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Abstract

Formation of Pure and Surfactant-laden Droplets with Many-body
Dissipative Particle Dynamics

by Luis Henrique Carnevale da Cunha

This thesis employs many-body dissipative particle dynamics (MDPD) to inves-
tigate the molecular mechanisms underlying the breakup of pure and surfactant-
laden liquid threads. MDPD is a particle-based mesoscale simulation technique
that captures thermal fluctuations and soft-core interactions, bridging molecular
and macroscopic scales. By simulating the Rayleigh—Plateau instability, MDPD
provides critical insights into how molecular forces and thermal fluctuations in-

fluence droplet formation at nanoscales.

Surfactants, which adsorb at liquid interfaces and reduce surface tension, play a
crucial role in altering the breakup dynamics of liquid threads. Their presence
introduces additional complexity by driving Marangoni flows due to surface ten-
sion gradients. MDPD simulations demonstrate how surfactant concentration af-
fects droplet size, distribution, and the formation of undesirable satellite droplets,
offering strategies to mitigate these effects.

This study focuses on the interplay between molecular interactions and fluid in-
stability during liquid thread breakup, highlighting how molecular-level mech-
anisms contribute to different breakup regimes. The findings advance the un-
derstanding of the Rayleigh—Plateau instability and provide practical insights for
optimizing droplet formation in applications requiring precise control over fluid
behavior.

By integrating molecular-level insights with mesoscale simulations, this research
offers a framework for studying droplet formation and fluid instability. The re-
sults have significant implications for technologies such as nanotechnology man-
ufacturing, microfluidics, and emulsification, paving the way for more efficient
and controlled droplet-based systems.






Streszczenie

Formowanie kropel czystych i zawierajacych surfaktanty z dyssypacyjna

dynamika czastek wielu cial

Luis Henrique Carnevale da Cunha

W niniejszej rozprawie wykorzystano dynamike czastek dyssypatywnych wielu
cial (MDPD) do zbadania mechanizméw molekularnych lezacych u podstaw roz-
padu czystych i obciazonych surfaktantami nici cieczy. MDPD jest oparta na
czastkach technika symulacji mezoskalowej, ktéra wychwytuje fluktuacje termiczne
iinterakcje miekkiego rdzenia, faczac skale molekularna i makroskopowa. Symu-
lujac niestabilno$¢ Rayleigha—Plateau, MDPD zapewnia krytyczny wglad w to,
jak sity molekularne i fluktuacje termiczne wplywaja na tworzenie sie kropli w

nanoskali.

Srodki powierzchniowo czynne, ktére adsorbuja sie na granicy faz cieczy i zm-
niejszaja napiecie powierzchniowe, odgrywaja kluczowa role w zmianie dynamiki
rozpadu cieklych nici. Ich obecno$¢ wprowadza dodatkowa ztozonos¢ poprzez
napedzanie przeplywéw Marangoniego z powodu gradientéw napiecia powierzch-
niowego. Symulacje MDPD pokazuja, w jaki sposéb stezenie srodka powierzch-
niowo czynnego wplywa na wielkos¢ kropli, rozklad i tworzenie niepozadanych
kropel satelitarnych, oferujac strategie fagodzenia tych efektow.

Niniejsze badanie koncentruje sie na wzajemnym oddziatywaniu miedzy inter-
akcjami molekularnymi a niestabilnos$cia ptynu podczas rozpadu cieklej nici, pod-
kreslajac, w jaki sposéb mechanizmy na poziomie molekularnym przyczyniaja
sie do réznych rezimoéw rozpadu. Odkrycia te przyczyniaja sie do lepszego zrozu-
mienia niestabilnosci Rayleigha—Plateau i zapewniaja praktyczny wglad w opty-
malizacje tworzenia kropli w zastosowaniach wymagajacych precyzyjnej kontroli
nad zachowaniem ptynu.

Integrujac wiedze na poziomie molekularnym z symulacjami mezoskalowymi,
badania te oferuja ramy do badania tworzenia sie kropel i niestabilnosci ptynéw.
Wyniki maja znaczacy wplyw na technologie takie jak produkcja nanotechnolog-
iczna, mikroprzeptywy i emulgowanie, torujac droge do bardziej wydajnych i
kontrolowanych systeméw opartych na kroplach.
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Chapter 1

Introduction

Droplets are all around us — from the formation of clouds in the sky to the con-
densation of dew droplets on a cold morning. They are present in various indus-
trial applications, such as in spray technologies, cooling devices, chemical pro-
cessing, and inkjet printing. The most ubiquitous physical process that generates
droplets is that of the breakup of a liquid thread, or liquid jet, and its study can be
traced back to the works of Savart [1], Plateau [2] and Rayleigh [3] in the 19t cen-
tury. They observed that small perturbations applied to a liquid jet are the source
of an instability driven by surface tension that eventually leads to the breakup of
the thread and subsequent formation of droplets. This process is known as the

Rayleigh—Plateau instability.

While continuum theories, such as linear stability analysis, have long described
the macroscopic dynamics of thread breakup, molecular-level insights are still re-
quired to fully understand the interplay of forces at nanoscales, especially in the
presence of surfactants. Surfactants are amphiphilic molecules composed of hy-
drophilic and hydrophobic parts that adsorb at interfaces, reducing surface ten-
sion. This change in surface tension alters the dynamics of liquid thread breakup
and understanding the role of surfactants in the formation of droplets requires

detailed molecular-level investigation.

When a liquid thread reaches a small enough length scale, typically a few nanome-
ters, thermal fluctuations due to molecular motion influence the breakup process
[4, 5]. Thermal fluctuations compete against surface tension and induce surface
thermocapillary waves which can drive the Rayleigh-Plateau instability. These
waves have been experimentally observed at micrometer scales for certain com-

plex liquid solutions, which exhibit extremely low interfacial tension [6-8].



2 Chapter 1. Introduction

In this thesis, many-body dissipative particle dynamics (MDPD) is employed to
simulate the breakup of pure and surfactant-laden liquid threads to gain molecular-
level insights into the formation of droplets. MDPD is a mesoscale computational
method that bridges the gap between atomistic and macroscopic scales, capturing
molecular interactions and thermal fluctuations [9-11]. Unlike traditional contin-
uum models, MDPD incorporates stochastic forces to account for thermal fluc-
tuations and uses soft-core potentials to simulate interactions between coarse-

grained particles.

By shedding light on the molecular mechanisms underlying surfactant-laden lig-
uid thread breakup, this work advances the understanding of fluid instability at
molecular scales. These insights pave the way for the development of more pre-
cise and efficient droplet formation techniques, which are crucial for optimizing
industrial processes in nanotechnology, printing, and emulsification. The ability
to control droplet size and distribution through surfactant concentration and dy-
namic regime transitions offers a powerful tool for advancing technologies that
rely on liquid thread manipulation.

In this chapter (Chapter 1) we provide a brief introduction on droplet formation
and surfactants. In Chapter 2, we give a review on the MDPD simulation method
and its theoretical background. Chapter 3 discusses the Rayleigh-Plateau insta-
bility and compares the continuum macroscopic predictions to MDPD simula-
tions of pure liquids. Chapter 4 presents the MDPD surfactant model and applies
it to the breakup of liquid threads. A conclusion to this thesis is presented in
Chapter 5. A parametrization example to obtain MDPD interactions is given in
Appendix A, which is part of our work towards a general-purpose MDPD force-
field.

1.1 Droplet Formation

Droplets can form through various mechanisms. Broadly, most methods of droplet
generation involve free boundary problems that require the rupture or breakup
of a larger liquid volume — a process that has been widely studied [12]. While
this thesis primarily focuses on the breakup phenomenon, it is important to note
that droplets can also form through other mechanisms, such as condensation or
phase separation [13, 14]. Different breakup methods can be categorized into
two main approaches: continuous production and drop-on-demand (DOD) pro-
duction. Figure 1.1 provides a visual summary of these droplet generation tech-

niques.
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Breakup modes of droplet
production

[ Continuous production Droplet-on-demand

[ Dripping ] [ Jetting ] {Tip streaming] [Piezoelectric} [Thermal]

FIGURE 1.1: Classification of various droplet generation methods
based on the breakup of a liquid volume.

Drop-on-demand methods produce individual droplets as needed, typically with
high precision. One commonly used approach involves the activation of a piezo-
electric element, which causes a nozzle to alternately contract and relax. This
generates a pressure wave that ejects a single droplet, with its size determined by
an appropriate electric signal [15]. Another widely used DOD method is the ther-
mal inkjet technique, in which a small resistor heats the fluid until it vaporizes,
forming a bubble. The rapid collapse of this bubble generates a pressure wave
that propels a droplet out of the nozzle [16]. These techniques find applications
in various fields, including inkjet printing [17] and tissue engineering [18], where

precise droplet control is essential.

Continuous droplet production methods can be further divided based on the
mode of breakup. Dripping is probably the most intuitive as most people have
seen a leaky faucet. In dripping, droplets form directly at the exit of a capillary
tube or nozzle when gravitational forces slightly exceed surface tension. This
causes the fluid to elongate and eventually pinch off to form a droplet. If the flow
rate is increased, dripping transitions into a jetting mode. In jetting, a continuous
liquid column is expelled from the nozzle, eventually breaking into droplets due
to the Rayleigh-Plateau instability. While dripping typically produces droplets
with a more uniform size distribution, jetting enables much higher production
rates. However, both modes can produce undesirable satellite droplets alongside
the main droplets due to nonlinear effects [19]. The formation of these satellite
droplets depends on the fluid’s properties, such as viscosity and surface tension,

and they are often undesirable in practical applications.
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Dripping Jetting  Tip streaming

FIGURE 1.2: Schematic representation of different breakup modes
present in continuous droplet formation techniques.

Another notable mode of breakup is tip streaming. In this mechanism, external
forces direct the fluid to the tip of a deformed film or thin liquid thread, produc-
ing tiny droplets from the tip. Tip streaming is frequently observed in microflu-
idic systems, such as flow-focusing devices, where tangential interfacial stress
between two fluids stretches the liquid into a thin thread. This technique can
produce droplets up to two orders of magnitude smaller than the feeding capil-
lary tube [20]. Figure 1.2 illustrates the differences among dripping, jetting, and
tip streaming modes.

Breakup behavior is commonly characterized using dimensionless numbers, which
encapsulate the interplay between various forces and fluid properties. These in-
clude:

2 2
Rezﬁ, Cazﬂ, Bo:(ﬂ, Weszu, Oh =

_*
7 % % % VPeRY

where p is the density, y is the viscosity , y is the surface tension, R is the droplet

(1.1)

radius, U is the characteristic velocity, and g is the gravitational acceleration.

Each dimensionless number highlights a different balance of forces. For instance,
the Reynolds number, Re, compares inertial to viscous forces, while the Weber
number, We, compares inertial to surface tension forces. The Bond number, Bo,
captures the influence of gravity relative to surface tension. Similarly, the Ohne-

sorge number, Oh, characterizes the balance between viscous, surface tension and
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inertial forces, while the capillary number, Ca, reflects the relative significance of
viscous forces compared to surface tension.

The transition between dripping and jetting has been shown to occur for We
numbers above a critical value that depend on the Bo number [21]. However,
relations between the Weber number and the capillary number can also be uti-
lized to distinguish both breakup modes in certain systems [22]. Tip streaming
requires a delicate balance between the forces acting on the fluid and its dynam-
ics have been comprehensively reviewed in a recent study by Montanero and
Ganan-Calvo [20].

This thesis concentrates on the Rayleigh-Plateau instability, making its findings
particularly relevant to the jetting mode of droplet production. Despite this,
the breakup process exhibits self-similar behavior near pinch-off, meaning that
the local dynamics around the pinching point remain identical regardless of the
global breakup mode under consideration [12]. Various scaling laws have been
derived by seeking similarity solutions to approximations of the Navier-Stokes
equations.

For inviscid liquids (I regime), where Re > O(1), the pinching point radius, /imin,
scales as fmin ~ T2/3, where T = tbreakup — I represents the time remaining until
breakup [23]. In the opposite limit (V regime), where Re < O(1), the pinching
radius for a viscous liquid thread scales as hmin ~ T [24]. When both inertial
and viscous forces are balanced (IV regime) and Re ~ O(1), the pinching point
also scales as hpyin ~ T, but with a different rate that depends on the Ohnesorge
number [25].

Transitions between these regimes can occur during the breakup process, and
it is generally believed that the final stage before pinch-off corresponds to the
IV regime. The transition from the I to IV regime is expected to occur when
hmin ~ Oh?, while the transition from the V to IV regime is expected when hipin ~
Oh?/ (2 _1), where g = 0.175 [26]. However, these transitions are far more com-

plex, as many intermediate stages may arise during the breakup process [27].

The scaling laws mentioned above assume that the interface of a liquid thread be
smooth at the smallest scales, in reality, the interface becomes rough due to ther-
mal fluctuations near molecular scales, a phenomenon that has been experimen-
tally observed [6]. These thermal fluctuations typically dominate the breakup
process when the liquid thread radius becomes smaller than the thermal length
scale It = \/W, where kg is the Boltzmann constant, and T the tempera-

ture. For water at room temperature, I7 ~ 0.3 nm — a scale that is extremely
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challenging to observe experimentally. However, in certain complex liquid sys-
tems with sufficiently low interfacial tension, IT can reach approximately 1 ym,
making thermal fluctuations dominant at a more accessible scale [7]. A scaling
law for the pinch-off in this situations (TF regime) has been semi-analytically ob-
tained from a one-dimensional fluctuating hydrodynamic equation and is given
by hmin ~ 70418 [5]. The TF breakup regime has been experimentally observed for

a phase separated colloid-polymer solution [8].

Surface tension plays a major role in droplet formation. From the dimension-
less numbers in Eq. 1.1, we see its effect in determining the transition between
dripping and jetting modes of droplets production. Surface tension also dictates
which pinch-off regimes occur, their transitions, and is the driving force behind
the Rayleigh—Plateau instability. Given its central importance, the ability to mod-
ify surface tension to enhance control over droplet production is highly desir-
able. The next section of this chapter introduces surfactants — molecules that can

achieve precisely this.

1.2 Surfactants

Most chemical groups can be classified as either hydrophobic, meaning it is mostly
repelled by water, or hydrophilic, meaning they are mostly attracted by water.
Surfactants are a special class of molecules that contain both kinds of groups,
namely, they are categorized as amphiphilic molecules (Fig. 1.3 a)). Due to their
dual nature, surfactant molecules tend to accumulate at the interface between
polar and apolar media, such as water—oil or water—air interfaces, lowering their
interfacial tension. At low concentrations, most molecules will be found at the
interface, but as the concentration increases, the interface becomes saturated and
surfactants begin to aggregate in the bulk liquid. These situations are indicated in
Fig. 1.3 b), where molecules aggregate in a micelle. Other kinds of aggregates can
be formed depending on the concentration and molecular structure [28]. Another
common aggregate phase is the lamellar bilayer (Fig. 1.3 c)). Lipids are a form
of bio-surfactants that form such bilayers as a cell membrane [29]. Surfactants
also play a role in stabilization of emulsions, as they preferentially increase the
interfacial area between immiscible fluids [30].

The influence of surfactants in a system and how they affect surface tension can
be quantified by the surface excess concentration, I'. This quantity expresses how

many more molecules are present at an interface when compared to the bulk. It
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FIGURE 1.3: Representation of surfactant molecules and different

systems. a) Generalized molecular structure of a surfactant in terms

of hydrophobic and hydrophilic groups; b) Adsorption of surfac-

tants at the interface and formation of micelles; c) Aggregation of
surfactants in a lamellar bilayer.

can be computed by

_Ntotal_Noc_N,B _N
N A A7

where Nl ig the total number of molecules present in the system, N* is the

r (1.2)

number of molecules present in the bulk of phase «, N¥ is the number of molecules
present in the bulk of phase B, A is the interfacial area between phases « and S,
and N is the number of molecules at the interface. The value of T' is clearly pos-
itive for systems with surfactants, but it can also be negative when components
that prefer to stay in the bulk phases are considered, such as ions. To understand
the relevance of the surface excess concentration, we first need to define interfa-

cial tension, also named surface tension when referred to liquid—vapor interfaces.

