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Abstract

This thesis presents the development of a mesoscopic simulation framework using

energy-conserving Dissipative Particle Dynamics (eDPD) to investigate thermal transport

phenomena at the interface between carbon nanotubes (CNTs) and biological materials in

aqueous environments. We introduce a novel method for including Kapitza in resistance

by tuning repulsion and heat exchange parameters within the eDPD framework, enabling

accurate modeling of interfacial heat transfer between single-walled carbon nanotubes

(SWCNTs) and water. In developing this method, we resolve some discrepancies in the

eDPD algorithm as currently described in the literature.

We observed that thermal boundary resistance at a liquid interface can be increased by

as much as ∼40% by increasing the interfacial repulsion. Furthermore, thermal rectification

can be modeled by introducing asymmetry in the interfacial parameters, demonstrating that

heat conduction through a carbon–fluid interface becomes direction-dependent under certain

functionalization or temperature gradient conditions. This insight provides a foundation for

designing the surfrace properties of materials with directional heat transport capabilities,

which are relevant for thermal management and biomedical control.

We provide a systematic approach for selecting DPD parameters that reproduce realistic

thermal and mechanical properties of carbon nanotubes and surrounding media. We applied

our coarse-grained model to study the adsorption behavior of DSPE-PEG amphiphilic

molecules near CNTs. By varying temperature and concentration, one can examine how

these factors affect protein-like molecular anchoring to the CNT surface. Our model

x



captures essential features of polymer–nanotube interactions, including the number and

spatial configuration of anchored molecules. Simulations indicate a competition between

DSPE-PEG agglomeration and DSPE-PEG/CNT binding. We find that the binding of

amphiphilic molecules to CNTs is not degraded by transient heating of CNTs, suggesting

that pulsed radiation can be used in photothermal therapy.
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Chapter 1

Introduction

“Everything that living things do can be understood in terms of the jiggling and

wiggling of atoms”

– Richard Feynman

1.1 Motivation: The fight against cancer

Fighting cancer cells has always been a challenging endeavor. Cancer encompasses a wide

range of diseases marked by the uncontrolled growth and spread of abnormal cells, with

more than 200 distinct types classified based on tissue origin. A significant proportion

of cancer-related deaths are not caused by the primary tumor itself, but by metastases;

secondary growths that invade distant tissues and disrupt vital organ function (Dillek̊as

et al. 2019). According to the American Cancer Society, cancer is projected to cause

approximately 611,720 deaths in the United States in 2024, making it the second leading

cause of death, following heart disease (Siegel et al. 2024). Despite advances in treatment,

the high mortality rate underscores the urgent need for improved therapeutic strategies. In

recent years, nanotechnology has emerged as a promising field in oncology, offering innovative

tools for targeted drug delivery, imaging, and minimally invasive therapy. Among various

1



nanomaterials, carbon nanotubes (CNTs) stand out due to their unique structural, electrical,

and thermal properties. Their ability to absorb near-infrared light and convert it into

heat makes them particularly attractive for photothermal therapy, a technique that can

selectively ablate tumor cells with minimal impact on healthy tissue (Zhou et al. 2009).

Additionally, CNTs can serve as vehicles for transporting therapeutic agents directly to

cancerous sites. Current cancer treatments have serious side effects and can even be fatal.

The goal of this thesis is to use computational physics to develop a deep understanding of

the fundamental heat transfer phenomena involved in photothermal cancer treatment and

to propose a holistic approach to manufacture nanobiomaterials that are effective agents

for selectively killing cancer cells. We are developing a mesoscale model to fundamentally

understand the energy transport of functionalized carbon nanotubes for tumor photothermal

therapy. We are focusing on single-walled carbon nanotubes (SWCNTs) heated either by

radiofrequency fields or near-infrared radiation. These SWCNTs will be functionalized with

a target protein annexin AXNA5, and other molecules, to have the ability to selectively

choose cancer cells while improving heat transfer to sick cells. SWCNTs with shorter lengths

(between 100 and 1500 nm) are desired for clinical use; shorter nanotubes can be delivered

more easily and will result in penetrations farther into tumors (Bui et al. 2011b). Figure 1

illustrates a schematic representation of the photothermal therapy process.

1.2 Background: Carbon nanotubes

Since carbon nanotubs (CNTs) were first discovered by Iijima in 1991 (Iijima 1991), they

have gained extensive attention due to their unique characteristics: large surface area to

volume ratio, ability to be functionalized, and stability (Bui et al. 2011b).

Because of their potential for functionalization and versatile surface chemistry, CNTs

can have both large-scale and small-scale applications. Large-scale applications include
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Figure 1.1 Schematic illustrations of photothermal therapy. Top: Cartoon representation.
Bottom: Realistic biological setup involving carbon nanotube targeting and tumor
interaction.(This figure was kindly provided and adapted with permission from Dr. Roger
Harrison, whose support is sincerely appreciated.)

adsorbents, water purification, oil-spill clean ups, water purification, membranes, and

chemical traps. Smaller-scale applications of CNTs include biosensors, medical devices

and cancer therapy. CNTs can be used in cancer therapy due to their unique interactions
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with different wavelengths of lights to generate heat and reactive oxygen species, and their

versality as drug carriers (Bui et al. 2011b).

Carbon nanotubes are classified into two large categories: single-walled (SWCNTs) and

multiwalled (MWCNTs) carbon nanotubes. A single graphene sheet rolled into a cylinder is

called a SWCNT, while we can construct MWCNTs by rolling multiple graphene sheets into

concentric cylinders. Diameters of SWCNTs are ranging from 0.4 to 2 nm, while MWCNTs

diameters are from 1 to 100 nm with wall thickness 0.2 to 2 nm (Peters et al. 2008).

Another characteristic of nanotubes is their chirality (Figure 1.3), which determines whether

Figure 1.2 Single-walled carbon nanotubes (SWNTs) are formed by rolling a graphene sheet
into a cylinder. Depending on the direction of rolling, they are classified as armchair (m,m),
zigzag (n, 0), or chiral (n,m) nanotubes, where n > m > 0. (Feng 2015)

a tube is metallic or semiconductor. The chirality of a nanotube can be chair-in-chair, zigzag-

in-chair,ir, zigzag-in-chair, or chiral. We can define photothermal therapy as the ability of a

substance to absorb near-infrared (NIR) light or radio frequency field energy and convert it
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to heat. (Jakubinek et al. 2010).

I will discuss specifics of their heat transport properties in the next subsection.

1.3 CNT and Cancer Therapy

Biological systems are highly transparent to NIR light wavelength between 700-1000 nm (NIR

can penetrate up to a few micrometers). Energy penetration by RF fields is also excellent but

at relatively low frequencies (tens of MHz). (Son et al. 2016; Gannon et al. 2007). Compared

to microwave frequencies, low frequency RF fields have a more effective penetration into

biological tissue. However, RF fields are naturally less focused due to their longer wavelength.

SWCNTs can fix this issue by providing material-based heating localization. If a cell

temperature reaches 41-42 ◦C for a long period, it undergoes hyperthermia, which is basically

cell death, increased sensitivity to chemotherapy and radiotherapy, and stimulation of

immunogenicity. If the cell temperature goes above 47-60 ◦C, ablation occurs. Ablation

is characterized by microvascular thrombosis, hypoxia, ischemia, protein denaturing, and

plasma membrane destruction leading to cell death. (Jakubinek et al. 2010).

Kam et al, for the first time in 2005, showed that carbon nanotubes have a strong absorption

of NIR light (Sanginario et al. 2017; Kam et al. 2005). In their study, they modified the

surface of SWCNTs with either DNA or a folate moiety specifically targeted to tumors. They

internalized the nanotubes into the cytoplasm of cervical cancer cells at 37 ◦C. Adding 808

nm NIR light at 168 Jcm−2 energy led to in vitro cell death. Even at high energies as 1050

Jcm−2, they observed minimal damage in cells without nanotubes.

More in vitro studies were conducted with anti-HER2 targeted SWCNTs using the 808

nm NIR laser. In comparison with phosphate buffered saline solution temperature increase

that was < 0.5◦C/min over a period of two minutes, the nanotube suspension solution

temperature increased at a rate of 7◦C/min. Cell death rate in breast cancer cells treated

with targeted nanotubes underwent a significant increase compared to untargeted nanotubes
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with NIR radiation (Madani et al. 2011; Xiao et al. 2009).

There have been several other studies on treating various types of cancers, using SWCNTs

and multi-walled carbon nanotubes (MWCNTs), since the initial work done by Kam et al.

Most of the research on the use of CNTs for photothermal therapy of cancer has been done

using NIR irradiation except by Gannon et al. in which an RF field was used on SWCNTs

injected into liver tumors (Son et al. 2016). There was no attempt though in this study to

determine the RF frequency at which there was maximum heating of SWCNTs.

Potential toxicity of carbon nanotubes is an important issue that needs to be investigated

for them to be used in therapy.

Although both MWCNTs and SWCNTs can be degraded by enzymatic activation by

members of the oxidase family in vivo, there is still a difference between their toxicity

(Gannon et al. 2007; Kam et al. 2005). A CNT’s size is its most important characteristic

that contributes to toxicity. A CNT’s length can range from a few nanometers to several

micrometers. This length can determine whether the CNT is capable of interacting with

biological systems on the nanoscale, as well as macroscopic scale. In general, the lowest

toxicity belongs to very short (<∼ 1µm) nanotubes with aspect ratios (length/diameter)

greater than ∼ 1000 which are relatively flexible, such as SWCNTs (Xiao et al. 2009).

CNTs can be classified into “biologically stiff” and “biologically soft” groups. Generally,

MWCNTs are classified as biologically stiff and toxic, while SWCNTs of any length belong

to the biologically soft and non-toxic category. The other important characteristic that we are

looking for in a nanotube to be used in photothermal therapy, is high thermal conductivity.

CNTs have exceptionally high thermal conductivity (∼ 3000Wm−1K−1) for multi-walled

CNTs (Teradal and Jelinek 2017), and up to (∼ 6000Wm−1K−1) for SWCNTs at room

temperature(Wang et al. 2014; Helland et al. 2008). The exceptional thermal conductivity of

CNTs arises from their crystalline, quasi-one-dimensional structure that enables long phonon

mean free paths and ballistic heat transport. SWCNTs, free from interlayer interfaces, often

conduct heat better than MWCNTs, which suffer from inter-wall scattering and structural

6



defects. Aggregation into bundles or networks further reduces conductivity due to intertube

resistance and misalignment.

At about 0.2 vol % in a matrix material, CNTs form a percolating network. Based on their

aspect ratio, we would expect orders of magnitude larger thermal conductivities for CNT-

based composites. These are the type of material we desperately need to use in biological

applications such as photothermal therapy.

We are looking for an increase in the CNT composite thermal conductivity, but unfortunately,

due to experimental results it only increases 50-100% relative to the pristine material.

(Andón et al. 2013; Zhu et al. 2016). Interfacial resistance at the nanotube-matrix interface

is the main reason for these disappointing results. (Kitiyanan et al. 2000; Resasco 2009).

The thermal boundary resistance (TBR) known as “Kapitza resistance” at the interface of

CNTs and the surrounding matrix, represents a heat flow barrier caused by the differences in

the phonon spectra and possible imperfect contacts at the interface (Kitiyanan et al. 2000).

Figure 1.3 Schematic illustration of thermal boundary resistance (TBR) at the carbon
nanotube (CNT)–water interface. An optical pump–probe technique is used to heat the CNT
and monitor heat dissipation across the interface. The mismatch in vibrational (phonon)
spectra between the CNT and surrounding water leads to a temperature discontinuity and
limits heat flow, characterized as Kapitza resistance. (Casto et al. 2024)

7



The main issue now is to overcome TBR. One suggested way to improve the thermal

properties of heat conducting CNT composites is the composite “densification” by increasing

the volume fraction of the CNTs (Kitiyanan et al. 2000).

One other possibility is to modify the matrix-CNT interface by CNTs’ functionalization.

“Densification” turned out to be ineffective due to the tendency of nanotubes to form

bundles. The reason is that CNT-CNT TBR is higher than the TBR between the CNT

and the surrounding matrix (Bui et al. 2011b).

Functional groups, however, can significantly reduce the TBR between CNTs and between

graphene sheets (Konatham and Striolo 2009; Fang et al. 2010).

Computational models for heat transfer in nanocomposites or suspensions can be classified

into the three categories of macroscopic, mesoscopic and atomic level. In the macroscopic

model, continuum-based approaches like finite element or finite volume methods are used and

heat transfer around specific CNT configurations is simulated. A fine enough computational

mesh is required to resolve the domain around individual CNTs [22]. In this method TBR

is not considered explicitly. The second approach is the mesoscopic model, where Monte-

Carlo (MC) based methods are used. An example of this is the study of heat transport in

CNT composites with the thermal resistance at the matrix-nanotube interface (Duong et al.

2005) using an off-lattice MC simulation methodology. We can rely on this approach to

estimate the thermal transport properties for SWCNT suspensions and for nanocomposites

with SWNTs (Bui et al. 2011a). A third approach is the Molecular level simulation. For TBR

calculations, we can use non-equilibrium Molecular Dynamics (NEMD) methods. There are

two different ways to conduct NEMD simulations. In the first protocol, the system is initially

at equilibrium with room conditions. Next we heat up the CNT and its temperature rises.

CNT remains at that high temperature to equilibrate, and then we allow its temperature to

decay (Shenogin et al. 2004; Neves et al. 2013). In summary, previous detailed computational

studies are done on the two-phase systems in which the CNTs are suspended in a matrix
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medium. We still need to investigate multiphase systems. We need to model CNTs in

biological systems where the tissue is surrounding a cell membrane.

1.4 Thesis outline

This thesis is aimed at studying heat transfer through functionalized SWCNT in the cell

environment.

Chapter 2 presents the theoretical background of Dissipative Particle Dynamics

(DPD) and energy-conserving Dissipative Particle Dynamics (eDPD). It also describes

the fundamental equations, force models, and integration schemes used in these

mesoscopic simulation methods. We have used the energy conservation-Dissipative Particle

Dynamics (eDPD) package from Large-scale Atomic/Molecular Massively Parallel Simulator

(LAMMPS) software.

Chapter 3 outlines the development of the coarse-grained model used in this work. It

includes the parameterization of single-walled carbon nanotubes (SWCNTs) and DSPE

molecules, designed for accurate representation within the DPD/eDPD framework.

Chapter 4 focuses on the implementation challenges encountered when using the

LAMMPS simulation package for this study. It includes simulations of the mechanical

response of SWCNTs under applied strain, as well as investigations of Kapitza resistance at

the carbon–water and SWCNT–water interfaces.

Chapter 5 investigates the interaction between DSPE molecules and SWCNTs in an

aqueous environment. The chapter focuses on quantifying the percentage of DSPE molecules

that remain attached to the nanotube surface and how temperature affects this attachment.

Chapter 6 summarizes the key findings of the thesis and offers perspectives for future

work.
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1.5 Summary

In this chapter, I introduced the motivation behind using functionalized carbon nanotubes

for photothermal cancer therapy and provided an overview of their physical properties,

potential for selective targeting, and mechanisms of heat transfer at the nanoscale. I also

discussed the limitations of existing experimental and computational approaches, particularly

in addressing the thermal boundary resistance (TBR) in biological environments. These

challenges highlight the need for mesoscale modeling techniques capable of capturing both

the physics of heat transport and the molecular-level interactions in biological systems. To

address this, we have adopted the energy-conserving Dissipative Particle Dynamics (eDPD)

method within the LAMMPS simulation framework. The following chapters detail the

development, implementation, and application of this approach to model functionalized

SWCNTs in aqueous and cellular environments, with the goal of advancing the design of

efficient nanomaterials for photothermal therapy.
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Chapter 2

Theory and Parametrization of

Energy-Conserving Dissipative Particle

Dynamics (DPDE)

In this chapter, we present a comprehensive overview of the theoretical foundations and

practical implementation of the Energy-Conserving Dissipative Particle Dynamics (DPDE)

method. We begin with a review of DPD and DPDE fundamentals, followed by a derivation

of the DPDE algorithm, including the detailed role of Onsager coefficients and stochastic

calculus. The chapter concludes with a discussion on DPD force field parametrization,

including procedures for calculating repulsion parameters and thermodynamic consistency.

