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Lay Abstract

The limited lifespan of expensive batteries is the main obstacle to electri cation of the
transport sector, despite its necessity for addressing the current environmental issues.
Li*/electrolyte reduction on the electrode surface is responsible for more than 50% of
capacity loss and the consequent ageing is a complex and fast-occurring phenomenon
(few ns) that cannot be easily resolved using conventional experimental and com-
putational techniques. This thesis presents the development of some computational
frameworks and demonstrates their employment to investigate this phenomenon from
a multi-scale perspective, i.e., from a few electrons to an entire battery length scale,
with the operating cycles ranging from a few ps to several months, employing Quan-
tum Mechanics, Molecular Dynamics, and Macro-Scale Modeling. The frameworks
have been successfully validated with respect to experimental data from the literature
and have been applied successfully to highlight the parameters that impact ageing in
batteries. The ndings presented in this thesis can be used as the base for further

research on next-gen durable batteries with liquid and solid-state electrolytes.
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Abstract

When an anode electrode potential is larger than the lowest unoccupied molecular
orbital (LUMO) of the electrolyte, Li-ions and electrolyte molecules will participate in
reduction reactions on the anode surface and form a solid electrolyte interface (SEI)
layer. Active Li-ion consumption in the formation reactions is the main source of ca-
pacity loss (> 50%) and ageing in Li-ion batteries (LIBs). Due to the fast-occurring
and complex nature of the electrochemical processes, conventional experimental tech-
niques are not a feasible approach for capturing and characterizing the SEI formation
phenomenon. The lack of experimental data and consequently the absence of poten-
tial parameters for crystal structures in this layer makes molecular dynamics (MD)
simulations inapplicable to it. Also, due to the multi-component multi-layer structure
of the SEI, the smallest system representing an SEI layer is too large for employing
the principles of quantum mechanics (QM), that traditionally work with much smaller
system sizes. Addressing this, this thesis presents a novel computational framework
for coupling QM and MD calculations to simulate a system with the size limits of
MD simulations independent of the experimental data. The QM evaluates sub-atomic
properties such as energy barriers against di usion and employs seven new algorithms
to estimate potential parameters as the input of the MD simulations. Then MD simu-

lations forecast SEI’s properties including density, Young’s Modules, Poisson’s Ratio,

viii



thermal conductivity, and di usion coe cient mechanisms. The output of the QM
and MD calculations are employed to develop two macro-scale mathematical models
for predicting battery ageing and battery performance, incorporating the impact of
the SEI layer in addition to the cathode, anode, and separator parts. Finally, the re-
sults obtained have been validated with respect to the experimental data in di erent

operational conditions.
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Chapter 1

Introduction

1.1 Environmental Issues and Electric Vehicles

Electric Vehicles (EVs) are gaining a lot of attention in the past decade in the wake
of current issues relating to global warming, climate change, and other related envi-
ronmental issues. Electrical motors were used in the vehicle's propeller in 1834 by T.
Davenport and followed by others. Eventually, an EV as the \car" we know today was
produced about 150 years ago, in 1851. This is while the internal combustion engines
(ICEs) were introduced about 20 years after them in 1872 by G. Bryton [1]. Despite
their higher e ciency, lower noise, simple design, zero greenhouse gas emissions, and
many other advantages, EV vehicles were replaced by ICE vehicles during the world
war due to the need for a ordable, powerful, and long-range vehicles in poor economic
conditions [1]. Until the 2000s, petroleum and its sub-products were known for their
low price, and easy availability, making them a popular source of energy. However,
after the 2000s, these beliefs are beginning to crack. Governments, people, and com-

panies are realizing that though petroleum is cheap, it has many hidden costs such
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as health problems due to climate change and environmental issues [1]. On the other
hand, public awareness has been rising and people can easily see the consequence of
their activities on the planet. Consequently, society now wants to control the amount

of energy consumption, and GHG emissions, and implement some policies to stop or
retard the climate change process.