The origin of surface tension lies on the cohesive interactions between the molecules
in a liquid. A molecule in the bulk of a liquid is completely surrounded by other
molecules and is in a lower energetic state when compared to a molecule at an
interface, where they have less interactions (Fig. 1.4). We can define surface ten-
sion, 7, as a measure of work necessary to change the interfacial area and, by
assuming that the grand canonical surface free energy is Gsface = A~(T, ;) [31],

we arrive at
Ady = —SdT — Y _Nidy;, (1.3)
i



8 Chapter 1. Introduction

ﬂ—'—s
N \‘/
Y\

FIGURE 1.4: Schematic representation of the difference in cohesive
interactions between a molecule at the interface and in the bulk of a
liquid.

where S is the interface entropy, T is the temperature, and Nj, y; are the number of
molecules and chemical potential of the i-th component of a system, respectively.

From the interfacial Gibbs-Duhem equation (Eq. 1.3) it is clear that for an ideal

system with a single component at the interface

dyy N B
($> =ac T. (1.4)

Therefore, a positive surface excess concentration will decrease interfacial ten-

sion, whereas a negative I will increase it.

During the breakup of a surfactant-laden liquid thread, surfactant molecules can
be advected by the flow, leading to the formation of a surface concentration gra-
dient. This gradient, in turn, creates a surface tension gradient that opposes the
direction of advection. The transport mechanism induced by the surface ten-
sion gradient is known as the Marangoni effect, which tends to slow down the
breakup dynamics [32, 33].

In the case of strong advection, the breakup still follows the scaling law hpin ~ T
[34, 35]. However, in the opposite limit, where the surface concentration remains
homogeneous, the breakup follows an exponential scaling law, hipin ~ €7, due to
the difference between surface and bulk viscosity [36].

Given the complexity introduced by surfactants and the need to understand the
breakup process at the molecular level, an appropriate simulation method must
be employed. The next chapter will introduce many-body dissipative particle
dynamics, a mesoscale particle-based method that can achieve this goal.



Chapter 2

Many-body Dissipative Particle

Dynamics

The systems examined in this thesis operate on mesoscopic length scales, typ-
ically ranging from a few nanometers to tens of micrometers. At these scales,
atomistic simulations become computationally prohibitive for investigating large
systems over long time periods. This challenge is typically addressed using coarse-
graining techniques, where groups of individual atoms are represented by an
interaction site. In this context, we employ many-body dissipative particle dy-
namics (MDPD) as our method of choice. MDPD is an extension of dissipative

particle dynamics (DPD) that allows for the simulation of liquid—vapor systems.

In this chapter, we provide a brief overview of the development of MDPD, begin-
ning with standard DPD. In the final section, we outline the specific simulation
details used for the practical implementation of the method, as well as the tools

utilized.

2.1 Dissipative particle dynamics

Standard dissipative particle dynamics (DPD) was first introduced by Hooger-
brugge and Koelman [37] as an efficient particle-based method for simulating
hydrodynamic systems. It offered significant computational advantages over tra-
ditional molecular dynamics (MD) while avoiding the limitations of the Lattice
Gas Automata method, which constrained particles to move on a regular lattice.
Hoogerbrugge and Koelman demonstrated that Navier-Stokes-like behavior nat-
urally emerges from the interactions between particles, making DPD suitable for
mesoscopic scales where thermal fluctuations and Brownian motion are signifi-

cant.
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Subsequently, Espafiol and Warren [11] provided a rigorous statistical mechanics
foundation for DPD by deriving a Fokker—Planck equation from a stochastic dif-
ferential equation equivalent to the original DPD algorithm. In DPD, the equation
of motion for a particle i with mass m and velocity v; is given by:

d'v
— ZFC +F+ F?,

(2.1)
where FC is the conservative force representing the interaction between particles
i and j, whlle FR and FD are the random and dissipative forces, respectively,
which together act as a thermostat to maintain the system’s temperature. The
explicit forms of these forces are as follows:

a--(l—ﬁ)e“, rijp S
Fp=q UV /T 22)
0, 1’1']‘>1’C
F = —0wP (1) (e - vyj)e;, @3)
Cw (71]) (t)eij- (2.4)

All of the forces are assumed pair-wise additive and depend on the distance be-
tween particles r;; = |r;;| = |r; — r;|, with r; being the position vector of particle
i. The direction of the forces is given by the unit vector e;; = r;;/r;;. The strength
of the conservative force in Eq. 2.2 is set by the parameter 4;; and it only acts on
particles within the cutoff distance .. Usually in DPD this is a repulsive force, i.e.
ajj > 0.

On Egs. 2.3, 2.4, v;; = v; — v; is the relative velocity, o is a parameter that sets the
strength of dissipation, while ¢ sets the strength of the random force. Both equa-
tions have the weight functions w? and w®. Espafiol and Warren [11] has demon-
strated the dependence between the parameters ¢ and ¢ through the fluctuation—
dissipation theorem, given by

&2

o= m, (25)
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where kg is the Boltzmann constant and T the temperature of the system. Typ-
ically, in simulations, we set kgT = 1 as our energy scale. The weight functions
are also connected by the fluctuation-dissipation theorem and act only within the
same cutoff 7. as

wP (ryj) = [wR(Tij)r = ( - ﬁ>2- (2.6)

Lastly, the time dependent term 6;; in Eq. 2.4 is a symmetric Gaussian white-noise
with zero mean and unit variance.

2.1.1 Equation of state and limitations

With the DPD model fully developed, Groot and Warren [38] studied the influ-
ence of the repulsion parameter 4;; in simulations to understand the thermody-
namic behavior of the system. This was done by obtaining the equation of state
(EOS) for the model by using the virial theorem

1

P:PkBT+W<ZTij'Fi]C>/ (2.7)
j>i

with p being the pressure, V the volume, and p the density of the system. The

angle brackets denote ensemble average.

By doing simulations at different system conditions, Groot and Warren [38] man-
aged to obtain an approximate EOS with quadratic dependence on the density,
given by

p=pksT + cap?, (2.8)

where ¢ = 0.101 £ 0.001 is a fitting parameter.

From this result, we can see the first limitation of the standard DPD method.
Because of the purely quadratic dependence on density due to the form of con-
servative force, the model is not capable of producing liquid—-vapor coexistence.
Furthermore, Trofimov et al. [39] has shown that by mapping the isothermal com-
pressibility of the simulations to a real system, the pressure will have an unreal-
istic high value.



12 Chapter 2. Many-body Dissipative Particle Dynamics

2.2 Many-body dissipative particle dynamics

To overcome the limitations of standard DPD, Pagonabarraga and Frenkel [10]
proposed a modification to the conservative interaction. This is done by assum-

ing that the excess free energy of every particle is a function of its local density

¥i = f(pi) (2.9)
pi = L wp(rif) (2.10)

where ; is the free energy of particle 7, g; is its local density and wj(7;j) is a nor-
malized weight function that depends only on the distance r;; between particle i
and its neighbors.

With this assumption, we can still write a pair wise additive force as

a .
FC = —Xﬂ = =3 (95 + w)) wp(ries (2.11)
)

a’l"i]' i
with e;; being the unit vector pointing from particle i to j.

In essence, the function f(p) can be chosen depending on the desired thermody-
namics of the system. However, MDPD became widely used to study systems
where liquid—-gas phase separation is important and Warren [9] proposed a form
of free energy function capable of modeling such systems and is the most used
version of MDPD nowadays.

The free energy expression developed by Warren [9] contains an attractive and a
repulsive term that act on neighbor particles within different cutoff distances r,

and ry, respectively. The energy is given by

4 4
Y . Ty
Pi= 35 Abi+ 3—()”pr$, (2.12)

where A < 0 is a parameter that sets the attractive strength and B > 0 sets the
repulsive strength. The local densities are also defined for each cutoff as

15 rij 2
0; = 1——, 2.13
oi 227'[7’3 ( rc) (2.13)

N\ 2
pizzisg(pﬁ) . (2.14)
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These local density functions are the ones used in the vast majority of MDPD
studies. However, functions like the Lucy kernel

3
oi=), 105 (1 +3ﬂ> (1 - i) ) (2.15)

3
j#i 167T7”C,d Ted Ted

can also be chosen to compute local densities. Throughout this thesis we have
used the Lucy Kernel on our simulations presented in Chapter 3 and the more
standard Warren functions in Chapter 4. Both definitions were used because in
the software used for our simulations, LAMMPS [40], only the Lucy kernel was
originally implemented and we modified the source code to add the standard

Warren weight function Warren [9] at a later stage.

The final form of the conservative force between particle i and j within MDPD is
FZ]C = ch(i’i]')ei]' + B (ﬁl + p‘]> wd(rij)eij, (2.16)
and the weight functions that come from the choice of the local density form are

vii
1= rj<re

wc(l’l’]’) = (217)

0, 1’1']' > 71,

,
1—3, rij<rq

w' (i) = (2.18)

0, Tij >rg.

Typically, the value of the cutoff distance for interactions is settor. =1and r; =
0.75in MDPD units. These are the same values we adopted for all our simulations

presented in this work.

It is worth noting that for the choice of free energy 1; = Ap; the traditional DPD
method is recovered when A > 0. Also, the random and dissipative forces are

kept the same as the original method (see Egs. 2.3, 2.4).
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2.2.1 Multicomponent systems

Trofimov et al. [39] has developed the theoretical background to extend MDPD
for multicomponent systems. The generalization is done by first assuming a sys-

tem with N, components and defining partial local densities
PEIX) = Z w(ri;), (2.19)

where every i-th particle has N, different local densities, one for each component

«. The free energy is then written as
pi=Y f (ﬁSﬁ )) , (2.20)

which expresses the interaction of a particle of type a with neighbors of type B.
There is an ambiguity in the literature in how to combine these partial densities
in the expression of excess free energy for each particle [41]. However, this dis-
cussion falls outside the scope of this thesis and, here, we follow Warren’s self
energy expression Warren [9] and the same procedure as for a single component
system to obtain the conservative force

Fz]C = Aijwc(rij)Eij +B (ﬁl + ﬁ]) wd(l’i]')ei]‘. (2.21)

The difference between Eq. 2.16 and Eq. 2.21 is only in the attractive term where
now we have the matrix A;; that sets the level of attraction between particle i and
particle j depending on their respective types. Note that we do not have a matrix
Bj; in the repulsive term. This is because Warren [42] derived MDPD’s no-go
theorem, which states that every element in the matrix B;; has to have the same
value to keep the force conservative. To prove this, we take only the repulsive

term and assume that
F© = Byj(pi + pj)w) (rij)eij. (2.22)

A necessary condition for a force to be conservative is to satisfy the Maxwell

relation

D=t Iy, (2.23)
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which should hold for any configuration of N particles. Without loss of gen-
erality, we can choose a system with only three co-linear particles at positions
x1 < x2 < x3. The distance between each particle is x;; = x; — x; and the forces

between each particle are

Fio = —Fx = Bpa(p1 + p2)wp(x12) (2.24)
Fi3 = —F31 = By3(p1 + p3)w, (x13) (2.25)
Fa3 = —F32 = Bs(p2 + p3)wp(x23).- (2.26)
The local densities are
P1 = wp(x12) + Wp(x13) (2.27)
02 = Wp(x12) + Wp(x23) (2.28)
P3 = wp(x13) + Wp(x23). (2.29)

By calculating every term D;; we get that

D1z = Da3 = D31 = (B1z — Bas)w, (x13)wp(x23)
+ (B12 — Blg)w'p(xlz)w;,( ) + (B12 — Bz3) (x12) p(XQg) (230)

from which we see that D;; vanishes if and only if By = By3 = Bp3. Thus B;; has
to have a single value B.

The no-go theorem imposes a constraint on the MDPD method for multicompo-
nent systems. However, Vanya and Elliott [41] have proposed a way of circum-
venting this restriction by modifying the definition of the local densities and by
fixing the ambiguity in the combination of the partial densities in the free energy.

2.2.2 Liquid properties and the equation of state

To demonstrate the improvement of MDPD over standard DPD, Warren [9] ob-
tained an approximate equation of state from his definition of free energy that
has a cubic dependence on density

p=pkpT + — 30 (AréL + 2Br§p> 0%, (2.31)

which is capable of producing liquid/vapor coexistence. However, this was ob-
tained from mean-field theory and the real EOS of the system deviates from Eq.
2.31 due to local density calculations. Different empirical equations have been
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FIGURE 2.1: Empirical MDPD equation of state obtained by Jamali

et al. [43]. Both plots have the same attractive cutoff r. = 1 and dif-

ferent repulsive cutoff r;. We see that the vapor phase has a density

close to zero and that liquid densities can vary between 5 and 14 de-
pending on the set of parameters.

proposed by fitting to simulation data and the most recent one was proposed by
Jamali et al. [43]

B4
Brd (p3 —co®+ dp) — 4 _p? (2.32)

30/]A4]

7T

p=pkpT + ZAr‘Clpz + 5

30

The EOS in MDPD is capable of representing the real model within a certain
range of parameters and density of particles in the simulation domain [43]. The
equation of state is shown in Fig. 2.1 for a few sets of parameters {A,B,r;} and
keeping the cutoff r. = 1. We can see the region of liquid—vapor coexistence and
by requiring the pressure to vanish, we also obtain the particle density on each
phase. Vanya et al. [44] has done a parametric study on various fluid properties
at different sets of parameters and they arrived at a fitting equation for density of
particles in MDPD as

p(A,B) =di(rq) — AB®0d, (ry) (2.33)

where dy, dy and dj are fitting parameters as a function of the repulsive cutoff.

Surface tension is another relevant fluid property that emerges from the model
and understanding how it behaves as a function of the model parameters and
its connection with real fluids is of great importance in simulating liquid—vapor
systems. In MDPD we use the same procedures as in molecular dynamics to cal-

culate surface tension, . Arienti et al. [45] used the mechanical route to compute
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the surface tension from the pressure tensor across a planar interface normal to

P, P
v=1L, <pzZ _ M> (2.34)

the z direction as

2

where L, is the length of the computational domain and the pressure tensor can
be computed from the virial definition using the Kirkwood-Buff method [46, 47].
From the simulation results and by comparing it to a mean-field expression for
the surface tension, Arienti et al. [45] arrived at the fitting equation

7T

7= 20

(0.424r30% +0.003Br30%) (2.35)

which depends on MDPD parameters and particle density. Ghoufi and Malfreyt
[48] has shown that for a coarse-grained level where each one MDPD particle rep-
resents three water molecules, both density and surface tension can be mapped
to values of real water, and Ghoufi et al. [49] shows that surface tension of the
MDPD model decreases as a function of the curvature in small droplets. This
change in surface tension is connected to the discussion of the Tolman length [50],
which is still an open question in the literature whether surface tension should
change and even if the Tolman length is positive or negative [51].

