shown in

figure 5.11. As T ∗ increases, the initial peak in g(r) reduces in height, and further

peaks move to smaller r, i.e. aggregates become smaller, and pack closer together.

At lower temperatures, we also find that the lamellar phase exhibits some signs of

freezing, with shoulders visible on g(r) at T ∗ = 0.4.

The behaviour of our DBS1 model aggregates is very similar to that of our SDS

model, with the main difference seen in the aggregate behaviour of the hexagonal

columnar phase. In the case of SDS, the columnar aggregates pack closer together as

concentration increases, whereas in the case of DBS1 the aggregate spacing remains
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constant across the H1 region of the phase diagram. We believe this is most likely due

to the difference in surfactant concentration of the two columnar phases. However,

we cannot confirm this theory due to the complex nature of identifying mesophase

defects in our simulations.

5.2.2 DBS3 model

Phase diagram

As shown in figure 5.3, the phase progression of DBS3 in water is: L1, H1, H1 + Lα,

and finally Lα, with transitions at approximately 30, 55, and 70 wt% surfactant

respectively. Our DBS3 model shows a progression of three phases, L1, H1, and

Lα, with the transitions at 30 wt% and 55 wt% surfactant. This is illustrated in

our phase diagram in figure 5.13, with the full isosurface eigenvalue data given in

figure 5.12.

One small discrepancy we see between our model’s behaviour and the experi-

mental phase data is that at high temperatures the onset of the H1 phase is pushed

to higher concentrations, or is even completely omitted, and instead the L1 phase

persists. This shows the hexagonal columnar phase formed by this model is not par-

ticularly stable, as this is the only instance of our models showing significant phase

change with temperature. This behaviour is very representative of the “average be-

haviour” of a group of similar surfactants; at this degree of coarse graining, the model

does not strictly represent only the DBS3 isomer. This particular model (shown as

the central image in figure 5.2) may also be considered to partially represent both

the DBS2 and DBS4 isomers. As shown in the experimental phase diagrams, in fig-

ure 5.3, both the DBS2 and DBS3 isomers exhibit a H1 phase, but the DBS4 isomer

transitions from the L1 phase to the Lα phase through an L1 + Lα two phase region,

with no H1 region. We propose the lack of stability of the H1 phase of this model

captures this changing propensity of the molecule to form the hexagonal columnar

phase as the branch point moves.

The experimental DBS3 phase diagram has an H1 + Lα phase between 60 and

70 wt% surfactant. In this region, our model only demonstrates a lamellar phase,
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(a) g(r) of simulations at 20 wt% DBS1 (micellar phase), where T ∗ = 0.4 − 1.2, demon-

strating the change in average micellar structure as a function of temperature. Left: full

g(r) measured from our simulations. Right: region of g(r) highlighting the change in

behaviour as temperature changes.

(b) g(r) of simulations at 55 wt% DBS1 (hexagonal columnar phase), where T ∗ = 0.4−1.2,

demonstrating the change in average columnar structure as a function of temperature.

Left: full g(r) measured from our simulations. Right: region of g(r) highlighting the

change in behaviour as temperature changes.

(c) g(r) of simulations at 80 wt% DBS1 (lamellar phase), where T ∗ = 0.4 − 1.2, demon-

strating the change in average layer structure as a function of temperature. Left: full g(r)

measured from our simulations. Right: region of g(r) highlighting the change in behaviour

as temperature changes.

Figure 5.11: g(r)s exemplifying the change in phase behaviour of the L1, H1, and

Lα phases of the DBS1 model with change in temperature.
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Figure 5.12: Eigenvalues measured in simulations ran for our DBS3 model in water,

at concentrations of 5 to 95 wt%, and temperatures of T ∗ = 0.4− 1.2. L1 indicates

a micellar phase, H1 indicates a hexagonal columnar phase, Lα indicates a lamellar

phase, and H2 indicates an inverse hexagonal columnar phase.
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Figure 5.13: Phase behaviour of our parameterised model applied to sodium

dodecylbenzene-3-sulphonate. Our model’s phase behaviour is reflected in the

colours of the diagram, with the experimental phase transitions given by the bold

black lines, and experimentally assigned mesophases given by the white labels on

the diagram.

suggesting the stability here favours the lamellar phase over the columnar phase. As

with our DBS1 model, we find our simulations favour formation of the hexagonal

columnar phase less than is seen experimentally. We propose that the more ordered

a mesophase, the more likely our simulations are to disfavour that phase, relative

to the experimental assignment; this effect does not lie in thermodynamic stability,

but rather is due to kinetics. The H1 phase is our model’s most highly ordered

phase, more so than L1 or Lα, as the aggregates have almost no freedom to oscillate

or flow, only flowing readily along one axis, rather than two axes in the case of the

lamellar, and three axes in the case of the micellar. As the simulation box is rela-

tively small, phases often form with defects, as large aggregates must self-correlate

across the periodic boundaries. Any discrepancies can lead to phase frustration and

defects. A high proportion of defects will occur in the most ordered structures, and

therefore have a greater impact. Furthermore, these highly ordered structures have

a narrower window in which the aggregates can appropriately self-align, in order to

form sufficiently defect–free, stable structures. As such, we expect our models of

ordered columnar phases to be less likely to occur (and more likely to be caught in

nearby metastable states), relative to the experimental phase diagram, than other

less ordered phases like the micellar or lamellar phases.
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The final difference we find between our model’s behaviour and the experimental

assignment, is that at our highest concentration (95 wt% surfactant) and tempera-

tures (T ∗ = 1.2− 1.4) our model forms the inverse columnar phase, H2, rather than

the lamellar phase. This is a noteable discrepancy from experiment, which does not

show any inverse phases until the DBS5 isomer. While this is not an ideal perfor-

mance from our model, this behaviour only occurs in a very small region, covering

approximately 2% of the area of the phase diagram. Additionally, this behaviour

happens at high temperatures and very high concentration, which is less significant

in applications of these models, as these conditions are rarely encountered. As such,

we find the performance of this model satisfactory in describing the phase behaviour

of the 3-dodecylbenzene sulphonate isomer.

Phase characterisation for DBS3

First we consider the micellar phase, with the average micelle diameter data given

as a function of surfactant concentration in table 5.7, and some representative g(r)s

given in figure 5.14. As was the case for our SDS and DBS1 models, we find that as

concentration increases, micelles become smaller and more closely packed. However,

there is an onset concentration at which this occurs, with simulations of ≤ 15 wt%

DBS3 showing a stable micellar size. This effect must arise from the branching or

asymmetry in the alkyl tail of this model, which could cause a change in the packing

of the chains within the hydrophobic regions of the mesophase.

To consider whether the micelles formed in our simulations are on an appropriate

length scale, we refer back to the experimental measurement of micelle diameters for

isomeric mixtures of DBS around the CMC.122 In comparison to the experimental

measurement of 5.7− 7.5 nm, our simulations produce micelles with diameters be-

tween 2.0 and 2.5 nm. As was the case with our DBS1 model, our DBS3 model does

not match the experimental data exactly, but we are content that our simulations

are on the correct order of magnitude length scale. Comparing the data in table 5.4

and 5.7, we can see that the branched isomer produces smaller micelles, which can

be attributed to the reduced molecular length. Perhaps in an isomeric mixture, the

combinations of various molecular lengths would result in an expanded micelle.
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Figure 5.14: g(r) of simulations at 10, 20, and 30 wt% DBS3 (micellar phase), where

T ∗ = 1.0, demonstrating the change in average micellar structure as a function of

concentration. Left: full g(r) measured from our simulations. Right: region of g(r)

highlighting the change in behaviour as concentration changes.

wt% DBS3 micelle diameter /rcut

5 4.8

10 4.8

15 4.8

20 4.4

25 4.3

30 ∼ 3.8− 4.3

35 4.1

40 3.8

Table 5.7: Table of the average micellar diameter of our DBS3 model, measured

from g (r) as described in section 4.3.5, as a function of surfactant concentration, at

T ∗ = 1.0.
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Figure 5.15: g(r) of simulations at 45–55 wt% DBS3 (columnar phase), where

T ∗ = 1.0, demonstrating the change in average columnar packing as a function

of concentration. Left: full g(r) measured from our simulations. Right: region of

g(r) highlighting the change in behaviour as concentration changes.

Analysing the hexagonal columnar phase between 45 and 55 wt% DBS3, we see

a steady decrease in inter–column distances, illustrated in figure 5.15 and given in

table 5.8. This trend is the same as exhibited by the SDS model, but different

to the trend in our DBS1 model. This does not support our previous suggestion

that the invariant column spacing of our DBS1 model is due to the concentration of

surfactant in the columnar phase (and by association a variation in solvent volume),

as the H1 phase forms at very similar concentrations (45–55 wt% instead of 50–65

wt%) for our DBS3 model.

Unlike the lamellar phases of both SDS and DBS1, our DBS3 lamellar phase

exhibits a small reduction in layer spacing as surfactant concentration increases, as

can be seen from figure 5.16 and table 5.9. Interestingly, we also see a plateau in

layer spacing across the 75–85 wt% concentration range.

Visual inspection clarifies some aspects of this behaviour, with relevant snapshots

given in figure 5.17. From this we can see that as concentration increases there is a

reduction in layer spacing, which appears to reach a minimum at 75 wt% DBS3. At

concentrations beyond this, the layer spacing remains constant, until defects begin

to form in the lamellar layers, resulting in a reduced spacing measured at 90 wt%.

While this analysis gives an understanding of why the spacing continues to decrease
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wt% DBS3 measure 1 /rcut measure 2 /rcut

45 3.4 6.1

50 3.3 5.9

55 3.2 5.6

Table 5.8: Table of the average column spacings of our DBS3 model, measured

from g (r) as described in section 4.3.5, as a function of surfactant concentration, at

T ∗ = 1.0. “Measure 1” describes the average diameter of the solvent region between

columns, and “measure 2” describes the average distance between the same point on

two columns (i.e. equivalent to the distance between the central points of columns).

Figure 5.16: g(r) of simulations at 60, 70, 80, and 90 wt% DBS3 (lamellar phase),

where T ∗ = 1.0, demonstrating the change in average layer–layer distance as a

function of concentration. Left: full g(r) measured from our simulations. Right:

region of g(r) highlighting the change in behaviour as concentration changes.
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wt% DBS3 layer spacing /rcut

60 5.5

65 5.4

70 5.2

75 5.1

80 5.1

85 5.1

90 4.9

Table 5.9: Table of the average lamellar layer spacing of our DBS3 model, measured

from g (r) as described in section 4.3.5, as a function of surfactant concentration, at

T ∗ = 1.0.

after this plateau, it does not give any information on the factors that lead to the

constant layer spacing in the region of ≥ 75 wt% surfactant.

The change in lamellar phase behaviour, between this model and the SDS and

DBS1 models, reflects the influence of branching in the surfactant tail†. We propose

the ability of the lamellar layers to become thinner with increasing concentration is

due to the branched tails naturally occupying a larger volume, but compressing at

higher concentrations. This would result in a plateau, at a point when the lamellar

layers have reached their maximum density, which we would expect to be equivalent

to the layer densities of our single-tail surfactants. If this reasoning holds, we would

expect the lamellar spacing of our DBS6 model to reduce as concentration increases.

Comparing our measured lamellar layer spacing to experimental measurements

of LAS isomeric mixtures,123 we find our DBS3 model compares less favourably than

our DBS1 model previously. Experimentally the layer spacing is measured as be-

tween 3.1 and 3.3 nm (at 25◦C), and our data in table 5.9 measures the model’s layer

spacings as between 2.6 and 2.9 nm. The layer spacing of our DBS3 model is smaller

than that of our DBS1 model, which we believe is due to the shorter molecular length

†Visual inspection confirms the change in lamellar spacing is not due to changes in degree of

defects in the phase, as can be seen by comparison of figures 5.10 and 5.17.
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Figure 5.17: Simulation snapshots illustrating the lamellar phase layer structures

and orientations of the DBS3 model over the whole lamellar concentration range, at

T ∗ = 1.0. Orange beads represent the sulphate head group, yellow beads illustrate

the benzene group, purple beads illustrate the alkyl tail group, and solvent beads

are ommitted for clarity.
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of DBS3. As the experimentally measured layer spacings were measured on an iso-

meric mixture of LAS molecules, we cannot make exact comparisons to our models,

but the closeness of the values suggests that our model is a good representation of

the lamellar phase of this particular isomer.

Investigating the change in mesophase structure with temperature, we find the

micellar, columnar, and lamellar phases all exhibit the same trends (in line with

the trends exhibited by the DBS1 model): a reduction in average aggregate size,

and a reduction in average neighbour–neighbour distance, as temperature increases.

Representative data is illustrated in figure 5.18. There appear to be small shoulders

on the peaks of the lamellar g(r) at T ∗ = 0.4, indicative of some freezing at low

temperatures.

5.2.3 DBS6 model

Phase diagram

The phase behaviour of DBS6 is one of the most complex of the DBS isomers, and

is given in figure 5.3. Our DBS6 model compares favourably to the experimental

phase assignments, as can be seen in our phase diagram in figure 5.20, with the full

isosurface eigenvalue data given in figure 5.19.

The biggest discrepancy between our model’s behaviour and the experimentally

assigned phase behaviour of DBS6 is the difference in position of the L1 to Lα transi-

tion. As can be seen in figure 5.20, experimentally the Lα phase appears at 30 wt%

surfactant, but our model does not show a transition to the Lα phase until 40 wt%.