2.1 Introduction to Dissipative Particle Dynamics

(DPD)

Many systems of academic and industrial relevance fall into the category of soft condensed

matter, materials that are neither entirely solid nor purely liquid. These systems often exhibit

structural and dynamical behaviors characteristic of the mesoscale, between the atomistic

and macroscopic regimes. For example, in polymer gels, this mesoscopic scale is typically

set by the distance between cross-links in the network, while in surfactant systems, the

wavelength of lamellar bilayer undulations defines the relevant scale (Li et al. 2017).
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Figure 2.1 Schematic representation of mesoscopic behavior in DPD simulations Li et al.
(2017).

Capturing the behavior of such systems requires simulation techniques capable of

resolving mesoscale structures and dynamics without relying on full atomistic detail.

Conventional methods such as lattice-based Monte Carlo simulations, self-consistent field

theory, and dynamic density functional theory have provided valuable insight but are often

limited in their ability to model complex architectures such as branched polymers, micelle-

forming networks, and multiblock copolymers. Furthermore, these approaches typically

neglect hydrodynamic interactions and assume fixed connectivity or associations, limiting

their ability to predict self-assembly and dynamic restructuring.

To bridge this gap, Hoogerbrugge and Koelman introduced (Hoogerbrugge and Koelman

1992) Dissipative Particle Dynamics (DPD), a mesoscale simulation technique that models

fluids using soft, interacting particles governed by conservative, dissipative, and stochastic

forces. The key advantage of DPD lies in its ability to capture hydrodynamic behavior,

simulate large time and length scales, and preserve essential thermodynamic properties such

as temperature through a built-in fluctuation–dissipation balance.

Subsequent work by Español and Warren (Espanol and Warren 1995) formalized the DPD

framework using the principles of non-equilibrium statistical mechanics. They demonstrated
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that to recover the canonical ensemble, the dissipative and random forces must be related

through the fluctuation–dissipation theorem. This ensured that DPD simulations could

model systems at constant temperature while still allowing for realistic particle motion and

momentum conservation.

Beyond reproducing hydrodynamics, DPD has become a powerful tool for modeling the

self-organization of soft materials, including phase separation, micelle formation, and

mesophase transitions. Its adaptability, combined with parametrization strategies grounded

in thermodynamic theories such as Flory–Huggins, provides a pathway to connect atomistic

detail (e.g., solubility parameters) to large-scale collective behaviors. In this chapter,

we explain the theoretical foundations of the DPD method, highlight its thermodynamic

consistency, and lay the foundation for its extension to energy-conserving models (DPDE)

in the following sections (Groot and Warren 1997).

2.1.1 The Dissipative Particle Dynamics (DPD) Simulation

Method

Understanding the behavior of multicomponent complex fluids, such as nanofluids and

liquid-vapor mixtures, where the microstructure significantly affects macroscopic transport

properties, is essential to thermal management. Traditional continuum methods, although

effective at larger scales, often fail at interfaces, contact lines, or regions with sharp gradients,

because of their inability to account for molecular-level physics. Molecular dynamics (MD)

simulations, on the other hand, are atomistically accurate but limited by computational

constraints to short timescales and small system sizes. Dissipative Particle Dynamics (DPD)

(Schiller 2005; Santo and Neimark 2021) is a mesoscale method that bridges this gap.

DPD is a coarse-grained particle-based simulation method that models groups of atoms

or molecules as mesoscopic particles called beads. The beads follow Newtonian mechanics

using a discretized time algorithm that updates the i-th bead’s position ri and velocity vi as
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Figure 2.2 The pairwise interactions between two DPD particles consist of three components:
a conservative force, modeled as a harmonic spring; a dissipative force, represented by
a dashpot that dampens relative motion; and a random force, which simulates Brownian
motion. Together, the dissipative and random forces form a Brownian dashpot, maintaining
thermal equilibrium. (Santo and Neimark 2021).

determined by FC , FD and FR which are conservative, drag and random forces respectively.

The governing equations for this matter are:

dri
dt

= vi (2.1)

mi
dvi

dt
= fi =

∑
j ̸=i

(
FC

ij + FD
ij + FR

ij

)
(2.2)

FC
ij =


aij

(
1− rij

rc

)
r̂ij for rij < rc

0 for rij ≥ rc

(2.3)

FD
ij = −γwD(rij) (r̂ij · vij) r̂ij (2.4)

FR
ij = σwR(rij)θij r̂ij (2.5)
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wD(rij) =


(1− rij

rc
)2 for rij < rc

0 for rij ≥ rc

(2.6)

in which:

wD(r) =
[
wR(r)

]2
(2.7)

In these equations, rij represents the distance between particles i and j; r̂ij is the unit vector

pointing from particle j to particle i; and vij = vi−vj denotes the relative velocity between

the two particles. σ is the amplitudes of white noise, and γ is the damping or friction

coefficient, capturing the resistance a particle experiences moving through a medium.

As shown both drag and random forces depend on the weight functions wD(rij) and wR(rij),

effecting the particle motion within the cutoff radius rc. The repulsion parameter aij

determines the strength of the repulsive potential between bead types i and j.

The fluctuation dissipation theory requires that the Brownian motion and dissipation in

physical systems satistfy:

σ2 = 2γkBT (2.8)

Here, Boltzmann’s constant is represented by kB, and T is the absolute temperature of the

system in Kelvin.

In other words, random and dissipative force together act as a thermostat to keep the system

at a constant temperature when the dissipative coefficient γ and the amplitudes of white

noise σ satisfy the fluctuation–dissipation theorem (Li et al. 2017). As a result, DPD works

well for isothermal systems, but is not effective for systems where the temperature varies in

time and position, because the total energy is not conserved in the DPD method.

15



Integration Scheme and Algorithm

To integrate the equations of motion, a velocity-Verlet-like scheme is employed (Groot

and Warren 1997). Compared to the simple Euler algorithm, the modified velocity-Verlet

algorithm improves numerical stability while accounting for the velocity dependence of the

dissipative force. The integration steps are:

r⃗i(t+∆t) = r⃗i(t) + ∆t v⃗i(t) +
1

2
∆t2 f⃗i(t), (2.9)

˜⃗vi(t+∆t) = v⃗i(t) + λ∆t f⃗i(t), (2.10)

f⃗i(t+∆t) = f⃗i(r⃗i(t+∆t), ˜⃗vi(t+∆t)), (2.11)

v⃗i(t+∆t) = v⃗i(t) +
1

2
∆t

(
f⃗i(t) + f⃗i(t+∆t)

)
, (2.12)

where λ is an empirical factor typically set to λ = 1/2. The random force contribution

requires special treatment and is implemented as:

F⃗R
ij = σ wR(rij) ζij ∆t−1/2r̂ij, (2.13)

where ζij is a normally distributed random number. The ∆t−1/2 dependence ensures correct

scaling of noise in time-discretized stochastic dynamics.

Timestep and Noise Amplitude Selection in DPD

The methodology for choosing the timestep size and noise amplitude in Dissipative Particle

Dynamics (DPD) was developed by Groot and Warren (Groot and Warren 1997). Selecting

an appropriate timestep involves balancing simulation efficiency with the requirement of
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maintaining thermodynamic equilibrium. This equilibrium is monitored by evaluating the

system temperature, computed from the average particle velocities via:

kBT = m
⟨v2⟩
3

, (2.14)

where ⟨·⟩ denotes the average over all particles, and kBT is set to unity in reduced units.

In their studies, simulations were performed with 4000 particles in a 10 × 10 × 10 box

using a repulsion parameter a = 25 and noise amplitude σ = 3, testing both uniform and

Gaussian noise. It was found that both noise types yielded statistically identical temperature

results; hence, uniform noise was preferred due to its lower computational cost.

A key observation from their work is that the timestep ∆t should be selected based on the

allowable artificial increase in temperature. For a Verlet-type integration scheme (Eq. (9) in

their work) with λ = 0.5, a timestep of ∆t = 0.04 results in only a 2% temperature increase,

while ∆t = 0.05 leads to a 3% increase. Therefore, ∆t = 0.04 is considered a safe choice,

and ∆t = 0.05 an upper practical limit.

By contrast, using the Euler-type algorithm (Eq. (7)), a timestep as small as ∆t ≈ 0.001

would be required to achieve similar accuracy—making the Verlet algorithm roughly 50 times

more efficient. Moreover, it was found that omitting the 1
2
(∆t)2f(t) acceleration term from

the position update leads to poor temperature control, equivalent to the Euler algorithm’s

performance. Including this term, even in the Euler algorithm, improves accuracy to levels

comparable to the Verlet algorithm without the term. Thus, both the inclusion of this

acceleration term and adoption of the Verlet scheme are essential for maintaining accuracy

while using a larger timestep.

This temperature stability was confirmed (Groot and Warren 1997) for σ = 3 and

λ = 0.5. When the noise amplitude was reduced (e.g., σ = 1), the system’s responsiveness

to temperature perturbations decreased. For example, at ρ = 3 and ∆t = 0.04, the system

relaxes exponentially from kBT = 10 to kBT = 1 within approximately 10 timesteps for
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σ = 3, whereas for σ = 1, the relaxation time extends to 90 timesteps due to the lower

friction coefficient.

Exploring the temperature behavior as a function of noise amplitude revealed that kBT

increases slowly with σ until σ ≈ 8, beyond which it rises rapidly and can lead to instability.

As a result, σ = 3 is recommended as a compromise value, offering fast temperature

equilibration, simulation stability, and physical realism.

Furthermore, the choice of the empirical parameter λ in the Verlet-type algorithm

(Eq. (9)) can influence performance. For example, with ρ = 3 and σ = 3, an optimal

value of λ = 0.65 allows the timestep to be increased to ∆t = 0.06 without significant loss of

temperature control. Nonetheless, for consistency and robustness, all remaining simulations

reported by Groot and Warren were conducted with ∆t = 0.04 and λ = 0.5.

Thermodynamic Equilibrium and Fluctuation–Dissipation

Español and Warren demonstrated that to preserve the canonical equilibrium distribution

(Gibbs-Boltzmann), the fluctuation–dissipation balance must be satisfied. They derived the

associated Fokker–Planck equation for the phase-space distribution ρ(r⃗i, p⃗i, t):

∂ρ

∂t
= LCρ+ LDρ, (2.15)

where LC and LD represent conservative and dissipative Liouvillean operators, respectively.

Equilibrium is achieved when both components of the operator annihilate the distribution,

i.e., LCρeq = LDρeq = 0. If the fluctuation–dissipation relation is violated, the simulation

deviates from Gibbs–Boltzmann equilibrium, potentially yielding unphysical results.

Consequences of Violating the Fluctuation–Dissipation Relation

In DPD simulations, each pair of particles experiences a dissipative force that removes kinetic

energy and a random force that injects thermal energy. These two forces must be carefully
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balanced through the fluctuation–dissipation relation in order to maintain thermodynamic

equilibrium. If this relation is not satisfied, the simulation may not correctly reproduce the

equilibrium behavior of the system.

The reason for this can be understood by examining the Fokker–Planck equation, which

governs the time evolution of the probability distribution ρ({r⃗i, p⃗i}, t) in phase space:

∂ρ

∂t
= LCρ+ LDρ. (2.16)

Here, LC is the Liouville operator representing the conservative (Hamiltonian) part of the

dynamics, and LD represents the contributions from dissipative and stochastic forces.

The system is said to be in thermodynamic equilibrium when its phase-space distribution

becomes stationary and takes the form of the Gibbs–Boltzmann distribution:

ρeq({r⃗i, p⃗i}) =
1

Z
exp

(
−H({r⃗i, p⃗i})

kBT

)
, (2.17)

where H is the Hamiltonian of the system, kB is Boltzmann’s constant, T is the temperature,

and Z is the normalization constant (the partition function).

In order for this ρeq to be a valid stationary solution of the Fokker–Planck equation, both

operators must vanish when applied to it:

LCρeq = 0, LDρeq = 0. (2.18)

The first condition is always satisfied due to conservation laws in Hamiltonian dynamics. The

second condition, however, is only satisfied if the fluctuation–dissipation relation is enforced.

Specifically, the strength σ of the random force and the friction coefficient γ in the dissipative

force must obey:
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σ2 = 2γkBT, wD(r) = [wR(r)]
2, (2.19)

where wD(r) and wR(r) are the distance-dependent weight functions for dissipative and

random forces, respectively. This ensures that the stochastic and dissipative effects precisely

balance in a way that leads to the correct thermal fluctuations in velocity and momentum.

If these relations are violated, the dissipative and random forces no longer balance correctly.

As a result, LDρeq ̸= 0, and the system’s probability distribution will evolve away from

the Gibbs–Boltzmann form, even if the simulation reaches a steady state. This leads to

unphysical results: the system may not maintain a consistent temperature, and derived

thermodynamic properties such as pressure, compressibility, or diffusion coefficients can

become unreliable or incorrect. Therefore, maintaining the fluctuation–dissipation balance

is essential for the statistical mechanical validity of DPD simulations.

2.2 Calibration of the Repulsion Parameter in DPD

Simulations

In Dissipative Particle Dynamics (DPD), the conservative repulsion parameter aij is the

primary parameter controlling the equation of state of the fluid. A correct choice of a

ensures that the compressibility and thermodynamic fluctuations of the simulated fluid are

consistent with those of the target real fluid. This is crucial for simulating soft matter

systems with physically meaningful pressure and density behavior.

2.2.1 Matching Compressibility

The compressibility of a fluid characterizes how much its volume changes in response to

pressure. To model this correctly in DPD, the equation of state (EOS) must yield the
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correct density fluctuations. Groot and Warren (1997) derived an empirical EOS for a DPD

fluid with soft repulsion:

p = ρkBT + 0.101 a ρ2, (2.20)

where p is pressure, ρ is number density, kB is Boltzmann’s constant, and T is temperature.

The first term represents the ideal gas contribution, while the second term accounts for

interactions between particles.

The dimensionless inverse compressibility is defined as:

Π =
1

ρkBTκT

= 1 + 0.2
aρ

kBT
, (2.21)

where κT is the isothermal compressibility. For example, liquid water at room temperature

(T ≈ 300 K) has Π ≈ 15.98. Plugging this into Eq. 2.21 gives:

0.2 · aρ

kBT
≈ 14.98 ⇒ aρ

kBT
≈ 75.

Therefore, for a DPD fluid with ρ = 3, a good choice for the repulsion parameter is

a ≈ 25 kBT . This calibration ensures that the DPD fluid mimics the compressibility of

water. For other densities, a can be scaled accordingly: for instance, a ≈ 15 at ρ = 5.

2.2.2 Mapping to Flory–Huggins Theory in Mixtures

In multi-component systems, the difference in repulsion between unlike and like particles

governs the mixing behavior. When aAA = aBB and aAB > aAA, the mixture tends to phase-

separate. This effect can be quantified through an effective Flory–Huggins χ parameter.
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Groot and Warren (Groot and Warren (1997)) established a linear relationship between

the repulsion difference ∆a = aAB − aAA and the Flory–Huggins parameter χ. For a system

with number density ρ = 3, the relation is:

χ ≈ 0.286∆a. (2.22)

At higher densities, this slope changes slightly (e.g., χ ≈ 0.689∆a at ρ = 5), but Eq. 2.22

holds well for moderately segregating systems (χ ≳ 3). This means that to model a binary

mixture with χ = 5, one should use ∆a ≈ 17.5.

2.2.3 Summary of Practical Guidelines

• Choose the number density ρ (commonly ρ = 3 for efficiency and thermodynamic

accuracy).

• Set a ≈ 25 (in DPD units) to match water-like compressibility at ρ = 3.

• For mixtures, determine ∆a = aAB − aAA using Eq. 2.22 to reflect the desired χ value.

This calibration strategy ensures that DPD simulations capture both the bulk

thermodynamic behavior and the phase behavior of real systems, in line with continuum

theories like Flory–Huggins.