Another crucial hydrodynamic property that must be accurately captured by the
model is viscosity. Marsh et al. [52] derived a Chapman-Enskog solution to
the Fokker—Planck-Boltzmann equation, which provides an expression for vis-
cosity arising from the dissipative interaction term, FP. Their analysis, how-
ever, neglected the contribution of conservative forces between particles. In con-
trast, Zhao et al. [53] demonstrated that in the case of MDPD, conservative forces
also influence viscosity. Through MDPD simulations employing Lees—Edwards
boundary conditions, they quantified both the dissipative and conservative con-
tributions to viscosity, 7 = #c + #p, by varying simulation parameters A, B, ry4,
and shear rate. Moreover, they confirmed the validity of the dissipative contribu-
tion derived by Marsh et al. [52] and proposed a fitting equation to account for

the conservative contribution as
e = K102 B> (2.36)

with the coefficients x; and «; being fitting parameters that depend on the repul-
sive cutoff r;. Some typical values of the aforementioned properties are shown in
Table 2.1 in MDPD units for different parameters. By changing the attractive and
repulsive parameters A, B, and the cutoff, r;, we can specify the fluid properties
that closely resemble the system of interest in the simulation. Due to its simplicity
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and flexibility, Zhao et al. [55] argued that MDPD is a promising method to study
interfacial behavior at mesoscopic scales and complex fluids. Moreover, they also
show validations of the method when applied to droplet and bubble dynamics,

polymer solutions, capillary wetting, etc.

2.2.3 Parametrization and mapping to real liquids

Typically, reduced units are used to present MDPD results and to define simula-
tion parameters and system properties. Moreover, using non-dimensional num-
bers calculated in the reduced units ensures a good way of comparing results to
real physical measurements. In certain cases, as in the parametrization of general
purpose force-fields, a direct relationship between reduced units to real units is
desirable. A force-field is a set of parameters that define all the interactions and
topology between different kinds of particles and is usually applied to a specific
simulation method. An example of parametrization of an MDPD force-field is
presented in Appendix A. The parametrization follows the same strategy as the

one used in the coarse-grained molecular dynamics force-field Martini [56, 57].

There are different ways of mapping MDPD units to real units. In this thesis, we
use a semi-top-down approach based on the coarse-grained degree N¢¢ [48] and
matching surface tension. The CG degree indicates how many real molecules (or
atoms) a single MDPD particle represents. The reduced units in MDPD are set
such that m = r. = kpT = 1. To compare these units to real units, we use the su-
perscript * to denote a variable in MDPD units. Variables without the superscript
are expressed in real units. This notation follows until the end of this section or
when stated otherwise.

TABLE 2.1: Fluid properties in MDPD units obtained for different

attractive parameter values, A, in the MDPD model. The density,

0, was obtained from the simulation, the surface tension, -, and the

viscosity, 1, were calculated from fitting equations from Refs. [45]

and [53], respectively. All values were obtained by keeping B = 25
and r; = 0.75 as in Ref. [54].

A p v 7

—40 6.1 795 4.06
=50 69 125 722
—60 7.7 1945 10.76
—-70 84 2676 18.31
—-80 9.1 36.25 33.90




2.2. Many-body dissipative particle dynamics 19

The length-scale mapping is obtained from the volume of a single molecule, vy,
and the densities in the simulation, p* [58]. The number of molecules in a cube
with volume 2 is given by N = r2 /vy, while the molecular volume is calculated
by

M

= p 2.37
Nog (2.37)

o

where M is the molar mass, and N, = 6.023 x 10% is Avogadro’s number. How-
ever, the number of MDPD particles in a cube with volume 733 is N* = p*. From

the definition of CG degree we can equate

3

p*Neg = =, (2.38)
Yo
which leads to
* 1/3
re = (0*Negvo) . (2.39)
As an example, a simulation with the set of parameters A = —40, B = 25 and

r4 = 0.75 has bulk liquid density p* = 6.1 (see Tab. 2.1). By mapping three water
molecules per MDPD particle, and knowing that the volume of a water molecule
is vp = 30 A3, the length scale is 7. = (6.1 x 3 x 30)1/3 =82 A,

To match the surface tension, we use dimensional analysis. Using the notation
[M], [L] and [T] to denote mass, length, and time units, we can represent the
dimensions of surface tension as [y] = [MT~2]. Our reference units have dimen-
sions [r¢] = [L], [m] = [M] and [kpT] = [ML?T~2]. We can express surface tension
in terms of the reference units by requiring a dimensionless product:

oy w2 (kpT)™) = [MT 2 L M) [MLPT 2 (2.40)
— [M]_1+UZ+U3[L]v1+203[T]2_2U3. (2‘41)

For the product to be dimensionless, all the exponents have to be equal to zero.
These are obtained from the system

—1+v,4+v3=0
v1+uv3=0 , (2.42)
2—20320
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with solution v; = —2, v; =0, and v3 = 1. This sets the correspondence between
the MDPD and real surface tension as
% kB T

Y=7—5- (2.43)
7/‘C

Using the same parameters as in the previous water example and assuming room
temperature conditions, where kpT = 4.11 x 102! J, the surface tension calcu-
lated from Eq. 2.43 is y = 48.6 mIN/m. This value is significantly lower than the
experimentally observed surface tension of real water, approximately 72 mN/m.
This discrepancy may stem from the absence of a scaling dependence on the

coarse-graining level in Eq. 2.43 [59].

Nevertheless, it is possible to address this issue by solving an optimization prob-
lem to determine a specific set of parameters that accurately reproduces both the
density and surface tension of water [47]. For a CG level of N¢g = 3, the param-
eter set that achieves this is A = —50, B =25, and r; = 0.75.

2.3 Modified Velocity-Verlet algorithm

With the full model described above, we now focus on the numerical integration
of the equations of motion (see Eq. 2.1) for each particle. This is accomplished
using a finite difference technique known as the modified velocity-Verlet (MVV)
method, which is widely employed in molecular dynamics (MD) simulations. It
differs from the standard velocity-Verlet method by the inclusion of an intermedi-
ate velocity step calculation that can be empirically varied by the order parameter,
A. The MVV method also offers superior performance when compared to other
methods, such as the Euler method, due to its enhanced numerical stability, time
reversibility, and reduced numerical error (second order in time, as opposed to
the first-order error in Euler’s method). Additionally, MVV is classified as a sym-
plectic integrator, meaning it preserves the system’s energy over time and avoids
the energy drift commonly observed in non-symplectic methods, such as Euler
and Runge—Kutta.
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The position r and velocity v of each particle are updated at discrete time inter-
vals, with a time step At, following the sequence:

r(t+At) = r(t) + Ato(t) + %AtzF(t) (2.44)
9(t+At) = v(t) +AAtF(t) (2.45)
F(t+At) = F(r(t+At),5(t+ At)) (2.46)
v(t+At) = v(t) + %At (F(t) + F(t+ At)) (2.47)

An intermediate velocity step, 9, is introduced in Eq. 2.45 to compute the updated
forces, and the actual velocity at time t 4 At is then corrected in the final step (Eq.
2.47). The parameter A is an empirical factor that accounts for additional effects
arising from stochastic interactions.

When computing the random force, special care is needed, as it is expressed as:

Ff = EwR (r) 0,0t 2ey;. (2.48)
The inclusion of the At~1/2 term can be derived by treating the random force
as a Wiener process [11]. Heuristically, this can be understood by considering
the random force as generating a random walk. In such a walk, the root mean
square displacement of a particle is proportional to the square root of the number
of steps, which corresponds to At in this context. Consequently, we assume that

(f?) ~ &%/ At, where f is the random force acting on a particle [38].

2.4 Software

All simulations discussed in this thesis were performed using the open-source
software LAMMPS (Large-scale Atomic/Molecular Massively Parallel Simula-
tor) [40]. LAMMPS provides parallelized C++ implementations of the modified
velocity-Verlet (MVV) algorithm, and the many-body dissipative particle dynam-
ics (MDPD) interactions were integrated through a user- defined package, DPD-
MESO [60]. LAMMPS is highly regarded for its extensive documentation, large
user community, and its ability to accommodate custom modifications when nec-
essary. Notably, the results presented in Chapter 4 were obtained by modifying
the local density function within the DPD-MESO package’s source code.

For simulations involving more complex molecular structures, Packmol and

Moltemplate [61, 62] were employed to construct the initial configurations and
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molecular structures, which were subsequently exported as LAMMPS data files.
The software OVITO [63] was used to visualize the simulation trajectories. The
free, open-source version of OVITO includes a Python API, which was utilized
alongside custom scripts developed in-house to perform the analysis detailed in
this thesis.
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Chapter 3
Rayleigh—Plateau Instability

The Rayleigh—-Plateau instability is a fundamental phenomenon in fluid dynam-
ics that describes the spontaneous breakup of a liquid cylinder or thread into
smaller droplets due to surface tension. First studied by Joseph Plateau in the
19th century and later mathematically formulated by Lord Rayleigh, this insta-
bility occurs when a liquid column or jet is perturbed, causing its surface energy
to decrease as the column elongates and forms distinct, periodic bulges. These
bulges eventually pinch-off, minimizing the system’s overall surface energy and
leading to the formation of droplets.

The breakup instability plays a crucial role in various natural and industrial pro-
cesses [4], including inkjet printing [17, 64], spray formation [65], nanoscale man-
ufacturing and chemical processing [66], and liquid jets [25, 26]. It provides in-
sight into the balance between cohesive forces within a liquid and the disrup-
tive influence of surface tension [27]. Understanding this instability not only en-
hances our theoretical knowledge of fluid behavior, but, also, has practical im-
plications for designing technologies that involve the manipulation of liquids at

small scales.

In this thesis, we aim to explore the mechanisms driving the Rayleigh-Plateau
instability, by first deriving the stability argument given by Plateau and exposing
Rayleigh’s linear stability analysis for the case of inviscid liquid threads, i.e., by
assuming no viscous effects. To further explore this phenomena, we will inves-
tigate the influence of thermal fluctuations in the breakup of liquid jets by per-
forming mesoscale simulations. We will measure the characteristic wavelength
that leads to the breakup of jets with different fluid properties and compare it
to analytical expressions. Moreover, we will investigate post-breakup dynamics
of droplet formation. Most of the simulation results shown in this chapter were

presented in one of our publications (see Ref. [67]).
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FIGURE 3.1: Schematic of the initial configuration of the system
(dashed line) and the evolution of the breakup of a liquid thread
of an initial radius, Ry. A typical periodic perturbation is repre-
sented by the solid lines with a given wavelength A. Adapted from
Carnevale et al. [67] with permission by AIP Publishing.

3.1 Stability

3.1.1 Plateau’s energy analysis

Plateau derived the stability condition of a liquid thread by considering that small
perturbations alter the surface area of the system, leading to a change in surface
energy. For certain wavelengths, the liquid thread will transition to a lower en-
ergy state, which is energetically favorable. The surface free energy E of a liquid
is related to its surface area A and surface tension 7y, expressed as:

OF = 70A (3.1)

For an initial liquid thread of radius Ry, length L, and with its axis in the z direc-

tion as depicted in Fig. 3.1, the surface energy is given by:

L
Ep = / Ro27ydz = 27ty RoL. 3.2)
0

Any perturbations along the azimuthal direction will lead to an increase in sur-
face area, therefore they must be stable. Moreover, undulations of the jet axis will
not change the surface area. Thus, we only need to consider axisymmetric pertur-
bations that change the radius along its axis. Such perturbations can be modeled

as:

h(z) = hy + ecos(kz), (3.3)
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where € is a small perturbation amplitude, k is the wavenumber (related to the
wavelength by kA = 27), h(z) is the thread radius at position z, and 5 is the mean
radius of the distorted cylinder which equals the initial radius only when € = 0.
To obtain a relation between the mean radius and the initial radius, we require
that the liquid thread volume remains constant, and we only need to integrate
over one wavelength due to the periodicity of the perturbation

A

/0 nth*dz = TR3A (3.4)

A
/ (ho + ecos(kz))zdz = R3A (3.5)

0
A A
12\ + 2hoe /0 cos(kz)dz + €2 /0 cos?(kz)dz = R2A (3.6)
e’A

WA\ 4+ —— 5 = R3A (3.7)

using the approximation for small x:
(1+x)"?~ (1 + 2) (3.8)

we obtain the following relationship between the mean radius and the initial ra-

dius:

ho—Ro (1- € 39
0= Ro —@ (3.9)

To evaluate the surface energy of the distorted liquid thread, we compute:

A 1/2
E =27y / n(1+07) " dz (3.10)
0

where prime denotes the derivative in z direction. By using the approximation in
Eq. 3.8 we proceed as

E— 2m/ ( )dz (3.11)

2.2 2¢3
ho + h0k2 € sin®(kz) + e cos(kz) + kT€Sin2(kZ)COS(kZ)] dz (3.12)

A
Ezzm/
0

222
E = 27yho) (1 n @) . (3.13)
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By substituting hy in Eq. 3.13 by Eq. 3.9 we can calculate the change in energy
AE =E — Ej as:
_ mye*A

AE =" [(kRO)2 - 1] . (3.14)

The change in energy is negative if, and only if, (kRg)? < 1, or equivalently,
A > 27Rp. This indicates that perturbations with wavelengths greater than the
circumference of the liquid thread are unstable, a conclusion reached by Plateau
[68].

3.1.2 Linear stability analysis

Rayleigh was the first to apply linear stability analysis to study the liquid jet
instability in a more detailed manner [69]. To obtain a dispersion relation that de-
scribes the growth rate of perturbations of different wavelengths, we consider an
incompressible, inviscid fluid at a stationary base state. Our problem is governed
by the Euler and continuity equations:

a—v+v-Vv: —%Vp (3.15)

ot
V-v=0. (3.16)

We can decompose the velocity field in a base state solution plus a perturbation
as v = vy + v’ and the pressure p = pp + p’. Because we assume a stationary base
state, the velocity vg = 0 and py is equal to the Laplace pressure, which will be
used later on. To proceed, we add these perturbations to the governing equations

and consider only the axisymmetric case:

0V 10p’
o oo 317
0V 10p’
5= _5_82 (3.18)
v, 9
TR =) G19)

where v, and v, are the perturbations in the radial and axial direction, respec-
tively. Moreover, the non-linear terms were neglected as perturbations are small,
resulting in linear equations. We are looking for distortions of the interface of the
form h(z,t) = ho + ee“! T2, thus we anticipate that the perturbations will be of
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the form:
vy = R(r)e‘"”ikZ (3.20)
v, = Z(r)eWt ik (3.21)
p' =P(r)e ", (3.22)

where w is the growth rate, i = v/—1, and k the wavenumber.

Substituting Eqs. 3.20-3.22 in Egs. 3.17-3.19 we obtain:

81;5/0 = —pwR(r) (3.23)
ikP(r) = —pwZ(r) (3.24)
al;(:) @ +ikZ(r) = 0. (3.25)

By differentiating Eqs. 3.24, 3.25 with respect to r and then combining with Eq.

3.23 we arrive at:

0°R(r)  OR(r)
2
T Ty,

_ (1 + k2r2) R(r) = 0. (3.26)

Equation 3.26 has a general solution in terms of the modified Bessel functions of

the first and second kinds:
R(?’) = C111 (k?’) + C2K1 (k?’), (327)

where the constant C, has to vanish because the modified Bessel function of the
second kind Kj (kr) — oo as r — 0 and we require our solution to be well behaved
at the origin.

To determine the coefficient C; we use the kinematic boundary condition:

U v (vH) =0, (3:28)

which describes the motion of an interface defined by a function, H which is con-
stant exactly at the interface. This function for our problem is H = r — h(z,t).
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Substituting in the kinematic boundary condition at the base state interface posi-

tion r = hy and neglecting the terms of order € we get:

d d d
g(r—h)—i—vra(i’—h)—szg(V—h)—0 (3.29)
oh oh

o T 05, =0 (3.30)
%Qm+aw%ﬁ=w (331)
ewewt+ik2 — R(ho)ewt+ikz (332)
EW = C1 11 (kho) (333)

€W
C = ) 3.34
' T (ko) (039

Combining Egs. 3.23, 3.27, 3.34 and integrating it by using the property of Bessel
function Ij(kr) = kI, (kr) with prime denoting derivative in r, we find that:

2
_ pwe Io(kr)
P(r) = K T (khy)' (3.35)
so that:
2
! _pw € IO(kT) wt+ikz

The next step needed to find the dispersion relation is to require a stress balance

at the interface. This is done by using the Young-Laplace equation:
— =4V -f = ! + ! (3.37)
where p is the pressure outside of the cylinder, taken as equal to zero. The unit

vector 72 is normal to the interface and Ry, R; are the principal radii of curvature.