The stability of L1 over Lα in our model can be related back to our discussion of

relative mesophase stability (or metastability) in simulation versus experiment in

section 5.2.2, as Lα is significantly more ordered than L1. However, the model does

reproduce the direct L1 to Lα transition, ommitting the H1 phase, which is the most

significant change in phase behaviour moving from the linear to branched isomers

of dodecylbenzene sulphonate.

A particularly interesting feature of our DBS6 model’s phase behaviour is at

the transition between the two lamellar phases, Lα and L′α. Experimentally, there
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(a) g(r) of simulations at 20 wt% DBS3 (micellar phase), where T ∗ = 0.4 − 1.2, demon-

strating the change in average micellar structure as a function of temperature. Left: full

g(r) measured from our simulations. Right: region of g(r) highlighting the change in

behaviour as temperature changes.

(b) g(r) of simulations at 50 wt% DBS3 (hexagonal columnar phase), where T ∗ = 0.4−1.2,

demonstrating the change in average columnar structure as a function of temperature.

Left: full g(r) measured from our simulations. Right: region of g(r) highlighting the

change in behaviour as temperature changes.

(c) g(r) of simulations at 70 wt% DBS3 (lamellar phase), where T ∗ = 0.4 − 1.2, demon-

strating the change in average layer structure as a function of temperature. Left: full g(r)

measured from our simulations. Right: region of g(r) highlighting the change in behaviour

as temperature changes.

Figure 5.18: g(r)s exemplifying the change in phase behaviour of the L1, H1, and

Lα phases of the DBS3 model with change in temperature.



5.2. Linear alkylbenzene sulphonates (LAS) model 135

Figure 5.19: Eigenvalues measured in simulations ran of our DBS6 model in water,

at concentrations of 5 to 95 wt%, and temperatures of T ∗ = 0.4−1.2. L1 indicates a

micellar phase, Lα indicates a lamellar phase, i indicates an isotropic homogeneous

phase, L2 indicates an inverse micellar phase, and H2 indicates an inverse hexagonal

columnar phase.
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Figure 5.20: Phase behaviour of our parameterised model applied to sodium

dodecylbenzene-6-sulphonate. Our model’s phase behaviour is reflected in the

colours of the diagram, with the experimental phase transitions given by the bold

black lines, and experimentally assigned mesophases given by the white labels on

the diagram.

are two distinct lamellar regions, separated by a two-phase lamellar region. At

this transition point we see a disordered isotropic structure. This gives us interest-

ing insight into the molecular-level frustration at this point in the phase diagram,

which resolves itself as micrometer scale heterogeneity in large systems. While this

frustration results in the formation of domains of different lamellar phases on the

micrometer scale, in our simulations this is not possible: the disordered state of our

simulation suggests this structural frustration cannot be reconciled at this length

scale.

Probing the isotropic transition between the Lα and L′α phases To better

understand the potential properties driving the formation of this ‘isotropic transi-

tion’ exhibited at 60 wt% DBS6, we performed some further simulations with altered

parameters, to see whether this would change the phase behaviour. As discussed in

the development of our SDS model (section 4.3.1), we find mesophase formation in

our model arises from two interactions: the attraction between the solvent and the

surfactant head group, and the repulsion between the surfactant tail group and the

water and head group. Accordingly, we looked at the behaviour of our DBS6 model



5.2. Linear alkylbenzene sulphonates (LAS) model 137

at this transition upon exaggerating these molecular characteristics. Increasing the

attraction between the solvent and surfactant head had no noticeable effect on the

phase formation, remaining in an isotropic disordered state with aHW as low as 5,

relative to aii = 25. However, increasing the repulsion between surfactant tail and

solvent had a significant effect. Increasing aTW from 45 to 55 was sufficient to push

the simulation into a lamellar phase.

We also investigated whether the isotropic phase is a result of phase frustration

due to simulation size, by considering the model’s behaviour in changing simulation

box length by ±20%. We found that in making these changes in size, our model

continued to form disordered structures and remained isotropic. This suggests that

much larger length scales are required to access the two-phase region behaviour

as seen experimentally, as on our simulation length scale this particular surfactant

model demonstrates significant phase frustration. Only by changing the chemistry of

the molecule, by increasing the hydrophobicity of the tail portion of the amphiphile,

do we see mesophase formation.

The experimental phase diagram of DBS6 at greater than 85 wt% surfactant is

complex with many phases present. We do not expect to be able to exactly match

this behaviour for three reasons:

• The two-phase region behaviour, as discussed previously, is not on the same

length scale as our simulations, and so we do not exactly reproduce these

features.

• The inverse cubic phase is challenging to identify with our analysis methods.

There is no difference in isosurface-derived order parameters between isotropic

disordered, discontinous cubic, and bicontinuous cubic phases, and the pair

distribution functions would be too complex to discern any clear structure.

• The experimental phase diagram was assigned by penetration scan experi-

ments, using optical polarising microscopy to visually identify mesophases.120

The non-equilibrium nature of this experiment (particularly at high surfactant

concentrations where the solution is highly viscous) leaves open questions on



5.2. Linear alkylbenzene sulphonates (LAS) model 138

whether all of these phases are present at equilibrium, and on how precise

the determination of phase boundaries is. Without more precise experimental

data, our model cannot hope to do better than its current performance, of

describing a variety of inverse phases present in this region.

Phase characterisation for DBS6

First we consider the micellar phase, with the average micellar diameter data given

as a function of surfactant concentration in table 5.10, and some representative

g(r)s given in figure 5.21. As was the case for our previous models, we find that as

concentration increases, micelles become smaller and more closely packed. Unlike the

DBS3 model, DBS6 does not exhibit a constant micellar size at any concentration,

suggesting that the fixed size of DBS3 micelles at low concentrations is due to the

asymmetry of the branched tail group, rather than the branching of the tail group

alone.

As we did for both DBS1 and DBS3, we compare the micelle diameters measured

from our simulations (in table 5.10) to experimental data,122 in which the diameter

of a micelle formed by DBS (isomeric mixture) in water is measured as between

5.7− 7.5 nm at very low surfactant concentrations. As was the case for our previous

models, our DBS6 micelles are much smaller than this, in the range of 1.8 to 3.5 nm.

As before, we find our micelles are smaller than the experimental measure. Addi-

tionally, comparing tables 5.10, 5.4 and 5.7, we can see that the micelles of our DBS6

model are smaller than those of our DBS3 model, which are smaller than the DBS1

model’s micelles. This is commensurate with our understanding that as molecular

length decreases, the micelle diameter also decreases. It is possible that our micelles

are smaller than the experimental reference,122 simply because we are forming mi-

celles with single isomers rather than a mixture of different structures. Additionally,

the experimentally measured micelle sizes are of a solution near the CMC, whereas

our simulations are far beyond that regime; this also makes comparison between the

experimental and simulation data tenuous, and we only highlight this experimental

data to confirm that our micelles are of the correct order of magnitude in size.

The next phase exhibited by our DBS6 model is the lamellar phase; experimen-
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Figure 5.21: g(r) of simulations at 10, 20, and 30 wt% DBS6 (micellar phase), where

T ∗ = 1.0, demonstrating the change in average micellar structure as a function of

concentration. Left: full g(r) measured from our simulations. Right: region of g(r)

highlighting the change in behaviour as concentration changes.

wt% DBS6 micelle diameter /rcut

5 ∼ 4.7− 6.6

10 ∼ 4.6− 4.9

15 ∼ 4.3− 4.5

20 ∼ 4.2− 4.5

25 ∼ 3.9− 4.1

30 3.4

35 ∼ 3.5− 4.1

40 ∼ 3.4− 3.7

Table 5.10: Table of the average micellar diameter of our DBS6 model, measured

from g (r) as described in section 4.3.5, as a function of surfactant concentration, at

T ∗ = 1.0.
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Figure 5.22: g(r) of simulations at 45, 55, 65, 75, and 85 wt% DBS6 (lamellar

phases), where T ∗ = 1.0, demonstrating the change in average micellar structure as

a function of concentration. Left: full g(r) measured from our simulations. Right:

region of g(r) highlighting the change in behaviour as concentration changes.

tally, this is characterised as two separate lamellar phase regions, separated by a

two-phase ‘Lα + L′α’ region (at which our simulations exhibit an isotropic homo-

geneous phase). Measuring the lamellar layer spacing across this entire spectrum,

from 45 to 85 wt% surfactant, results in the data given in table 5.11, illustrated in

figure 5.22.

It is quite clear to see that the lamellar spacing decreases with increasing con-

centration, across both the Lα and L′α phases. This reduction of layer spacing with

concentration also occurred in our DBS3 model, but not in the DBS1 and SDS mod-

els, corroborating our understanding that this effective compression of the lamellar

phase occurs when the surfactant has tail branching. The branching of the surfac-

tant tail means the molecules naturally occupy a large space, but upon increased

pressure (or concentration in a fixed box) they can compress to occupy a smaller

volume.

As with our DBS1 and DBS3 models, we compare our DBS6 model’s lamellar

layer spacing to experimental measures,123 with our model’s values of 2.4 to 3.0 nm

in line with the experimental measurements of between 3.1 and 3.3 nm. Comparing

the data in tables 5.6, 5.9, and 5.11, we can see that as the length of the model

decreases, the lamellar spacing also decreases, e.g. at 70 wt% surfactant, DBS1 has
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wt% DBS6 layer spacing /rcut

45 5.6

50 5.6

55 5.2

60 N/A

65 4.9

70 4.9

75 4.9

80 4.7

85 4.6

Table 5.11: Table of the average lamellar layer spacing of our DBS6 model, measured

from g (r) as described in section 4.3.5, as a function of surfactant concentration, at

T ∗ = 1.0.

a lamellar spacing of 3.4 nm, DBS3 has a spacing of 2.8 nm, and DBS6 has a spacing

of 2.6 nm.

We do not include the characterisation of the inverse phases, L2 and H2, here, as

there is not sufficient data to consider comparison or trends across this work, and

experimentally these phases are incredibly difficult to characterise owing to their

high viscosities.

Again, we also considered the effect of temperature on the structure of our

mesophases and their aggregates. Some illustrative data is shown in figure 5.23.

In the micellar phase, we see similar trends as previously, with broadening peaks of

reduced height as temperature increases, and a narrowing of the gap between the first

and neighbouring micelle. The exception to this statement is at T ∗ = 0.4, in which

the neighbouring micelle peak is at smaller r than at temperatures of T ∗ = 0.6−1.0.

The significantly larger peak heights in g(r) at T ∗ = 0.4 suggests this configuration

may be partially frozen, which could result in smaller neighbouring micelle distances

as the micelles will be less mobile.

We see no difference in behaviour between the ‘Lα’ and ‘L′α’ phases, with both

exhibiting a decrease in layer spacing with increasing temperature. Interestingly,
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(a) g(r) of simulations at 20 wt% DBS6 (micellar phase), where T ∗ = 0.4 − 1.2, demon-

strating the change in average micellar structure as a function of temperature. Left: full

g(r) measured from our simulations. Right: region of g(r) highlighting the change in

behaviour as temperature changes.

(b) g(r) of simulations at 50 wt% DBS6 (lamellar phase), where T ∗ = 0.4 − 1.2, demon-

strating the change in average layer structure as a function of temperature. Left: full g(r)

measured from our simulations. Right: region of g(r) highlighting the change in behaviour

as temperature changes.

(c) g(r) of simulations at 75 wt% DBS6 (lamellar phase), where T ∗ = 0.4 − 1.2, demon-

strating the change in average layer structure as a function of temperature. Left: full g(r)

measured from our simulations. Right: region of g(r) highlighting the change in behaviour

as temperature changes.

Figure 5.23: g(r)s exemplifying the change in phase behaviour of the L1, Lα, and

L′α phases of the DBS6 model with change in temperature.
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this is not a smooth transition, but instead discrete changes in layer spacing are

seen.

Again, we do not include phase characterisation data for the L2 and H2 phases

here, as we have insufficient data in both cases to draw any interesting or insightful

comparisons.

5.2.4 Overall performance of the DBS models

In extending our SDS model to a range of sodium dodecylbenzene sulphonate struc-

tural isomers, we have found it can reproduce a variety of phase behaviour, ranging

from the simple progression of L1 to H1 to Lα, to more complex progressions en-

compassing different transitions and even inverse phases. We find it particularly

striking that our DBS6 model reproduces the Lα to L′α transition without any prior

parameterisation. This is promising for future use of this simple model in describing

a wider range of surfactants, as we have seen the model is capable of reproducing a

whole host of common (and some less common) mesophases.

5.3 Alkylether sulphates model

In addition to sodium dodecylbenzene sulphonate isomers, we also simulated iso-

meric mixtures of alkylether sulphonates, another industrially important surfactant,

specifically used to improve foaming properties in hard water. While the phase be-

haviour is less rich than across the isomers of dodecylbenzene sulphonate, our model

still reproduces the general experimental trends. The experimental phase behaviour

of isomeric mixtures of AES is understood to be very simple, moving from a micellar

phase at ' 30 wt% surfactant to columnar and gel phases, that become a lamellar

phase by ' 70 wt% surfactant.4,124,125 An example of a phase diagram of a specific

AES isomer, sodium lauryl ethoxy-2-sulphate, alongside the viscosities of the series

of phases, is given in figure 5.24.