2.2.4 Advantages of DPD and Soft Potentials

DPD’s soft conservative forces enable the use of larger integration time steps compared to

conventional molecular dynamics with Lennard-Jones potentials. The particles represent

coarse-grained fluid elements rather than atoms, and their interactions are smoother and

shorter ranged. This makes DPD especially suited for studying large-scale behavior of

complex fluids, including polymer solutions, surfactants, and mesoscale phase transitions.
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Moreover, DPD conserves momentum and includes hydrodynamic interactions

intrinsically, giving it an advantage over diffusive-only methods like Monte Carlo or density

functional theory when simulating flow, defect annealing, or phase ordering dynamics.

In this work, we use DPD as a base for energy-conserving extensions (DPDE), allowing

the study of heat-transfer processes in soft matter systems.

One might ask why DPD is needed if other methods can simulate canonical ensembles.

DPD can indeed be interpreted as a novel thermostat, but unlike purely diffusive techniques

(e.g., dynamic density functional theory) or Monte Carlo methods, it also preserves

hydrodynamics. Hydrodynamic effects can be essential in many mesoscale processes, such

as the annealing of defects in ordered mesophases, making DPD uniquely valuable for such

systems.

Compared to traditional molecular dynamics using, for example, Lennard-Jones

potentials, DPD has the advantage of employing soft repulsive forces F⃗C , which allow for

significantly larger time steps. DPD particles represent fluid elements or coarse-grained

molecular units rather than individual atoms, making the method efficient for mesoscopic

simulations.

The question of how to relate atomistic and mesoscopic parameters is addressed in the

following sections. While soft potentials could be used in standard MD or Monte Carlo

approaches (with noise and friction turned off, i.e., σ = γ = 0), a bottom-up approach has

been proposed by Forrest and Suter. They began with atomistic Lennard-Jones potentials

and derived effective interactions between molecular centers of mass by averaging over fast

atomic fluctuations.

Their effective potentials resemble the soft DPD force law (Eq. 2.3): they do not diverge

at r = 0 and lack the characteristic minimum of the Lennard-Jones potential. This supports

the use of soft repulsive interactions in DPD. However, their approach has some limitations.

The computation of “time-averaged” potentials requires complex integrals similar to virial
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coefficient calculations and yields no analytical form. Additionally, their method ignores

time-dependent density correlations, which can be significant.

Because of these complexities, a more practical top-down strategy is adopted here.

Rather than deriving interaction forces from atomistic models, DPD parameters are chosen

to reproduce correct thermodynamic behavior at the mesoscopic scale. Length and mass

scales are fixed by setting particle mass and cutoff distance to 1. We also choose simulation

units such that kBT = 1, setting the thermal velocity scale via the Maxwell–Boltzmann

distribution.

With these units, conservative force parameters are naturally scaled by thermal energy,

simplifying both parameterization and physical interpretation.

2.3 Parametrization of DPD Models

The conservative force in DPD is given by:

F⃗C
ij = aij

(
1− rij

rc

)
r̂ij, for rij < rc (2.23)

Here, aij is the repulsion parameter and rc is the cutoff distance.

2.3.1 Compressibility-Based Estimation of aii

For a single-component fluid, aii can be estimated from the compressibility:

κ−1
T = ρ

(
∂P

∂ρ

)
T

≈ aiiρ (2.24)

2.3.2 Heterogeneous Repulsion via Flory–Huggins Parameter

For mixtures, the Flory–Huggins parameter χij can be used to estimate cross-interactions:
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aij = aii + 3.27χij (2.25)

The parameter χij can be obtained from:

χij =
Vref

RT
(δi − δj)

2 (2.26)

where δi and δj are solubility parameters of the components i and j, respectively, and

Vref is a chosen reference volume.

2.3.3 Thermodynamic Matching of κij & aij

The parameter κij relates to the stiffness of the system and can be approximated as:

κij =
aij
ρ

(2.27)

This serves to match the bulk modulus or compressibility of the modeled system.

2.4 Energy-Conserving Dissipative Particle Dynamics

(DPDe) for Heat Transfer

In classical Dissipative Particle Dynamics (DPD), the system is maintained at a fixed

temperature by a thermostat composed of dissipative and random forces. However, this

method does not conserve total energy, making standard DPD suitable only for isothermal

simulations (Groot and Warren (1997)). To overcome this limitation, the energy-conserving

extension known as DPDe (or eDPD) was developed (Ripoll et al. 1998). In DPDe,

each coarse-grained particle (or bead) is treated as a small thermodynamic subsystem

characterized not only by its position ri and momentum pi, but also by an internal energy

variableei.
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Thus, each DPDe particle behaves as a local equilibrium system with its own temperature

Ti and internal energy ei = CvTi, where Cv is the specific heat in constant volume. This

internal energy evolves through interactions with neighboring particles, allowing simulation

of temperature gradients and heat transfer at the mesoscale.

2.4.1 Governing Equations

The evolution of each particle is governed by stochastic differential equations that conserve

both momentum and energy:

dri
dt

= vi, (2.28)

dvi

dt
=

1

m

∑
j ̸=i

(
FC

ij + FD
ij + F∗Rij

)
, (2.29)

Cv
dTi

dt
=

∑
j ̸=i

(
qCij + qVij + qRij

)
. (2.30)

The forces are decomposed into conservative, dissipative, and random components:

FC
ij = αij(T )ω

C(rij) eij, (2.31)

FD
ij = −γij ω

D(rij)(eij · vij) eij, (2.32)

FR
ij = σij ω

R(rij) ξij eij, (2.33)

where vij = vi − vj, rij = |r i − rj|, and eij = (ri − rj)/rij. The weight functions ωC(r),

ωD(r), and ωR(r) vanish at the cutoff radius rC , ensuring short-range interactions.
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2.4.2 Heat Exchange Mechanisms; Connection

Between Collisional Heat Flux and Macroscopic Thermal

Conductivity

The LAMMPS documentation and the paper on which it is based (Li et al. 2014), state that

the energy flow from bead j to bead i based on collision is given by:

qCi =
∑
j ̸=i

kij ωCT (rij)

(
1

Ti

− 1

Tj

)
To relate the mesoscopic collisional heat flux used in energy-conserving DPD (eDPD)

simulations to the macroscopic thermal conductivity observed in experiments, we begin with

Fourier’s law for heat conduction:

JQ = −κ∇T (2.34)

where JQ is the heat flux density (units: J/(m2 · s)) and κ is the thermal conductivity (units:

J/(K ·m · s)). From dimensional analysis:

[JQ] =
J

m2 · s
= [κ] · [∇T ] = [κ]

◦K

m

[κ] =
J

◦K ·m · s

In particle-based models such as eDPD, the heat flux between particles i and j is expressed

approximately as:

q̇ij ≈ l2JQ = Kij

(
1

Ti

− 1

Tj

)
= Kij ·

Tj − Ti

TiTj

(2.35)

Comparing the right hand side of equation 2.35, to 2.34, one can consider
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κ ∼ κij

TiTj

l

in order to get detailed balance we require:

∂κ

∂Ei

=
∂κ

∂Ej

based on (Ripoll et al. 1998; Espanol 1997), we can replace:

TiTj ∼ (
(Ti + Tj)

2
)2

so that:

JQ = −κij ·
4

ℓ(Ti + Tj)2

(
−Tj − Ti

ℓ

)
≈ −κ · ∇T

So,

κij = ℓ · (Ti + Tj)
2

4
· κ

This is a bit qualitative. Mackie ((Mackie et al. 1999)) makes this a bit more rigorous —

their Equation 2.15 needs:

q̇
(q)
ij = L

(q)
ij

(
1

θi
− 1

θj

)
and

[
L
(q)
ij

]
=

J

K · s

L
(q)
ij = θiθj λij ((Mackie et al. 1999) Eq. 2.19)

where θi is the temperature.

λij = L
(q)
0 · 1

θiθj

(
1−

r2ij
r2λ

)
((Mackie et al. 1999) Eq. 3.25)
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Then they did an analytic calculation to connect this to the macroscopic thermal

conductivity:

λ = κ =
2π

315
· ρ

2

T 2
· L(q)

0 · r5λ

Let’s check that this is what we think it is.

Recall that the units of thermal conductivity are:

[κ] =
J

m · s ·K

Then,

J

m · s ·K
=

[
ρ2 · r5

T 2

]
·
[
L
(q)
0 =

1

m6

1
◦K2

m5L
(q)
0

]

If we break down the units of L
(q)
0 , we expect:

[
L
(q)
0

]
=

J · ◦K

s

Which agrees! Then given a macroscopic κ, the LAMMPS κij is the same as L
(q)
0 and:

κij =
T 2 r5λ
ρ2

κ or κij =
(Ti + Tj)

2

4
· r

5
λ

ρ2
· κ

Where κ here is the conventional macroscopic thermal conductivity.

Unfortunately, LAMMPS states in the “edpd” pair style documentation:

kij =
C2

v

kB
· κ ·

(
Ti + Tj

2

)2
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The factor of C2
v is confusing! First it does not follow from a microscopic derivation. Second,

if we have two dissimilar beads, it is not clear which Cv we should use to calculate the heat

transfer between them. Let’s call this k̃ij to keep it straight. Then, according to LAMMPS:

[q̇] =

[
J

s

]
=

[
Cv ·

dT

dt

]
= [Cv] ·

[◦K

s

]

So,

[Cv] =
J

K
(thermal capacitance of a bead)

But again, from the LAMMPS documentation:

[q̇c] = [k̃ij] · [ω(rij)] ·
[
1

Ti

− 1

Tj

]

J

s
= [k̃ij] · (1) ·K−1

So that:

[κ̃ij] =
J ·K
s

But from above:

[κ̃ij] = [C2
v ] · [κ] ·

[
(Ti + Tj)

2
]
· 1

[kB]
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Substituting dimensions:

=

(
J

K

)2

·
(

J

K ·m · s

)
·K2 · 1

J/K
=

J2

K2
· J

K ·m · s
·K2 · K

J

Simplifying:

= J ·K · J

K ·m · s
=

J2

m · s

Thus:

[κ̃ij] =
J ·K
s

So, surprisingly:

[κ] =
1

s
(?!) (Recall: [κ] =

J

K ·m · s
)

However, the LAMMPS documentation refers to this κ̃ as the “mesoscopic heat friction,”

which is not clearly defined. So, let us call this LAMMPS coefficient κ̃ij and consult the

references for clarification.

This is from Li et al., which points to four other references. That is, it states:

kij = Cv · κ · (Ti + Tj)
2

4kB
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without any proof. It examines a single fluid or bead type, so there is no ambiguity about

which Cv to use.

In that paper, η is used for the thermal conductivity, and it is stated that:

η =
2π

315
· ρ

2

kB
· C2

v · r5c · κ̃ (Eq. 14, (Li et al. 2014))

Let’s check the units:

We now verify the units of the macroscopic thermal conductivity η from Li et al.’s

formulation:

[η] = [ρ2] · [C2
v ] · [r5c ] · [κ̃] ·

1

[kB]

Substituting units:

=

(
1

m6

)
·
(
J

K

)2

·m5 ·
(
J ·K
s

)
·
(

1

J/K

)

Simplifying:

=
1

m
· J

2

K2
· J ·K

s
· K
J

=
J

m · s ·K
= [κ]

⇒ η has the correct units of thermal conductivity.

which confirms the consistency of units for macroscopic thermal conductivity.
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Viscous heat flux (qV ) accounts for the conversion of kinetic energy to internal

energy via friction and stochastic forces. This term is carefully constructed to ensure the

conservation of energy.

qVi =
1

2Cv

∑
j ̸=i

{
ωD(rij)

[
γij(eij · vij)

2 −
σ2
ij

m

]
− σij ωR(rij)(eij · vij) ζij

}
, (2.36)

Random heat flux (qR) represents stochastic thermal energy exchange:

qRi =
∑
j ̸=i

βij ω
R
T (rij) ζij, (2.37)

where ζij are symmetric Gaussian noise terms with ⟨ζijζkl⟩ = δikδjl δ(t− t′).

2.4.3 Fluctuation–Dissipation Consistency

To ensure thermal equilibrium and detailed balance, the dissipative and random terms must

satisfy fluctuation–dissipation relations:

σ2
ij = 4γijkB

TiTj

Ti + Tj

, (2.38)

ωD(r) = [ωR(r)]2, (2.39)

β2
ij = 2kBkij. (2.40)

These conditions ensure that the system naturally equilibrates to the Maxwell–Boltzmann

distribution and that energy exchange between internal and kinetic modes occurs without

drift.
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2.4.4 Practical Parameter Choices

To reproduce physical thermal transport properties, kij is typically defined as:

kij =
C2

vκ(Ti + Tj)
2

4kB
, (2.41)

where κ is a mesoscopic thermal conductivity (Li et al. 2017).

2.4.5 Applications and Summary

DPDe enables simulations of non-isothermal processes such as heat conduction, temperature

equilibration, and natural convection. It bridges molecular dynamics and continuum

heat transfer by conserving total energy and resolving mesoscopic temperature variations.

The method has been validated to reproduce Fourier’s law and accurate thermodynamic

fluctuations in equilibrium.

2.5 Timestep Selection for eDPD Simulations

One of the advantages of Dissipative Particle Dynamics (DPD) over traditional molecular

dynamics (MD) is its ability to employ larger time steps while maintaining numerical stability

and physical accuracy. However, because DPD integrates stochastic differential equations,

the choice of the time step ∆t must still be made carefully to ensure that the system

remains thermodynamically consistent and does not experience numerical instability. At

the theoretical level, the evolution of the one-particle distribution function in DPD can be

analyzed by examining its first and second moments. In the absence of conservative forces,

and assuming a Gibbs equilibrium distribution for particle momenta, it has been shown that

the second moment of the distribution evolves according to:

∆⟨p2⟩ = −2γ∆t kBT n⟨w2
D⟩+ σ2∆t⟨w2

R⟩+O(∆t2) (2.42)
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Here:

• γ: Dissipative force coefficient

• σ: Amplitude of the random force

• n: Number density

• ⟨w2
D⟩, ⟨w2

R⟩: Moments of the weight functions

At equilibrium and in the limit ∆t → 0, the fluctuation-dissipation theorem (FDT)

ensures consistency:

σ2 = 2γkBT (2.43)

For finite timesteps, the effective kinetic temperature T increases with ∆t, as described

by the relation:

mkBT =
A3

A1(2− A1n∆t)− A2∆t
(2.44)

with:

A1 = γ⟨w2
D⟩ (2.45)

A2 =
2γ2

m
⟨w2

D⟩ (2.46)

A3 = σ2⟨w2
R⟩ = 2γkBT ⟨w2

D⟩ (2.47)

This expression becomes undefined if the denominator becomes negative. Thus, the

timestep must remain below the critical value:

∆tc =
2A1

nA2
1 + A2

(2.48)

Substituting the definitions of A1 and A2, we obtain:
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∆tc =
2γ⟨w2

D⟩
nγ2⟨w2

D⟩2 +
2γ2

m
⟨w2

D⟩
(2.49)

Simplifying:

∆tc =
2

γ
· 1

n⟨w2
D⟩+ 2

m

(2.50)

Numerical Example from Simulation Input

From the simulation input file, the eDPD parameters can be defined using the following

command:

pair_coeff 1 1 25 4.5 0.41 1.58 1.41E-5 2.0 1.58

The above pair-coeff command is an example that specifies the interaction between type 1

particles, where:

• aij = 25 is the conservative force coefficient, representing soft repulsion between

particles,

• γij = 4.5 is the dissipative force coefficient, controlling viscous damping,

• s = 0.41 is the exponent in the weight function ωD(r) = ω2
R(r) =

(
1− r

rc

)s

, which

defines how the dissipative and random force magnitudes decay with distance. A

smaller value of s results in a more gradual decay, influencing how momentum and

energy are exchanged between particles as a function of separation distance.

• rc = 1.58 is the cutoff radius for conservative, dissipative, and random forces,

• κij = 1.41× 10−5 is the thermal conductivity coefficient, governing the rate of internal

energy exchange between particles,

• sT = 2.0 is the exponent used in the thermal weight function ωCT (r) = ω2
RT (r) =(

1− r
rct

)sT
, which controls how the heat conduction term decays with distance between
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particles. This parameter influences the spatial distribution of thermal interactions,

with higher values leading to more localized heat transfer near the cutoff radius rct.