The normal vector can be calculated from our surface function H:

VH 1 h

= = — 3.38
n ‘VH| (1+h/2)1/2er (1+h/2)1/262 ( )
where primes denote derivative in z direction. The mean curvature is:
1 h//
V- = (3.39)

n(1+n2) (1)
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For the base state cylinder, the surface is described by setting h(z,t) = hg so the
Laplace pressure is:

_
Po=i (3.40)

The Laplace pressure on the perturbed cylinder is computed by setting h(z,t) =
ho + ee“t*kz and by neglecting the terms of order €2, so:

p=9V-n (341)
po+p = —7 (% - h'/) (3.42)

hlo tp =n <m — (,?—222 (h() + ee“’t+ikz> (3.43)
Lt = it - R G4
hlo VN (hlo B ee‘:gikz L+ ef2ewt+ikz (3.45)

o = e (_hl% n k2> pwi+ikz (3.46)

Lastly, comparing Eqs. 3.46 and 3.36 at r = hp, and because we are neglecting
quadratic terms in €, hyp = R, we find the dispersion relation:

2 vk Li(kRo) 202
= ———2(1—-k°R 3.47
Y~ bR2Ty(kRo) < 0) (347)

The perturbations will grow when w? > 0 and this is true if, and only if, kRp < 1,

or equivalently, 21Ry < A, which is the same conclusion reached by Plateau.

In Rayleigh’s solution, however, only inviscid fluids were considered, so the ef-
fect of viscosity was neglected at first. Effects of viscosity were later introduced by
Rayleigh [70] by assuming the fluid is described on the basis of the Stokes equa-
tion. The full dispersion relation for an arbitrary fluid derived from the Navier—
Stokes equation is attributed to Chandrasekhar [71]. However, its derivation is
quite long, hence we will omit it here and only present the approximate relation:

w 1 9 3
(A2 44 Z0Oh2,4 _ ° 2
w0 \/2()( X )-I— 4Oh X 2Oh)( , (3.48)
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FIGURE 3.2: Growth rate of perturbations as a function of the re-
duced wavenumber x = kRg. The inviscid case was plotted with Eq.
3.47 and the viscous cases with Eq. 3.48.

which was first obtained by Weber [72] and can be derived by an expansion of
Chandrasekhar’s solution. In Eq. 3.48, x = kRp, Oh is the non-dimensional Ohne-
sorge number, which indicates the ratio of viscosity, y, to surface tension and

inertia. It is defined as:

Oh=—2" (3.49)

VPTRo

The frequency, wy, is the inverse of the fluid inertial time scale and is defined as:

Y -1
/ ; 3.50
wo pRg I ( )

The dispersion relation in Eq. 3.47 is plotted in Fig. 3.2 together with Eq. 3.48
for different Oh numbers as a function of the reduced wavenumber xy = kRy. We
see from the figure that the viscous solution approaches the inviscid one in the
limit Oh — 0. Moreover, there is a wavenumber for which the growth rate is
maximum. In the case of inviscid liquids, this is known as the Rayleigh mode,

and its value is x = 0.697. For viscous fluids this point depends on Oh and can
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be analytically calculated as:

(3.51)

3.2 Simulations

It is possible to use the theory developed so far and the literature on the breakup
of liquid threads to predict the formation of droplets and apply it in many practi-
cal systems. The most unstable perturbations and dispersion relations have been
confirmed experimentally [73]. However, the influence of perturbations at the

molecular-scale has not been properly quantified [74, 75].

While the process is fundamentally driven by surface tension, and affected by
inertial and viscous forces, we expect that thermal fluctuations also play a role in
the phenomena [4, 7, 8]. The importance of these fluctuations in our system can
be determined by the non-dimensional number, Th, which we call the thermo-
capillary number [76]. This number is defined as:

Th =, /kB—RTZ. (3.52)
TRH

To simulate the breakup of a liquid thread, we start by generating our initial
system (Fig. 3.3) as randomly distributed particles in a cylindrical region of space
with initial radius R and length L. The number of particles is set by the density of
the liquid phase at the liquid—vapor coexistence region in the equations of state
presented in Chapter 2. The simulation parameters B = 25, r. = 1, r; = 0.75,
and o = 18, where kept the same for all simulations as we varied the attractive

TABLE 3.1: Fluid properties obtained for different A values in the

MDPD model based on the Lucy Kernel. The density, p, was ob-

tained from simulations, the surface tension, 7y, and the viscosity, y,
were calculated from fitting equations 2.35, 2.36, respectively.

A 4 Y u
—40 675 995 4.06
50 7.65 1598 7.22
—60 830 22.60 10.76
—70 895 30.66 18.31
—80 9.60 40.29 33.90
—85 9.92 4573 47.02
—90 1024 51.62 64.01
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FIGURE 3.3: Characteristic snapshots from the simulations during
the time evolution of the breakup from the liquid thread to individ-
ual droplets. Here, Ry =6, A = —50, L = 87Ro.

parameter A from —90 to —40 to represent different fluids. Since we used the
Lucy kernel to compute the local densities in all of simulations in this chapter,
the fluid properties are slightly different than the ones presented in Tab. 2.1, their
new values are reproduced in Tab. 3.1. Periodic boundary conditions are applied
in every side of the simulation domain.

No external perturbation is introduced in the system and the breakup sponta-
neously occurs due to the thermal fluctuations modeled as random and dissipa-
tive forces in MDPD. Depending on the goal of the simulations, we also changed
the length L of the cylinder as a multiple of its circumference to make our results
comparable between different initial radii.

A typical simulation trajectory is shown in Fig. 3.3, from the initial configuration
until the formation of all the droplets. We see that initially the cylinder is undis-
turbed and then eventually starts to form asymmetric undulations on its surface
that grow with time and lead to pinch-off at different positions and at different
moments in time. After the pinch-off, we observe the formation of main and

satellite droplets.
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FIGURE 3.4: Representation of two annular bins at a distance ¢z

used to compute the density correlation function in Eq. 3.53. The

bin’s density is simply the number of particles in the bin divided by
the volume of each bin.

3.2.1 Characteristic wavenumber

The characteristic wavenumber y is equivalent to the most unstable wavelength.
To measure this value, we take advantage of the axisymmetric nature of the sys-
tem and divide the liquid thread in annular bins with the bin size in the radial
direction and the bin size in the axial direction equal to unity. Then, we compute
density correlations along the z direction as a function of the distance éz between
two bins. This process is illustrated in Fig. 3.4. For a fixed radial position, the

correlation function is computed as:

(p(r2)p(rz+62)). 1

o) = = .

(3.53)

The density is simply the number of particles in the bin divided by the volume of
each bin. Furthermore, averaging happens along the z axis for 6z < L/2 because
of the periodic boundary conditions [77]. The subscript T indicates the ensemble
average of many independent simulations at the same temperature (k;T = 1).
All our results were obtained by averaging 20 independent trajectories for the
same set of parameters, changing only the random number generator seed on the

random force. This is done to ensure statistically meaningful results.

We perform the ensemble averages at the last time step prior to the first breakup
occurring, i.e. the breakup time, t;,, which is different for every simulation. The
breakup time is automatically found by doing a binary search over time on each
trajectory until we encounter a first time step in which the thread configuration
has an empty bin along the axial direction at the radial position r = 0. The differ-
ence in average breakup time for different A is shown in Fig. 3.5 and as we make
the attractive parameter more negative, which increases the attraction between
MDPD particles, we observe that the liquid thread takes longer to break.
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FIGURE 3.5: a) Dependence of the breakup time t;, on the attractive

parameter A for threads with different initial radius Ro. Adapted

from Carnevale et al. [67] with permission by AIP Publishing. b)

Same dependence but with the breakup time normalized by the in-
ertial time scale t;. Time is in MDPD units.

After calculating the density correlations at the breakup time, we analyze the
perturbation modes from a Fourier transform of the function. Figure 3.6 a) shows
an example of such measurements on a thread with Ry = 6 and A = —50, or
equivalently, Oh = 0.266. The characteristic wavenumber is obtained by carrying
out a Gaussian fit around the peak in the Fourier spectrum. Moreover, reduced
wavenumbers are related to the Fourier frequency g as x = 27tRoq. The discrete
Fourier transform (DFT) was computed by using the Scipy package [78]. For a
sequence with N points the DFT is defined as:

N-1
G(r,q) = Y. efzquG(r,ézn). (3.54)
n=0

Finite-size effects were investigated by changing the length of the liquid thread.
The results in Fig. 3.6 b) show that by increasing L we are able to obtain bet-
ter statistics but the characteristic wavenumber stays reasonably well within the
theoretical prediction xy = 0.565 for Oh = 0.266 (Eq. 3.51). We henceforth only
use long threads in the simulations to obtain the highest possible accuracy on
the characteristic wavelength through the Fourier transform. Moreover, a larger
number of droplets formed in the case of longer threads allows for better statistics
on the post breakup analysis.

Repeating this procedure for the different sets of parameters used in our simu-
lations, we can obtain a relation between the characteristic wavenumber and the

Ohnesorge number. This dependence is presented in Fig. 3.7 and compared to
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FIGURE 3.6: a) Fourier transform, G(r, X), of the correlation of the

density fluctuations, G(r,0z) (inset), at various radial distances, r,

from the thread axis, as indicated. Example for Oh = 0.266; b) The

characteristic wavelength for threads of different lengths, L. The

dashed line indicates the theoretical prediction, x = 0.565, as ob-

tained from Eq. 3.51. Adapted from Carnevale et al. [67] with per-
mission by AIP Publishing.

Eq. 3.51. The results show that the theoretical prediction is generally valid for the
range of parameters tested, and that the stochastic nature of the thermal fluctua-
tion driven breakup does not seem to affect the wavenumber. It is worth noting
that by changing the initial size of our system we are increasing the Th number
so the relative importance of the fluctuations is higher.

3.2.2 Breakup dynamics and droplet-size distribution

Having characterized the most unstable wavelengths for various fluid systems,
we now turn our focus on the post breakup analysis. The droplet-size distribu-
tion is an important quantity to be measured as it relates to the final quality in
some applications, such as monodispersity in sprays or good resolution in inkjet
printing. In view of the stochastic nature of the breakup we expect that the num-

ber of droplets changes with time. To investigate the droplets formation, we use
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FIGURE 3.7: Characteristic wavenumber, x, versus Oh number. The
dashed line shows the theoretical prediction (Eq. 3.51). Adapted
from Carnevale et al. [67] with permission by AIP Publishing.

Ovito’s python API package [63] to perform a cluster analysis over time. This is
done by grouping particles that are within a certain threshold distance from each
other. The set of all particles that can be connected through a continuous path
along its neighbors that are at a distance smaller than the cutoff r.,; = 0.8 were
considered to be in the same cluster. However, a single cluster is not necessarily a
droplet as it could still be an elongated part of the liquid thread that has not been
broken yet. To help distinguish which clusters are droplets and to measure their

sizes, one can calculate the gyration tensor for each cluster as:

1 N N
Smn = 2—1\]2 Z Z(ri,m — T]'/m) (1’1',]' — 1’]',”), (355)
i=1j=1

where 7; ,, is the m-th coordinate of the i-th particle and N is the total number of
particles in the cluster. The gyration tensor is symmetric and can be described by
a diagonal tensor with elements called the principal moments that are ordered
as A2 < A3 < A%. We use a descriptor called relative shape anisotropy [79] that is
calculated from the gyration tensor by the formula:

PYSIpTSpY
oo Mt 1 (3.56)
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Values of relative shape anisotropy closer to zero indicate that a cluster has a
stronger spherical symmetry while values closer to one rather indicate that all
points lie along a line. Here, we required our clusters to satisfy the criterion that
k2 < 0.2 to be considered droplets.

The size of each droplet is obtained from the radius of gyration, given by:

Ry =/AT+ A3+ A3, (3.57)

The left panel on Fig 3.8 a) and b) display the evolution of the average number of
clusters, normalized by the circumference of the liquid thread, for different values
of the parameter A, with an initial thread radius Ry = 6 . The plots begin at the
breakup time, as no droplets are formed before this point. It is apparent that the
liquid threads require some time to reach a maximum number of droplets, after
which the number of droplets decreases. This reduction is due to subsequent

coalescence of droplets that move close together.

In Fig. 3.8 b), which refers to a system with a higher attraction parameter (Ohne-
sorge number Oh= 1.137), the system takes longer to reach its maximum droplet
count. Furthermore, this system produces fewer satellite droplets compared to
the system in Fig. 3.8 a), where Oh= 0.199.

The right panels in Fig 3.8 a) and b) show the droplet size distribution in the form
of density histograms. These histograms are taken at a time step corresponding
to the maximum number of droplets, i.e., the peak point on the left panels. The
droplet size distributions are bimodal, reflecting the distinction between satellite
droplets and main droplets, both of which are marked on the plots. In Fig. 3.8
b) the size distribution is broader, with its peak shifted to the right compared to
Fig. 3.8 a), indicating that the higher Ohnesorge number system produces larger
droplets.

A similar trend is observed for liquid threads with smaller initial radii, as shown
in Fig. 3.9. However, in these cases, even fewer satellite droplets are produced
compared to the systems with larger initial radii. Given that thermal fluctuations
become more significant in smaller systems, it is likely that they play a role in

satellite droplet formation, as we will see later.
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FIGURE 3.8: The left panels illustrate the evolution of the linear
number density of droplets versus time (t;, is the time of the first
breakup event) for the main and satellite droplets, as well the total
sum of the two, as indicated, for a liquid with a) Oh = 0.199 and
b) Oh = 1.137. The right panels show the distribution of the size
of droplets (calculated from the radius of gyration, Rp) at the time
of maximum droplet count, indicated by the black dot in the left
panels. The two distinct populations are the satellite (left peak at
smaller Rp) and the main (right peak at larger Rp) droplets. Both
cases had initial cylinder radius Ry = 6. Reprinted from Carnevale
et al. [67] with permission by AIP Publishing.

To further explore the relationship between droplet size and the characteristic
wavenumber, we assume that the peak of the solid-line fit on the size distribu-
tions in Figs. 3.8, 3.9 represents the expected size of the main droplets. We plot
these droplet sizes in Fig. 3.10, normalized by the initial thread radius, as a func-
tion of the characteristic wavenumber Y.

A theoretical estimate of the sizes of droplets can be obtained by assuming that
a cylindrical thread with the same initial radius Ry and with a length equal to
the characteristic wavelength A = 27tRy/ x will transform into a single spherical
droplet with radius Rp [20]. The final expression is obtained by equating the

cylinder volume with the sphere volume as a function of the wavenumber x. The

37T
Rp/Ry= & =—. .
p/ Ry \/2)( (3.59)

formula is:
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FIGURE 3.9: The left panels illustrate the evolution of the linear
number density of droplets versus time (¢, is the time of the first
breakup event) for the main and satellite droplets, as well the to-
tal sum of the two, as indicated, for liquid with a) Oh = 0.428 and
b) Oh = 2.43 . The right panels show the distribution of the size of
droplets (calculated from the radius of gyration, Rp) at the time of
maximum droplet count, indicated by the black dot in the left pan-
els. The two distinct populations are the satellite (left peak at smaller
Rp) and the main (right peak at larger Rp) droplets. Both cases had
initial cylinder radius Rg = 2.