We ran our simulations based on an isomeric mixture, consisting of isomers with

alkyl chain lengths of between 12 and 14 carbon atoms, with a degree of ethoxyla-

tion between 0 and 2. Some example models of these molecules are illustrated in
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Figure 5.24: Assignment of mesophases of AES in water, as a function of

surfactant concentration, by measurement of viscosity, reproduced from

http://www.silverson.com/us/resource-library/application-reports/

dilution-of-high-active-surfactants.126 ‘L1’ indicates the micellar phase,

‘M1’ indicates a gel phase of ‘rod-like micelles’,4 ‘V1’ indicates a bicontinuous cubic

phase, and ‘Lα’ indicates the lamellar phase. The L1 and Lα phases have sufficiently

small viscosities that they are easily processable, but the M1 and V1 phases are too

viscous to be used on an industrial scale.

Figure 5.25: Three example models of AES isomers, 12-2, 14-0, and 14-1 - the first

number indicates the alkyl tail chain length, and the second number indicates the

number of ethylene oxide units in the molecule. The orange bead represents the

sulphonate head group (same as the SDS and LAS head groups), the pink bead

represents the polyethylene glycol groups, and the purple beads represent the alkyl

tail groups (same as SDS and LAS tail groups).
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number of carbons in tail number of ethoxy groups % of total AES

12 0 28%

12 1 14%

12 2 7%

14 0 28%

14 1 14%

14 2 7%

Table 5.12: Composition of our mixture of AES isomers, with resulting phase be-

haviour given in table 5.13.

figure 5.25. The specific composition of AES isomers described in our simulations

is given in table 5.12.

Due to the qualitative nature of the descriptions of experimental phase behaviour

of both individual AES isomers and isomeric mixtures, detailed characterisation of

our AES model was not performed; rather, mesophase identification was performed

by visual inspection. The phase progression of our AES model in water is described

in table 5.13, with representative snapshots of the respective phases in figure 5.26.

5.4 Conclusions

In this chapter we have detailed our work in extending our DPD model of sodium do-

decylsulphate to other common anionic surfactants, linear alkylbenzene sulphonates

and alkylether sulphates, through an informed sweep of parameter space based upon

solubility data. Our model shows excellent transferability across varying concentra-

tions and to different molecules, which we attribute to the simple description of

interparticle forces as either repulsive or (relatively speaking) attractive.

Our model additionally captures some rather subtle effects in phase behaviour,

spontaneously forming complex architectures and being sensitive to structural changes

in the molecule, e.g. our symmetrically branched sodium dodecylbenzene sulphonate

model exhibits an interesting isotropic disordered phase, where in the experimental

phase diagram a two-phase Lα + L′α is seen at the transition between two lamellar
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(a) Snapshot illustrating the micellar phase formed by 10 wt% isomeric mixture

of AES in water.

(b) Snapshots illustrating the ‘rod-like’ micellar phase formed by 60 wt% isomeric

mixture of AES in water.

(c) Snapshots illustrating the lamellar phase formed by 70 wt% isomeric mixture

of AES in water.

Figure 5.26: Simulation snapshots illustrating the typical structures seen in the

three main mesophases exhibited by our AES isomeric mixture. The orange beads

represent the sulphonate head group, the pink beads represent the polyethylene

glycol groups, the purple beads represent the alkyl tail groups, and the cyan beads

represent the solvent.
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wt% AES mesophase

10 spherical micelles

20 spherical micelles

30 spherical micelles

40 rod-like micelles

50 rod-like micelles

60 rod-like micelles

70 lamellar

80 lamellar

90 inverse micellar

Table 5.13: Mesophase assignments of our AES model, performed by visual inspec-

tion. See figure 5.26 for example snapshots of these phases.

phases, demonstrating the significant molecular-level frustration of this surfactant

at this concentration, which resolves itself as phase heterogeneity on the micrometer

scale. This behaviour is in significant contrast to the linear sodium dodecylbenzene

sulphonate model at this concentration, which exhibits the lamellar phase (as seen

in that isomer’s experimental phase diagram). Our model has the ability to form a

wide range of different mesophases, with good sensitivity to both concentration and

model structure.

The interesting point this raises is that while our models were parameterised via

their interaction parameters, the connectivity and shape of the molecule also lends

significant influence to equilibrium structure. With no direct parameterisation, sim-

ply describing the structural connectivity of the three isomers is sufficient for our

model to reproduce three distinct sets of phase behaviour. While a simple under-

standing of the chemistry that drives surfactant mesophase formation is important,

an equally important role is played by the shape of the molecule.

Unlike DPD surfactant models elsewhere in the literature, we have parameterised

our model to phase behaviour information, rather than more specific data such as

surface tension, CMC, or partitioning behaviour. We believe this ‘broad brush-

strokes’ parameterisation is the key to our model’s success, as it is transferable to
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different molecules and reproduces their phase behaviour, something we have not

seen in previous DPD studies.

With our model established as a highly transferable and effective description

of surfactant phase behaviour, our next step is to consider whether we can fur-

ther apply our model (through the same extension method used here) to represent

molecules that often interact with our surfactants (e.g. additives, polymers, per-

fumes, chelants, different solvents), as this is an important element of a DPD model

to predict phase formation in soluble unit dose products (our target system).



Chapter 6

System perturbation - introducing

surfactants to polymers and walls

Having demonstrated that our model captures the basic phase behaviour of typical

anionic surfactants in solution, next we consider how different perturbations on the

system influence the model’s propensity to form mesophases. We performed these

simulations to ask questions about how these types of surfactant interact and behave

under different conditions, and examine the experimental insights provided.

We specifically looked at the effects of (a) nanoconfinement and (b) addition of

a polymeric solvent. Our interest in studying nanoconfinement of our surfactants

is to understand the balance of wall interactions and mesophase frustration. We

also consider the effects of incorporating polymeric solvents, to better understand

the interplay of the various surfactant–solvent interactions, and how they influence

the behaviour of the molecules. The insight gained from these simulations at our

length scales, should be applicable to a broader range of length scales, as we de-

velop a deeper understanding of the factors that dominate phase behaviour, and the

interactions of our surfactants with molecules of different chemistries.

6.1 Effect of confinement on surfactant mesophases

In line with the length scales of our previous simulations, our simulated enclosed

geometries are on the order of a few nanometres. The lessons we learn at these

149
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length scales, on the energetic balance of wall interactions and mesophase defect

formation, will give insight into how these molecules behave under confinement in

general.

Experimentally, and through simulation, liquid crystal solutions under confine-

ment (as droplets and shells) have been previously studied,127–130 however these

studies have been on the length scale of tens to hundreds of micrometres, i.e. much

larger than our simulations address. While the understanding gained from our work

may not be directly useful to experimental studies, due to this large difference in

size, these simulations will provide us with further insight into the influence of the

chemical interactions involved in our surfactant models, by balancing them against

topological constraints and wall interactions.

Specifically at the length scales our simulations address, there has been recent

work in using ordered surfactant (or block copolymer) mesophases to produce zeo-

lites with both micro- and meso-scale ordered structures, in which the surfactants

are used to template synthesis of the zeolite network.131–134 The work presented here

may shed some light on how the interactions between surfactant mesophases and

surfaces can be helpful, or detrimental, in these applications.

6.1.1 Implementation

There are several variables to be defined in simulating our surfactants under con-

finement: the shape and size of the confinement region, the surfactant identity, the

concentration of the surfactant solution, and the chemical nature of the confining

walls. Within this large number of variables we investigate a select subset of phase

space, which we choose to provide the most insight within the constraints of avail-

able computer time. As such, we decided that it was most important to consider

a range of confinement geometries and wall chemistries, and accordingly limit our

investigations to two types of surfactant solution.

The two mesophases we had most interest in simulating under confinement are

the H1 and Lα phases, the two most common high concentration phases, as we expect

confinement to have little effect on micellar solutions whose structural motifs are on

smaller length scales than the contained region. Our specific choices to reflect these



6.1. Effect of confinement on surfactant mesophases 151

Figure 6.1: Snapshots illustrating the constrained geometries of a sphere, circular

cross-section channel, and plane, respectively. Wall beads are omitted for clarity.

Pink beads represent the sulphonate head group, purple beads represent the benzene

linker group, and cyan beads represent the alkyl tail group of DBS1.

two mesophases were the DBS1 model at 75wt% for the hexagonal columnar phase,

and pure DBS1 for the lamellar phase.

To consider how varying degrees of confinement have an influence, we simulated

regions continuous in only two, one, or even no axes i.e. a flat plane, a channel of

circular cross-section, and a sphere respectively. Figure 6.1 shows snapshots illus-

trating these geometries in our simulations, with the confining wall beads omitted

for clarity. The walls in our simulation box are implemented as a series of DPD

beads of fixed position, and so walls of different chemistry were readily incorpo-

rated by selectively changing the wall bead aij interaction parameters. We chose to

describe three types of confining wall: totally repulsive, hydrophilic (attractive to

solvent and surfactant head group), and hydrophobic (attractive to surfactant tail

group). The radii of all three confinement geometries were varied from 4.5− 13.5 rc

(equivalent to approximately 2.4− 7.2 nm), in simulation boxes of size 32.2 r3
c .

6.1.2 Results

The geometry of the confined region, rather than the length scale of the confinement

region or chemistry of the restricting walls, was found to have the most impact on

molecular ordering; that is not to say other factors do not play a role, but the shape

of the volume occupied by surfactant solution has the largest influence.
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We found all of our constrained systems formed layered structures (i.e. various

distorted lamellar phases), despite simulating two solutions of different surfactant

concentration to see how both the columnar and lamellar phases behaved under

confinement. We believe this arises from the factors discussed previously in sec-

tion 5.2.2, i.e. the hexagonal columnar phase is more prone (than the lamellar or

micellar phases) to disruption due to deformation or defects within the mesophase.

Planar confinement

Of the spatial restrictions imposed, the planar geometry had the least pronounced

effect on the formation of lamellar-like layered structures, as the lamellar phase can

readily align with the walls in a generally favourable manner, allowing the phase to

form with minimal perturbation.

When the walls are hydrophilic (favouring interaction with the surfactant head

groups) the lamellar planes form parallel to the walls. When the walls are hy-

drophobic (favouring interaction with the surfactant tail groups) the orientation of

the lamellar layers depends on whether there is solvent present. Without solvent, the

lamellar planes form perpendicular to the walls, indicating the favourable enthalpy

of the wall-tail interaction is insufficient to overcome the unfavourable entropy in

confining the tail chains in this way. However, with solvent present in the solution,

the lamellar planes form parallel to the walls in order to minimise the unfavourable

water-wall interaction. When the walls are equally repulsive to all species, the lamel-

lar planes also form perpendicular to the walls, demonstrating that the favourable

head-wall interaction, or unfavourable water-wall interaction, is required to drive

the formation of layers parallel to the confining walls.

Channel confinement

Constraining the surfactant solution to a plane allowed the molecules to form a

lamellar phase, as the confinement geometry was commensurate with the geome-

try of the surfactant aggregates. However, as a column (of circular cross-section)

only extends infinitely along one axis, this geometry will inherently force some re-

arrangement of the lamellar structure to be accommodated. Confined to a channel,
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Figure 6.2: Snapshot illustrating concentric layer, or ‘onion-like’, structure of surfac-

tant solution confined to a channel. The orange beads represent the sulphate head

group, the yellow beads represent the benzene linker group, and the purple beads

represent the alkyl tail group. Snapshot taken from a simulation of 75% DBS1 25%

water solution, confined to a hydrophilic channel of diameter 27 rcut.

the solutions continue to form layered structures, with layers either running perpen-

dicular to the long axis of the column, or concentric layers running outwards from

the centre of the column.

When the walls are hydrophilic, the surfactant head groups are attracted to them

and so the onion-like structure of concentric layers forms, as illustrated in figure 6.2.

When the constraining walls are purely repulsive, the layers form perpendicular to

the long axis of the column, shown in figure 6.3. This layered structure (figure 6.3)

avoids the unfavourable energy of molecular splay, which occurs in the layers of the

onion-type structure shown previously.

Splay deformation Deviations of (usually thermotropic nematic) liquid crystal

molecules away from a universally aligned structure in which molecules point in an

average direction (the nematic phase) can be described as a combination of three

components: splay, twist, and bend. These three types of deformation are illus-

trated in figure 6.4. Each type of deformation has an elastic constant associated

with it, describing the force exerted on the liquid crystal director to oppose the

deformation. The splay, twist, and bend Franck elastic constants are generally re-

ferred to as k11, k22, and k33 respectively. Experimental measurements of the Franck
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Figure 6.3: Snapshot illustrating the structure of surfactant layers running perpen-

dicular to the long axis of the channel. The orange beads represent the sulphate head

group, the yellow beads represent the benzene linker group, and the purple beads

represent the alkyl tail group. Snapshot taken from a simulation of 75% DBS1 25%

water solution, confined to a purely repulsive channel of diameter 27 rcut.

Figure 6.4: Illustrations describing the splay, twist, and bend deformations of a

uniaxial liquid crystal, reproduced with permission from Phys. Rep., 2014, 538,

pp1–37. Copyright (2014) Elsevier B. V..
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elastic constants generally agree that k33 > k11 > k22,135 i.e. bend deformations are

least favourable, twist deformations are most favourable, and splay deformations sit

somewhere between the two.