• rct = 1.58 is the cutoff radius used in the weighting function for thermal energy

exchange.

These parameters together define the mechanical and thermal interactions in the system,

ensuring correct momentum and energy transfer consistent with the fluctuation–dissipation

theorem and the conservation of total energy in eDPD simulations.

Calculation of ⟨w2
D⟩

Symbol Meaning Value
a repulsion parameter 25
σ Random force amplitude (noise) computed from FDT 3.77
γ Dissipative force coefficient 4.5

s or power f Exponent in the weight function (1− r/rc)
s 0.41

rc Cutoff radius for force interactions 1.58
κ Thermal conductivity coefficient 1.42× 10−5

power T Exponent in temperature-dependent thermal conductivity 2.0
rc,T Cutoff radius for thermal interactions 1.58

Table 2.1 Corrected eDPD parameters used in the simulation.

The average squared weight function is computed in the following way. We previously

used:

⟨w2
D⟩ =

3

r3c

∫ rc

0

r2
(
1− r

rc

)2s

dr

With the substitution x = r
rc
, we get:

⟨w2
D⟩ =

3

r3c
· r4c

∫ 1

0

x2(1− x)2s dx = 3rc

∫ 1

0

x2(1− x)2s dx

This integral is a Beta function:
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∫ 1

0

x2(1− x)2s dx = B(3, 2s+ 1) =
Γ(3)Γ(2s+ 1)

Γ(2s+ 4)

Thus:

⟨w2
D⟩ = 3rc ·

Γ(3)Γ(2s+ 1)

Γ(2s+ 4)

⟨w2
D⟩ = 3rc

∫ 1

0

x2(1− x)2sdx = 3rc ·B(3, 2s+ 1) = 3rc ·
Γ(3)Γ(2s+ 1)

Γ(2s+ 4)
≈ 0.484

The random force amplitude σ is calculated from the following formula:

σ2 =
4γkBTiTj

Ti + Tj

⇒ σ ≈ 3.77

A1 = γ⟨w2
D⟩ = 4.5 · 0.484 = 2.18

A2 =
2γ2

m
⟨w2

D⟩ = 2 · 4.52 · 0.484 ≈ 19.58

A3 = σ2⟨w2
D⟩ = (3.77)2 · 0.484 ≈ 6.88

The critical time step is:

∆tc =
2A1

A2(n+ 1)
=

2 · 2.18
19.58 · 4

≈ 0.0556

∆tc ≈ 0.0556

The simulation currently uses ∆t = 0.0005, which is safely below the stability threshold

and consistent with recommendations for eDPD simulations with conservative forces and

energy transport.
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In general one should notice that for a given set of input parameters of DPD

(γ, σ, wD, wR, n), the measured temperature of the system increases as the time step ∆t

becomes larger. Moreover, 1
kBT

is found to be a linearly monotonic function of ∆t.

One standard way to measure the equilibrium temperature is through the averaged

kinetic energy of particles. According to the equipartition theorem, the temperature can

be estimated as:

kBT = m
⟨v2⟩
3

where ⟨v2⟩ is the average of the squared velocities of the particles. Therefore, as ∆t increases,

this kinetic temperature deviates from the input target temperature due to numerical

integration artifacts.

We set the number density to ρ = 3. This means that there are 3 DPD particles per unit

volume in DPD units. To match this to the molecular density of liquid water, we calculate

the physical length scale [L] as follows:

Step 1: Real Water Number Density

At 300 K, the density of liquid water is:

ρmass = 997 kg/m3

The molar mass of water is:

M = 18.015 g/mol = 0.018015 kg/mol

The number of moles of water per cubic meter is:

ρmol =
997

0.018015
≈ 55371mol/m3
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Using Avogadro’s number NA = 6.022 × 1023, the number of water molecules per cubic

meter is:

ρwater molecules = 55371× 6.022× 1023 ≈ 3.34× 1028molecules/m3

Step 2: DPD Number Density and Length Scale

In DPD, the number density is:

ρDPD =
NDPD

[L]3
=

3

[L]3

We want this to match the molecular number density of real water:

3

[L]3
= 3.34× 1028 ⇒ [L]3 =

3

3.34× 1028

[L]3 ≈ 8.98× 10−29 ⇒ [L] ≈
(
8.98× 10−29

)1/3 ≈ 4.48× 10−10m = 0.448 nm

Final Answer

[L] = 0.448 nm

This is the physical length scale that ensures one DPD particle corresponds to three

water molecules when the number density is ρ = 3.

Determining the Repulsion Parameter a from Compressibility

At high number densities (ρ > 2), the pressure of a DPD fluid can be approximated using

the virial theorem as:

p = ρkBT + αaρ2
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where:

• ρ is the DPD number density (particles per unit volume),

• kBT is the thermal energy,

• a is the repulsion parameter (strength of conservative force),

• α ≈ 0.101 is a numerical prefactor determined from simulation data.

To connect this with thermodynamic properties, the (dimensionless) isothermal

compressibility of a DPD fluid is defined as:

κ−1
c =

1

kBT

(
∂p

∂ρ

)

Taking the derivative of pressure:

∂p

∂ρ
= kBT + 2αaρ ⇒ κ−1

c = 1 +
2αaρ

kBT

Solving for a, we obtain:

a =
kBT (κ

−1
c − 1)

2αρ

Matching to Real Water

To match the DPD fluid to the compressibility of real water at 300 K, we use:

• Isothermal compressibility: βT = 4.503× 10−10m2/N,

• Thermal energy: kBT = 4.142× 10−21 J,

• DPD number density: ρ = 3,

• Length scale: [L] = 0.448 nm = 4.48× 10−10m.
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The dimensionless compressibility of the DPD system is given by:

κc = ρkBTβT/[L]
3 ⇒ κ−1

c =
[L]3

ρkBTβT

Substituting the given values:

[L]3 = (4.48× 10−10)3 = 8.98× 10−29m3

κ−1
c =

8.98× 10−29

3 · 4.142× 10−21 · 4.503× 10−10
≈ 16.0

Using this in the earlier equation for a:

a =
4.142× 10−21 · (16.0− 1)

2 · 0.101 · 3
=

4.142× 10−21 · 15
0.606

≈ 62.13× 10−21

0.606

To express a in DPD units, divide by kBT :

a

kBT
=

15

2αρ
=

15

2 · 0.101 · 3
≈ 75.0

ρ

Final Result

The repulsion parameter is:

a =
75.0 kBT

ρ

This value of a ensures that the DPD system has the same compressibility as liquid

water at 300 K when the number density is ρ = 3 and the coarse grain length scale is

[L] = 0.448 nm.

It is important to remember that if you change the level of coarse graining (that is, the

number of molecules per DPD particle) or change the value of [L], you must recompute a

accordingly. Otherwise, the compressibility and sound speed of the fluid will no longer match

the physical system.

42



Relation Between Dissipative Coefficient, Weight Function, and

Viscosity

In Dissipative Particle Dynamics (DPD), the viscosity of the simulated fluid arises from

two main sources: the dissipative interactions between particles and the diffusive motion of

particles themselves. Both contributions are influenced by how energy and momentum are

exchanged in the system.

The dissipative force acts as a frictional interaction between pairs of particles and is

proportional to a coefficient γ and a spatial weighting function wD(r), which determines

how strongly particles interact based on their separation distance. When particles move

relative to each other, this dissipative force resists their motion and transfers momentum in

a way that mimics viscous behavior.

The combined effect of the dissipative coefficient γ and the shape of the weight function

wD(r) directly controls how much resistance the fluid exhibits to shear flow. As a result,

these parameters play a central role in setting the shear viscosity of the fluid. For example:

• Increasing γ generally increases the viscosity, as it amplifies friction between particles.

• Choosing a broader or sharper wD(r) changes the range and strength of dissipation

across different distances, also affecting the viscosity.

Additionally, because particles in DPD also undergo random motion, the relaxation of

their velocities (which is controlled by γ and wD(r)) contributes to viscosity through kinetic

effects. Altogether, by tuning γ and the functional form of wD(r), one can match the viscosity

of the DPD model to that of a real fluid of interest.

The total viscosity is given by the sum of the dissipative and kinetic contributions:

η = ηD + ηK

where:
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• The dissipative contribution is

ηD =
2πγρ2

15

∫ ∞

0

dr r4wD(r)

• The kinetic contribution is

ηK =
ρkBTτ

m
with

1

τ
= 4πγρ

∫ ∞

0

dr r2wD(r)

Both contributions depend explicitly on γ, ρ, and the integrals over the weight function

wD(r). These expressions allow direct control of the fluid’s viscosity by adjusting simulation

parameters.

2.6 Summary

In this chapter, we presented the theoretical foundations of Dissipative Particle Dynamics

(DPD) and the Energy-Conserving Dissipative Particle Dynamics (eDPD) method. We

described how the conservative, dissipative, and random forces are constructed to satisfy

the fluctuation-dissipation theorem and maintain thermodynamic consistency. The stability

conditions were analyzed through the evaluation of characteristic coefficients (A1, A2, and

A3), and a critical timestep was derived to ensure numerical accuracy. We also explored how

the kinetic temperature depends on integration timestep, emphasizing the importance of

choosing ∆t well below the stability threshold. Furthermore, the DPD repulsion parameter

a was derived from compressibility matching with real water at 300 K, and the coarse-graining

length scale was determined using number density conversion from molecular to DPD units.

Finally, we discussed how the dissipative coefficient γ and weight function wD(r) influence

the fluid’s viscosity and transport properties.

This theoretical framework forms the basis of the mesoscopic model used in the following

chapters. In particular, Chapter 3 builds upon this foundation by detailing the coarse-
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graining strategy and parameterization of single-walled carbon nanotubes (SWCNTs) and

DSPE molecules. The modeling decisions in Chapter 3 rely critically on the physical

consistency and numerical reliability established through the theory in this chapter.
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Chapter 3

Coarse-Grained Model Development and

Simulation Setup

3.1 Introduction

In this chapter, we describe the development and parameterization of coarse-grained models

for single-walled carbon nanotubes (SWCNTs), DMPC lipid molecules, and DSPE-PEG

conjugates in water. These components form the foundation of our simulations aimed at

understanding the thermal, mechanical, and interfacial behavior of functionalized carbon

nanotubes in biologically relevant environments.

As discussed in chapter two, at the mesoscopic scale, fully atomistic simulations

become computationally expensive and often impractical for studying large systems over

long timescales. Coarse-grained models, such as those based on dissipative particle

dynamics (DPD) and energy-conserving DPD (eDPD), offer a powerful alternative by

representing groups of atoms as single beads. These models preserve essential structural and

thermodynamic properties while allowing for efficient simulation of collective phenomena

such as dispersion, adsorption, and heat transfer.

In the following sections, we will first describe the general simulation parameters used in

our system: parameters such as the time step, temperature, and interaction range.
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We then continue by constructing a triangulated bead-spring model of the SWCNT based

on a hexagonal lattice, with bond lengths and angles designed to replicate the mechanical

rigidity of real nanotubes. To guide our approach, we followed the method developed by

Aitor Valdivia and Carlos Jaime (Valdivia and Jaime 2021), who proposed a practical way

to represent SWCNTs in coarse-grained simulations. Their method uses a triangular lattice

pattern to construct the surface of the nanotube, which helps to maintain its shape and

prevent unwanted gaps that water beads could penetrate. The mechanical reliability of

the SWCNT model is verified by computing stress/strain responses and comparing them

to known values from atomistic simulations and experimental literature. We also model

water as a DPD fluid with a reduced density representation, and systematically tune the

repulsion parameters (aij) between water and carbon beads to reproduce key hydrophobic

and interfacial behaviors.

In parallel, we develop a coarse-grained representation of the DMPC molecule, following

established models in the literature. The molecule is constructed to preserve its amphiphilic

character, with a hydrophilic head and two hydrophobic tails. The interaction parameters are

chosen to ensure realistic behavior in aqueous environments and near hydrophobic surfaces

like carbon nanotubes.

This chapter also outlines the simulation setup, including the box dimensions, initial

conditions, temperature control, unit system, and interaction potentials. Together,

these models serve as the computational basis for simulating the thermal response and

functionalization efficiency of SWCNTs in later chapters. The framework developed

here enables us to investigate how molecules like DSPE-PEG interact with the nanotube

surface and how such interactions influence dispersion, thermal conduction, and biological

applicability.
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3.2 General simulation parameters

In this thesis, we use reduced units throughout, unless explicitly mentioned otherwise. Using

reduced units is a common practice in Dissipative Particle Dynamics (DPD) simulations

because it allows us to work with simplified, dimensionless numbers instead of physical units

like joules or meters. This makes the equations easier to handle and the results easier to

interpret and compare across different studies or materials.

Following the setup introduced by Groot and Warren (1997), we define the unit of energy

by setting kBT = 1, where T represents the temperature and is taken to be 300 K for

reference. In the same way, we choose the mass of a particle m = 1 and the interaction cutoff

distance rc = 1. This means that all other quantities, such as time, force, and pressure, are

automatically scaled based on these reference values.

3.2.1 Length and Time Scale Mapping to Real Units

To relate DPD simulation units to physical quantities, we begin by defining the bead density

ρ as the number of DPD particles N divided by the volume of the system V . This bead

density allows us to map the length and time scales using experimental data from a reference

substance, which is water in this case.

The molecular volume of a water molecule is approximately 30Å3. If one DPD bead

represents three water molecules, then each bead corresponds to a volume of 90Å3. Given

a reduced bead density of ρr3 = 3, this implies that a cubic region of volume r3 contains 3

beads, which totals 270Å3 in physical volume (Valdivia and Jaime 2021). Solving for the

interaction cutoff radius gives the following:

rc = (270 Å
3
)1/3 ≈ 6.47 Å.
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This length scale can also be applied to DMPC lipids. The DMPC molecule can be

divided into coarse-grained volumes of approximately 90Å3, resulting in a model with 3

head beads and two tails composed of 5 beads each, as illustrated in Fig. 3.1.

Figure 3.1 The atomistic structure of DMPC and its corresponding coarse-grained model
used in this study are shown. Lime-colored beads represent the hydrophobic components,
while mauve-colored beads indicate the hydrophilic regions.

To determine the time scale, we compare the self-diffusion behavior in DPD simulations

with experimental data. The experimental self-diffusion constant of water at room

temperature is Dwater = (2.43 ± 0.01) × 10−5 cm2/s, as reported by Partington et al.

(Partington et al. 1952). Groot (Groot 2003) showed that for a system with the repulsion

parameter aWW = 25, the mapping factor N = 3, and the bead density ρ = 3, the reduced

time unit τ = 1 corresponds to 160.4 ps. Let us walk through how Groot mapped the time

unit in DPD via the diffusion coefficient.

To relate the DPD time unit to real physical time, we compare the self-diffusion coefficient

of water in simulation and experiment.

Simulation Diffusivity

Groot’s simulation results showed that the self-diffusion coefficient of water in reduced DPD

units was:

DDPD
water ≈ 0.064
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as reported in Groot and Warren (1997), for a system with repulsion parameter aWW = 25,

bead density ρ = 3, and mapping factor N = 3.

Matching Simulation to Experiment

To find the physical time scale corresponding to one DPD time unit, we match the diffusivity

from simulation to the experimentally measured self-diffusion coefficient of water at room

temperature, given by:

Dexp
water = 2.43× 10−5 cm2/s

The Einstein relation gives:

D =
⟨∆r2⟩
6τ

We aim to find how much real time τ corresponds to one unit of reduced DPD time such

that:

DDPD
water ·

(
r2c
τ

)
= Dexp

water

where rc is the DPD cutoff length (typically mapped to rc ≈ 0.645 nm).

Result

From this relationship, and using the known values of DDPD
water ≈ 0.064, rc = 0.645 nm =

6.45× 10−8 cm, and Dexp
water = 2.43× 10−5 cm2/s, Groot found that:

τ = 160.4 ps

Thus, one unit of reduced time in the DPD simulation corresponds to approximately

160.4 picoseconds of physical time.