Figure 3.10 demonstrates that droplet size is indeed dependent on the charac-
teristic wavenumber, with droplet size decreasing as the wavenumber increases.
However, the rate of change follows a steeper trend than expected. A power-law
fit yields a scaling relationship where the droplet radius scales as Rp / Rg ~ x %2,
in contrast to the theoretically predicted scaling Rp/Rg ~ x /3. This deviation is
attributed to the stochastic nature of the breakup process driven by thermal fluc-
tuations. These fluctuations, introduced as Gaussian noise through the MDPD
thermostat, generate multiple perturbation modes during the growth phase of the
instability, as shown in the Fourier spectrum in Fig. 3.6 a). This leads to slightly
different thinning rates at different pinching points along the liquid thread, some

of which end up being suppressed, thus, leading to locally larger droplets.

To elucidate the suppression mechanism, we show the thinning process in more
detail for a section of the liquid thread in Fig. 3.11. Focusing on the formation
of droplet 3, we observe that the pinching point on its left side initially had a
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FIGURE 3.10: Dependence of the average expected radius, Rp, of
the main droplets versus the characteristic wavenumber, x. The
dashed line shows the expected value (Eq. 3.59) based on the vol-
ume balance with respect to x. The blue dashed line shows a power-
law fit of the simulation data, i.e., Rp/Rg ~ x %2 Adapted from
Carnevale et al. [67] with permission by AIP Publishing.

wavelength closer to the characteristic wavelength, causing it to pinch-off before
the thinning neck on the right side. Once the bulge destined to become droplet 3
detaches from one side, a retracting liquid filament moves toward the bulge. This
retraction imparts linear momentum to the droplet, causing it to drift to the right.

The liquid filament retraction is indicated in the formation of droplet 1.

In the case of droplet 2, initially two bulges are connected by a thinning neck.
However, the thinning necks to the left and right of these bulges pinch-off first,
while the central neck continues thinning. As the two bulges retract from both
sides, they gain momentum toward each other, as shown by the arrows in the
tigure. This inward retraction suppresses the thinning of the middle neck, pre-
venting it from pinching off and resulting in the formation of a larger droplet. The
same process is observed in the formation of droplet 4. Moreover, droplets 5 and
6 were also formed by two bulges in a similar manner. However, the wavelength
that formed the central pinching point was too small and it did not have enough
time to grow before it got suppressed. The mechanism behind the formation of a

satellie droplet between droplets 5 and 6 will be explained in a later section.

It is important to note that droplets formed from systems with lower x values
exhibit a larger deviation from the theoretical prediction. These cases correspond
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FIGURE 3.11: Time evolution of a breakup simulation showing the
mechanism of breakup suppression due to the asymmetry in the
pinching events, which can also suppress the formation of satellite
droplets, and the mechanism by which droplets acquire lateral mo-
mentum that will lead to coalescence later on. Numbers indicate
droplets discussed in the text. This simulation corresponds to the
case where Oh = 1.137 and Ry = 6. Reprinted from Carnevale et al.
[67] with permission by AIP Publishing.

to higher Oh values where viscous effects slow down the thinning process, and,
thus, have a longer breakup time. This difference in time scale seems to favor the
suppression mechanism due to the change in the growth rate of perturbations for
higher Oh systems.

3.2.3 Satellite droplets formation

Satellite droplets are typically undesirable in applications like inkjet printing,
where their formation is often attributed to nonlinear effects that arise near the
pinching point [25]. As mentioned in the previous section, the number of satellite
droplets appears to depend on both the initial radius and the attractive parameter
A. Variations in these parameters correspond to changes in the non-dimensional
Oh and Th numbers.

Petit et al. [7] experimentally demonstrated that thermal fluctuations tend to sup-
press satellite droplet formation. However, their proposed relationship does not
account for the role of viscosity, which also acts to reduce satellite formation.

In Figure 3.12, we plot the ratio of satellite droplets to the total number of droplets
as a function of the combined parameter OhTh, with each point representing a
different simulation case. We observe that the proportion of satellite droplets fol-

lows a power-law trend with an exponent of —0.72 £ 0.04, which indicates that
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FIGURE 3.12: Dependence of the proportion of satellite droplets,

Niateltite, compared to the total number of droplets Njy,;, versus the

product of the Ohnesorge (Oh) and thermocapillary numbers (Th).

Adapted from Carnevale et al. [67] with permission by AIP Publish-
ing.

both viscosity and thermal fluctuations hinder the formation of satellite droplets.
Additionally, no satellite droplets are formed when OhTh equals 0.15. Unfortu-
nately, we are unable to explore higher values of OhTh, as we have reached the
limit of the MDPD parameter space for accurately modeling liquids [44].

The decision to use OhTh was inspired by the work of Zhao et al. [76], who sug-
gested that breakup dynamics might depend on both Oh and Th. We also empir-
ically tested various combinations of the form Oh*Th?, where a and b are fitting
exponents, and found that the best fit occurred when a = b = 1. This form was
chosen because similar terms appear in a one- dimensional approximation of the
Landau-Lifshitz—Navier-Stokes equation, specifically the stochastic lubrication
equation [4, 80].

After identifying a power-law governing the proportion of satellite droplets in a
system, we next investigate the dynamics of the thinning neck to understand how
these droplets form. A new set of simulations was conducted by setting the lig-
uid thread length equal to one characteristic wavelength, L = A = 27tRy/ x. This
approach ensures that only one pinching point develops along the thread. Given
the stochastic nature of satellite droplet formation, we conducted simulations for
two cases: one with a lower probability of satellite formation (Oh= 0.461) and
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FIGURE 3.13: Breakup of liquid threads with different Oh num-

bers. The formation of satellite droplets in the case of lower Oh is

seen and tracked in the right panel. We observe the advection of

the pinching points towards the region that connects the thinning

neck to the main droplet. The advection coincides with maxima of

the axial velocity gradient. Reprinted from Carnevale et al. [67] with
permission by AIP Publishing.

one with a higher probability (Oh= 0.174), minimizing the need for multiple sim-

ulations.

Due to the symmetry of the system, we focus on the axial velocity, v, to character-
ize the flow field within the thinning neck [81-83]. The velocity was measured as

the average of particle velocities in defined spatial bins along the axial direction at
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a radial position of r = 0. Furthermore, to reduce noise, the results were averaged
over four consecutive time steps. While averaging over more steps could further
reduce noise, doing so would blur the results due to the system’s time-dependent
changes.

The velocity fields and corresponding simulation snapshots are presented in Fig.
3.13. The left panels show a scenario where no satellite droplet forms, while the
right panels depict a case where a satellite droplet does form. As shown in Fig.
3.13, satellite droplets emerge when two pinching points develop in the thinning
neck, separating it from the main droplets on either side. These pinching points
coincide with maxima in the velocity gradient dv,/dz. During satellite droplet
formation, these maxima shift away from the center of the thinning neck, consis-
tent with previous studies [27, 84]. Viscous effects counteract the movement of
the pinching points, because viscosity resists to rapid changes in the flow field,
particularly in regions of high velocity gradients. In the thinning neck, viscosity
acts to dampen the deformation, which slows down the neck’s thinning process
and resists the advection of the pinching points.

3.3 Conclusions

To conclude this chapter, we have presented a detailed investigation into the
Rayleigh—Plateau instability, focusing on the breakup of liquid threads and the
formation of droplets, with particular emphasis on the role of thermal fluctua-
tions and viscous effects in determining droplet dynamics. Our study utilized
particle-based mesoscale simulations to provide precise values for key parame-
ters, such as the characteristic wavenumber, which directly influences the stabil-

ity of liquid threads and their subsequent fragmentation.

By exploring various fluid properties characterized by different Ohnesorge num-
bers, we confirmed that the dependence of the characteristic wavenumber on the
Ohnesorge number aligns well with theoretical predictions from stability analy-
sis. Moreover, the Oh numbers utilized are within the range of applications in
inkjet printing [17]. These findings validate the use of MDPD as a robust model
for simulating the breakup of liquid threads, capturing both macroscopic fluid

behavior and the molecular- scale interactions driving the process.

One of the key outcomes of this study is the identification of a clear power-law
relationship between the number of satellite droplets and the combined Ohne-
sorge and Thermocapillary (OhTh) numbers. The exponent derived from this
relationship suggests that viscosity and thermal fluctuations play a significant
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role in suppressing satellite droplet formation, with higher viscosity fluids show-
ing fewer satellite droplets due to the dampening effect of viscous forces on the

thinning neck dynamics.

In addition, our investigation into the formation of main droplets revealed that
the average droplet size is closely tied to the characteristic wavelength of the
breakup process. However, we also observed deviations from the expected scal-
ing law at higher Ohnesorge numbers. These deviations are attributed to the
asynchronous breakup events and the increased timescales associated with vis-
cous fluids, which suppress the formation of pinch points and lead to larger main
droplets.

Furthermore, our analysis of the velocity fields within the thinning neck dur-
ing the breakup process provided an insight into the mechanisms behind satel-
lite droplet formation. We found that satellite droplets form when two strong
pinching points, associated with peaks in the velocity gradient, move towards
the ends of the thinning neck. This prevents the neck from merging with the
main droplets, resulting in the creation of a satellite droplet. In contrast, when
viscous effects are strong enough to slow the movement of these pinching points,

satellite droplets are less likely to form.

In conclusion, this chapter has provided a comprehensive examination of the
Rayleigh—Plateau instability, highlighting the critical factors that govern the
breakup of liquid threads and the formation of droplets for different liquids. Not
only the insights gained from our simulations validate theoretical predictions,
but, also, extend our understanding of the interplay between viscosity, thermal
fluctuations, and fluid dynamics in the breakup process. These findings have im-
portant implications for applications such as inkjet printing and spray formation,
where controlling droplet size and minimizing satellite droplet formation are cru-
cial. Future research can build on these results by exploring more complex fluids
and incorporating additional factors, such as surfactants and external forces, into
the MDPD framework.
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Chapter 4

Surfactant Laden Liquid Thread
Breakup

In the previous chapter, we examined the Rayleigh—Plateau instability driven
by thermal fluctuations in pure liquids with varying properties, focusing on the
mechanisms of droplet formation. Many industrial applications that involve, or
are influenced by, droplet production from liquid jets rely on the addition of var-
ious chemicals to tailor fluid properties. Among those, surfactants are commonly
employed. Surfactants are amphiphilic molecules characterized by hydrophobic
chemical groups on one side and hydrophilic groups on the other. This dual na-
ture causes them to adsorb at liquid interfaces, where their primary impact is to
reduce surface tension. Since the Rayleigh-Plateau instability is fundamentally
governed by surface tension, the presence of surfactants is expected to signifi-

cantly alter the breakup process.

Current research highlights two primary ways in which surfactants affect the
thinning dynamics of liquid threads. First, during the thinning process, surfac-
tants are advected away from the pinching point, creating a surface tension gra-
dient due to the concentration gradient. This induces Marangoni stresses, which
slow down the thinning process and delay breakup [33]. However, if the system
exceeds the saturation surface concentration and surfactant surplus is present in
the bulk liquid, adsorption dynamics play a crucial role. When the adsorption
time is much faster than advection, the surfactant concentration at the interface
remains constant. Nevertheless, the breakup dynamics differ from those of pure

liquids due to surface rheological effects [34, 36].

This chapter will focus on understanding the behaviour of surfactant molecules
during the breakup of liquid threads induced by the Rayleigh-Plateau instabil-
ity. It begins with the description and MDPD parametrization of the surfactant

model tailored for a water—air interface. Next, the key properties of the surfactant
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FIGURE 4.1: Schematic representation of the coarse-grained HT3
surfactant model (see text for details)[86]. Reprinted from Carnevale
et al. [85] with permission by AIP Publishing.

are characterized, including surface tension and critical micelle concentration. Fi-
nally, the influence of surfactants on the thinning process is analyzed through
measurements of characteristic wavelengths, radius thinning regimes, and sur-
factant concentration distributions at the interface near the pinching point. The
findings presented in this chapter are primarily based on one of our publications
(see [85]).

4.1 Surfactant model and parametrization

41.1 Model

We have chosen to use sodium dodecyl sulfate (SDS) as our surfactant due to its
ample use in industrial applications. Following the literature on coarse-grained
models of SDS, we decided to represent it by combining two kinds of particles.
The hydrophilic head group is modeled as a single "H’-type particle. The alkane
hydrophobic tail is modeled by three "T’-type particles. Figure 4.1 shows the
coarse grained representation of the HT3 model molecule. To model the bonds
between particles and the angles in the molecular structure we use the harmonic

potentials:
2
Epona =k (71']' — ro) , (4.1)
2
Eangie = ka (05— 00) (4.2)

where k and k4 are constants, g is the equilibrium bond length, and 6y the equi-

librium angle.



4.1. Surfactant model and parametrization 49

To simulate a physical system with SDS at the water-air interface we use a typical
three-to-one mapping to model the liquid phase. This means that one "W’-type

particle represents three water molecules.

4.1.2 Parametrization

The parameters used in our simulations were found in the literature of MDPD
models for surfactants and in this section we describe the procedure that is typi-
cally utilized [86].

To parametrize the interactions between the different types of particles, we begin
by mapping a pure liquid system, where the self-interaction Ay = —40, to real
water properties [45, 48]. This leads to the conversion between MDPD and real
units presented in Tab. 4.1.

With the water self-interactions and the units mapping set, simulations with only
"T’-type particles were done and the self-interactions Arr were systematically
varied until the system reproduced the surface tension of hexadecane, which is
a hydrophobic alkane that can be modeled by bonded "T’-type particles. After-
wards, a system with hexadecane and water was created to tune the cross inter-
action Ayt to reproduce their real interfacial tension. Lastly, the "H’-type particle
self and cross interactions were empirically defined by qualitatively testing the
SDS molecule behavior at the water-hexadecane interface. The interactions are
presented in Tab. 4.2

The bond and angle potentials parameters were also obtained from the literature.
We adopted the values ry = 0.45, k = 400 of Ref. [87], while the same angle poten-
tial parameters[86] were kept, namely, 6p = 160°, k4 = 100.

TABLE 4.1: Conversion between MDPD and real units. The scaling

is done by matching surface tension and density of water to values

measured from MDPD simulations using A = —40 and B = 25. The

coarse-graining level is defined so that one MDPD particle repre-
sents three water molecules.

Parameter MDPD value Real value

Particle 1 3 H,O
re 1 8.17 A
6.05 997 kg/m3

p
0% 7.62 72 mN/m
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4.2 Surfactant properties

We have extensively characterized different properties of our surfactant model
through various simulations of water-SDS-air interfaces. Our primary goal was
to identify the change in surface tension with the increase in surfactant concentra-
tion. Furthermore, we measure interfacial thickness, density profiles, and surface
excess concentration. To report our results, we have chosen to express three dis-
tinct types of concentrations, all in terms of the free surface area. The total initial
concentration, C, is the ratio between the total number of surfactant molecules,
N, divided by the surface area As, thus, C = N;/ A;. The surface excess concen-
tration, I', depends only on the number of SDS molecules that are adsorbed at
the interface, so I' = N,/ A;. Finally, the bulk concentration C, = N,/ As depends
on the molecules in the bulk phase so that we have Ny = N;, + N;. The surface
area was chosen to compute the concentration, because the interface saturation
becomes more evident and different simulations are initialized with a specified

number of surfactants already on the free surface.