As was the case in the planar-confined simulations, there is a change in structure

upon introduction of solvent, but only when the walls are hydrophobic. Without

solvent, hydrophobic channels result in layers forming perpendicular to the length

of the channel, as in figure 6.3. In particularly wide hydrophobic channels a more

complex phase forms, illustrated in figure 6.5. In these cases there are two distinct

regions: along the centre of the channel, there are layers that extend along the

length of the channel; and at the edge of the channel the layers are perpendicular

to the long axis of the channel. This is an unusual and rather unexpected result,

as the transition region where the lamellar planes change orientation must have a

large energy penalty associated with this high degree of twist. This suggests that

the formation of layers at the edge of the channel is highly energetically favoured

by the interaction with the wall beads, opposing the favourable formation of larger

layers that extend infinitely along the long axis of the channel, which occurs despite

the unfavourable formation of large defect regions in the mesophase.

When solvent is incorporated into the solution, the solvent forms a channel

through the column and is protected from the hydrophobic walls by the surfactant

molecules, resulting in a structure of concentric layers, similar to the structure shown

in figure 6.2.

Spherical confinement

The spherical cavity geometry impedes the formation of the lamellar phase more

than the other confinement geometries we have simulated, as it is finite in all three

axes, and so in these simulations the ordered structures formed showed the most sig-

nificant deviations from a bulk lamellar phase. In the case of the constraining walls

favouring one species over another, i.e. if the walls are hydrophilic or hydrophobic,

a structure of concentric layers forms (as in the case with the channel geometry)

illustrated in figure 6.6.
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Figure 6.5: Snapshot illustrating complex structure with two distinct layered regions.

The orange beads represent the sulphate head group, the yellow beads represent the

benzene linker group, and the purple beads represent the alkyl tail group. Snapshot

taken from a simulation of pure DBS1, confined to a purely repulsive channel of

diameter 27 rcut.

Figure 6.6: Snapshot illustrating concentric layer structure of surfactant solution

confined to a spherical cavity; left shows the outer surface of the spherical cavity,

and right shows a cross section of the spherical cavity. The orange beads represent

the sulphate head group, the yellow beads represent the benzene linker group, and

the purple beads represent the alkyl tail group. Snapshot taken from a simulation of

75% DBS1 25% water solution, confined to a hydrophilic spherical cavity of diameter

27 rcut.
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Figure 6.7: Snapshot illustrating the helical structure formed by 75% LAS solution

confined to a spherical cavity with purely repulsive walls. Only the alkyl tail beads

are shown, to make clear the spiral structure.

When the walls are equally repulsive to all beads, the surfactant experiences

no driving force to form ordered layers in any given direction, so highly deformed

layer structures form across the spherical cavity. Introduction of solvent gives these

deformed layer structures more freedom to establish a configuration with fewer de-

fects, resulting in a range of structures as a function of cavity radius. This leads

to the formation of interlocking regions of layered structures, and spiral structures.

The interlocking layered structure is too complex to effectively illustrate in a static

snapshot, but can be thought of as the ‘three-dimensional’ analogue to the inter-

locking layer structure running along the channel, pictured in figure 6.5. However,

the helical structure is simple enough to be captured, shown in figure 6.7.

In summary, the simulations discussed here have shown that confinement geome-

try and wall chemistry appear to dominate the self-ordering behaviour of surfactants,

at least at the length scales investigated here. In bulk simulations these surfactant

solutions form H1 and Lα phases, but upon confinement the H1 phase completely

disappears in favour of structures that exhibit layered, Lα-like, structural motifs.

This highlights the relative stability of these phases with regards to deformation

and defects, illustrating the much higher degree of order required in forming the

hexagonal columnar phase. Furthermore, the trends in mesophase behaviour with

regards to confining wall chemistry are quite predictable; phases align with walls

only when it is strongly favoured by (effectively) attractive interactions.
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6.2 Effect of polymer on surfactant mesophases

In this section, we investigated the effect of polymers on mesophase behaviour. This

is of particular interest to industry for soluble unit dose products, in which there

are various additives present in highly concentrated surfactant systems. Polymer

molecules are commonly present in these products, specifically polyethylene glycol

(a surfactant) and polypropylene glycol (a solvent), the structures of which are given

in figure 6.8.

6.2.1 Implementation

Polyethylene glycol, often referred to as PEG or PEO (polyethylene oxide), is well

known to generally behave hydrophilically, while polypropylene glycol, referred to

as PPG or PPO (polypropylene oxide), is known to behave hydrophobically. A

common example system demonstrating this contrast in behaviour is the PEO-PPO

block copolymer, i.e. pluronic surfactants, which have been studied extensively

using DPD.87,136–142 Knowing PEO behaves hydrophilically, we chose to represent

it as equivalent to our ‘W’ bead type, and as PPO behaves hydrophobically (but

not as hydrophobic as saturated alkyl chains) we chose to represent it as an average

between the ‘T’ and ‘W’ bead types. The complete set of aij interaction parameters

is given in table 6.1. To strike the balance between representativity and simulation

speed, we chose to describe our polymers as chains of 50 DPD beads, with the

same bonded potential as our surfactant models, and no explicit angle or torsional

potentials. All simulation details remain as given in section 4.0.1.

To most comprehensively consider how polymers can change equilibrium mesophase

identity, we ran simulations at surfactant concentrations that best represent the dif-

Figure 6.8: Chemical structures of polyethylene glycol (left) and polypropylene gly-

col (right).
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H B T W PEO PPO

25 40 50 15 15 32.5 H

25 50 20 20 35 B

25 45 45 35 T

25 25 35 W

25 N/A PEO

25 PPO

Table 6.1: aij parameters of our hydrophilic (PEO) and hydrophobic (PPO) polymer

models, interacting with our previously established surfactant models of SDS and

LAS.

ferent mesophase progressions of our surfactant models. For our SDS model, the

appropriate concentrations were selected as 15, 50, 70, and 95% surfactant, repre-

senting the L1, H1, Lα, and L2 phases respectively. For our DBS1 model, concentra-

tions of 5, 60, and 80% surfactant were chosen to represent the L1, H1, and Lα phases

respectively. As the phase progression of the DBS3 model is largely comparable to

that of the DBS1 model, explicit simulations of DBS3 were deemed unnecessary.

And finally, DBS6 was simulated at 5, 50, 60, 75, 90, and 95% surfactant, represent-

ing the L1, Lα, Lα + L′α ‘isotropic transition’, L′α, L2, and H2 phases respectively. In

each of these cases, the monomer solvent was progressively replaced with polymer,

at intervals of 25, 50, 75 and 100%, resulting in a total of 52 points to be simulated.

6.2.2 Results

Upon introduction of polymeric solvent, we find no single factor has a definitive

role in how mesophase behaviour changes. Whether a transition will occur upon

introduction of a given volume of polymer, and moreover the mesophase that may

appear, are not controlled by simple trends. Here, we present the results for a series

of phase changes in our simulations, firstly as a function of surfactant identity, and

secondly as a function of surfactant concentration (i.e. bulk mesophase present).
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SDS model

In the case of our SDS model, the L1 phase persisted throughout introduction of

both polymeric solvents, albeit some elongation of micelles was noticed upon visual

inspection. This is reflected in the isosurface eigenvalue analysis of these phases,

which move away from completely isotropic values in a monomeric solvent (0.31,

0.34, and 0.35) to values approaching a hexagonal symmetry in polymeric solvent

(e.g. 0.26, 0.36, and 0.38). The full set of isosurface eigenvalue data is given later,

in figure 6.12, on page 164. This data is also presented in a style similar to previous

phase diagrams, in figure 6.9.

The SDS H1 phase showed the broadest range of changes upon addition of poly-

mer, with some snapshots illustrating the typical behaviour seen in figure 6.10.

Introduction of hydrophilic PEO at low concentrations (≤ 50%) caused the colum-

nar structure to become disorganised (see e.g. the second snapshot of figure 6.10),

with isosurface eigenvalues indicating an isotropic phase (on average). Including

higher concentrations of PEO (i.e. more than half of the solvent) the H1 phase

became a disordered lamellar phase, illustrated in the third snapshot of figure 6.10.

In the case of PEO, we find the polymer favourably intermixes with the monomeric

solvent, and so both species occupy the same region.

Replacing one quarter of the monomeric solvent with hydrophobic PPO, isotropic

elongated micelles formed with 25% polymeric solvent (and 75% monomeric solvent),

similarly to the behaviour upon introduction of some PEO, illustrated in the second

snapshot of figure 6.10. If half or more of the solvent is replaced with PPO, a

Figure 6.9: Summary of phase changes exhibited by SDS model when monomeric

solvent is partially, or totally, replaced with either PEO or PPO.
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moderately defect-free lamellar phase formed, with an example given in the fourth

snapshot of figure 6.10. Unlike PEO, we find PPO demixes from both the monomeric

solvent and the surfactant molecules; instead, the PPO occupies a region of space

completely separate to the surfactant/water solution.

The Lα phase persisted throughout addition of PEO, illustrated by snapshot one

in figure 6.11, as the hydrophilic polymer simply occupied the same volume (within

the mesophase) the monomeric solvent occupied. However, PPO was found to phase

separate from the surfactant (and monomeric solvent) phase. At low concentrations

of PPO (≤ 50% of solvent), this phase separation did not disrupt the lamellar

phase, as illustrated in snapshot two of figure 6.11. However, at high concentrations

of PPO (> 50% of solvent) the lamellar phase was disrupted, forming an isotropic

disordered state instead, with a phase separated polymer region, as illustrated in

snapshots three and four of figure 6.11.

Finally, the L2 phase persisted despite addition of polymeric solvent. The most

noteable trend amongst this data is that isotropic phases appear to be less per-

turbed by the introduction of polymeric solvent than highly ordered phases, i.e. the

columnar and lamellar phases.

DBS1 model

As with our SDS model, our DBS1 L1 phase persisted throughout introduction of

polymeric solvent. The DBS1 Lα phase also remained during addition of polymeric

solvent.

The only phase change exhibited by the DBS1 model was upon addition of

hydrophobic PPO to 60 wt% DBS1, which forms the H1 phase in the bulk. Addition

of PPO resulted in a lamellar phase forming at all concentrations of polymer (from

10 to 40% PPO). The H1 bulk phase was unchanged by addition of hydrophilic PEO,

which behaved similarly to the monomeric solvent.

These transitions (or lack thereof) are clear to see from the isosurface eigenvalue

data, given in figure 6.14.

These results suggest a greater stability of both the H1 and Lα phases in the

DBS1 model over the SDS model, as we see fewer phase transitions upon introduc-



6.2. Effect of polymer on surfactant mesophases 162

Figure 6.10: Snapshots to illustrate the effect of polymeric solvent on our SDS

model’s H1 bulk phase. Orange beads represent the surfactant head group, purple

beads represent the surfactant tail group, cyan beads represent the monomeric sol-

vent, and pink beads represent polymeric solvent. The first snapshot is the columnar

phase formed in monomeric solvent. The second snapshot is an example of the dis-

ordered phases formed with low concentrations of PEO or PPO solvent; this specific

snapshot is taken from a simulation of 50 wt% SDS, 38% monomeric solvent, and

12% PPO, in which the polymer phase separates completely to form a column of

pure PPO. The third snapshot is the disordered lamellar phase formed in pure PEO

solvent, i.e. 50 wt% SDS, 50% PEO. The fourth and final snapshot is an example

of the lamellar phase formed at 50 and 75% PPO solvent; the specific snapshot is

taken from a simulation of 50 wt% SDS, 25% monomeric solvent, and 25% PPO, in

which the polymer phase separates to form a slab of pure PPO.



6.2. Effect of polymer on surfactant mesophases 163

Figure 6.11: Snapshots to illustrate the effect of polymeric solvent on our SDS

model’s Lα phase. Orange beads represent the surfactant head group, purple beads

represent the surfactant tail group, cyan beads represent the monomeric solvent,

and pink beads represent polymeric solvent. The first snapshot is the lamellar phase

formed when monomeric solvent is completely replaced with hydrophilic PEO. The

second snapshot is an example of the lamellar phases formed with low concentrations

of PPO solvent (≤ 50%); this specific snapshot is taken from a simulation of 75 wt%

SDS, 13% PPO, and 32% monomeric solvent, in which the polymer phase separates

to form a column of pure PPO. The third snapshot is the isotropic phase formed by

disruption of the lamellar phase, with 75% PPO solvent i.e. 75 wt% SDS, 19% PPO,

and 7% monomeric solvent, where the polymer phase separates to form a column

of pure PPO. The fourth and final snapshot is an example of the isotropic phase

formed with pure PPO solvent; the polymer phase separates from the surfactant

molecules to form a slab of pure polymer, with 75% SDS and 25% PPO.
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Figure 6.12: Isosurface eigenvalue data, collected from simulations of replacement

(partial or complete) of solvent with polymer, and the effect on the SDS model’s

phase behaviour.
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Figure 6.13: Summary of phase changes exhibited by DBS1 model when monomeric

solvent is partially, or totally, replaced with either PEO or PPO.

tion of polymer. We attribute this increased stability to the larger effective head

group of the DBS1 model, increasing the stability of high curvature surfactant aggre-

gates, based on Israelachvili et al.’s2,3 space filling arguments previously discussed

in section 5.2.1.

DBS6 model

Our DBS6 model, which exhibited the greatest number of mesophases in monomeric

solvent, also appears to show the greatest differences in phase behaviour upon addi-

tion of polymeric solvent. While the L1 and H2 phases remained unchanged by the

introduction of polymer, all other surfactant concentrations simulated showed some

degree of change upon inclusion of polymer.