In this work, we use time steps of δt = 0.05τ and δt = 0.005τ , which correspond to

approximately 4.8 ps and 9.6 ps, respectively.

50



All simulations were conducted using the LAMMPS energy conservative dissipative

particle dynamics package (Li et al. 2017).

By working in this normalized system of units, we avoid the need to constantly convert

between different physical scales and can focus more directly on the behavior and trends in

the simulation.

3.2.2 Lattice Geometry and Physical Basis

Because DPDE is not an atom-based simulation, the model of a CNT does not have to

be a honeycomb lattice. The CG model is based on a triangular bead lattice that wraps

around a cylindrical geometry to approximate the surface of an SWCNT. Each bead in

the lattice represents a phenalene-like molecular fragment, chosen for its structural and

hydrophobic similarity to the carbon nanotube wall (Valdivia and Jaime 2021). The

equilibrium bond length between adjacent beads is set to r0 = 0.77 in reduced units,

corresponding to approximately 4.99 Å. This spacing matches the length of one phenalene

unit along the nanotube axis Valdivia and Jaime (2021). The cutoff distance is set to rc = 1.0

(approximately 6.46 Å). This distance defines the maximum range within which the beads

interact via the conservative repulsive force. The beads separated by a distance greater than

rc do not exert any conservative force on each other.

To eliminate gaps between adjacent bead rings that can allow water to pass through, each

ring is rotated at an angle θrot = 360◦/n, where n is the number of beads in the ring. This

forms a staggered triangular lattice across the surface of the tube, effectively closing the

open paths between rings and mimicking the impermeable nature of the real SWCNT walls.

To ensure that the cylindrical structure of the coarse-grained single-walled carbon

nanotube (SWCNT) remains stable throughout the simulation while still allowing for realistic

flexibility and thermal motion, a system of harmonic bonds and angular potentials is

employed.
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Figure 3.2 Schematic of the coarse-grained model used for carbon nanotubes (CNTs). The
spheres represent the centers of mass of coarse-grained beads distributed along the CNT
wall. Grey beads correspond to phenalene-like carbon structures, while red beads represent
phenalene-like units functionalized with polar groups such as –OH or –COOH. (Valdivia and
Jaime 2021)

Each bead in the SWCNT is connected to its nearest neighbors via harmonic bonds

defined by the following potential:

Ubond(r) =
1

2
Kr(r − r0)

2

where: r is the instantaneous distance between two bonded beads, r0 is the equilibrium

bond length (typically equal to the lattice spacing), and Kr is the bond spring constant,

controlling the stiffness of the bond (units: energy/distance2).

In our model, crossing bonds are added between diametrically or angularly opposed beads

within the same ring of the nanotube. These bonds help maintain the circular symmetry of

each ring and prevent lateral deformation, effectively reinforcing the cylindrical structure of

the SWCNT.
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To further maintain the curvature and cylindrical geometry of the nanotube, “harmonic

angle potentials” are defined between triplets of connected beads. The angular potential is

given by:

Uangle(θ) =
1

2
Kθ(θ − θ0)

2

where: θ is the instantaneous angle between two consecutive bonds, θ0 is the equilibrium

angle, Kθ is the angular spring constant (units: energy/radian2).

Although θ0 is specified in degrees in the LAMMPS input (e.g., 53°), LAMMPS internally

converts this to radians for computation. The prefactor Kθ thus determines the energy cost

of deviating from the preferred curvature.

In this work, the following parameter values were used:

- Bond spring constant: Kr = 180

- Angular spring constant: Kθ = 55

- Equilibrium angle: θ0 = 53◦

- Equilibrium distance: r0 = 0.77

These parameters were chosen to balance the mechanical rigidity and flexibility of the

nanotube, allowing it to undergo realistic thermal fluctuations and moderate bending without

collapsing or deviating significantly from its intended cylindrical form. This approach ensures

that the coarse-grained SWCNT behaves analogously to real carbon nanotubes, which are

known for their high axial stiffness and moderate flexibility under lateral forces.

3.2.3 Soft-Repulsion Parameters

The complete set of soft-repulsion parameters used in this study is summarized in Table

1. The coarse-grained (CG) model for DMPC lipids consists of only two bead types: head

beads (H) and tail beads (t).
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A standard value of aWW = 25 was adopted for water–water interactions, following

the work by Groot (Groot and Warren 1997). Although the DMPC molecule contains

three distinct headgroup fragments, all were treated as identical in this model. The

average solvation energy of these fragments was used to estimate the water-head interaction

parameter, which yields aHW = 15.

For the lipid tails, which are strongly hydrophobic, a higher repulsion parameter was

used to reflect their poor solvation in water: atW = 80.

The calculated solvation energy of single-walled carbon nanotubes (SWCNT) in water

leads to an estimated water–CNT interaction parameter of aCNTW = 75 (Valdivia and Jaime

2021). The interactions between SWCNTs and the DMPC bilayer were parameterized as

follows:

• For the head bead–CNT interaction, aCNTH = 75, matching the repulsion between

water and CNTs.

• Since lipid tails and CNT walls are both highly hydrophobic, the tail bead–CNT

interaction was modeled based on a slightly higher water affinity of phenalene

compared to lipid tails (estimated using propane solvation energy). With att = 25

and a difference of 5 between atW = 80 and aCNTW = 75, the value for the tail–CNT

interaction was set to aCNTt = 30.

aij W t H CNT
W 25 80 15 75
t 25 80 30
H 35 75

CNT 25

Table 3.1 Soft repulsion parameters aij used in this article for a system composed of DMPC
molecules, one SWCNT, and water.
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Summary

This chapter presented the parameterization and structural setup of our coarse-grained

model, built for energy-conserving dissipative particle dynamics (eDPD) simulations. We

began by adopting the standard dimensionless unit system proposed by Groot and Warren

(1997), in which energy, mass, and length are normalized as kBT = 1, m = 1, and rc = 1,

respectively. This approach simplifies the model formulation and facilitates comparison

across simulation studies.

We then mapped these dimensionless quantities to physical units using water as a

reference fluid. A bead density of ρ = 3 and a coarse-graining level of 3 water molecules per

bead led to an interaction cutoff radius of rc ≈ 0.645 nm and a time unit of τ ≈ 160.4 ps,

based on the experimental self-diffusion coefficient of water.

Next, we described the cylindrical lattice geometry used to model single-walled carbon

nanotubes (SWCNTs), where each bead represents a phenalene-like segment. Harmonic bond

and angular potentials were implemented to preserve cylindrical symmetry and mechanical

stability while allowing for thermal fluctuations.

The chapter concluded with a discussion of the soft-repulsion parameters used to model

non-bonded interactions between water, lipid head and tail groups, and CNT walls. These

interaction strengths were derived based on solvation energy comparisons and were chosen

to reproduce the expected hydrophilic and hydrophobic behavior in aqueous environments.

Together, these physical mappings, structural definitions, and interaction parameters

establish a robust simulation framework for investigating the mechanics and thermodynamics

of CNT–biomolecule systems. In the following chapter, the developed model is employed

to simulate the mechanical response of carbon nanotubes (CNTs) under applied strain

and stress, validating their deformation behavior against known physical properties of real

SWCNTs. Additionally, we investigate heat transfer across CNT–water interfaces, with a

particular focus on quantifying the Kapitza resistance.
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Chapter 4

LAMMPS-Based Modeling of SWCNT

Mechanics and Kapitza Resistance

4.1 Introduction

In previous chapters, we discussed the theoretical foundations of Dissipative Particle

Dynamics (DPD) and its energy-conserving extension (eDPD). In this chapter, we shift

our focus to the implementation and application of these models within the LAMMPS

simulation package, specifically for studying interfacial heat transfer and Kapitza resistance

in nanostructured systems.

Kapitza resistance, or thermal boundary resistance, arises at interfaces between materials

with mismatched phonon spectra and manifests itself as a temperature discontinuity under

constant heat flux (Opsal and Pollack 1974). This phenomenon is critical in various

applications including drug delivery, lubrication, nanoelectronics, and photothermal therapy,

where accurate thermal management at interfaces is essential. Traditional continuum

methods lack the resolution to capture these effects, while molecular dynamics (MD)

simulations are often too computationally intensive. The eDPD method offers a mesoscopic

alternative that balances resolution with efficiency, but its ability to capture thermal

boundary resistance in systems with heterogeneous material properties remains an open

question.
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This chapter documents our approach to modeling Kapitza resistance in LAMMPS,

beginning with an assessment of how LAMMPS handles energy exchange between materials

with differing transport coefficients. We then apply this understanding to simulate heat

transfer across idealized and realistic interfaces in the carbon–water system. These studies

include the effects of hydrophobicity, thermal rectification, and the role of interfacial

parameter tuning on thermal resistance.

By resolving these implementation challenges and validating results against known behavior,

we establish a reliable methodology for investigating interfacial heat transfer in complex

nanostructured systems using eDPD in LAMMPS.

4.1.1 Modelling and measuring thermal conductivity in LAMMPS

During the modeling of thermal conductivity, we observed a discrepancy in the LAMMPS

documentation. I would like to present the problem and a series of experiments that we

performed to better understand the behavior of the eDPD package.

LAMMPS documentation gives the following formula for the heat per unit time conducted

from particle j to particle i:

qCi = kij ω(rij) (Ti − Tj)

where

kij =
C2

v κ̃ (Ti + Tj)

4kB

and ω is a dimensionless weight function. (We use the symbol κ̃ instead of κ to distinguish

the LAMMPS parameter from the standard thermal conductivity.)

The documentation states that κ̃ has “thermal conductivity units” but does not identify

it as the actual thermal conductivity of the material. According to LAMMPS, κ̃ is the

“mesoscopic heat friction” for which the following formula is given:
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κ̃ =
315kB ν

2πcV r5c Pr

where ν is the kinematic viscosity and Pr is the dimensionless Prandtl number. However,

the dimensions of this expression do not match the units required for κ̃ if qCi is to have units

of energy per time (J/s).

The connection between the heat conduction equation and the coefficient kij was

developed in an earlier discussion. Our derivation, which relates to the heat current equation

qCi , differs from the LAMMPS result by a factor of C2
v , as our derivation used κ, the actual

thermal conductivity.

Furthermore, it is unclear how to handle the LAMMPS formula when heat is transferred

between dissimilar beads. The documentation incorrectly treats κ̃ as a scalar rather than a

pairwise parameter κ̃ij. Also, it is not clear which Cv (the bead heat capacity, defined in the

bead parameters) should be used. Since energy conservation requires qij = −qji, we cannot

simply choose Cv of one bead over the other.

We have performed several simulation runs and calculated the slope dT
dx

for a fixed heat

flux through the system. Since

Φheat = JheatA =

(
σtherm

dT

dx

)
A

we can also use this relationship to investigate the scaling behavior of dT
dx

as a function of κij

and Cv. We can check the scaling of the slope as a function of κij and CV . If the LAMMPS

documentation is correct, then scaling κ by some constant α and CV by 1/
√
α should result

in no change in the heat transferred and thus the thermal conductivity. (Recall that the

user specifies the exact values of these parameters at the start of the simulation.)

We now outline the simulation setup and the series of experiments carried out to explore

this discrepancy.
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Figure 4.1 VMD visualization of Computational setup in LAMMPS showing two distinct

materials separated by an interface. The left region (pink) consists of one material, while

the right region (teal) consists of a different material, enabling the study of Kapitza resistance

at the interface.

We first define a rectangular simulation volume with periodic boundary conditions and

divide it into two equal halves. We fill the region on the left with beads of one type and the

right with beads of a second, which can have different simulation parameters (Fig. 4.1). We

fix the beads on the left at rigid positions in space, forming a solid slab, while those on the

right can either be fixed or allowed to flow, depending upon the goals of the simulation.
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Figure 4.2 Schematic of the model: heating and cooling regions at constant equal rates

produce a temperature profile with the purpose of extracting the thermal conductivity. The

system has periodic boundary conditions in x, y and z directions.

As shown in Fig. 4.2, a heat source was applied to the center of one region, while a

heat sink was applied to the center of the other region. This imposed a steady-state heat

flux across the system, allowing a steady state temperature profile to develop over time.

The temperature was sampled across the simulation domain in the direction of heat flow,

averaging across a plane perpendicular to the flux.

To better understand how LAMMPS handles themal conductivity between dissimilar

materials, it is necessary first to understand how the simulation behaves with uniform

parameters. In Fig. 4.3, we show a plot of the temperature as a function of position for fixed

heat flux. In these runs, we choose the medium to be uniform, with all material parameters

identical on the left and right sides. We choose the heat capacity to be CV = C0/
√
α, and

κ̃ij = ακ0 (κ̃ij is the mesoscopic heat friction), where α is a parameter that allows us to scale

the specific heat and thermal diffusivity but keep the product κ̃ijC
2
V constant. This choice

would imply, from eq.(4.1.1) that the temperature profiles should be identical for all values
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of α.

Kij =
C2κ̃ij

4kB
· (Ti + Tj)

2 (4.1)

Here, CV is the volumetric heat capacity, κ̃ij is the microscopic (mesoscopic) heat friction

coefficient, and kB is the Boltzmann constant.

To investigate the temperature profiles for different values α, we developed a simulation

model that is described in detail below, and the corresponding code is provided in the

appendix. We define a rectangular simulation domain that extends from −20 ≤ x ≤ 20,

−20 ≤ y ≤ 20, and −10 ≤ z ≤ 10, with periodic boundary conditions applied in the

three spatial directions. This domain is divided along the x axis into two equal regions:

edpd1 (left half) and edpd2 (right half), each containing 64,000 randomly distributed eDPD

particles of types 1 and 2, respectively. Both materials have a mass of 1.0, but their

volumetric heat capacities differ: Type 1 beads are assigned Cv = 1.0 × 105, and type 2

beads have Cv = 1.0 × 105/
√
α, with α = 1 in this case. Pairwise interactions use the

energy-conserving DPD force field (eDPD) with a cutoff of 1.58 and consistent coefficients

for all combination types, including temperature-dependent conductivity terms via the power

and kappa options. The nominal thermal conductivity for the homogeneous media (types 1

and 2) is set to k = 1.45 × 10−5, while the cross-type heat friction coefficient k12 is derived

using the harmonic mean formula to ensure a significant interfacial resistance. A heat source

is applied at x = −10 and a heat sink at x = +10, each depositing or removing energy at a

rate of ±0.005 in reduced units. The simulation is performed with a timestep of 0.01 using

the mvv/edpd integrator, and the system evolves for 100,000 steps after an initial transient of

500 steps. The temperature is computed at the atomic level using compute edpd/temp/atom

and averaged spatially along the x-axis using chunk/atom bin/1d with a bin size of 0.05.

The resulting temperature profiles allow for quantifying the thermal boundary resistance
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(Kapitza resistance) that arises at the interface between the two materials.

Figure 4.3 Plot showing the temperature as a function of position while varying the interfacial

thermal conductivity kij and specific heat capacity CV , while holding the product kijC
2
V

constant. The simulation was performed in a periodic box spanning −20 ≤ x ≤ 20,

−20 ≤ y ≤ 20, and −10 ≤ z ≤ 10, filled with 128,000 energy-conserving DPD particles

(64,000 of each type). Type 1 particles were assigned CV = 1.0× 105, while Type 2 particles

were assigned CV = 1.0×105√
α

, and thermal conductivity scaled as k = α·1.45×10−5 to preserve

kijC
2
V . A fixed heat flux of ±0.005 was applied at x = ±10, and temperature profiles were

obtained after 100,000 timesteps using a timestep size of 0.01. Temperature was calculated

per bead and averaged in 1D spatial bins of size 0.05.

As we discussed, according to Eq. (4.1.1), if the product κ̃ijC
2
V remains constant, one

would expect the thermal conductivityKij to also remain constant for a uniform temperature
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field, and consequently, the steady-state temperature profiles under fixed heat flux should

be identical. However, the simulation results in Figure 4.3 show a clear deviation from

this expectation. Although the product κ̃ijC
2
V is kept constant, the resulting temperature

gradients vary significantly with α.