Each year, the International Energy Agency (IEA) publishes data on energy con-
sumption by di erent industries and services, all over the world. IEA energy usage
and GHG emission shares for di erent sectors are indicated in Figure 1.1 a and b,
respectively. The highest energy consumption is by the transportation sector which

is 36% [2]. The transportation sector also has a signi cant share in GHG emissions.

(@) (b)

Figure 1.1: (a) Share of energy usage by di erent sectors published by IEA (Image
source: [2]). (b) Share of GHG emission by di erent sectors (Image source: [3]).

With the challenges of limited fossil fuel supply, climate change and global warm-
ing, there is a large-scale consensus to undertake initiatives that will retard global
warming. The di erent projections, estimated based on the contemporary GHG emis-

sion and energy consumption, are indicated in Figure 1.2. Governments all around

2
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the world are trying to nd a solution to the contemporary problem and achieving

the 1.5°C or 2°C target.

Figure 1.2: Dierent global GHG emission scenarios and their impact on global
warming and climate change (Image source: [4]).

High e ciency is the main reason for selecting EVs as an alternative for ICEs to
control environmental issues in transportation systems. The e ciency of an electric
motor (EMs) and an ICE versus motor speed and torque are indicated as an example
in Figure 1.3. While the e ciencies for the ICE are below 36%, these values are

higher than 90% for the EM.
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@ (b)

Figure 1.3: (a) Internal Combustion Engine and (b) Electrical motor e ciency for a
range of motor torque and speed.

There are two ways for utilizing EMs in the vehicle's propulsion systems:

1. Employing EMs along with ICEs in the propulsion system (called hybrid) for
producing electrical energy from gasoline. There are several architectural de-
signs for hybrid systems. The purpose of a hybrid system is to keep the ICE
e ciency at the highest possible value in di erent conditions, by running the

ICE at a certain range of torque and speeds.

2. Full electric vehicles (EVs) in which only EMs are utilized in the propulsion

systems.

Consequently, most hybrid vehicles can reach an e ciency below 36%, whereas the
e ciency of a full EV is usually higher than 90%. Although a full EV has about three
times higher e ciency than a hybrid vehicle, most commercialized EVs are hybrid
due to the advantages in the energy storage systems (ESSs) of gasoline vehicles over

Li-ion batteries (LIBs), which include the following:
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Theoretical energy density of gasoline is 12,200 (1,700 practically) Wh.Kyg

which is much higher than that of electrical ESSs.

Filling a fuel tank takes about ve minutes which is much lower than the several

hours that are required for charging a battery.

A typical fuel tank price is below 1,008 which is much lower than the several

thousand dollars required for the electric ESSs of an EV.

Fuel tanks have a long lifetime, more than a few decades, while electric ESSs

usually last less than a decade.

1.2 Li-lon Batteries

With the commercialization of LIBs in the 1990s, research is focused on developing
this technology. Applications of LIBs range from small-size miniaturized portable
electronic devices to large-size stationary versions that are used for storing the elec-
tricity generated from renewable sources such as green energies. Chief among these
applications is the automotive sector where LIBs can play a key role in displacing the
internal-combustion engine technology with EV technology. Their popularity is due

to their advantages such as high working voltage, fast charge and discharge process,
long lifetime, and no memory e ect. Even considering the LIBS' capabilities, in the
automotive sector, EVs face challenges with their ESS, limiting their practical utility.
Nevertheless, there is still a lot of room to enhance LIBs' performance, e ciency, and
durability. The ESS in internal combustion engines is durable for almost as long as
the vehicle's lifetime. Also, on average, the cost of a gasoline tank for a passenger

vehicle is typically a negligible fraction of the overall vehicle cost, ranging from just

5
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a few hundred dollars to a few thousand dollars. However, on average, the cost of
the battery pack accounts for a signi cant portion of the total vehicle cost, typically
ranging from 20% to 50%. In recent years, the cost of batteries has been declining
due to advancements in technology and economies of scale, but it remains one of the
main costs for EV owners. Besides the costs, the durability of the batteries for EVs
is 8 - 10 years which is much lower than the vehicle's lifetime. Also, in terms of
waste material, a fuel tanks' average weight is around 12 kg while that of the battery
pack is around 500 kg. So, massive amounts of mining and manufacturing energy
are required for battery production due to their large mass and the requirement of
speci ¢ elements. Therefore, ESS' replacement for EVs is the greatest concern for (1)
the vehicle owner in terms of maintenance costs and (Il) the environment due to the

high waste of energy and materials.