Both Lα phases (tested at 50 wt% and 75 wt% surfactant) changed upon addition

of hydrophobic PPO, but no phase changes occured in the presence of hydrophilic

PEO. The retention of the lamellar phase upon addition of PEO is illustrated in the

first snapshot of figure 6.15. The lower concentration bulk lamellar phase (at 50 wt%

DBS6) transitioned to the H2 phase when all of the monomeric solvent was replaced

with PPO, shown in the third snapshot in figure 6.15. The higher concentration

bulk lamellar phase (at 75 wt% DBS6) also transitioned to the H2 phase, but with

50-100% PPO solvent, illustrated in the fourth snapshot in figure 6.15.

The ‘isotropic transition’ (Lα + L′α) region between the two lamellar phases,

at 60 wt% DBS6, changed phase upon introduction of any amount of either PEO

and PPO. Some example snapshots to illustrate the ordered phases formed at 60

wt% DBS6 upon addition of polymer are shown in figure 6.16. Addition of any
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Figure 6.14: Isosurface eigenvalue data, collected from simulations of replacement

(partial or complete) of solvent with polymer, and the effect on the DBS1 model’s

phase behaviour.

amount of hydrophilic PEO caused the lamellar phase to form, illustrated by the

second snapshot in figure 6.16. Addition of low concentrations (≤ 50%) of PPO also

resulted in the Lα phase forming, illustrated in the third snapshot in figure 6.16.

Addition of high concentrations (> 50%) of PPO resulted in the H2 phase forming,

illustrated by the fourth snapshot in figure 6.16.

The difference in phase behaviour between the two polymeric solvents can be ex-

plained using phase separation and space filling arguments. As the PPO phase sep-

arates from the surfactant and solvent molecules, it reduces the volume that the sur-

factant occupies, and so forces the molecules into an effectively higher-concentration

phase (e.g. the H2 phase, seen at 95% DBS6 in monomeric solvent, formed from

the 60 wt% DBS6 simulation upon introduction of polymer). As the PEO mixes

favourably with the monomeric solvent, and so interacts with our surfactants, it

disperses as part of the mesophase (in the solvent regions), and so does not push

the simulation as far across the phase diagram; instead, the Lα phase forms, which

borders the Lα + L′α phase at either side, and so we do not know from this data
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Figure 6.15: Snapshots to illustrate the effect of polymeric solvent on our DBS6

model’s Lα phase. Orange beads represent the sulphonate surfactant head group,

yellow beads represent the benzene linker group, purple beads represent the sur-

factant tail group, cyan beads represent the monomeric solvent, and pink beads

represent polymeric solvent. The first snapshot illustrates that the lamellar phase

persists upon addition of any proportion of PEO solvent; the specific snapshot taken

is of 50 wt% DBS6, 38% PEO, and 12% monomeric solvent. The second snapshot

illustrates the retention of the lamellar phase at 50 wt% DBS6 upon addition of

≤ 38 wt% PPO; this specific snapshot is taken from a simulation of 50 wt% DBS6,

38% PPO, and 12% monomeric solvent, where the polymer completely phase sepa-

rates into a slab region of pure PPO. The third snapshot is the inverse hexagonal

columnar phase formed by 50 wt% DBS6 when the solvent is completely replaced by

PPO, where the polymer phase separates into a slab region of pure polymer. The

fourth snapshot is the inverse hexagonal columnar phase, formed in the presence

of high concentrations (≥ 13%) of PPO solvent with 75 wt% DBS6 (the second

lamellar bulk phase region); the specific snapshot is taken from a simulation of 75

wt% DBS6 and 25% PPO, where the polymer phase separates into a column of pure

PPO.
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Figure 6.16: Snapshots to illustrate the effect of polymeric solvent on our DBS6

model’s isotropic Lα+L′α transition region. Orange beads represent the sulphonate

surfactant head group, yellow beads represent the benzene linker group, purple beads

represent the surfactant tail group, cyan beads represent the monomeric solvent,

and pink beads represent polymeric solvent. The first snapshot is the disordered

isotropic phase formed in monomeric solvent. The second snapshot is the lamellar

phase formed in the presence of PEO solvent; this specific snapshot is taken from

a simulation of 60 wt% DBS6, 30% PEO, and 10% monomeric solvent. The third

snapshot is the lamellar phase formed in the presence of low concentrations (≤ 50%)

of PPO solvent; this specific snapshot is taken from a simulation of 60 wt% DBS6,

20% monomeric solvent, and 20% PPO, in which the polmyer phase separates into

a slab region of pure PPO. The fourth snapshot is the inverse hexagonal columnar

phase, formed in the presence of high concentrations (> 50%) of PPO solvent; the

specific snapshot is taken from a simulation of 60 wt% DBS6 and 40% PPO, where

the polymer phase separates into a slab region of pure polymer.
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Figure 6.17: Summary of phase changes exhibited by DBS6 model when monomeric

solvent is partially, or totally, replaced with either PEO or PPO.

whether the presence of PEO changes the volume available to the surfactants (and

in which direction), or whether another mechanism is at play.

Finally, the inverse micellar phase at 90% surfactant becomes an inverse hexag-

onal columnar phase, H2, upon addition of both polymers. While for PPO we at-

tribute this transition to phase separation concentrating the surfactant region, this

qualitative mechanism does not apply to the intermixing PEO - another mechanism

must be at play.

This introduction of order, for both the L2 phase and for the isotropic region

at 60 wt% surfactant, highlight that the presence of polymeric solvent is capable of

inducing order as well as disrupting it, as seen in many other cases (for both this

model and other surfactant models). The biggest transformations of this model have

been where polymer has induced structural order in regions that were isotropic in

monomeric solvent.

Understanding the induced phase transitions

We have found a great variation in surfactant phase behaviour upon replacing

monomeric solvent with polymer. Here we intend to highlight the range of our

results, as a means of illustrating the molecular behaviours underlying these transi-

tions.

We do not find consistent patterns in induced phase transitions relating to poly-

mer identity. Both polymers may or may not cause a phase transition, and can

induce the same or a different phase transition. In some instances we found both
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Figure 6.18: Isosurface eigenvalue data, collected from simulations of replacement

(partial or complete) of solvent with polymer, and the effect on the DBS6 model’s

phase behaviour.
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PEO and PPO change phase behaviour in the same manner e.g. both PEO and

PPO cause the L2 to H2 transition for DBS6 at 90 wt% surfactant. In some cases

both polymers change the phase behaviour, but in a different manner e.g. in the

case of 60 wt% DBS6, addition of PEO results in a Lα phase, but addition of PPO

results in an H2 phase. We found four instances in which only the PPO polymer

changed the mesophase present, where PEO had no effect on the initial (monomeric

solvent) phase: 75 wt% SDS, 60 wt% DBS1, 50 and 75 wt% DBS6. And finally,

there are some cases where both PEO and PPO have no effect on the mesophase

behaviour, mostly micellar (and inverse micellar) phases. There is no clear pattern

to predict whether introduction of a given polymer will induce a change in surfactant

phase behaviour. In some cases, the presence of any amount of polymer changes the

mesophase formed (e.g. 90 wt% DBS6), while in other cases the phase behaviour

only changes when the polymer concentration becomes high (e.g. 50 wt% DBS6).

We also find the nature of the phase transitions induced by polymeric solvent

can vary from case to case. We generally see that introduction of polymer tends to

switch the H1 phase to the Lα phase (e.g. the cases of 50 wt% SDS and 60 wt%

DBS1), or switch the Lα phase to the H2 phase (e.g. see the cases of 50 and 75

wt% DBS6). However, in some cases a mesophase can transition to two different

mesophases, depending on polymer concentration or polymer identity, or both, in

the case of 60 wt% DBS6.

As our PEO model ‘phase separates’ from the surfactants on the same length

scale as the monomeric solvent, we expect it to have a lesser effect on phase be-

haviour than PPO, which has a tendency to completely demix from the surfactant

in monomer solution. This demixing reduces the volume the surfactant solution

occupies, effectively increasing its concentration, and so PPO “pushes” simulations

to higher points in the phase diagram. We see this effect applies to all of our sim-

ulations in which PPO induced a phase transition: 50% SDS H1 to Lα transition,

75% SDS Lα to L2 transition, 60% DBS1 H1 to Lα transition, 50 and 75% DBS6 Lα

to H2 transition, and 90% DBS6 L2 to H2 transition.

There are four cases in which PEO also changes the mesophase behaviour of our

surfactants: 50% SDS, 60% DBS1, and 60 and 90% DBS6. With only monomeric
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solvent, the first two form H1 phases, while the latter two are isotropic (disordered

and L2 respectively) phases. Both H1 phases transition to the Lα phase, which is

seen at higher surfactant concentrations along the phase diagram. The L2 phase

transitions to the H2 phase, which is also expected at higher surfactant concen-

trations from our phase diagram of the surfactant model in question (figure 5.20,

page 136). The disordered isotropic phase, at 60% DBS6, transitions to a Lα phase,

but the lamellar phase borders this region on either side (see figure 5.20, page 136),

and so we cannot definitively comment whether this transition is equivalent to an

increase in surfactant concentration. However, from the other three examples, we

believe that this is the case.

We speculate that PEO–induced transitions, equivalent to increasing surfactant

concentration, may be driven by three potential mechanisms:

1. The favourable polymer-water interactions outcompete the water-surfactant

interactions, reducing the volume of monomeric solvent available to the surfac-

tant molecules, thereby increasing the effective concentration of the surfactant

solution.

2. A reduction of solvent volume occurs as polymeric fraction increases, due to

bonds holding beads together closer than the DPD bead radius. We propose

the resulting increase in volume that the surfactant molecules occupy drives

the simulation to effectively higher concentration phase behaviour.

3. Alternatively, the unfavourable entropy of confining the long polymer chain to

the small volume the solvent occupies (where it cannot explore its full config-

uration space) could result in the chain “pushing back” against the surfactant

region of the simulation, in order to occupy a larger volume and explore a

wider range of its configuration space.

Whether our speculation is a reasonable representation of this behaviour or not,

these changes in phase behaviour exhibit the same pattern as inclusion of PPO (i.e.

moving to mesophases that occur at higher surfactant concentrations). With PPO,

this effect arises due to the polymer completely phase separating from both the

surfactant and any remaining monomeric solvent. However, for PEO this behaviour
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must arise through a different mechanism, as the PEO polymer readily intermixes

with the monomeric solvent, and interacts with surfactants at the solvent-surfactant

interface.

It is not possible to definitively comment on the transition from the isotropic,

disordered “Lα + L′α” phase to the lamellar phase upon introduction of PEO at 60

wt% DBS6, as this point in the phase diagram is bordered on either side by the

lamellar phase. However, the transition to the lamellar phase (or in some cases

the H2 phase) at all fractions of polymeric solvent does emphasise the very narrow

region in which the isotropic transition occurs.

These results further corroborate that this transition may not be seen exper-

imentally, as it is demonstrably only stable in a very small simulation window.

Previously, in section 5.2.3, we probed this unusual “Lα + L′α” phase, by altering

the chemistry of the surfactant model, and varying the simulation box size. In this

previous work, we found that a typical lamellar phase could be encouraged to form,

by increasing the value of aTW, i.e. increasing the hydrophobicity of the surfactant

tail. It is interesting to find that introduction of some polymeric solvent is also

sufficient to encourage formation of the Lα phase, suggesting that the most likely

stable phase in this region, at the macroscopic scale, would be a lamellar phase, in

line with experimental phase assignments.120

We expect micellar phases appear unchanged upon addition of either polymeric

solvents in our simulations, as the large majority of the solution is solvent, and so

there remains sufficient freedom within the polymeric solvent for the micelles to

persist.

6.2.3 Conclusions

From our considerable sweep of phase space, we find that introduction of polymeric

solvent can have a large effect on equilibrium mesophase formation, which in some

cases is difficult to rationalise by simple trends. The latter is unfortunate, as it is a

factor of some considerable importance to industry, with most surfactant formula-

tions containing several polymeric components.

The theme that has emerged through this investigation is that phase changes
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driven by the presence of polymer are facilitated mainly by the polymer chang-

ing the effective concentration of the surfactant solution, through phase separation

and/or interaction with the monomeric solvent. The degree to which mesophases

are spatially constricted by the presence of polymer is highly sensitive to the relative

miscibility of polymer and surfactant. As such, future models of specific polymers

may be challenging to satisfactorily parameterise.

It is possible that the reduced solvent volume in our simulations, that appears

to drive phase transformation upon inclusion of PEO, is simply an artifact of our

chosen model of bonding, as monomeric solvent beads have a lower degree of overlap

than polymeric solvent beads. On the other hand, it is possible that our description

of PPO (as phase separating from the surfactant solution) is also not an accurate

representation,∗ with the resulting phase transitions seen simply an artifact of this

phase separation. We assert that these considerations are not major concerns in this

work, as our polymer models, while very simple, are built in the same manner as

our surfactant models, and so they should capture the relative behaviours of the two

species. Additionally, only a simple polymer model is feasible in DPD, as the sheer

size of polymer molecules, alongside the polydispersity of a typical polymer, means

an unfeasibly large number of molecules and beads would be required to produce

an experimentally-detailed model. As is known from Flory-Huggins theory,143–148

phase separation of polymer species is described as a factor of both polymer size and

mutual immiscibility: our model is an averaged picture of these two factors, and so

we expect our model to be reasonably representative if it captures the balance of

this chemistry, in relation to the other species in the simulation.