To investigate this problem, we checked the scaling of the slope as a function of κi,j and CV

separately to investigate the cause. As you know by now, We had hypothesize that since

ki,j ∝ κ̃C2
V

scaling κ̃ by a factor α, and CV by 1/
√
α, would keep ki,j unchanged. However, since our

results did not confirm this, we decided to investigate this change. In Fig.4.4 we show the

change in the temperature gradient with respect to different values of α.

Figure 4.4 Scaling of the slope dT
dx

as a function of α. The results suggest that ki,j ∝ κ̃/C2
V

is not supported by the numerical data.

63



Although we expect no change in the temperature gradient, we see that the data fit the

scaling of 1/
√
α very well! How can this happen? Let us check the scaling for κ̃ and Cv

separately to investigate how each one of them affect the thermal conductivity.

Figure 4.5 Temperature gradient variation with respect to κ̃ scaling, demonstrating a clear

1
α
relationship.

It is important to note that we scaled κ̃ ∝ α, and the resulting data clearly demonstrate

a direct proportionality to 1
α
. Next, we examine the plot where only Cv is scaled.
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Figure 4.6 Temperature gradient variation with respect to Cv scaling, demonstrating a clear

√
α relationship.

From the Cv scaling plot, one can observe that
√
α provides a good fit. However, to

verify this behavior, we also apply a linear fit for comparison.
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Figure 4.7 Comparison of nonlinear (blue solid line) and linear (red dashed line) fits for the

temperature gradient dT
dx

as a function of α under Cv scaling. The nonlinear fit, corresponding

to
√
α, shows better agreement with the data than the linear fit, suggesting that dT

dx
∝

√
α

provides a more accurate description of the scaling behavior.

What does this imply? If Cv is scaled to decrease as 1√
α
, then an increase proportional

to
√
α leads to a temperature gradient dT

dx
that is inversely proportional to Cv.

To conclude, the runs and analysis above show that the slope dT
dx

decreases as 1
κ̃
, which

is reasonable. The better the thermal diffusivity, the better the thermal conductivity, and

the smaller the slope. They also show that the slope dT
dx

decreases as 1
Cv
.

The above results make sense if we assume again that the LAMMPS documentation is

incorrect, and instead use:
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Kij =
Cvκ̃ij (Ti + Tj)

2

4kB

and assume that

κ̃ =
κ

Cv

where Cv is the heat capacity of a bead. This is not unreasonable. The kinematic viscosity

is defined from dynamic viscosity by dividing by the mass/volume (in eDPD this works out

to be the mass/bead). Here we are taking the ratio of the conductivity to the heat/bead.

4.1.2 System Stability and Thermal Transport: Sensitivity to Bin

Size and Timestep

Prior to modeling the thermal conductivity between carbon and water, using eDPD, we

examined the stability and accuracy of eDPD simulations across interfaces with differing

heat capacities, we used a modified version of the setup from Li et al. (Li et al. 2014). We

tested both single- and two-region configurations with identical and differing specific heat

capacities (CV ).
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Figure 4.8 Temperature profile for two regions with identical heat capacities (CV 1 = CV 2)

using bin size 0.5. The simulation used timestep ∆t = 0.01 and collapsed after 77,000

timesteps due to instability.

Figure 4.8 illustrates the temperature profile obtained from a two-region simulation in

which both regions contain eDPD particles with identical physical properties, corresponding

to water. Although the left and right halves of the simulation box are assigned different

atom types (type 1 and type 2), they are parameterized identically, serving as a control to

test whether the interface alone induces numerical artifacts. The simulation uses parameters

originally proposed by Li et al. (Li et al. 2014), including a number density ρ = 4.0 and

a characteristic length scale L∗ = 11 nm. In this model, the volumetric heat capacity of

water at 300 K, C∗
v = 4.167 × 106 J·m−3·K−1, is scaled by using the Boltzmann constant

kB = 1.381× 10−23 J·K−1, resulting in a dimensionless heat capacity Cv = 1.0× 105.

Despite the thermodynamic uniformity of the system, the simulation becomes numerically
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unstable and collapses after 77,000 time steps when a time step of ∆t = 0.01 is used in

conjunction with a small bin size of 0.5 for spatial averaging. This is attributed to the

noise in temperature estimation, exacerbated by insufficient averaging due to the small bin

width. The ‘fix ave/chunk‘ command, which computes spatially averaged quantities such as

temperature, may introduce fluctuations when the averaging region is too small to contain

enough particles. As a result, the temperature data become noisy, triggering instability in

the integrator. This example underscores the importance of carefully tuning both timestep

and spatial resolution in eDPD simulations, even when modeling physically homogeneous

systems.

Figure 4.9 shows the behavior of the original Li setup (but bin size changed to 0.5) in the

Figure 4.9 Temperature evolution from the original Li input file using ∆t = 0.01. Simulation
becomes unstable and fails at timestep 67,000.

same timestep as in 0.01. The system also becomes unstable after approximately 67,000

steps. This supports the hypothesis that the choice of timestep is critical for the stability of
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eDPD simulations. Figure 4.10 demonstrates that increasing the bin size to 1.0 and reducing

Figure 4.10 Two-region simulation using Li’s parameters with larger bin size (1.0) and smaller
timestep (∆t = 0.001). The system remains stable for over 1,000,000 timesteps. The lower
data points indicate that the system becomes unstable and produces unphysical temperature
values.

the timestep to 0.001 significantly improves stability. This supports the findings of Groot

and Warren (Groot and Warren 1997), who emphasize the importance of small time step

and adequate averaging for temperature computation.

Figure 4.11 shows the temperature profile for a two-region eDPD system where the heat

capacities CV differ between the left and right regions, while all other physical properties

are held constant. In this case, the simulation uses a reduced timestep ∆t = 0.001 and

a relatively large bin size of 1.0 to minimize noise in temperature averaging. Despite
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Figure 4.11 shows the case where the values of CV are different in the two regions,
corresponding to a water–hypothetical material interface.

these conservative numerical choices, the simulation eventually becomes unstable, collapsing

around timestep 253,000 with the error message:

ERROR on proc 4: Non-numeric atom coords - simulation unstable

(src/OPENMP/domain omp.cpp:58)

This behavior suggests that the presence of a material contrast, specifically, a mismatch

in CV , introduces additional numerical challenges. One likely explanation is that the

temperature gradients across the interface between the two materials become too steep,

leading to strong energy fluxes that the eDPD integrator cannot stably resolve over long

timescales.

Even with a small timestep and sufficient spatial averaging, energy mismatches between

regions with different thermal storage capacities can induce oscillations in local temperature

or pressure fields. These instabilities may accumulate gradually, eventually resulting in
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nonphysical coordinates or velocities. The fact that the error occurs after a relatively long

run-time indicates that, for heterogeneous systems, the total simulation time must also be

chosen carefully to avoid divergence.

This highlights a key limitation of energy-conserving DPD methods: while suitable for

capturing mesoscale thermal transport, they are sensitive to numerical noise and material

discontinuities, especially under strong heat flux. Adaptive time-stepping, localized damping,

or multiscale coupling strategies may be needed in future work to simulate such systems over

longer durations reliably.

Discussion: These experiments confirm that eDPD simulations are highly sensitive to

both timestep and spatial averaging settings. Specifically:

- A smaller timestep (∆t = 0.001) is essential for avoiding non-physical temperature spikes

and ensuring numerical stability.

- Larger bin sizes (e.g., 1.0) help average out local noise in temperature estimation and

reduce spurious instability.

- Even when CV and κ are varied such that the product C2
V κ remains constant (to keep

mesoscopic kij constant), the practical stability of the system may still depend on absolute

values and their interaction with other system parameters such as interfacial friction and

thermal noise.

This supports the interpretation that while the theoretical expression for mesoscopic

thermal conductivity is invariant under specific parameter scaling, the numerical behavior of

LAMMPS is not. Special care is required in setting both physical and numerical parameters

to effectively model Kapitza resistance.
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4.1.3 Modeling thermal interface resistance in LAMMPS

Given the understanding of how LAMMPS behaves with a uniform system, we can now

explore interfacial resistance between dissimilar materials. The simulation procedure is the

same as above. The temperature profiles near each side of the boundary were extended

linearly to the boundary, and the slopes and the jump in temperature, ∆T were determined.

The Kapitza resistance (RK) was then calculated using the relation:

RK =
∆T

J

where J represents the heat flux obtained from the energy exchange rates at the thermostats.

For a given choice of specific heat, mass and thermal diffusivity, there may be a jump in

the temperature at the interface, but given that eDPD is not a microscopic model, there is

no reason to expect that it will be the experimentally observed value. Moreover, we have

a free parameter, κij the thermal diffusivity between the two materials, that needs to be

specified. If we assume that the thermal diffusivity of the bulk materials, κ11 and κ22 are

known, a reasonable starting point is to choose the harmonic mean:

κ
(0)
12 =

2κ11κ22

κ11 + κ22

This formula served as a baseline. It acts correctly in the limits of κ11 ∼ 0 or κ22 ∼ 0

and κ11 = κ22 as well. We can adjust the value of κ12 around this initial estimate to find

the most suitable coefficients that produce realistic Kapitza resistance in the simulation.

In the next section, we will demonstrate a practical example involving water and carbon

to calculate the Kapitza resistance.
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4.2 Kapitza resistance between carbon and water

The methodology outlined above was employed to calculate the Kapitza resistance at the

water-carbon interface. The simulation box was divided into two regions: the right region

(blue) represented water, while the left region (red) represented carbon. The total box size

was chosen as (40× 40× 20), with a bead density of ρ = 3, resulting in 48,000 carbon beads

and 48000 water beads.

In this simulation, dimensionless variables were used, consistent with Lennard-Jones (LJ)

units in LAMMPS terminology. The temperature was scaled using T = 300K. The unitless

heat capacity for both carbon and water was calculated using the equation:

C∗
v =

CvL
3

ρkB
,

where Cv is the volumetric heat capacity of the fluid, L is the reference length scale, and ρ

is the number density of eDPD particles, as previously mentioned. For example, for water

at 300K,

Cv = 4.167× 106 Jm−3K−1,

and

kB = 1.381× 10−23 JK−1.

Using a length scale of L = 64 nm and ρ = 3, the unitless heat capacity for water was

approximated to

C∗
v = 1.0× 105.

Similarly, the heat capacity in LJ units for carbon was calculated as

C∗
v = 3.877× 103.
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The unitless mass of water was set to mw = 1, while for carbon, it was mc = 2.2.

Additionally, the heat friction coefficient values were calculated as

κww = 8× 10−6,

and

κcc = 5.56× 10−4.

In the simulation, a cubic region of size (6× 40× 20) at the center of the carbon region

was heated, while an identical region at the center of the water region was cooled. Once

equilibrium was reached, a temperature jump was observed at the water-carbon interface,

signifying the presence of Kapitza resistance. This phenomenon is depicted in (Fig. 4.12).

Figure 4.12 A temperature jump is observed at the water–carbon interface, indicating the
presence of interfacial thermal resistance (Kapitza resistance) between the two materials.
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Kapitza resistance is calculated based on the heat flux and the temperature difference

at the carbon-water interface. The external heat flux, defined as energy per unit time, is

applied to each bead within the heating cuboid domain as an input. By accounting for the

total heating volume, the total energy transfer rate within the region can be determined.

The total heat flux across the interface is then obtained by dividing the energy transfer rate

by the interface area.

We can then tune the mesoscopic heat friction value at the water-carbon interface to

observe how the Kapitza resistance changes with respect to κCW . Fig. 4.13 shows the Kapitza

resistance values with respect to microscopic heat friction between two materials across two

regions. The calculated Kapitza resistance is approximately in the range of 10−8Km2/W

which is consistent the simulated values reported in previous studies, see Alexeev et al.

(2015). We have performed this simulation for both the solid-solid and solid-liquid phases

of the carbon-water system. One can notice that the Kapitza resistance in solid-solid case is

approximately similar to the solid-liquid case. The similarity in Kapitza resistance between

the solid–solid and solid–liquid interfaces has also been reported in previous studies by

Alexeev et al. (2015).

4.3 Effect of hydrophobicity on Kapitza resistance

Understanding the behavior of water near both hydrophobic and hydrophilic surfaces is

important in both engineered and natural systems. This subject has attracted scientists’

attention due to the various applications such as understanding protein folding, membrane

assembly, and fluid flow near solid surfaces. The other application is in carbon-based systems

in which the interaction between water and carbon surfaces influences not only the structural

dynamics of water molecules but also the thermal and energy transfer properties at the water-

carbon interface.

76



Figure 4.13 Kapitza resistance RK as a function of microscopic thermal conductivity
parameter κCW for two cases: solid–liquid (red circles) and solid–solid (blue triangles)
across a carbon–water interface. The resistance was extracted from simulations by linearly
extrapolating the temperature profiles near the interface and calculating the temperature
jump divided by the heat flux. The fits indicate a similar trend in both cases, with RK

values approximately in the range of 10−8 Km2/W, consistent with previous studies by
Alexeev et al. (2015). This suggests that interfacial thermal resistance is governed primarily
by the contrast in heat capacities and coupling coefficients, and is not strongly sensitive to
whether the interface is between a solid and a liquid or two solids.

Strong hydrophobic characteristics have been observed in carbon surfaces, particularly

graphene sheets and single-walled carbon nanotubes (SWCNTs). Water shows dewetting

behavior near these surfaces resulting in reduction at the water contact with the surface and

a more structured water layer near the surface. This structured water layer can significantly

increase the Kapitza resistance at the water-carbon interface.

The repulsive interaction at the carbon-water interface plays a significant role in determining

the thermal transport properties across the interface. By adjusting the repulsive parameter

in the simulation, we can tune the degree of interaction between carbon and water beads,

to affect the Kapitza resistance. An increase in the repulsive parameter, results in weaker

interaction between the carbon and water, leading to a reduced thermal coupling and higher

Kapitza resistance at the interface.
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Figure 4.14 Direct correlation between the repulsive parameter and Kapitza resistance,
demonstrating how fine-tuning the repulsive parameter can significantly impact interfacial
heat transfer

As shown in figure 4.14, we studied the carbon hydrophobicity effect on Kapitza

resistance by systematically fine tuning the repulsion parameter a12 between carbon and

water in our coarse-grained simulations. By varying a12 , we can simulate a spectrum of

interactions ranging from weakly repulsive (less hydrophobic) to strongly repulsive (highly

hydrophobic) interfaces. This allows us to quantify the impact of hydrophobicity on thermal

resistance across the interface and provides insights into the optimization of other materials

and coating systems for applications such as photothermal therapy, nanofluidic devices, and

thermal management materials.
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4.4 Kapitza resistance comparison between cold and

hot interfaces

The effect of reversing the heating and cooling regions on Kapitza resistance at the interface,

using the same experimental set-up shown in Fig. 4.1, is shown in Fig. 4.14. We compared

two scenarios: one where water was heated and carbon was cooled, and the other where

carbon was heated and water was cooled. Our results reveal that the Kapitza resistance is

significantly higher when water is heated and carbon is cooled, compared to the reverse case.

This observation aligns with findings from previous studies, highlighting the dependence of

thermal boundary resistance on the direction of heat transfer (Alexeev et al. 2015).

4.5 Conclusion

Kapitza resistance was studied using the energy-conserving Dissipative Particle Dynamics

(eDPD) simulation method implemented in Large-Scale Atomic/Molecular Massively

Parallel Simulator (LAMMPS). We firstly developed a general model to study the Kapitza

resistance at the interface of two different materials and we used it to study carbon-water

Kapitza resistance. We have then explained eDPD implementation and dependence of the

temperature jump and Kapitza resistance on κij, the mesoscopic heat friction between two

materials. Our findings show that fine tuning the repulsion parameter aij between two

materials can affect the strength of hydrophobicity. We have also proved the directionality

dependence of Kapitza resistance on heat transfer. Kapitza resistance is higher when water

is in higher temperature than carbon, with respect to the reverse case in which carbon is

heated up and water is colder.
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Figure 4.15 Temperature profiles across a water–carbon interface for two opposite heat flow
directions. The blue curve represents the case where heat flows from carbon (hot) to water
(cold), while the red curve corresponds to the reverse situation where heat flows from water
(hot) to carbon (cold). Linear fits are applied separately on either side of the interface to
extract the temperature jump ∆T in each case, indicated by vertical arrows. The observed
difference in ∆T highlights the asymmetry in Kapitza resistance depending on the direction
of heat transfer.
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Chapter 5

Mesoscale Simulation of SWCNT and

DSPE-PEG Using eDPD

5.1 Introduction

Single-walled carbon nanotubes (SWCNTs) have emerged as promising nanomaterials for

biomedical applications because of their exceptional mechanical, electrical, and optical

properties. In particular, their strong absorbance in the near-infrared (NIR) region makes

them ideal candidates for photothermal therapy, a cancer treatment technique in which

absorbed light is converted to localized heat to selectively demolish tumor cells (Naief et al.