To obtain measurements, we initialized a system with a cubic region of water
in the middle of the simulation domain with lateral size 1 = 20. The lower and
upper periodic boundaries are set at the coordinates —10, 10 in the x and y di-
rections, and at —35, 35 in the z direction, which is normal to the interface. This
defined our simulation box with dimensions Ly = L, = 20 and L, = 70. After-
wards, the same number of surfactant molecules at a given initial concentration
are placed evenly spaced at both sides of the water region in the normal direc-
tion and close to the interface. The system is then run for 10° time steps to attain
thermodynamic equilibrium. Once equilibrium was reached, we performed an
additional 10° time steps of simulation to acquire data for calculating the prop-
erties of interest. Figure 4.2 shows a typical simulation box, where the water
particles have been removed and substituted by the blue shaded area only for
easier visualization of bulk surfactants molecules.

TABLE 4.2: MDPD interaction parameters for the HT3 surfactant

model and water. W is the water particle, H the hydrophilic particle,

and T the hydrophobic one. The MDPD repulsive parameter is B =
25.

Ay W H T

W -40
H -3218 -19

T 27 598 -22
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FIGURE 4.2: Example of a system used to measure the surface ten-

sion of a liquid slab in the presence of surfactants. The water par-

ticles are represented by the transparent blue volume for easier vi-

sualization. In this case, the concentration of surfactants is below

CMC, and the surfactant molecules are not aggregated in the bulk

phase. Reprinted from Carnevale et al. [85] with permission by AIP
Publishing.

4.2.1 Surface tension and surfactant concentration

Surface tension from our simulations can be measured from the Kirkwood-Buff
method [46]. Similarly to Chapter 2, this is calculated by

L Pyy + P,
’)/ e ?Z <PZZ o XX 2 W>, (43)

where Pj;, i € {x,y,z} are the normal components of the pressure tensor. We av-
eraged the results over windows with 10* time steps to obtain 100 data samples
and estimate the standard deviation of the surface tension value for each concen-

tration simulated.

Our results are presented in Fig. 4.3 for a wide range of concentrations. It is evi-
dent that by increasing the concentration of surfactants the surface tension of the
water-SDS system continuously decreases until it reaches a plateau. Generally,
this minimum value is achieved when the system has reached the critical micelle
concentration (CMC), which indicates that the surface is already saturated and
new surfactant molecules will go into the bulk phase and form aggregates. This
saturation can be confirmed by measuring the surface excess concentration, T,
also shown in Fig. 4.3. At first, I' increases linearly with the initial concentra-
tion, as is expected, following the line I' = C. However, when the surface ten-

sion reaches its minimum value, the surface excess concentration also reaches a
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FIGURE 4.3: Dependence of surface tension, 7y (circles) and sur-

face excess concentration, I' (triangles), on the number of surfactant

molecules per surface area, C. Both values reach a plateau after

crossing the CMC (dashed line) indicating that the interface is fully

saturated. Reprinted from Carnevale et al. [85] with permission by
AIP Publishing.

plateau, indicating the saturation of the interface with the saturation concentra-
tion being I'.c = 1.75 (MDPD units). A system above the CMC is shown in Fig.
4.4, where micelles are clearly visible in the bulk phase and we also see the pres-
ence of free monomer molecules in the liquid. These findings support our MDPD
model as it properly represents surfactant behavior.

4.2.2 Interfacial thickness

Another interfacial property that can characterize our surfactant model is the in-
terfacial thickness. As is the case of real fluids, the interfacial region between
two phases can be distinguished by the density distribution of its different con-
stituents. Such distribution is depicted in the inset plot of Fig. 4.5 for a simulation
with C = 1.5. Our fluid is represented by the density of the "W’-type particles and
we can observe that it decreases from the bulk liquid phase value of p = 6.05 to
the vapor phase with p ~ 0. In the density distribution plot, we can also observe
that the hydrophobic tail of the surfactant molecules tend to stay further away
from the liquid phase and that the hydrophilic groups tend to stay closer to the
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FIGURE 4.4: Simulation of an equilibrated system with a concen-

tration above the CMC. Four micelles are visible together with free

monomer molecules in the liquid bulk phase. In this simulation,
C=23.

liquid. To quantitatively represent the water density distribution, we have fitted

our measurements using the hyperbolic tangent function

o(z) =2 |1 - tanh (M> , (4.4)
2 0

where p; represents the bulk density of the liquid phase, z is the Gibbs dividing

surface position and ¢ the thickness of the interface. The Gibbs dividing surface is

an idealized surface that assumes a sharp transition with zero thickness between

the phases and its position can be calculated by

1/ dp
zZ0 = — z—dz, 4.5
0= 5 by Faz (4.5)
assuming a flat interface and vanishing vapor density. The position of the inter-
face and its thickness are drawn in the inset of Fig.4.5 as the dash-dot and dashed

vertical lines, respectively.

Repeating the fitting procedure for all the simulations done, we can investigate
the variation the interfacial thickness with the change in concentration. This is

presented in the main plot of Fig.4.5, where we can see an initial linear increase
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FIGURE 4.5: Change in the interfacial thickness with the increase
in the number of surfactant molecules per surface area (x gives the
slope.). It remains at a constant value upon reaching the CMC. Inset:
example of a density distribution near the interface for a simulation
below CMC. The vertical lines indicate the position of the interface
and its thickness from a hyperbolic tangent fit (Eq. 44). W, H, T
are the liquid, head, and tail beads, respectively. Reprinted from
Carnevale et al. [85] with permission by AIP Publishing.

with slope a ~ 0.5 until the concentration of C = 0.6. The thickness continues
to increase linearly between C = 0.6 and C = 1.8, however, with a slope a ~ 0.9.
The difference in slopes is attributed to a change in orientation of surfactants at
the interface. At lower concentrations, the surfactant tails tend to stay parallel to
the interface, almost lying just above the surface. With higher concentrations, the
molecules rearrange to a more upright position, perpendicular to the interface
due to the decrease in available surface area [88]. Systems above the CMC don’t
experience an increase in the surface excess concentration, thus the number of

molecules remains constant at the interface and we see no change in its thickness.
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4.3 Breakup simulations

4.3.1 Characteristic wavenumber

We study the liquid thread breakup process in the same manner as it was pre-
sented in Chapter 3 by computing the reduced wavenumber x = 27Ry/A from a
density correlation function along the axial direction [77].

Due to the presence of surfactants in the system, more care is required in con-
structing the initial configuration of our simulations. We first make a water cylin-
der with radius Rg = 8 and length L, = 24. Afterwards, we placed the surfactants
evenly spaced directly above the surface according to a specified initial concen-
tration. This system is then allowed to run for 2 x 10° time steps to achieve ther-
modynamic equilibrium. In case of simulations above the CMC this was enough
time for the formation of the micelles in the liquid bulk. It it important to note
that this initial equilibration procedure was possible because of the short length
of the liquid cylinder, which is stable and does not break (L, < 27tRp).

After equilibration, we construct longer liquid threads by replicating the sys-
tem in the axial direction 48 times. As previously shown in Chapter 3, using
longer threads enables more accurate measurements and we also verified that
there are no finite-size effects. The, now unstable, system is then allowed to run
until the end of the breakup process and all the main and satellite droplets have
been formed. To obtain better statistics for our measurements, we performed 20
simulations for each concentration, using different random number seeds for the

fluctuation term in the MDPD thermostat, and averaged the results.

A typical simulation trajectory is shown in Fig.4.6 for a concentration C = 0.5.
We can see the formation of seven droplets and one satellite droplet. We also
note that the suppression mechanism described in Chapter 3 is present and it acts
more strongly during the formation of droplets. To gain a better understanding of
the breakup process, we also show the simulation of a thread four times shorter
than the typical ones in Fig. 4.7. This was done only for better clarity, as the
longer threads are poorly represented in a figure due to its dimensions. Here,
we see the growth of a perturbation with a wavelength A ~ L/3, but, due to
asynchronous breakup, only one final droplet is formed. It is also possible to
note that the surface excess concentration appears to be lower in the region closer

to the pinching point.

As the addition of surfactants lowers the surface tension, which acts as the

main driving force of the instability, we see a considerable slowing down of the
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FIGURE 4.6: Simulation trajectory of a typical long thread breakup
process. The initial concentration is C = 0.5, which is below the
CMC.
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FIGURE 4.7: Simulation snapshots of the breakup process of a
short liquid thread. The system develops perturbations that grow
with time and lead to the pinch-off and subsequent formation of a
droplet. The concentration of surfactant is below CMC in this exam-
ple. The threads used for statistical analysis were four times longer
in the axial direction than the simulation shown here, which was
shortened for the sake of clarity. Reprinted from Carnevale et al.
[85] with permission by AIP Publishing.
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FIGURE 4.8: Change in reduced characteristic wavenumber and

time to breakup vs total surfactant concentration (total number of

surfactant molecules divided by the initial surface area of the sys-
tem). Reprinted with permission from Carnevale et al. [85].
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breakup process. This is indicated by the linear growth in the time required for
the first pinch-off along the thread to occur (fpreak-up). The results are presented
in Fig. 4.8, where we also observe the reduction in the characteristic wavenum-
ber as more surfactants are added to the system. Lower x values translate to
longer wavelengths becoming the more unstable modes that grow along the lig-
uid thread. Interestingly, this decrease is also observed for concentrations above
the CMC and cannot be explained by the change in surface tension anymore.
Indeed, for this region the surface tension remains constant, but the number
of micelles in the bulk liquid increases. For a thinning region to be allowed
to break, it first requires that the micelles move away from the pinching point,
which apparently vary the viscosity of the fluid. The stronger viscous effects may
explain the further slowing down of the dynamics and the lower characteristic
wavenumber. We also observe an increase in the standard deviation in our mea-
surements, which can be attributed to the increase of the thermocapillary length

consequently intensifying the significance of the fluctuations in the system.

4.3.2 Droplet-size distribution

Following the breakup process, the temporal evolution of both main and satellite
droplets was analyzed using cluster analysis conducted with OVITO software
[63]. As in Chapter 3, clusters were also defined as groups of particles in prox-
imity within a specified threshold (r;; < 0.8), and the size of each droplet was
determined from the radius of gyration of the spherical clusters.

Our droplet-size measurements are depicted in Fig. 4.9. There is a general in-
crease in the sizes of droplets as the concentration of surfactant increases. This
is in line with the expectation that longer wavelengths will form bigger droplets,
as less pinching points form. Moreover, there is a slight distinction in the growth
trend for systems above the CMC, which could be explained by the slowing down
of the breakup process. Slower pinching dynamics favors the suppression mech-
anism explained in Chapter 3. In contrast, the size of satellite droplets exhibited
no statistically significant variation with concentration. Their sizes were consis-

tently measured at Rs/ R = 0.24 & 0.03 across all simulations.

We further investigated the proportion of satellites formed and found a clear re-
duction in their formation as more surfactants are in the system. This reduction
is likely due to the larger thermocapillary length scale, as thermal fluctuations
are known to inhibit satellite droplet formation [4, 6, 67]. Above the CMC, this
proportion approaches an asymptotic value, as depicted in the inset of Figure 4.9.
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FIGURE 4.9: Size of main droplets, R;,, normalized with the ini-
tial thread radius versus total surfactant concentration, C. The ra-
dius of satellite droplets did not present any statistically significant
variation with respect to the change in concentration, and therefore
data are not plotted here (see main text for further details). Inset
shows the change in the proportion between the number of satellite
droplets and the total number of droplets formed. Reprinted from
Carnevale et al. [85] with permission by AIP Publishing.

4.3.3 Surfactant distribution at the interface

Understanding how surfactants are distributed along the liquid thread interface
is essential for explaining the pinch-off dynamics during breakup. Moreover, any
gradient in concentration on the surface will lead to Marangoni stress that hinders
the instability [33].

To investigate the transport mechanism of surfactants during the breakup, we
conducted a new set of simulations of shorter liquid threads, with a single pinch-
ing point. This is achieved by setting the thread’s length equal to the most un-
stable perturbation, i.e. L, = 27Rg/ . Statistical robustness was also ensured
by running 20 simulations for each concentration investigated. We considered
two systems below the CMC with initial concentrations C = 0.5, C = 1.0, and two
systems above the CMC with C =23 and C =2.9.
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We utilized the software OVITO [63] to analyze our simulations. The first step
was to group all the particles into axial bins based on their position. The bin size
was chosen empirically and set as hp;, = 1.2 to avoid too much noise in the data
and still yield meaningful measurements. We identified surface particles with
OVITO'’s alpha-shape method and used their positions to fit circles on each bin.
The radii of those circles along the axial direction defined a surface shape profile,
h(z). Surfactant molecules were then tagged as being interfacial molecules if they
were within a thickness d from h(z). Otherwise, they were tagged as being in the
bulk phase. The number of molecules on the surface N; and in the bulk N, are
divided by the surface area A; on each bin to obtain the distribution of surface

excess concentration I'(z) and the bulk concentration C(z).

Due to the stochastic nature of the breakup in our simulations, the pinching point
does not always form in the same position on our computational domain. How-
ever, to obtain statistically relevant results, we require a strategy to compute the
ensemble averages of our measurements. Therefore, we define the reference po-
sition z = 0 as being the point where the shape profile has its minimum value and
then shift all threads to align with this definition. Moreover, we flip some pro-
tiles around the pinching point to preserve large anti-symmetrical effects. The
condition for flipping is given by a volumetric balance that leads to [76]:

0 L,/2
/_Lz/zh(z)dz>/0 h(z)dz. (4.6)

Figure 4.10 presents the average shape profile and surfactant concentration distri-
butions for all simulated cases at the last time step before the breakup occurred.
Lines represent the average values and the shaded areas indicate one standard de-
viation. At low concentrations, the breakup profiles exhibit a prolonged thinning
neck with the pinching point located closer to one of the main droplets. Drifting
of the pinching point from the center of the thinning neck is more noticeable at
the lowest concentration. As the surfactant concentration increases, the breakup
profile approaches that of an asymmetrical double cone, becoming almost sym-
metrical for the highest concentration. The double cone profile is expected when

the breakup is dominated by thermal fluctuations [4, 8].

Surfactant molecules are in the bulk phase of our systems with lower initial con-
centrations (Fig. 4.10 a), b)). This result is expected due to the distance to the
CMC. We observe the advection of surfactants away from the pinching point, in-
dicated by the lower surface excess concentration at that point and along the thin-

ning neck. At the same time, we also see an increase in I' on the main droplets,
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FIGURE 4.10: Profile shapes, /Ry, and surfactant concentration
along the z axis at the surface and in the bulk of the fluid. Lines rep-
resent the ensemble average and shaded area is one standard devia-
tion. The averages were obtained at the moment of pinch-off and for
two surfactant concentrations below CMC, a) C =0.5and b) C =1.0,
and two above CMC, ¢) C =23 and d) C = 2.9. TI'w is the highest
surfactant excess concentration at surface saturation. I is the sur-
face excess concentration and C,, is the bulk concentration (number
of molecules per surface area). Reprinted from Carnevale et al. [85]
with permission by AIP Publishing.

which becomes higher than the initial surface excess I'g. At concentrations above
the CMC, surfactant bulk concentrations become evident. In those cases, we also
observe the advection of surfactants from the pinching point toward the main
droplets. However, the surface excess concentration never exceeds its saturation
value, I's, in the main droplet regions. To further investigate the surfactant mass
transport mechanism, we present the temporal evolution of the concentration
distribution for the highest concentration case (C = 2.9) in Fig. 4.11. The analysis

over time was done by matching all the simulations at the breakup time so that
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tpreak-up — £ = 0. The advection of surfactants occurs not only on the surface, but,
also, on the bulk phase, which indicates the necessity of micelles to move away
from the pinching point. Furthermore, the increase in bulk concentration and
the constant surface-excess concentration on the main droplets suggest that the
advected surfactants migrate from the interface to the bulk during the breakup

process.