To gain predictive results of how a specific polymer influences mesophase forma-

tion, precise information on the relative miscibility of the polymer and the surfactant

would be required, as the degree of mixing of surfactant and polymer appears to be

the driving force in how mesophases are influenced. While our models are not highly

accurate in terms of the precise amount of demixing one ought to expect from a mix-

ture of e.g. water, polypropylene glycol, and sodium dodecylsuphate, our model of

∗It would be simple to change the behaviour of our PPO model, through variation of the aij

parameters, given experimental measurements of immiscibility.
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polymer-surfactant interactions does bring some interesting insight into these types

of mixtures, and builds on our knowledge of the relative stability of mesophases in

general.

6.3 Summary

The work presented in this chapter was designed to ask questions of how surfactant

solutions behave under different conditions.

It is interesting to see that nanoconfinement can favour mesophases that are

different to the bulk equilibrium phase, as in the case of the bulk H1 phase, which was

completely disrupted by nanoconfinement. As one would expect, when confinement

length scales match a particular structural feature, our simulations exhibited some

unique ordered arrays of surfactants, e.g. the spontaneous symmetry breaking seen

in forming a spiral structure when the surfactant solution was confined to a spherical

cavity, shown in figure 6.7.

We were also interested to see, from our simulations with polymeric solvent,

that phase changes due to the presence of polymer appear to arise from changes

in solvent availability, rather than any direct surfactant–polymer chemistry. In our

case, we find hydrophilic polymer to have less disruptive power over mesophases than

our hydrophobic polymer, due to the phase separation of our surfactant, water,

and PPO model, whereas our PEO model intermixes with the water model and

so interacts with the surfactant molecules. Relative immiscibility of polymer and

surfactant/solvent seems to be the pertinent factor in understanding how polymer

can change surfactant self-assembly.

As with our confined simulations, introduction of polymer to our surfactant

models highlighted the relative stability of mesophases as a function of degree of

order, as we found the H1 phases were disrupted most easily, and the L1 phases

regularly persisted.

From these trial simulations, we have seen that mesophase formation is highly

sensitive to the system conditions, and that the effective surfactant concentration is

of the utmost importance in understanding which mesophase is favoured. Although
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these particular tests may not be directly applicable to experimental systems, we

believe the lessons learned here reflect some of the more critical factors at play when

mesophases are perturbed, and our model could readily be adapted to experiment-

specific systems to give more direct insight into why a particular mesophase may be

favoured or disfavoured by certain conditions.

Having gained some understanding of the interactions that drive phase formation

of our molecules, ideally we would extend our model to consider a broader range

of molecules, including different solvents and additives. However, the method we

used in chapter 5 to extend our SDS model to other molecules is difficult to apply

in these cases, and we have little to no experimental data to validate our resulting

models. Therefore, we follow this work with a consideration of an alternative path

to parameterisation, which could be automated in future to reliably produce DPD

models. Over recent years, a technique has emerged71,80,81 that focusses on relating

DPD interaction parameters to free energies of mixing, which seems to quantitatively

encapsulate the behaviour we have captured through brute force with our DPD

model. Results in the literature have been promising, and so we were interested to

compare the resulting parameters to our own set and contrast the performance of

the two models.



Chapter 7

Monte Carlo free energy

calculations: an alternative

parameterisation strategy

Through chapters 3–6, we have detailed our work exploring the ability of DPD to

systematically describe surfactant phase behaviour. Our model provides an excel-

lent representation of surfactant systems: we find our model is applicable across a

wide range of surfactant concentrations, and capable of describing the behaviour of

a range of surfactants under different conditions. However, the main weakness of

this model is that it requires user analysis and manipulation to be extended to new

species, as new parameters are established relative to existing values, and through

simulation (if necessary), to identify the optimal parameter set. At this point we con-

sidered an alternative parameterisation strategy, to evaluate its performance relative

to our ‘brute-force’ model, and to consider how the differences between parameter

sets reflect upon the different behaviour we may see.

The parameterisation strategy we felt offered the most potential as an auto-

matic tool to design DPD models included implementing Widom insertion in Monte

Carlo simulations to evaluate relative free energies of mixing (i.e. from chemical

potentials), which can be directly related to the DPD aij interaction parameters.

We briefly touched upon this method in section 2.5.2, discussing the work of Vish-

nyakov et al.,71,81 in which they apply the Widom insertion method83 to identify

177
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DPD parameters in a semi-automatic fashion, relating aij to µex through the infi-

nite dilution activity coefficient. The authors claim that using this method they can

describe octaethylene glycol monooctyl ether (C8E8), dodecyldimethylamineoxide

(DDAO), N-decanoyl-N-methyl-D-glucamide,71 and a range of ‘CE’–type surfac-

tants (C8−12E5−8),81 amongst other types of molecules such as natural rubber149

and Nafion membrane.82 As the main body of their work71,81,82 has been applied

to surfactants of various chemistries, we hope to similarly apply this method to de-

scribe our surfactants of interest, and associated molecules that may influence their

mesophase behaviour.

7.1 The theory

7.1.1 Widom insertion

Although briefly referred to in chapter 2, the Widom insertion method was not

described in any great detail. Widom insertion is an excellent and well-established

method in evaluating the excess chemical potential (the chemical potential relative

to that of an ideal gas), as it is simple to implement, and directly measures µex.16

The principle underlying Widom insertion is that the excess chemical potential can

be measured from the ensemble average energy of insertion of an imaginary particle

into a system, i.e.:

µex =

(
∂F

∂N

)
V,T

= −kBT ln

〈
exp

(
−∆Eins

kBT

)〉
, (7.1.1)

where µex is the excess chemical potential, F is the Helmholtz free energy, N is the

number of particles in the simulation, V and T are the volume and temperature

of the simulation, ∆Eins is the change in energy upon insertion of the imaginary

particle, and kB is the Boltzmann constant.

The relationship between the Helmholtz free energy and energy of insertion arises

as follows:16 given µex =
(
∂F
∂N

)
V,T

, for sufficiently large N :

µ = −kBT ln

(
QN+1

QN

)
, (7.1.2)
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where QN , the partition function for a state of N molecules, takes the form:

Q (N, V, T ) =
V N

ΛdNN !

∫ 1

0

...

∫ 1

0

dsNexp

[
−E

(
sN ;L

)
kBT

]
, (7.1.3)

where Λ is the thermal de Broglie wavelength, d is the number of dimensions in the

simulation, s is the scaled coordinate equivalent of r, L is simulation box length, and

E
(
sN ;L

)
indicates that the energy E depends on the real distances, rather than

scaled distances, between particles.16 Writing equation 7.1.3 into equation 7.1.2

gives:

µ = −kBT ln

(
V/Λd

N + 1

)
− kBT ln

{∫
dsN+1exp

[
−βE(sN+1)

]∫
dsNexp [−βE(sN)]

}
, (7.1.4)

where the first and second terms can be equated to the ideal and excess chemical

potentials:

µ = µideal (ρ) + µexcess, (7.1.5)

i.e.:

µexcess = −kBT ln

{∫
dsN+1exp

[
−βE(sN+1)

]∫
dsNexp [−βE(sN)]

}
≡ −kBT ln

〈
exp

(
−∆Eins

kBT

)〉
.

(7.1.6)

The ensemble average,

〈
exp

(−∆Eins/kBT
)〉

, can be sampled directly by Monte

Carlo simulation using the standard Metropolis algorithm.10,16,150 In practice this

is performed by running a constant-NVT Monte Carlo simulation, with frequent

sampling of the energy change upon particle insertion at a random, additional co-

ordinate. It is important to note that these insertions are never accepted, i.e. a

particle is never actually added to the simulation, as the simulation would no longer

be sampling in the constant-N ensemble, requisite in applying equation 7.1.1. This

additional process, to measure µex by Widom insertion in Monte Carlo simulation,

is illustrated as a flow chart in figure 7.1.

As the DPD interparticle potential is very soft (with an r−2 dependence) par-

ticles readily overlap, which makes insertion of a DPD bead into the DPD fluid
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Figure 7.1: Flow chart detailing the additional steps performed in a standard

constant-NVT Monte Carlo simulation to calculate chemical potential through the

Widom insertion method.

much easier than e.g. inserting a Lennard-Jones particle into a Lennard-Jones fluid,

where direct overlap of particles is highly energetically unfavourable. These high

energy configurations only contribute a very small proportion to the calculation

of µex, as their Boltzmann factor, exp
(−∆Eins/kBT

)
, is very small. In some cases,

complex biased-sampling methods (such as umbrella sampling and configurational-

bias Monte Carlo)16,150 are required to encourage the sampling of the low energy

insertions necessary for an accurate calculation of µex. As such, the DPD potential

naturally lends itself to application of the Widom insertion method, without a need

for complex biased-sampling methods.

It should be noted that there are alternative routes to the evaluation of chemical

potential. Although the chemical potential cannot be calculated directly from a typ-

ical constant–NVT molecular dynamics or Monte Carlo simulation, relatively simple
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variations to the Monte Carlo method∗ can yield a measure of chemical potential.

A method commonly used to meaure µ from simulation is thermodynamic integra-

tion,16,151–153 in which the free energy difference between two states (for chemical

potential calculation the two states are of N and N+1 molecules) is calculated as the

reversible thermodynamic work required in slowly changing from state A to state B.

Similarly to Widom insertion, a particle is added to the simulation and the change

in free energy is evaluated. The main difference between the two methods is that

in thermodynamic integration, the new particle is introduced through a series of

steps, where at each step the system is allowed to equilibrate and the new energy

is calculated. The stepwise nature of this process, and requirement of equilibration

at each step, makes this method expensive and time consuming to apply to DPD.

As DPD particles can readily be directly inserted, there is no need for the more

involved calculation of chemical potential by thermodynamic integration.

There are other methods in which the inserted particle is grown into a system

gradually in order to evaluate the change in free energy as a function of N, such as

using an ‘expanded ensemble’ in Monte Carlo simulations,154 but again our use of

the DPD potential enables us to easily implement direct particle insertion, without

hindering our ability to appropriately sample a variety of configurations.

Another variant of Monte Carlo simulation, which can be used to measure chem-

ical potential, is the grand canonical ensemble, in which V , T , and µ remain con-

stant.16,150 As such, the grand canonical ensemble can be thought of as a simulation

box that is coupled to a heat bath, and an infinite reservoir of particles available

for exchange. As N can vary, but µ is fixed, both particle insertions and deletions

occur. Although this ensemble allows for the direct measurement of chemical po-

tential,155 the process of particle deletion is more complex to perform appropriately

than simple particle insertion.16 Accordingly, we selected Widom insertion as our

preferred method of measuring µ, as it allowed us to implement a simpler Monte

∗Monte Carlo simulation is generally favoured in the calculation of chemical potential, as

the chemical potential is measured as the change in free energy as a function of the number of

particles. The “unphysical” move of changing N is much more easily performed in Monte Carlo

than in molecular dynamics.
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Figure 7.2: Relationship between excess chemical potential, µex, and DPD fluid

density, ρ. Left, adapted from Chem. Phys. Chem., 2004, 5, pp457-464, with

permission from John Wiley and Sons. Right, our reproduction of the equivalent

data. In both graphs the solid lines represent the function δµex
δρ

= 2αaii,
156 and the

points indicate calculated µex from Widom insertion in the Monte Carlo method.

The steeper line at larger µex values is for a DPD fluid of aii = 60, and the shallow

line at smaller µex values is for a DPD fluid of aii = 30.

Carlo code in evaluating excess chemical potential.

To verify our Monte Carlo implementation was accurately calculating insertion

energies, and accordingly the chemical potential, we chose to reproduce some litera-

ture work156 using our own code. Shown in figure 7.2, we measured µex as a function

of DPD fluid density, ρ, performing imaginary insertions into a DPD fluid of 5000

particles, at a temperature of T ∗ = 1.0, with aii interaction parameters of 30 and 60.

In figure 7.2 the literature results are shown on the left, and our matching results

are shown on the right.

7.1.2 Implementing Widom insertion for use with DPD

We believe measuring excess chemical potential of the DPD fluid should be a good

method to parameterise representative DPD models, as µex captures the propensity

of two species to mix or demix, much like the DPD aij parameter. Our work pre-

sented in previous chapters highlights the sensitivity of phase behaviour with respect

to the aij parameters of the surfactant model; capturing the correct solvation of one

species in another, and further the correct transfer energies in moving species A from
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environment B to environment C, is vital in producing a representative model. If the

delicate balance of these interactions (e.g. the hydrophilic–lipophilic balance, or the

degree of microphase separation) is not appropriately captured in the DPD model,

we cannot hope for it to reproduce the experimental behaviours we are interested

in.

As mentioned previously, there are published examples in which the Widom

insertion method is used to parameterise DPD models.71,81 In these cases, the DPD

interaction parameter aij is not directly related to the excess chemical potential

µex, but rather relates µex via solution activity coefficients (γij) to aij parameters.

Infinite dilution activity coefficients, γ∞ij , describe the deviations of a solution from

ideal behaviour, arising due to the presence of an (infinitely dilute) solute. The

advantage of using activity coefficients, over chemical potential data, is that they are

much easier to quantify, both being easier to characterise experimentally (e.g. the

Dortmund data bank DECHEMA chemistry data series on activity coefficients,157

a comprehensive collection of such data), and more accessible to theorise in cases

where experimental data is unavailable (e.g. in this work we used SCM’s “COSMO-

RS” program158–162 to calculate molecular fragment activity coefficients).