2023). However, pristine SWCNTs are hydrophobic and prone to aggregation in aqueous

environments, limiting their direct use in biological systems. To improve their dispersibility

and biocompatibility, SWCNTs are often functionalized with amphiphilic molecules such as

DSPE-PEG, a lipid-polymer conjugate widely used in nanomedicine. In this system, the

hydrophobic DSPE tail adheres to the nanotube surface via van der Waals interactions,

whereas the hydrophilic polyethylene glycol (PEG) chain extends into the surrounding

solvent. In addition, the PEG termini can be chemically conjugated to target ligands such

as Annexin V, which binds to phosphatidylserine exposed on the surface of cancer cells

(Hadidi et al. 2021; Viitala et al. 2019). This makes DSPE- PEG-functionalized SWCNTs

a powerful platform for targeted delivery in photothermal therapy. Although DSPE-PEG
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functionalization has been widely used experimentally, a detailed understanding of how these

molecules organize on the nanotube surface is unclear. Key questions include how densely

the DSPE molecules pack, how their arrangement depends on the interaction strength with

the nanotube, and how these structural features influence the stability and functionality of

the coating.

In this work, we address these questions using coarse-grained simulations based on the

energy-conserving dissipative particle dynamics (eDPD) framework. We modeled DSPE-

PEG molecules as simplified bead-spring chains and simulated their interaction with an

SWCNT surface in an aqueous environment. The molecular affinity between DSPE and

a carbon nanotube is modeled by repulsion parameters derived from the Flory-Huggins

interaction parameter χ, which provides a thermodynamic basis to tune interactions between

components. By analyzing the surface density and spatial organization of DSPE-PEG

molecules on SWCNTs under different interaction regimes, we aim to gain insight into the

factors that govern coating behavior and stability.

Our investigation proceeds in two stages. First, we focus on the intrinsic thermal properties

of the SWCNT itself. We simulate heat transport from a heated SWCNT into surrounding

water using the eDPD framework and extract the effective thermal conductivity based on

temperature relaxation profiles. This step provides a physical benchmark for understanding

energy dissipation from carbon nanotubes in aqueous media. In the second stage, we

introduce DSPE-PEGmolecules into the system and explore their structural behavior in both

isothermal and non-isothermal conditions. Specifically, we investigate how the presence or

absence of heating influences the conformation, packing, and dynamic interactions of DSPE-

PEG coatings with the SWCNT.
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5.2 Modeling Heat Transfer from a Single-Walled

Carbon Nanotube (SWCNT) in Water

5.2.1 Simulation Setup

To investigate the thermal transport properties of the SWCNT in water, we simulated the

relaxation of a single-walled carbon nanotube (SWCNT) initially heated and immersed

in water. The simulation was performed using the energy-conserving Dissipative Particle

Dynamics (eDPD) method in LAMMPS. A cubic periodic box with dimensions [−10, 10]×

[−10, 10] × [−15, 15] in reduced units was employed, corresponding to 20 × 20 × 30 lattice

units.

The system consisted of:

• 480 coarse-grained carbon beads forming the SWCNT,

• 35,520 water beads based on a number density ρ = 3 (3 beads per unit volume).

Each water bead represents approximately three water molecules. The SWCNT has an

outer radius R = 6.4 × 10−10m and an effective inner radius R0 = R − rc = 0.64 − 0.56 =

0.08 nm. Its length is L = 25.8 nm.

5.2.2 Thermal Initialization and Time Integration

The SWCNT was initialized at a higher temperature using the velocity command in

LAMMPS. The water was equilibrated at 300 K using a Langevin thermostat for 10,000

steps. Following this, the thermostat was removed from both the water and CNT, and the

system was evolved under an NVE ensemble. (The corresponding code is included in the

Appendix section.)
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Figure 5.1 VMD schematic of simulated SWCNT in water.

The time step used in reduced DPD units was ∆tLJ = 0.0005. The conversion to real

units is based on the characteristic time scale:

τ =

√
kBT

mc · r2c
(5.1)

∆treal = ∆tLJ · τ (5.2)

where kB is the Boltzmann constant, T = 300K, and rc = 6.4 × 10−10m. This gives a real

time step on the order of ∼ 53 fs.
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5.2.3 Converting Volumetric Heat Capacity to Dimensionless

Form in eDPD Simulations

To model non-isothermal behavior in energy-conserving Dissipative Particle Dynamics

(eDPD), the heat capacity of each coarse-grained particle must be defined in a dimensionless

form. This is done for water by normalizing the physical volumetric heat capacity C∗
v using

the Boltzmann constant kB, number density ρ, and the cube of the characteristic length L∗,

following the formulation in (Li et al. 2014):

Cv =
C∗

v · (L∗)3

ρ · kB

Where:

• C∗
v = 4.167× 106 J/(m3 ·K) is the volumetric heat capacity of water at 300 K,

• L∗ = 11× 10−9 m is the reference length used to define DPD units,

• ρ = 4.0 is the number density of eDPD beads,

• kB = 1.381× 10−23 J/K is the Boltzmann constant.

Step-by-step calculation:

(L∗)3 = (11× 10−9)3 = 1.331× 10−24 m3

C∗
v · (L∗)3 = 4.167× 106 · 1.331× 10−24 = 5.546× 10−18

ρ · kB = 4.0 · 1.381× 10−23 = 5.524× 10−23

Cv =
5.546× 10−18

5.524× 10−23
≈ 1.0044× 105

Therefore, the dimensionless heat capacity of a water bead in our eDPD simulation is:

Cv ≈ 1.0× 105
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This value is consistent with the results reported by Li et al., validating the use of the

same normalization approach to compute the dimensionless heat capacity Cv in our eDPD

simulations. Therefore, we adopt this method to calculate the unitless Cv values for both

water and the SWCNT, using our system-specific parameters for the reference length L∗ and

number density ρ.

The specific heat capacity at constant volume CV for single-walled carbon nanotubes

(SWCNTs) at 300 K can be estimated using the empirical relation (JX et al. 2003):

CV = 686.69− 9.0

d2

(
J

kg ·K

)
where:

• CV is the specific heat at constant volume of the SWCNT in J/kg·K,

• d is the diameter of the SWCNT in nanometers.

This expression provides a good fit for a wide range of SWCNT types at room temperature

and is reported to be independent of the chiral angle. The inverse square dependence on

diameter reflects the effect of quantum confinement on heat capacity for narrow tubes. (JX

et al. 2003)

Given an outer radius R = 6.4 × 10−10m, the diameter of the SWCNT is d = 1.28 nm.

Substituting into the empirical formula for specific heat :

CV = 686.69− 9.0

d2
= 686.69− 9.0

(1.28)2
≈ 681.20

(
J

kg ·K

)
Using the mass density of SWCNTs ρ = 1.3 × 103 kg/m3, the volumetric heat capacity

is:

C∗
v = ρ · CV = 1.3× 103 · 681.20 ≈ 8.86× 105

(
J

m3 ·K

)
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Dimensionless Heat Capacity for SWCNT in eDPD

To compute the dimensionless heat capacity Cv for the single-walled carbon nanotube

(SWCNT) in the eDPD framework, we follow the normalization procedure outlined by Zhen

Li et al., which defines the dimensionless heat capacity as:

Cv =
C∗

v · (L∗)3

ρ · kB

where:

• C∗
v = 8.86 × 105 J/(m3 ·K) is the volumetric heat capacity of the carbon nanotube

material,

• L∗ = 6.4 Å = 6.4× 10−10 m is the reference length scale in our simulations,

• ρ = 5.0 is the number density of eDPD particles,

• kB = 1.381× 10−23 J/K is the Boltzmann constant.

We now perform the calculation step-by-step:

(L∗)3 = (6.4× 10−10)3 = 2.621× 10−28 m3

C∗
v · (L∗)3 = 8.86× 105 · 2.621× 10−28 = 2.322× 10−22

ρ · kB = 5.0 · 1.381× 10−23 = 6.905× 10−23

Cv =
2.322× 10−22

6.905× 10−23
≈ 3.36

Therefore, the dimensionless heat capacity used in our eDPD simulations for the SWCNT

is:

Cv ≈ 3.36
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Dimensionless Heat Capacity for Water in eDPD

Simulations (Updated for New Parameters)

In energy-conserving Dissipative Particle Dynamics (eDPD), each particle’s heat capacity is

expressed in a dimensionless form to ensure consistent energy exchange and scaling across

mesoscopic simulations. According to Li et al. (2014), the dimensionless heat capacity is

calculated as:

Cv =
C∗

v · (L∗)3

ρ · kB

where:

• C∗
v = 4.167× 106 J/(m3 ·K): volumetric heat capacity of water at 300 K,

• L∗ = 6.4× 10−10 m: reference length scale,

• ρ = 3.0: number density of water beads in the simulation,

• kB = 1.381× 10−23 J/K: Boltzmann constant.

Step-by-step calculation:

(L∗)3 = (6.4× 10−10)3 = 2.62144× 10−28 m3

C∗
v · (L∗)3 = 4.167× 106 · 2.62144× 10−28 = 1.0926× 10−21

ρ · kB = 3.0 · 1.381× 10−23 = 4.143× 10−23

Cv =
1.0926× 10−21

4.143× 10−23
≈ 26.37

Thus, the dimensionless heat capacity for each water bead in the eDPD simulation with

ρ = 3 and L∗ = 6.4 Å is:
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Cv ≈ 26.4

Thermal Conductivity Calculation of SWCNT in Water

To estimate the thermal conductivity κ of the single-walled carbon nanotube (SWCNT) in

our energy-conserving DPD (eDPD) simulations, we employ a lumped-capacitance model to

extract the thermal conductivity from the temperature decay profile of SWCNT found from

our eDPD simulation as shown in Figure 5.2. This model assumes that the SWCNT has a

spatially uniform temperature due to its high intrinsic conductivity and small size, and that

heat is transferred radially from the SWCNT to the surrounding fluid. The decay of the

SWCNT temperature T (t) over time can be modeled as an exponential function:

T (t) = T∞ + Ae−t/τ ,

where T∞ is the equilibrium temperature, A is a fitting constant, and τ is the characteristic

thermal relaxation time, which is obtained from fitting this model to simulation data.
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Figure 5.2 Exponential fit of the temperature decay profile of a heated single-walled carbon

nanotube (SWCNT) immersed in water, as obtained from energy-conserving DPD (eDPD)

simulations. The curve demonstrates the use of a lumped-capacitance model, which assumes

uniform SWCNT temperature and radial heat dissipation to the surrounding fluid. The

fitted exponential form allows extraction of the characteristic thermal relaxation time τ ,

which is then used to estimate the SWCNT’s effective thermal conductivity κ.

Derivation of Thermal Conductivity Using the Lumped-

Capacitance Model

For a body with volume V , surface area As, and volumetric heat capacity C∗
v , the total

thermal energy at a given temperature T (t) is given by:
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Q(t) = C∗
v · V · T (t)

The rate of energy loss to the surrounding medium (e.g., water) due to heat conduction

can be modeled as:

dQ

dt
= −κAs(T (t)− T∞)

where κ is the effective thermal conductivity at the interface and T∞ is the equilibrium

temperature of the surrounding fluid.

By differentiating the expression for Q(t):

d

dt
(C∗

vV T (t)) = −κAs(T (t)− T∞)

C∗
vV

dT (t)

dt
= −κAs(T (t)− T∞)

Rearranging this first-order differential equation:

dT (t)

dt
= − κAs

C∗
vV

(T (t)− T∞)

This is a separable ordinary differential equation whose solution is:

T (t) = T∞ + (T0 − T∞)e−t/τ

where T0 is the initial temperature and the time constant τ is given by:

τ =
C∗

vV

κAs

Solving for thermal conductivity κ gives:
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κ =
C∗

vV

Asτ

This equation allows us to compute the effective thermal conductivity by fitting the

temperature decay curve T (t) from simulations to an exponential form, and using known

geometric and material properties of the system.

This formula provides a direct link between observable simulation data and the effective

thermal conductivity of the SWCNT. In this context, κ characterizes the rate at which the

SWCNT dissipates heat radially into the fluid. All quantities, including V , As, and τ , are

determined from simulation geometry and fitting of the temperature decay curve, while C∗
v

is derived based on the known physical properties of carbon nanotubes. This approach is

especially suitable for coarse-grained simulations where direct microscopic definitions of heat

flux are challenging to compute.

Thermal Conductivity Calculation from eDPD

Simulation

To estimate the thermal conductivity κ of the single-walled carbon nanotube (SWCNT), we

apply the lumped-capacitance model derived earlier:

κ =
C∗

v · V
As · τ

where:

• C∗
v = 8.86×105 J/(m3 ·K) is the volumetric heat capacity of carbon nanotube material,

• V is the volume of the hollow cylindrical SWCNT,

• As is the surface area of the SWCNT exposed to the fluid,
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• τ = 115.35 ps = 115.35 × 10−12 s is the time constant obtained from the exponential

temperature decay fit.

Given:

L = 25.8 nm = 25.8× 10−9 m

R = 6.4 Å = 6.4× 10−10 m

R0 = 5.6 Å = 5.6× 10−10 m

The volume of the hollow cylinder is:

V = π(R2 −R2
0)L = π

[
(6.42 − 5.62)× 10−20

]
· 25.8× 10−9

V = π · (40.96− 31.36)× 10−20 · 25.8× 10−9 = π · 9.6× 10−20 · 25.8× 10−9

V ≈ 7.78× 10−27 m3

The surface area is:

As = 2πRL = 2π · 6.4× 10−10 · 25.8× 10−9 ≈ 1.037× 10−16 m2

Now substitute into the equation for κ:

κ =
8.86× 105 · 7.78× 10−27

1.037× 10−16 · 115.35× 10−12
=

6.89× 10−21

1.196× 10−26
≈ 5.76× 105 W/(m ·K)

Final Result:

κ ≈ 57.6× 105 W/(m ·K)
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This result indicates that the simulated SWCNT exhibits a high effective thermal

conductivity, consistent with experimental values reported for carbon nanotubes in aqueous

environments.

5.3 DSPE-PEG Adsorption on SWCNT using eDPD

Now that we have validated the SWCNT model and determined suitable parameters for

the nanotube itself, we proceed to add DSPE-PEG molecules to the system. The goal

of this simulation is to observe how DSPE-PEG amphiphiles coat the SWCNT surface

and to quantify the fraction of molecules that adhere (or “stick”) to the nanotube over

time. This section describes the DSPE-PEG molecular model, the simulation setup, key

parameter choices (notably the repulsion parameters and the DPD friction coefficient γ),

and the rationale behind these choices.
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Figure 5.3 Schematic representation of DSPE-PEG molecules interacting with a SWCNT.

Some DSPE-PEG molecules exhibit adhesion by aligning their hydrophobic tails closely

to the SWCNT surface, while others remain at various angles due to thermal motion or

unfavorable orientation. The scissor-shaped DSPE structure is composed of two hydrophobic

tails and a hydrophilic head, with the PEG chain extending in random directions. Molecules

within a threshold angle or distance from the CNT are considered ”stuck.”
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5.3.1 DSPE-PEG Coarse-Grained Model and Simulation Setup

As discussed in Chapter 4, each DSPE-PEG molecule is modeled in a coarse-grained

“scissors” shape: it has two hydrophobic DSPE tails (each tail, the green beads in Fig. 5.3,

represented by a chain of 6 hydrophobic beads) and a hydrophilic head group,the magenta

beads in Fig. 5.3, composed of 3 beads. The hydrophilic head is the junction where a PEG

chain, blue beads in Fig. 5.3, is attached, forming a DSPE-PEG amphiphilic construct. In our

coarse-grained model, the PEG portion is represented as a flexible chain of beads extending

from the DSPE head. This design mimics the real DSPE-PEG molecule, where the lipid tails

seek hydrophobic environments (e.g., the SWCNT surface), while the PEG chain extends

into water, providing steric stabilization.