4.3.4 Radius scaling

The thinning dynamics of liquid threads were investigated to understand how
the minimum neck radius, /inin, evolves over time until the pinch-off event. We
used the same set of simulations as in the previous section and report the results

with respect to their relative time from breakup, T = (fpreak-up — t)-

Theoretically, distinct scaling laws are expected based on the dominant forces at
play during the thinning process. When surfactants are advected away from the
pinching point, the dynamics are predicted to follow linear scaling, known as the
viscous regime, with h,,;, ~ T [24, 34]. However, our results in Fig. 4.12 do not
exhibit this behavior. When inertial forces are dominant during the breakup, the
predicted regime is indicated by the scaling fmin ~ 72/3 [23]. Another relevant
regime happens when the thermal fluctuations become the driving force of the
breakup, presenting the scaling fipin ~ 70418 [

verified [8].

5], which has been experimentally

The lowest concentration case presented in Fig. 4.12 follows close to the inertial
regime and we do not observe a clear transition or presence of the thermal fluc-
tuation regime. From the literature, MDPD simulations of a liquid without sur-
factants also have shown a deviation from the thermal fluctuation scaling [80].
As the concentration of surfactants increases, lowering the surface tension, the
thinning dynamics is shifted and exhibits a transition between the inertial regime
and the thermal fluctuation one. This transition is consistent with predictions

obtained by stochastic lubrication theory as surface tension vanishes [76].

All cases also showed a transition to a different behavior when the neck radius
approaches the breakup time. A new regime has been previously proposed near
the breakup time from MDPD simulations [54]. However, we argue that this is
an artifact from the simulation method as the transition occurs when h, falls
below the interaction cutoff between particles. At this scale, the local density of
each particle near the pinching point starts to decrease, weakening the repulsive

forces between particles. This, in turn, increases the relative attraction and slows
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FIGURE 4.11: Time evolution of the surfactant distribution for a case
above CMC (C = 2.9) showing the advection of surfactants from the
pinching point and increase in bulk surfactant in the main droplet
region. I is the surface-excess concentration and Cj, is the bulk con-
centration (number of molecules per surface area). Reprinted from
Carnevale et al. [85] with permission by AIP Publishing.

the thinning process. Interestingly, this artificial regime scales as hpyin ~ €%, which
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FIGURE 4.12: Radius scaling of the thinning process for threads
with four different surfactant concentrations and comparison with
known breakup regimes. a) C =0.5;b) C =1.6;c) C=2.3;d) C=29.
Each case is an ensemble average of 20 simulations, indicated by
the black dots. 7. is the cutoff distance for the attractive interaction.
Dashed lines were added just as reference to the theoretical regimes
and have the same values in all plots. Reprinted with permission
from Ref. [85].

is a regime observed for viscoelastic fluids [89] and for special surfactant cases
when they are not advected from the pinching point [35, 36].

4.4 Conclusions

In this chapter, we provided a comprehensive investigation of the breakup dy-
namics of surfactant-laden liquid threads, focusing on how surfactants influ-
ence the process under thermal fluctuations. By utilizing MDPD and the coarse-

grained SDS model, this research successfully captured key interfacial properties
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like surface tension, micelle formations above the CMC and interfacial thickness
variation. Our results demonstrate that our method and model are a robust tool

for simulating surfactant behavior in real liquids.

A detailed study of the breakup of liquid threads revealed that increased sur-
factant concentration leads to longer breakup times and larger unstable wave-
lengths. While the initial increase in breakup time and wavelength can be ex-
plained by the decrease in surface tension, the continued trend at concentrations
above the CMC suggests the emergence of bulk viscous effects, caused by the
growing number of micelles. These findings highlight the importance of consid-
ering both surface and bulk properties when studying surfactant-laden systems.

Lastly, we observed a shift in thinning dynamics from the inertial regime toward
the thermal fluctuation regime as surfactant concentration increases. We found
that, at the lowest concentration investigated, instead of the predicted viscous
regime, the dynamics were mostly governed by inertia. Nonetheless, this is in
agreement with experimental observations [32]. We also argued that the pres-
ence of a new "breakup" regime closer to the pinch-off is likely an artifact of the
simulation method as the transition happens when the thinning neck radius falls

below the interaction cutoff between particles.
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Chapter 5

Conclusion

The thesis presents a detailed investigation into the dynamics of liquid thread
breakup, focusing on the Rayleigh—Plateau instability and its role in droplet for-
mation. This classical instability, driven by surface tension, causes perturbations
along a liquid thread to grow, ultimately leading to fragmentation into droplets.
While macroscopic theories have provided insight into this process, this study
emphasizes the molecular-level interactions and nanoscale effects, such as ther-
mal fluctuations and viscous forces, that influence droplet dynamics. Using
many-body dissipative particle dynamics (MDPD) simulations, key parameters,
including the characteristic wavenumber, were quantified to assess the stability
and fragmentation of liquid threads.

The study first analyzed the breakup of pure liquid threads under varying con-
ditions characterized by the Ohnesorge number (Oh), which encapsulates the
interplay between inertial, viscous, and surface tension forces. A strong corre-
lation was observed between the characteristic wavenumber and the Ohnesorge
number, aligning with theoretical predictions from stability analysis. This find-
ing validates the use of MDPD as a powerful mesoscale modeling tool capable of

accurately simulating droplet formation processes.

In addition, the study explored the formation of satellite droplets, which are
smaller droplets generated alongside main droplets during thread breakup. A
clear power-law relationship was identified between the number of satellite
droplets and the combined Ohnesorge and Thermal capillary (OhTh) numbers.
The results show that as viscosity increases, satellite droplet formation is sup-

pressed due to the dampening of thinning neck dynamics by viscous forces.

The study also revealed that the size of the main droplets depends closely on
the characteristic wavelength of the breakup process. However, deviations from
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expected scaling laws were observed at higher Ohnesorge numbers. These de-
viations were attributed to asynchronous breakup events and longer timescales
in viscous fluids, where the pinching dynamics are slower and result in larger
main droplets. The thesis extended the investigation to surfactant-laden liquid
threads, which introduce additional complexity due to their ability to reduce sur-
face tension and create surface tension gradients. Surfactants, being amphiphilic
molecules, alter the breakup process significantly by influencing both the thread’s

interfacial and bulk properties.

The results show that increasing surfactant concentration leads to longer breakup
times and larger unstable wavelengths. Initially, these changes are explained by
the reduction in surface tension, which increases the Ohnesorge number. How-
ever, above the critical micelle concentration (CMC), surface tension becomes
constant, and the continued increase in breakup time and wavelength is at-

tributed to bulk viscous effects arising from the formation of micelles.

Furthermore, the study identified a transition in thinning dynamics from an iner-
tial regime to a thermal fluctuation regime as surfactant concentration increased.
At low concentrations, the breakup was governed by inertia, which aligns with
experimental observations, even though viscous or visco-inertial regimes are typ-
ically expected. At higher concentrations, the dynamics shifted towards the ther-

mal fluctuation regime, where nanoscale thermal effects dominate.

Detailed simulations provided molecular-level insights into the surfactant distri-
bution during thread breakup. The findings show that surfactant gradients along
the interface induce the Marangoni effect, which opposes the flow and slows the
breakup process. This effect is particularly pronounced at high surfactant con-

centrations, where the suppression of satellite droplets was observed.

The study also noted a potential artifact in the MDPD model, where the thinning
neck radius approaches the particle interaction cutoff during the final stages of
breakup. This transition causes a disproportionate slowdown in thinning dynam-
ics due to the dominance of attractive forces, suggesting that further refinement
of the simulation method is needed for extremely small length scales.

This research has significant implications for practical applications where precise
droplet control is essential, such as inkjet printing, and spray formation. The abil-
ity to manipulate droplet size and minimize satellite formation through surfac-

tant concentration offers new opportunities for optimizing industrial processes.

In conclusion, this thesis advances the understanding of liquid thread breakup by

integrating molecular insights with mesoscale simulations. Future research could
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extend these findings by exploring more complex fluids, incorporating external
forces, or further refining MDPD to capture even smaller-scale dynamics. Some
of our ongoing work in developing MDPD has been placed in the appendix of
this thesis, as its main topic goes well beyond the main droplet breakup theme.
These efforts will pave the way for innovative droplet manipulation techniques

in both scientific and industrial contexts.






71

Appendix A

Martini coarse-graining approach
with MDPD

A.1 Introduction

Molecular dynamics (MD) simulations are a cornerstone in computational sci-
ences, being a powerful tool to study the behavior of systems at the atomic and
molecular level [90]. The popularity of the MD method can be partially attributed
to the many well-documented, open-source, free, software, such as LAMMPS [91,
92] and GROMACS [93]. At the core of MD lies the force-field, a mathematical
model that governs the interactions among particles. Moreover, the reliability of
MD simulations depends on the ability of the force-field to replicate key physi-
cal properties of the system under specific conditions, such as surface tension for
surfactant-laden interfaces [94].

As the complexity and size of simulated systems grow, all-atom force-fields be-
come inconvenient due to the higher computational demand. This can be mit-
igated by representing groups of atoms as single interaction sites in what are
known as coarse-grained (CG) models [95-98]. Among various CG force-fields,
the Martini force-field [56, 99-101] stands out as a versatile and widely adopted
model that is constantly being improved [57]. Part of the success of the Martini
force-field is due its modular approach, where particles are mainly classified in
terms of their polarity. This classification allows the use of different particles as

building blocks to construct various molecules.

Despite the success of Martini within the MD paradigm, the computational
demands of MD remain a consideration for large-scale systems or phenom-
ena requiring long simulation times. Many-body dissipative particle dynamics
(MDPD) is an alternative to MD that offers the potential to lower the computa-
tional cost. The improvement comes from MDPD’s use of a soft potential, which
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allows for larger time steps in simulations [9, 53, 55, 80, 102, 103]. In general,
MDPD is suitable for simulating multi-phase and multi-component systems that
are much larger than in MD [29, 55, 67, 85].

This appendix explores the synergy between the Martini approach and the
MDPD method. We start by giving an overview of the MD method and the pro-
tocol used in our simulations. Afterwords, we parametrize the interactions in the
MDPD version of the Martini force-field by following Martini’s top—down ap-
proach based on water—-octanol partition coefficients [104]. We further compare
the performance of MD and MDPD in simulating CG lipid models. The results
presented in this appendix have been partially published (see Ref. [29]). Unpub-
lished results have been submitted for publication and are under review.

A.2 Molecular dynamics

Molecular dynamics is a particle based method that aims to simulate the move-
ment of atoms and molecules over time. At its core, MD integrates Newton’s
equations of motion for a collection of particles, where forces are derived from
interaction potentials. The main difference between MD and the MDPD method,
described in Chapter 2, is in the choice of potential functions. Typically MD uses
the Lennard-Jones (L]) pair potential to describe the interaction between particles.

The form of this potential is:

o 12 o 6
u(rij):4€ij (1’_:) - (7’_:]]> (Al)

where 7;; is the distance between the center of particles i and j, and ¢;; and ¢;; are
parameters of the pair interaction, respectively. The L] potential is shown in Fig.
A.1 with the influence of its parameters indicated. The potential crosses the x axis
at r;j = 0;; and the energy depth of the potential is equal to €;;. As is the case in
MDPD, MD also computes the interactions between particles only up to a given
cutoff distance.

A.2.1 Martini MD force-field

The Martini MD force-field has been under development for over 20 years and
has found success in a wide range of applications. It has been used to simulate
complex molecules, such as proteins [105-108], polymers [109], carbohydrates
[110], glycolipids [111], glycans [112], DNA [113], RNA [114], water [115], and
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FIGURE A.1: The Lennard-Jones potential, given in Eq. A.1, mod-

els the interaction between a pair of particles as a function of their

separation distance, r;;. The potential reaches zero at r;; = 0;. The

minimum value of the potential, which represents the most stable
energy state of the system, occurs at a depth of €;;.

various solvents [116], while various extensions include simulations for specific

pH [117] and more recently chemical reactions [118].

In general, Martini maps four heavy atoms and their associated hydrogens to one
particle. Nonbonded interactions are parametrized by changing the well depth of
the L] potential, that is, by changing €;; in Eq. A.1. Originally, every particle was
considered to have the same size, 0ij. However, a recent version of the force-field
have incorporated different size choices for each class of particle [57]. Martini has
different classes of particles that are used to represent nonpolar, intermediately
polar, polar and charged chemical groups. Further subclasses are defined to pro-
vide different levels of interaction. The simulations presented in this appendix
were done with Martini 2.0 [56], while the most recent version is 3.0 [57]. The
nonbonded interactions between the particles used to build the lipid models in
Section A .4 is presented in Tab. A.1. It is important to note that, in total, Martini
2.0 has 18 different particles that can interact through 10 different energy levels.
Charged particles also interact via the Coulombic potential
U (rij) = % (A.2)
where g; is the charge of particle i, ¢y the vacuum dielectric constant, and the

dielectric constant ¢, = 15.
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Martini represents bonded interactions between different particles by the har-

monic potential

k 2
Ebond = % (rij - }’0> ’ (A.3)

where r is the bond equilibrium distance. For the sake of simplicity, and as is
usually done in CG models [119], all bonds have the same harmonic potential
coefficient, kpong = 1250 k] mol~'nm~2, and equilibrium distance ry = 0.47 nm.
Stiffness of molecule chains is described by the harmonic cosine potential

k 1 2
Eangle = % [cos(ﬁijk) —cos(fy)| , (A.4)

where 6;; is the angle between the vectors r; — rj, and rx — 1; of three consecutive
beads with ids i, j, and k. The equilibrium angle 6y depends on specific molecular
structures, and the harmonic potential constant value is kangle = 45 kJ mol~! for

all interactions.

A.3 MDPD-Martini force-field parametrization

Much like in the Martini MD force-field, we choose one parameter to represent
the different levels of interactions between particles in the MDPD parametriza-
tion. Due to MDPD’s "no-go" theorem [42], the value of the parameter B in Eq.
2.21 has to be constant. Therefore, the attractive coefficients A;; are used in the

parametrization. Furthermore, we make the usual choice of keeping B = 25.

Bonds have been modeled with the same harmonic potential in Eq. A.3, however
with the parameters kyong = 150, and rg = 0.5, in MDPD units. In our MDPD

TABLE A.1: Martini MD 2.0 interaction matrix for particles used to

build the lipid models in Section A.4. Roman numerals denote the

different energy levels €;;: 5.6 (O); 5.0 (I); 4.5 (II); 4.0 (I1I); 3.5 (IV); 3.1

(V); 2.7 (VI); 2.3 (VII); 2.0 (VIII); 2.0 (IX); all in units of k] /mol. The

parameter 0;; = 0.47 nm for all interaction levels except level IX for
which ¢;; = 0.62 nm.

Qa QO P4 Na C1 C3
Q|1 I O I IX VI

Qo Iv. O 11 IX VI
Py I III VvII VI
N, m Vvi VI
C IV 1V

Cs IV
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force-field, we have used the harmonic angle potential,

k 1 2
Eangle = % (Oi]'k - 00) ’ (A.5)

to model chain stiffness. All angle interactions use the same coefficient value,

kangle =9.

The parametrization between different A;; interactions is done by computing
water—octanol partition coefficients. This approach was used because the par-
tition coefficients are a useful tool to classify particles in terms of their polarity,
which is the same top—down approach used in the development of the Martini
MD force-field.