Vishnyakov et. al.71,81 show that the infinite dilution activity coefficient can be

calculated from the difference in excess chemical potentials:

lnγ∞ij + C = ln

〈
exp

(
−Eins

ii

kBT

)〉
− ln

〈
exp

(−Eins
ij

kBT

)〉
, (7.1.7)

where γ∞ij is the infinite dilution activity coefficient of solute j in solution i, Eins
ij is

the insertion energy of bead j into a bath of i beads, and the constant C arises from

the densities and number of beads i and j. Calculating lnγ∞ij in such a manner, one

finds that as ∆a increases, lnγ∞ij increases linearly, i.e.:

lnγ∞ij = x∆a+ y. (7.1.8)
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Figure 7.3: Example data taken from a Monte Carlo simulation, illustrating the

progression of µex towards an equilibrium value over the course of the simulation.

Left is the full simulation data, and right is the first 5000 insertions to highlight the

initial equilibration behaviour.

The constants x and y† vary depending on simulation conditions, such as the struc-

ture of the insertion and bath molecules (i.e. whether molecules are monomers,

dimers, trimers, etc.), temperature, or the value of aii.

In our Monte Carlo simulations, T ∗ = 1.0, ρ = 3, aii = 25, and the insertion is

performed for a monomer of identity j, into a bath of monomer i. We calculated x

and y across a range of box sizes (from 729 to 15,625 particles) to check for finite size

effects, and ran the Monte Carlo simulations for up to 106 insertions to establish (to

the best of our knowledge) that the calculation of µex had equilibrated. Figure 7.3

illustrates the equilibration of µex over the course of 106 insertions. From this data,

we found that:

lnγ∞ij = 0.22∆a+ 1.46. (7.1.9)

To apply this relationship in a meaningful way, to parameterise a DPD model of

our surfactants, we calculated the appropriate values of lnγ∞ij using SCM’s COSMO–

RS software,159–162 in the ADF modelling suite.158 “COSMO–RS” is the COnductor-

like Screening MOdel for Realistic Solvents, which calculates binary interaction pa-

†Physically speaking, one should expect the variable y to take on a value of zero, i.e. when

γij = 1, ∆a = 0. However, both in this work and that published in the literature,81 this is not

always the case. The source of this error has not been identified.
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rameters through a combination of quantum chemical calculations and statistical

thermodynamics: the quantum chemical calculations are performed to evaluate the

molecular surface charge distribution, which feeds into the calculation of interac-

tions via statistical thermodynamics. The quantum chemical calculation iteratively

adapts the electronic distribution and atomic positions (through single point cal-

culations) of a given molecule towards the (local) energy minimum, resulting in a

minimum energy surface describing the charges of the molecule, and a surface de-

scribing the effect of a surrounding perfect-conductor solvent (as the negative of the

molecular surface potential). The solvent can be tuned to behave either as a perfect

conductor (of infinite permittivity), or be scaled to represent an experimental sol-

vent’s permittivity. Naturally, the quality of data calculated using the COSMO–RS

software is heavily reliant on the input parameters used in this quantum chemical

calculation.

In this work, first fragment geometries were optimised using MOPAC PM7, ap-

plying the standard COSMO solvation method. The output files from this process

were fed into the COSMO-RS software ‘ADFcrs’, which allows calculation of various

solution properties, including infinite dilution activity coefficients. We followed the

standard procedure outlined in the COSMO-RS online tutorials,‡ with automatic

software presets: MOPAC, geometry optimisation, PM7 method, COSMO–CRS

solvation, periodicity none.

lnγ∞ij values were calculated for molecular fragments relating to the identity of

single DPD beads of our coarse–grained representation. As this parameterisation

method only describes the non-bonded interactions between two species, bonded in-

teractions were excluded from the calculation of lnγ∞ij by simulating single-bead frag-

ments. The software used to calculate lnγ∞ij only accommodates neutral molecules

(not ions), and so the sulphate/sulphonate head bead was approximated to sul-

phurous acid, pictured in figure 7.4. Benzene, propane, and water were used as

the building blocks of our other beads. We have some reservations in using sul-

phurous acid to represent the sulphate/sulphonate head groups, due to the lack of

‡Accessed at www.scm.com/doc/Tutorials/COSMO-RS/COSMO-RS_GUI_Tutorials.html
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Figure 7.4: Chemical structure of sulphurous acid, our chosen representative for the

sulphate/sulphonate fragment in calculation of appropriate lnγ∞ij values to parame-

terise our surfactant DPD model.

charge representation. This will inherently diminish the interaction between the

head group and water, as the charged nature of the head group allows for significant

interactions with the dipoles of water molecules. This results in reduced solvation of

this molecule (sulphurous acid) relative to the fragment we wish to represent (sul-

phate/sulphonate). In this chapter we discuss the behaviours of a DPD model with

all aij parameters derived entirely from COSMO–RS data, and also a DPD model

in which we retain the head group–solvent interaction from our models of chapters

4 and 5, to consider the effects of using a neutral molecule to represent the charged

sulphate/sulphonate fragment.

7.2 The model

Applying the parameterisation process outlined in section 7.1, we retained the struc-

ture of our previously used models, as this parameterisation provides solely the non-

bonded interaction parameters. The resulting parameter set is given in table 7.1,

alongside the aij parameter set previously established and used in the main body

of this thesis. In comparison to our previous surfactant model, this insertion-based

parameterisation method resulted in a model which emphasised some of the defining

behaviours of a surfactant, while reducing other characteristics. Specifically, the ef-

fective attraction between the sulphate head group and the solvent is reduced quite

significantly, with ∆a reduced by over a third. The benzene group shows greater

similarity to the alkyl tail group than the sulphate head group, with a reduced

benzene-tail repulsion and largely increased benzene-solvent repulsion. The final

significant change in aij parameter is the increased repulsion between the tail beads

and the solvent, which increased in excess of 40%.
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sulphate benzene tail water

sulphate 25.0 44.9 (40) 57.2 (50) 23.6 (15)

benzene 25.0 33.2 (50) 64.9 (20)

tail 25.0 64.4 (45)

water 25.0

Table 7.1: Table illustrating the DPD aij parameters calculated for our surfactant

model through the use of the Widom insertion method, with our previously used

‘brute-force’ parameterisation aij values in brackets for comparison.

These changes can be summarised as: the benzene bead type acts as a tail bead;

the tail-solvent repulsion is much larger; and the head-solvent attraction is much

smaller. One would expect the first of these factors to potentially change the curva-

ture of favoured mesophases, as the ratio of head to tail volume is changed.2,3 While

one would expect that the second of these changes would drive mesophase forma-

tion, the third factor will oppose mesophase formation; as we found in our brute

force parameterisation, a degree of head-solvent attraction is required to stabilise

mesophase formation. The balance between these two interaction parameters will

be tested by this new surfactant model.

7.3 Results

The parameter set given in table 7.1 was applied to three of our previously described

surfactant models: the SDS model, and two LAS models (linear and symmetrically

branched). These models were chosen as test cases to cover the broadest range of

mesophase behaviour from the minimum number of simulations. Each model was

simulated over the 5−95 wt% concentration range, at a temperature of T ∗ = 1. The

resulting phase behaviour is presented in figure 7.5, in the same style as previous

phase diagrams (figures 4.14, 5.5, 5.13, and 5.20).

These phase diagrams clearly demonstrate that this new parameter set fails to

reproduce the experimental phase progressions of these surfactants. Both the SDS

and DBS1 models form exclusively layer structures; individual isolated bilayers form
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Figure 7.5: Phase progressions of three surfactant models (SDS, DBS1, and DBS6

respectively), parameterised by the particle insertion method. The colouring of the

diagram indicates the phase behaviour of the DPD models, and the dark lines and

text represent the experimental phase behaviour of the molecules in water.

at low concentrations, progressing to lamellar phases at higher surfactant concen-

trations. The change in molecular architecture is clear in the phase behaviour of

the DBS6 model, which instead forms an inverse hexagonal columnar (H2) phase

at sufficiently high concentrations, and at lower concentrations forms a percolating

network of interconnected bilayers, accommodating individual inverted columns. An

example of this type of low-concentration ‘mesophase’ structure is illustrated in the

simulation snapshot of figure 7.6.

By comparison to the results of our original parameter set, it appears from these

results that our surfactant model crucially relies on the attraction between the head

group and solvent, to oppose the drive to phase separate due to the significant aTW

repulsion. An appropriately small value of aHW is necessary to form mesophases, in

particular for lower concentration phases like the micellar and columnar.

Increasing the solvation of the head group As mentioned in our description

of the implementation of this parameterisation method, the use of a neutral molecule

(sulphurous acid, figure 7.4) to represent the charged head group of our surfactant

molecules (sulphate/sulphonate) is a concern, as this results in a reduced solvation of
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Figure 7.6: Simulation snapshot of 40 wt% DBS6 model in water, parameterised by

the Widom insertion method, exhibiting unusual bilayer structure. Orange beads

represent the sulphonate head group, yellow beads represent the benzene linker

group, purple beads represent the surfactant tail group, and cyan beads represent

the solvent.

the head bead in our DPD model, reflected by the larger value of aHW (closer to aii =

25). To mitigate this effect, and still consider the suitability of this parameterisation

method, we investigated the phase behaviour of the SDS model in which we maintain

the favourable solvation of the head group (where aHW = 15 rather than 23.6, as in

table 7.1), but assign all other interaction parameters according to our free energy

calculations; i.e. the interaction parameters are the same as in table 7.1, but the

“sulphate-water” interaction is reduced to 15. The resulting phase behaviour of this

model is summarised in table 7.2.

By comparison to figures 4.5 and 4.14, one can clearly see that this model does

not quite capture the phase behaviour of SDS in water. While there is a significant

region in the phase diagram (from approximately 40 wt% to 60 wt% SDS) in which

the hexagonal columnar phase should be seen, this model exhibits a direct micellar

to lamellar transition. The wormlike micelles at 40 wt% SDS do appear to show lo-

cal packing upon visual inspection, which is reflected in the eigenvalues at this point

showing some deviation from a perfectly isotropic phase. Additionally, the lamellar

phase formed at 50 wt% surfactant shows regular perforations in the bilayers. At
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wt% SDS isosurface eigenvalues mesophase

10 0.27, 0.34, 0.39 spherical micelles

20 0.31, 0.34, 0.35 wormlike micelles

30 0.30, 0.35, 0.35 wormlike micelles

40 0.27, 0.36, 0.37 wormlike micelles

50 0.24, 0.26, 0.50 perforated lamellar

60 0.18, 0.19, 0.63 lamellar

70 0.13, 0.14, 0.73 lamellar

80 0.12, 0.13, 0.75 lamellar

90 0.32, 0.33, 0.35 inverse micellar

Table 7.2: Mesophase assignments of the SDS model with aij parameters determined

by Monte Carlo free energy calculations, with a descreased aHW value to increase

head group solvation. Phase assignments were performed by isosurface eigenvalue

analysis, and corroborated by visual inspection.

both of these concentrations, the micellar and lamellar phases show defect and de-

viation towards structures that may be considered as having some columnar nature,

at the point in the phase diagram where the columnar phase is expected. However,

the H1 phase does not form, despite application of shear to encourage equilibration

of ordered mesophases.

Overall, this model shows improved reproduction of the phase diagram due to

the increased solvation of the head group, but it remains insufficient to capture the

full phase behaviour of the experimental system. This is indicative that our choice of

sulphurous acid to represent the sulphate/sulphonate head group is inappropriate, as

it does not capture the solvation of this group, but we believe the other fragments in

the DPD model are well described. As discussed at length in chapter 4, the balance of

interactions between surfactant groups is highly delicate, with only narrow regions

in which an appropriate phase progression will occur. Some small deviations in

our aij values assigned from COSMO–RS data may be sufficient to disrupt this

subtle balance of effects. Furthermore, the lack of bonding description prescribed

in this parameterisation method may be the cause of the imperfect performance of
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sulphate benzene tail water

sulphate 25.0 35.4 45.0 19.0

benzene 25.0 26.3 51.0

tail 25.0 50.0

water 25.0

Table 7.3: Table illustrating the DPD aij parameters calculated for our surfactant

model, through the relationship between γ∞ and ∆aij calculated from data pub-

lished by Vishnyakov et al..81

this model, as the energies introduced by the bonding description will change the

balance of interactions requisite in forming mesophases at appropriate conditions.

We have not fully explored refining this parameterisation, based on the issues

described here, due to time constraints. However, we feel with further work this

method could become a useful tool in parameterisation of DPD models, if the issues

of bonding descriptions and suitable reference data were overcome.

Subtly different parameter set We note here that our relationship between

lnγ∞ij and ∆a differs slightly from the data of Vishnyakov et al..81 In their work, the

authors use significantly larger DPD inter-bead repulsions, aii ≈ 100, whereas we use

aii = 25. However, the authors describe the variation in the relationship lnγ∞ij ∝ ∆a,

measured as a function of aii. Extrapolating their data to aii = 25 results in the

relation lnγ∞ij = 0.28∆a, whereas from our Monte Carlo we found lnγ∞ij = 0.22∆a+

1.46. We cannot ascribe this difference to any particular characteristic in our Monte

Carlo simulations, but expect the discrepancy arises due to the small number of

data points (and small number of significant figures) published in the literature.81

Using the relationship from the literature, the resulting parameters for our sur-

factants are subtly closer to the value of aii, making the model more similar to

our successful ‘brute-force’ model. This slightly different parameter set is shown in

table 7.3.