The SWCNT is placed in a simulation box filled with solvent (DPD water beads)

along with a certain number of DSPE-PEG molecules initially dispersed. The DSPE-PEG

molecules are free to diffuse and interact with the nanotube. The expectation is that the

hydrophobic lipid tails will adsorb onto the hydrophobic surface of the carbon nanotube,

anchoring the PEGylated heads such that the PEG chains protrude into the solvent in

differend directions. We monitor the self-assembly process and, in particular, monitor the

percentage of DSPE-PEG molecules attached to the SWCNT as a function of time.

This percentage provides a quantitative measure of coating efficiency on the nanotube.

Simulation Set Up

The complete simulation system comprises a single-walled carbon nanotube (SWCNT), 20

DSPE-PEG molecules, and 647,000 coarse-grained water beads. The simulation box is a cube

spanning from −30σ to +30σ in all three directions, where σ = 6.45 Å, is the DPD length

scale. This corresponds to a physical box dimension of approximately 38.7nm. Periodic

boundary conditions are applied in all directions.

The SWCNT is modeled as a rigid cylindrical chain of coarse-grained carbon beads

aligned along the z-axis with a length of approximately 0.1µm. Each DSPE-PEG molecule
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consists of a DSPE segment with two hydrophobic tails (each containing 6 beads) and a

hydrophilic head (3 beads). The PEG chain is covalently attached to the DSPE head via

a bond. The initial configuration was generated using Mathematica, placing the DSPE-

PEG molecules randomly near the CNT. Overlap with the CNT and among molecules was

avoided.

The system is simulated using the energy-conserving Dissipative Particle Dynamics

(eDPD) method implemented in LAMMPS. The simulations use the command:

pair\_style edpd 1.0 9872598

The time step is set to 0.005 in reduced DPD units, with density ρ = 3.0.

5.3.2 Mass and Bead Types

Type Description Mass
1 Carbon (CNT) 1.66
2 Water 1.00
3 PEG 0.815
4 DSPE Tail (DSPEt) 0.815
5 DSPE Head (DSPEH) 0.815

Table 5.1 Bead types and corresponding masses used in the simulation.

5.3.3 Pairwise Repulsion Parameters aij

The conservative force coefficients aij were chosen to reflect the physical interactions

between different coarse-grained components based on Flory-Huggins theory and previous

studies (Sheikh et al. 2023; Valdivia and Jaime 2021).

5.3.4 Bond and Angle Coefficients

The bonded interactions include harmonic bond and angle terms. The bond stiffnesses and

equilibrium lengths ensure structural stability of molecules while preserving flexibility in

non-rigid parts.
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Type i Type j Description aij γ
1 1 CNT–CNT 25 4.5
1 2 CNT–Water 75 4.5
2 2 Water–Water 25 4.5
3 3 PEG–PEG 25 4.5
3 1 PEG–CNT 80 4.5
3 2 PEG–Water 15 6.0
4 4 DSPEt–DSPEt 35 5.0
4 5 DSPEt–DSPEH 80 4.5
4 1 DSPEt–CNT 10 4.5
4 2 DSPEt–Water 80 3.5
4 3 DSPEt–PEG 80 4.5
5 5 DSPEH–DSPEH 35 4.5
5 1 DSPEH–CNT 75 4.5
5 2 DSPEH–Water 15 6.0
5 3 DSPEH–PEG 10 4.5

Table 5.2 Repulsion parameters aij and dissipative coefficient γ between coarse-grained bead
types.

Bond Type Description kb r0
1 CNT bond 200 0.77
2 CNT axial spacing 180 1.961
3 PEG backbone 150 0.75
4–6 DSPE/PEG junctions 150 0.75

Table 5.3 Bond coefficients.

Angle Type Description kθ θ0 (deg)
1 CNT ring 55 53
2 CNT axial 55 120
3 CNT rigid 200 180
4 PEG flexibility 30 180
5–10 DSPE/PEG conformations 30–50 120–180

Table 5.4 Angle coefficients used in the simulation.

5.3.5 Choosing γ and Dynamic Properties

The dissipative coefficient γ governs the strength of the drag force between particles and is

directly related to fluid viscosity and diffusion. The fluctuation-dissipation relation links γ

to σ via:

σ2 = 2γkBT
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We chose σ = 3, which leads to γ = 5.6 for kBT = 1. This value provides moderate

damping, enough to suppress instabilities while maintaining reasonable diffusion rates. Based

on (Sheikh et al. 2023), a higher γ would slow diffusion (increasing Schmidt number), whereas

a lower γ could destabilize the aggregates.

5.4 Observables and Coating Efficiency

During the simulation, we compute the percentage of DSPE-PEG molecules adhering to the

SWCNT. A molecule is counted as “stuck” if any of its tail beads lie within a cutoff distance

(e.g., ≤ 1.2rc) of a SWCNT bead. This quantity is tracked over time and plotted to study

adsorption kinetics.

In summary, our DPD model combines coarse-grained physical realism with

experimentally guided parameters. The simulation results discussed in the next section

reveal how DSPE-PEG amphiphiles assemble around the SWCNT under realistic thermal

and hydrodynamic conditions.

Adsorption Behavior Characterization

To further characterize the adsorption behavior, we calculated the minimum distance

between each DSPE tail bead and all SWCNT beads across all simulation frames. This

analysis captures how closely the DSPE–PEG molecules remain to the nanotube surface

during the simulation. The results are presented as a probability histogram in Figure 5.4,

focusing on the distance range of 0 to 5 reduced units with a bin width of 0.2. A prominent

peak at short distances indicates that a substantial fraction of tail beads remain strongly

localized near the SWCNT surface. This observation confirms persistent and stable molecular

adhesion over time.

Complementing the spatial analysis, we also examined the temporal evolution of

molecular adsorption by tracking the percentage of DSPE–PEG molecules that satisfy the
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proximity criterion at each timestep. The resulting plot in Figure 5.5 shows a rapid initial

increase in the sticking percentage, followed by a saturation trend. This indicates that

most interactions occur early in the simulation and remain stable thereafter. A fitted

curve is included to emphasize the kinetics of the adsorption process and highlight the

asymptotic nature of surface coverage. This behavior aligns with visual observations from

VMD, where molecules adhering to the SWCNT surface are rarely observed to detach within

the simulation timeframe.

It is important that the DSPE-PEG molecules remain bound to the CNTs even under

the conditions where the CNTs are selectively heated. Initial numerical studies showed that

even when the CNTs were heated to a transient temperature over 300C the number of bound

DSPE-PEG molecules remained comparable to that bound at room temperature. This is an

indication that pulsed heating of the CNTs will not cause them to lose their attachment to

cancer cells. However more detailed numerical experiments will show if there is an optimized

heating protocol for therapy.

Together, these results provide a detailed picture of both the extent and stability of

DSPE–PEG adsorption onto SWCNTs, reinforcing the utility of coarse-grained DPD models

for exploring nanoscale functionalization phenomena.

100



Figure 5.4 Probability histogram of minimum distances from DSPE tail beads to SWCNT

surface. The peak at short distances (0–1 rc) indicates strong and persistent adsorption. Bin

width is 0.2.
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Figure 5.5 Time evolution of the percentage of DSPE–PEG molecules with tail bead within

1.2 rc of the SWCNT surface. The fitted curve shows rapid initial adsorption followed by

saturation, reflecting stable long-term binding.
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Conclusion

In this chapter, we developed and validated a coarse-grained energy-conserving DPD (eDPD)

model to investigate heat transport through single-walled carbon nanotubes (SWCNTs) and

the adsorption behavior of DSPE-PEG amphiphilic molecules.

First, we calculated the effective thermal conductivity of the SWCNT using a lumped-

capacitance approach applied to the temperature decay data from simulations. The resulting

thermal conductivity value was in good agreement with the experimental ranges reported,

supporting the accuracy of our mesoscopic model.

Next, we incorporated DSPE-PEG molecules into the simulation to study their

interaction with the SWCNT surface. Each molecule was modeled with hydrophobic

DSPE tails and a PEG chain, reflecting the amphiphilic structure of real DSPE-PEG. We

explored how these molecules self-assemble around the nanotube and quantified the degree

of adsorption over time.

A molecule was defined as “stuck” if any of its tail beads remained within a cutoff distance

from the SWCNT. Our results showed that most of the adsorption occurred during the

early phase of the simulation and then stabilized, indicating strong and persistent binding.

This was further confirmed by analyzing the spatial distribution of tail-bead distances from

the SWCNT, which revealed a significant population of beads remaining in close proximity

throughout the simulation.

In general, this chapter demonstrates that DSPE-PEG molecules adsorb onto the

SWCNT and form a stable coating. These findings validate the use of coarse-grained eDPD

models to capture key physical phenomena at the nanoscale and provide insights into the

functionalization mechanisms of carbon nanotubes for biomedical applications.

102



Chapter 6

Conclusion and Future Work

6.1 Summary of Findings

In this thesis, we developed and validated a coarse-grained model using the energy-conserving

Dissipative Particle Dynamics (eDPD) method to study heat transfer in functionalized single-

walled carbon nanotubes (SWCNTs) in aqueous environments. We started by constructing

an accurate representation of the SWCNTs and examined their thermal relaxation using the

lumped capacitance model to extract the thermal conductivity. The simulations captured

key features of the temperature decay and yielded estimates of thermal conductivity in

agreement with theoretical expectations.

In the process of developing these simulations, we discovered a number of discrepancies

and inaccuracies in the LAMMPS documentation, especially in terms of how they can be

related to actual empirical data. These discoveries have led to some corrections of the

LAMMPS software and will also aid future researchers in including experimental parameters

in their simulations.

We also developed a simulation model in eDPD to reproduce the interfacial thermal

resistance. Currently there is no accepted procedure to handle interfacial thermal resistance

in LAMMPS. We developed a method to map empirical results to the correct LAMMPS

parameter. By systematically tuning the repulsion and heat exchange parameters within
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the eDPD model, we established a practical method to quantify the Kapitza resistance,

capturing the thermal boundary behavior at the CNT–water interface.

We further demonstrated that thermal rectification, asymmetric heat conduction

depending on the direction of thermal gradients, can be effectively modeled within this

framework by introducing structural or interactional asymmetry. This result has implications

for the design of directional heat transport systems at the nanoscale. We found that

by increasing the water/interface repulsion parameter we could tune thermal boundary

resistance by nearly 40%. This is important in that by coating a surface with a hydrophobic

or hydrophilic material we can tune the thermal conductivity.

We then incorporated DSPE-PEG molecules to study their interaction with SWCNTs.

Using a custom-designed coarse-grained molecular architecture for DSPE-PEG with

appropriate bonded and nonbonded interactions, we investigated how these amphiphilic

molecules anchor onto the nanotube surface. Parameters such as repulsion coefficients

(derived from Flory-Huggins theory and empirical studies) and dissipative coefficients

(γ) were systematically tuned to ensure stability and realistic interfacial behavior. Our

simulations showed successful self-assembly and adsorption of DSPE tails onto the CNT

surface, consistent with expectations from molecular design and hydrophobic interactions.

In addition to finding the fraction of bound DSPE-PEG molecules bound to a CNT, we

were able to show in the simulations the geometry of how they are bound to the CNT and

the competition between CNT/DSPE-PEG bonding DSPE-PEG aggolomeration. Finally

by briefly and selectively heating the CNT we found that the DSPE-PEG do not desorb

from the CNT. While this is preliminarly, it shows that this simulation can explore heating

protocols for optimal therapy.
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6.2 Quantitative Metrics

We quantified the percentage of DSPE-PEG molecules that adhered to the SWCNT over

time, using center-of-mass distance criteria. Time-resolved plots of sticking percentages were

used to evaluate the stability and behavior of the functionalized layer. The results showed a

stable pattern of adsorption after an initial equilibration phase, with approximately 70% of

the DSPE-PEG sticking to the CNT surface.

6.3 Scientific Implications

This work provides a mesoscopic insight into the thermodynamic and kinetic factors that

govern polymer-functionalized CNT systems. The approach lays a foundation for tuning

molecular architectures and interaction parameters to optimize thermal and structural

behavior for applications in biomedicine and nanotechnology, such as drug delivery or

photothermal therapy.

6.4 Future Work

Building upon the results of this study, several avenues can be pursued to deepen our

understanding of bio-nano interactions and enhance the performance of carbon nanotube-

based systems in biomedical applications:

• Studying the Effect of Heating on DSPE-PEG Binding: Future simulations can explore

how increased temperature,representing photothermal heating, affects the stability,

anchoring, and desorption of DSPE-PEG molecules on the CNT surface.

• Incorporating Annexin V into the System: To model early-stage apoptotic signaling or

targeted molecular binding, Annexin V can be added to the system and studied for its

interaction with DSPE-PEG-coated CNTs. Understanding its binding behavior and

mobility could extend the model to more complex biological scenarios.
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• Modeling a Membrane as a Simplified 2D Surface: A coarse-grained lipid membrane

can be introduced as a two-dimensional flexible surface to represent a simplified cell

interface. This would allow for the investigation of CNT–membrane penetration, heat

transfer through the interface, and potential membrane deformation or disruption.

• Improving RF Absorption of SWCNTs: Further studies can explore how the geometry,

alignment, or functionalization of SWCNTs affects their ability to absorb radio-

frequency (RF) energy. This could involve modeling electromagnetic interactions at

a coarse-grained level or coupling eDPD with electromagnetic field simulations to

optimize SWCNT designs for more efficient thermal delivery.

These directions aim to bridge the gap between molecular-level simulations and

practical biomedical applications, offering a pathway toward more targeted, tunable, and

multifunctional nanomaterial systems.

6.5 Concluding Remarks

This research highlights the utility of the eDPD method for bridging microscopic interactions

and macroscopic behavior in complex soft matter systems. Through careful modeling and

validation, we demonstrated how simulation can guide the design and interpretation of

nanotube functionalization strategies in aqueous environments. The methodologies and

findings of this thesis contribute to the broader effort to use computational tools to inform

nanoscale engineering for biomedical applications.
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Appendix A

LAMMPS Simulation Input Script

units lj

dimension 3

boundary p p p

neighbor 0.2 bin

neigh_modify every 1 delay 0 check yes

neigh_modify one 1500

atom_style hybrid edpd full

bond_style harmonic

angle_style harmonic

pair_style edpd 1.0 9872598

region mybox block -10 10 -10 10 -15 15 units box

read_data cnt30.dat

create_atoms 2 random 35520 276438 NULL

include parmcnt.lammps

bond_coeff 1 200 0.77

bond_coeff 2 180 1.9607888988921507

group CNT type 1
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group liquid type 2

set type 1 edpd/cv 11.4

set type 2 edpd/cv 26.4

compute tliquid liquid temp

compute tCNT CNT temp

thermo_modify temp tCNT

fix mynve all nve

comm_modify cutoff 5.0

comm_modify vel yes

fix mylang1 liquid langevin 0.9 0.9 10 8786

fix_modify mylang1 temp tliquid

fix mylang2 CNT langevin 2 2 10 7768

fix_modify mylang2 temp tCNT

run 10000

unfix mylang1

unfix mylang2

velocity liquid create 0.8 432982 loop local dist gaussian

velocity CNT create 2 432982 loop local dist gaussian

compute mythermo all temp

thermo 100

thermo_modify temp mythermo

thermo_modify flush yes

fix myat1 all ave/time 2 20 100 c_tliquid file temp.liquid1.dat
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fix myat2 all ave/time 2 20 100 c_tCNT file temp.CNT6.dat

fix tether CNT spring/self 50.0

dump mydmp all atom 1000 dump.lammpstrj

timestep 0.0005

run 15000

Listing A.1 LAMMPS Input Script for CNT Heating in Water
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