First, we prepare our reference system by parametrizing the water particles. Dif-
ferently than Martini 2.0, we have decided to use a specific particle to model
water, named W particle, to be in line with the more recent Martini 3.0. We set
the water-water self interaction Ay = —50 by definition and then scaled some
simulation properties to the properties of real water to obtain a mapping between
MDPD and real units. This scaling procedure is explained in Chapter 2. We then
proceed to parametrize the C; particles, which represent 4 carbon atoms and are
used to compose the octanol molecule. To this end, we conduct a series of MDPD
simulations with only octane, built from two bonded C; particles. By systemat-
ically varying their self interaction value, we matched simulated surface tension
values to that of experimental measurements. Surface tension in our simulations
can be calculated from Eq. 2.34, and the same procedure is also explained in
Chapter 3. The same surface tension matching procedure was done to obtain the
self interaction between N, particles. In this case, they were matched with diethy-
lene glycol, built from two bonded N, particles [88]. Finally, the cross interaction
between water particles and C; particles was obtained by matching their interfa-
cial tension to that of water—octane interfaces.

With most of our reference system parametrized, we now build a simulation box
where half of its domain is composed of water particles and the other half by
octanol molecules. The octanol is built by bonding a N, particle to a C; parti-
cle. To obtain the remaining cross interaction parameters, we systematically vary
their values and, now, match it to the partition coefficient for water particles in
the octanol phase and octanol molecules in the water phase. The water—octanol
partition coefficients were calculated by measuring the molar concentrations of
solute molecules in the water, [S],, and octanol phases, [S],, following a similar
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Water Solute

&

Octanol

FIGURE A.2: (a) Typical simulation snapshot of a water—octanol

system used for the parametrization of a solute particle (red bead)

based on the water—octanol partitioning (Equation A.6). Reprinted
from Ref. [29].

procedure as in a previous study [104]. The partition coefficient is defined as

log P = log [[SS]]O . (A.6)

Our method of measuring log P is limited to the size and the amount of solute
particles used in the system. We directly measure molar concentrations as the
ratio between the number of solute particles to the number of solvent particles
in each phase. The maximum (or minimum) log P value scales as log N, where
N is the number of solute particles. The systems used in our parametrization
procedure were composed of 1500 solute particles, which gives the upper and
lower limits of our measurements as log P, ,,, = +3.17. However, this limitation
does not compromise our approach as most chemical substances can be found
within these limits [120]. The last type of particle parametrized was a Q, /Qp
particle, which will represent the head chemical group of the lipid model used.
In the Martini MD force-field, the particles Q, and Q are charged, have distinct
interactions and represent different groups in the CG lipid models used. How-
ever, we decided to model both head groups with a single type particle and we
assume that the Coulomb interactions will be represented through the choice of
Ajj. All its interaction values were obtained from the water—octanol simulation
presented in Fig. A.2. As this is a more polar chemical group, we set the desired
log P = —1.7 to reproduce that of phosphocholine [121], which is a combination
of the choline and phosphate groups represented by the Qp and Q, particles in
Martini MD, respectively.
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The final values of all the interactions in our force-field are presented in Tab. A.2.
Our partition coefficient measurements using those interaction values agree well
with experimental data, with water in octanol exhibiting a log P of 1.3 (experi-
mental) and 1.4 (simulated), while octanol in water shows a log P of 3.1 (exper-
imental) and 2.9 (simulated). The accuracy of the model is further validated by
comparing the calculated ethylene glycol (single N, particles) log P values (-1.5),
which closely match the experimental value -1.4 [122, 123].

A.4 Coarse-grained lipid models

In this appendix, we showcase our MDPD force-field parametrization in a com-
posite system consisting of water and different lipids [87, 124], which serves as
a benchmark in the simulation of biological membranes. We further compare
our results with MD simulations of the same models. Three phosphatidylcholine
lipids were chosen for our simulations, DPPC, DOPC, and POPC. These lipids
are distinguished by their respective aliphatic chains. Figure A.3 shows the CG
model of the three lipids and the respective particle labels used. Note that the
particle Cz is used to model the unsaturated part of the chains in the POPC and
DOPC molecules.

The particles used represent the following chemical groups [99]:

¢ Qp — Choline; * (C; —saturated carbon part;
* Q, — Phosphate; * C3 —unsaturated carbon part;
* N, — Glycerol ester; e W/P, — Water.

Angle potentials were defined for all possible combinations of three consecutive
particles. An equilibrium angle value of 6y = 120° was used for the triplets: Q,

TABLE A.2: Interaction matrix for parametrized MDPD beads orga-

nized in five interaction levels (I-VI) with corresponding attractive

parameters (A): —50 (I); —43 (II); —34 (III); =30 (IV); —28 (V); —26
(VD).

W Q,/Q N, C; GC3

W I I I vl v
Q. /o v I VI V
N, I vI Vv
C, VI VI
Cs VI
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FIGURE A.3: MD and MDPD-Martini models of different lipid
molecules and water.

-Na-Na; Na-Na—Cy; C;-C3-C;. All other angles were set with the equilibrium
value 6y = 180°.

A.5 Simulation setup

We use Martini’s online tutorials [125] as a benchmark for comparison. These
tutorials were originally implemented using GROMACS software [93], however,
we have used LAMMPS [91, 92] to carry out both MD and MDPD simulations.
Our MD simulations were adapted from a Moltemplate software example [62,
126].

All our simulations were initialized with a randomly distributed system of water
particles and lipid molecules in a 10:1 ratio, respectively. Three sizes of systems
were evaluated at first and characterized by the number of lipid molecules. The
initial simulation box was defined as a cube with dimensions L = 70 A, 90 A,
and 120 A, for MD systems with, 128, 256, and 512 lipid molecules, respectively.
Equivalently, the box dimensions were, L = 8.2, 10.5, and 14 in MDPD units.
We begin our simulations by minimizing the system’s energy before integrating
the equations of motion, to avoid strong numerical oscillations and unphysical
instabilities that could arise due to the improper placement of the randomly dis-
tributed particles.

Following this minimization, we start evolving the MD system in an NPT ensem-
ble employing the Nosé-Hoover thermostat, keeping the temperature constant at
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300 K and pressure at 1 bar. This step relaxes the system until we obtain an equi-
librium box volume. Subsequently, we run the system under NVT conditions,
now with a temperature set to 450 K to remove any undesired structures that may
have formed. Finally, we lower the temperature back to 300 K and run an NPT
simulation again until a final lipid bilayer has formed without any defects. The
MDPD simulations were run entirely with an NVT ensemble at kgT = 1 after the
initial minimization, until the final bilayer was formed. Lastly, the equilibrium
properties of theses bilayer were measured by running NPT simulations at zero
surface tension condition for both MD and MDPD. This condition is achieved by
coupling the pressure barostat in the bilayer plane. Some results were obtained
by replicating a bilayer already formed and in equilibrium to achieve a larger

system.

A.6 Results

A.6.1 Self-assembly

Lipids tend to aggregate when in solution and form what is known as a bilayer.
Figure A.4 shows this aggregation process for a system with 512 DPPC molecules,
simulated with our Martini MDPD force-field. Interestingly, the bilayer forma-
tion process follows the same dynamics as in previous Martini MD studies [99].

As presented in Fig. A.4, initially, the lipid molecules are randomly distributed
in the simulation box and, after a short amount of time, they start to form small
aggregates (t = 30 7). These clusters try to keep the hydrophobic chains closer
together in the inside part of the aggregates, away from the water phase, to min-
imize the interaction energy of the system. The small clusters, however, start to
coalesce and form larger aggregates (t = 1007). These structures, subsequently,
undergo further transformations until a bilayer configuration starts to form. The
initial bilayer configuration (¢t = 2007) exhibits two kinds of defects — pores, and
lipid bridges. These defects vanish over time, resulting in a final defect-free struc-
ture (t = 3007).

The same aggregation procedure is observed for POPC and DOPC, both in MD
and MDPD simulations. Our first comparison between both simulation methods
regards the computational time required to produce a defect-free bilayer. Table
A.3 presents our results for the different system sizes considered. The time com-
parison was done with simulations on the same machine, Intel Core i7-10700 @
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t = 1007 t = 2007
FIGURE A.4: Snapshots illustrate the gradual formation of the
DPPC bilayer over time, starting from a random distribution of 512
lipid molecules, which aggregate into clusters and then coalesce to
produce the lipid bilayer. Time 7 is in MDPD reduced units. Size of

particles was modified for better visualization. Adapted from Ref.
[29].

2.9 GHz, and running on 8 CPU cores. Our findings demonstrate that a consid-
erable acceleration in computational efficiency is possible when using the soft,
short-range interactions in the MDPD method.

A.6.2 Area per lipid and thickness

The area per lipid (APL) is a property of lipid bilayers that quantifies how much
surface area is occupied by a single lipid molecule. From our simulations, this
can be obtained directly by dividing the area of the simulation box face in the
tangential plane of the bilayer by half the total number of lipids, Njjpigs. If we
assume the bilayer normal is in the z direction, then, APL = 2L Ly / Nyjpigs-

The thickness of a lipid bilayer is also an important property that depends on
its constituent molecules. To measure this property, we calculate density profiles
along the normal direction of the bilayer. All particles in the simulation box were
divided into 250 equally spaced bins in the z direction and their partial densities
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were computed as the number of particles of type i in the bin divided by the vol-
ume of the bin. Such profiles are presented in Fig. A.5 for both MD and MDPD
simulations. Since we decided to use the same interactions for the head group
particles in the MDPD force-field, instead of separately defining interactions for
the Q, and Q particles, we compare the bilayer thickness by measuring the dis-
tance between Q, density peaks.

Results from the APL and thickness measurements are presented in Tab. A.4. Our
MD bilayers closely reproduce the expected values for both properties when com-
pared to recent simulation literature using the most recent and optimized version
of Martini MD [124]. Our MDPD force-field was able to attain similar thickness
values, however, the APL measurements are underestimated, on average, by 6.1
A2 Ttis important to also note that, even with this difference, the MDPD simula-
tions exhibited the same trend in the reduction of APL as the thickness increased.
This trend can be explained by the unsaturation in the POPC and DOPC chains,
which creates a kink in their chain structure. As a result, the molecules occupy
slightly larger areas.

A.6.3 Secon rank order parameter

Further structural comparisons between our MDPD force-field and the MD force-

tield are done by computing the second-rank order parameter [127, 128]

_1 2
P=3 (3<cos 6) — 1) , (A7)
where 0 is the angle between a given bond direction and the bilayer normal di-
rection. The P, parameter, thus, indicates the level of alignment of each segment
of a molecule with respect to the bilayer. A value of P, = 1 indicates perfect align-

ment, P, = 0 a random orientation and P, = —0.5 anti-alignment.

TABLE A.3: Time comparison of simulation runs on eight cores Intel
Core i7-10700 @ 2.9 GHz for the formation of a bilayer with no de-
fects. Successful formation highly depends on initial configuration,
but MDPD is always four to seven times faster than MD. Three sys-
tem sizes were considered, with 128, 256, and 512 lipid molecules;
all with a 10:1 proportion of water beads for both MDPD and MD.

System size 128 256 512

MDPD 20s 1.5 min 5 min
MD 70s 5 min 35 min
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FIGURE A.5: Comparison of bilayer thickness in MDPD and MD

simulations. Density profiles from MDPD and MD simulations,

with a bilayer thickness measured between the peaks of the Q parti-

cle. All simulations consist of 512 lipid molecules. Results for DOPC
(a) were adapted from Ref. [29].

The results presented in Fig. A.6 were obtained by averaging the values over

all the molecules in our larger systems (512 lipids), at the end of each simulation.
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They were also averaged over both aliphatic chains on each molecule, at the same
positions. The MDPD simulations successfully reproduced results comparable to
those from MD simulations, particularly for DOPC lipids. The divergence ob-
served near the ends of the hydrophobic tails in DPPC molecules, and to a lesser
extent in POPC molecules, may be attributed to the harmonic angle potential pa-
rameters used for the saturated chains. This indicates that a model refinement

procedure might be necessary to accurately model chain stiffness.

A.6.4 Bending modulus

Lipid bilayers are extensively studied for their elastic properties, quantified by
the bending modulus, k; [129]. The bending modulus reflects the membrane’s
resistance to bending, with a higher value indicating a stiffer membrane. Un-
derstanding this property is crucial for insights into cellular mechanics, such as
vesicle formation. To obtain larger undulations and properly measure the bend-
ing modulus, each lipid system containing 512 lipids was replicated in both x and
y directions to create a larger membrane of 8192 lipids. Mathematically, the bend-
ing modulus governs the long wavelength undulation behavior of a membrane

through the relation
kgT
2y _ KB
<1/l >_ Akcq4/

where i is the Fourier spectrum of undulations, A = LyLy is the lipid membrane

area, g =|q| = /g% + q§ the wavevector length in Fourier space.

These undulations are analyzed using a height function by marking the lipid’s

(A.8)

head group particles as reference points. Deviations of these reference points
from the average position of the bilayer plane gives a surface u(x,y), as depicted

TABLE A.4: MDPD and MD measurements of area per lipid and bi-

layer thickness for the different lipid molecules considered. Both

methods produce membranes of comparable thickness, while the
current MDPD force-field underestimates the APL.

MDPD  MD
APL 462 A%  51.6A2

DPPC Thickness  44.2 A 44.0 A
APL 543 A2 61.6 A2

POPC Thickness  40.1 A 395 A
R2 R2

popc  APL 59.1 A 64.7 A

Thickness  37.8 A 384 A
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FIGURE A.6: Second rank order parameter calculated for every

bond in the lipid molecule. The data is averaged over all the bonds

in the bilayers consisting of 512 lipids. Each plot compares MD and

MDPD results of the lipids: (a) DPPC (adapted from Ref. [29]); b)
DOPC; c) POPC.

FIGURE A.7: Undulating surface of a lipid membrane obtained by
averaging the positions of the choline head groups at different bins
(dashed lines) in the x and y directions.

in Fig. A.7. The undulation spectrum is found by applying the Fourier transform

i(q) = %/u(x)e‘iq'xdx. (A9)
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FIGURE A.8: Spectrum intensities of the undulation modes of the

bilayer. Long wavelengths obey the g~ behavior, transitioning to a

constant value around a 1 nm wavelength. The data is averaged for

200 snapshots sampled over 2 x 10° time steps of a system consisting

of 8192 lipids. Each plot compares MD and MDPD results of the
lipids: a) DPPC; b) DOPC; c) POPC.

Figure A.8 shows the undulation power spectrum for all the membranes consid-
ered. The undulation intensities, predicted by Eq. A.8, display a characteristic
scaling of u ~ g~* for long wavelengths. This same scaling is observed in all our
simulations, both MD and MDPD, making it clear that our force-field is capable
of reproducing the elastic properties of lipid membranes. Moreover, the dashed
line in every plot shows a bending modulus value of k. =5 X 10~2° J, which has
been experimentally obtained [130]. This long wavelength behavior transitions to
a constant undulation intensity around 1 nm, which is also consistent with other

MD simulations of lipid membranes [99].

A.7 Conclusions

This study has demonstrated the efficacy of the MDPD force-field as a compelling
alternative to the widely utilized MD framework for coarse-grained simulations.
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Both methodologies proved capable of generating defect-free lipid bilayer struc-
tures with comparable self-aggregation dynamics, while also yielding structural
properties — such as area per lipid, bilayer thickness, bending modulus, and ori-
entation order parameter — that closely align with experimental observations.

Notably, the MDPD method offers a significant advantage through its reliance on
soft, short-range interactions, enabling faster simulations without compromising
essential system properties. This computational efficiency is particularly valuable
in the context of large-scale molecular simulations, where the ability to explore

increasingly complex, large systems is of paramount importance.

Moreover, the inherent adaptability of MDPD-Martini further underscores its po-
tential toward a general-purpose force-field, with the flexibility to incorporate
additional interaction levels, diverse bead types, and varying bead sizes. Such
versatility positions MDPD as a robust tool for simulating a wide range of molec-

ular systems, expanding the scope of coarse-grained simulations.
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