Testing this parameter set with our SDS, DBS1, and DBS6 models, resulted in

the phase behaviour summarised in figure 7.7. Although this phase behaviour is
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Figure 7.7: Phase progressions of three surfactant models (SDS, DBS1, and DBS6

respectively), parameterised by the relationship taken from Vishnyakov et al..81 The

colouring of the diagram indicates the phase behaviour of the DPD models, and the

dark lines and text represent the experimental phase behaviour of the molecules in

water.

richer than that shown in figure 7.5, it is clear this model also fails to capture the

experimental phase behaviour of these surfactants.

This SDS model shows a small micellar window at both low and high concentra-

tions, in addition to the lamellar-like phase behaviour of the previous model. The

new DBS1 model also shows different behaviour at low and high concentrations: at

5 wt% surfactant the aggregate formed is prolate rather than oblate, reminiscent of

a column rather than a bilayer; at 95 wt% surfactant the model forms an inverse

micellar phase, rather than a lamellar phase. This DBS6 model shows distinctly

different behaviour to the previous one: at low concentrations, layer structures form

(without any columnar motifs, like the ones seen in figure 7.6); a lamellar phase

forms before the inverse hexagonal columnar phase; and at the highest concentra-

tions inverse micellar structures form.

While this model also does not capture the experimental phase behaviour of the

surfactants, to the same degree as our brute force model, the tendency of these new

models to show altered phase behaviour at extremes of concentration suggests this

model is closer to reproducing the full range of phase behaviour of these surfactants
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than our previous Monte Carlo-parameterised model. This parameter set is closer to

the values established through our brute force parameterisation than the parameter

set developed through our insertion energy calculations, and so we suggest this is

the root cause of the improved performance of this alternative model. However, the

performance of this model remains poor in describing the phase behaviour of simple

anionic surfactants. It appears that while this method is successful in parameterising

more repulsive surfactant models,71,81 this method does not extend well to our softer

DPD models.

7.3.1 Discussion

As mentioned briefly in presenting the phase behaviour of these models, we attribute

the loss of variation in mesophases to the combined effect of an increased aTW

repulsion and a decreased aHW attraction; the two molecular characteristics that

are understood to drive mesophase formation.113 We do not believe this change

in phase behaviour should be attributed to the change in an individual parameter

here, but rather the relative values of ∆a for tail-solvent repulsion and head-solvent

attraction. As discussed in section 4.3.2, a balance of interactions is necessary for the

surfactant aggregates to form on the appropriate length scale. The drastic change

in phase behaviour in using the parameter sets in tables 7.1 and 7.3 highlights how

delicate this balance of interactions can be.

The delicate balance of interactions is a prerequisite in a successful surfactant

model, and so there are several factors in designing a model, using this insertion-

parameterisation method, that could result in uncertainty on whether the model

will be representative:

1. As touched upon in describing the design of these models, bonding and model

structure is not accounted for within this parameterisation method. While it

is possible to perform insertion of any bonded structure (through the use of so-

phisticated biasing techniques) to measure its interaction energy with another

species, the amphiphilic nature of surfactant interactions cannot be separated

in these calculations without some splitting of bonds. This raises questions on

the best way to break down the bonding of a molecule to evaluate non–bonded
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energies, and how the energy introduced by the bonds (and any angle or tor-

sional potentials or constraints) will influence the behaviour of the model. As

raised in discussing the performance of our original DBS6 model, and in sec-

tion 5.4, we have seen that molecular architecture has a significant role to play

in mesophase formation, demonstrating bonding performs a non-trivial role in

phase behaviour, which is not accounted for in this model-building method.

2. The other source of doubt in using this parameterisation method is identify-

ing appropriate data, experimental or theoretical, to map to the calculated

model activity coefficients (derived from relative chemical potentials). There

are two elements to this issue: (a) relating back to our first point on model

structure and bonding, selecting appropriate molecular fragments for exper-

imental/calculated activity coefficients is incredibly important, as molecular

characteristics can vary enormously depending on the fragment considered; (b)

an accurate and consistent set of activity coefficient data is highly desirable, as

the relative value of aij parameters (rather than absolute values) is the driving

factor in the energetic behaviour of the model. This could become challenging

for a simulation requiring models of a wide variety of chemical species.

Currently, there does not seem to be a proposed method to quantitatively de-

scribe bonding in DPD models produced using this method, but rather the litera-

ture results appear to have found optimal bonding descriptions for their particular

applications, which are commensurate with the desired model behaviour.71,81,82,149

We propose that this parameterisation method would be useful in future studies to

streamline the parameterisation process: the insertion energy method would provide

an initial guess of a model’s interaction energies, which could then be combined with

a sweep of neighbouring parameter space to identify the optimal model.

As mentioned before, we have not had sufficient time to fully explore refining this

parameterisation. However, we believe future work could make this method a pow-

erful tool in parameterisation of DPD models, if the issues of bonding descriptions

and suitable reference data could be overcome.
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7.4 Conclusions

In theory, using Widom insertion to sample chemical potential of a DPD fluid is an

appropriate route to parameterisation of a model, as this encapsulates the simple

nature of DPD interactions and provides a strong link to experiment. The method is

easy to apply and rapidly produces a DPD model. However, we have found that the

resulting models do not fully capture quite sensitive behaviour, which we attribute to

the lack of bonding description in the parameterisation. The addition of bonds with

no parameterisation of their potentials gives rise to additional energetic factors in the

molecule that are unacounted for, as we previously discussed in our development of

a model of SDS in section 4.3.3; we found that varying bond stiffness (through kbond)

had a significant impact on the phase behaviour of our models, where some critical

bond stiffness was required in order to see micellar phase formation. Changing bond

stiffness changes the volumes explored by individual beads, and therefore changes

the energies (and equivalent aij parameter interactions) explored by the molecules.

Furthermore, finding good quality experimental or theoretical data is challenging,

with no guarantee that matching the DPD model to this data will satisfactorily

describe the molecules or fragments of interest.

We feel the functionality of this model lies in identifying ‘ballpark’ figures of in-

teraction parameters, requiring additional investigation of both interaction energies

and bonding descriptions to result in an optimal, representative model.

The resulting phase behaviour of our models, parameterised using this insertion-

based method, highlight the sensitive balance of interactions in a surfactant model.

This method resulted in models that produced only one or two mesophases per

model, when a representative surfactant model should exhibit anywhere between

three and ten mesophases over solution concentration. Parameterising a model to

exhibit this broad range of behaviour, particularly in the appropriate concentration

regions, involves a highly delicate balance between factors driving aggregate forma-

tion and molecular dissolution. This balance within the model relies not only on

the interaction energies of different moieties, but also the bonding and architecture

of the model, which is not addressed by this parameterisation method.

In future development of DPD models for a wide range of chemistries, e.g. for
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models of new polymers, solvents, and specific additives, we would implement this

parameterisation method to inform our sweep of parameter space to identify optimal

models. Unfortunately, this method has not shown capability of designing represen-

tative models a priori, when we had hoped to implement this method in producing

DPD models for species in which little experimental data is available. As such, this

method could only be a starting point in producing models that we would hope to

be transferable within families of molecules.



Chapter 8

Conclusions

The work presented in this thesis has covered various aspects on using Dissipative

Particle Dynamics simulations to describe phase behaviour of surfactants, and typ-

ical mixtures containing surfactants. In chapter 1, we gave a brief introduction to

surfactant science, with a particular focus on mesophases. In chapter 2, we detailed

the development of the DPD method, focussing on the literature relating to param-

eterisation of the conservative force to produce chemically tractable models. DPD

was chosen as our most suitable simulation method, due to its incredible speed in

simulating at the mesoscale, while retaining molecular-level detail. Furthermore, in

producing DPD models of surfactants, we have found DPD models to have excel-

lent transferability (across a broad range of concentrations, and also extending to

a whole host of molecules), which we believe is due to the simplicity of the DPD

interaction potential.

Chapter 3 provides details of the various analyses applied to automate mesophase

identification in this work. We found cluster analysis prohibitively challenging to

apply to the highly mobile surfactant aggregates, but by identifying the isosurface

that lies between the water-rich and oil-rich regions, the symmetry of the isosurface

can be identified, leading to identification of the mesophase.

In chapter 4, we discussed the methods considered in parameterising a model of

SDS in water, and highlight the use of a comprehensive parameter sweep to identify

optimal parameters. Through this comprehensive sweep, we identified a single DPD

model that demonstrated excellent transferability across surfactant concentration,
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and reproduced the full phase progression of SDS in water.

Chapter 5 described our work on extending the SDS model to other anionic

surfactants, LAS and AES, and discussed the resulting behaviour of these models.

We found that the SDS model readily reproduced experimental phase behaviours

of LAS isomers and AES mixtures, with minimal model parameter fitting required,

further highlighting the excellent transferability of this surfactant model.

In chapter 6, we investigated changes in equilibrium mesophase behaviour under

new conditions, upon introduction of polymer and under nanoconfinement. This

work gave interesting insights into the influence environment can have on mesophase

behaviour, in particular highlighting the sensitivity of surfactant phase behaviour

to the hydrophilic-lipophilic balance of added polymer.

Finally, in chapter 7 we described our efforts in using Widom insertion to quan-

titatively parameterise a new DPD model of our surfactants.

Over the course of this work, we have considered and developed an understanding

of the strengths and weaknesses in using the DPD method to describe surfactant

phase behaviour. DPD naturally lends itself to work of this nature, where large

sweeps of parameters are required, e.g. sweeping over temperature and concentra-

tion to map out phase diagrams, as the technique is exceptionally fast in comparison

to other coarse-grained molecular dynamics methods. This simulation speed is also

an advantage in performing tests on broad ranges of parameters, such as in our

parameterisation sweep in chapter 4. We also found, through the parameterisa-

tion sweep of chapter 4, that the simplicity of the DPD interaction (specifically the

conservative interaction) can capture the nature of molecular interactions well, re-

sulting in highly transferable models that describe whole families of molecules with

an exceptional accuracy and sensitivity (see chapter 5). To specifically capture the

behaviour of lyotropics, and reproduce their phase behaviour, a model must repre-

sent the relative solvation energies of the species or fragments involved, which we

believe has been encapsulated in the aij parameters for unlike species in our DPD

models. However, while these models are generally quite easy to extend to new

molecules of similar chemistry, we found some difficulty in extending existing pa-

rameter sets to completely new molecules e.g. extending our original SDS in water
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model to describe new solvents like glycerol or propane-diol. Either further data

is required to test the performance of new models like this, or an automated pa-

rameterisation technique is required. This is the main weakness in using the DPD

method, as there is yet to be accord on the optimal parameterisation method.

In chapter 7 of this work we attempted to address this issue, by incorporating

Widom insertion and calculation of chemical potential (and solution activity) into

the parameterisation of our surfactant models. As discussed in the chapter, there

are still some issues to be addressed before we would consider this method fully

reliable, particularly pertaining to the description of bonding in models (as we found

that chain stiffness has a significant influence over mesophase behaviour, in our

‘brute-force’ development of an SDS model) and identifying a reliable source of

experimental or theoretical data.

Moving forward from this work, we would like to see extension of our DPD model

to describe other families of molecules, starting with cationic surfactants, simple

solvents and common polymers. As highlighted in chapter 6, the influence of solvent

or polymer identity on phase behaviour is very delicate, and so parameterisation of

models for new species in future would need to be highly sensitive to the various

factors involved in mesophase formation (such as hydrophilic–lipophilic balance, and

relative solvation energies). We believe this will be achievable through the Monte

Carlo parameterisation method, with some further development and refinement to

identify the best method for incorporation of bond energies, and a reliably accurate

source of experimental or theoretical data to match the models to.

Also of industrial interest, beyond complex ternary phase diagrams for surfac-

tant mixtures in various solvents with additives, is small molecule migration through

polymer films. This is important as soluble unit dose products are contained within

a PVA polymer film, and the small molecule additives within the SUD mixture are

known to partially pass through these films; this results in mixing of separated com-

partments, and even loss of material from the product. To tackle this problem using

DPD requires the simulation of fluids of highly different densities, as the density of

the polymer film and the surrounding air are signficantly different. This is not easily

achievable with standard DPD, due to the purely repulsive form of the interparticle



Chapter 8. Conclusions 200

potential; an attractive component is required to form phases of significantly differ-

ent densities, and so the multi-body extension to the DPD method (MDPD)163–167

is desirable to describe these systems. It would be possible to simulate these types of

mixtures using regular DPD, by describing the air region as a dense fluid. However,

using multi-body DPD would be favourable, as this allows for finer control of the

interfacial properties such as surface tension.

In summary, we have developed an exceptionally transferable model which cap-

tures the phase behaviour of several anionic and non-ionic surfactants in water. This

model accurately reproduces phase progressions and boundaries of various solutions,

and demonstrates a great deal of sensitivity to subtle molecular changes that result

in new behaviours. Although new models may need to be developed to probe the

behaviours of more complex mixtures with large numbers of components of very

different chemistries (following the parameterisation outlined in chapter 7), our pre-

existing surfactant model is a powerful tool in understanding mesophase formation

and the molecular factors that influence it.
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