1.3 Solid Electrolyte Interface (SEI) Layer

Studies on various components of LIBs, such as the anode, cathode, and electrolyte,
have been conducted in recent years. However, one of the primary causes of battery
aging is the buildup of solid-electrolyte interphase (SEI) on the electrode surfaces.
SEI is a thin layer of solid electrolyte that forms on the electrode surfaces as a
result of the electrolyte decomposition during the initial charging cycles. When the
anode electrode potential (,) is larger than the lowest unoccupied molecular orbital
(LUMO) of the electrolyte and/or the cathode potential ( () is smaller than the
highest occupied molecular orbital (HOMO) of the electrolyte, electrolyte molecules
will be reduced/oxidized and form a solid layer on the electrode/electrolyte interface

called the "SEI Layer" [5], which introduced by Peled in 1979 [6].

6
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The major challenge in creating durable LIBs is the lack of a comprehensive
understanding of the SEI layer in LIBs. SEI layer formation reactions consume active
Li-ions in the battery, resulting in capacity fade; even in a well-engineered LIB,
the SEI formation is the main source (more than 50%) of capacity loss [7{9]. On
the other hand, a desired SEI layer reduces electron tunneling that prevents further
contact between electrons and electrolyte molecules, resulting in suppressing further
formation reaction and battery ageing [9], but it also hinders the movement of lithium
ions between the electrodes. The SEI layer is essential for the stable operation of Li-
ion batteries, but it also contributes to the battery's aging. The SEI layer grows
thicker over time, reducing the available active surface area of the anode, consuming
active Li-ions, and slowing down their movements for transferring charges which leads
to a decrease in the battery's capacity and performance.

Moreover, the SEI layer is not a perfect barrier and is a preamble to some elec-
trolyte molecules which can cause further degradation of the anode, leading to a
reduction in the battery's capacity and performance. The composition of the SEI
layer also changes over time, leading to the formation of new species that can con-
tribute to the battery's aging. The formation and composition of the SEI layer are
in uenced by various factors, including the electrolyte composition, temperature, and
charging rate. For example, the SEI layer can form more quickly at high temperatures
or with high charging rates, leading to faster battery aging. Therefore, understanding
SEI formation reactions, Li-ions di usion mechanisms, and material characteristics
in this layer are critical for enhancing the electrochemical performance and durability
of LIBs [10, 11].

The SEI layer has two subsections including (I) an organic outer sub-layer (near
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the Electrolyte interface), which allows the transfer of both Li-ions and the elec-
trolyte solvent molecules, and (II) an inorganic inner sub-layer (near the Electrode
interface), which only preamble to the Li-ions [12]. While the SEI composition de-
pends on the electrolyte molecules and the formation reactions, the outer sub-layer
is mainly made up of three crystal structures including LiO, LiF, and Li,CO3; and
some mostly unknown crystal structures in the inner sub-layer including LC,0,,

Li,EDC, LIOCO,CH3;, and LIOCO,C,Hs.

1.4 Drawbacks and De ciencies of the SEI Layer
Investigation

It is a challenge to directly capture the reaction at the SEI interface experimentally
since some of the reactions could occur at the picosecond (ps) time scale. As a result,
most experimental methods are incapable of accurately characterizing the SEI layer,
particularly the thermodynamics and kinetic properties [13]. Due to the complexity
of the SEI structure and the challenges in conducting experimental investigations, our
understanding of the di usion mechanism in this layer continues to remain unclear.
The lack of precise knowledge of the di usion coe cient results in disagreement be-
tween the mathematical models that predict the SEl-related properties, such as the
capacity fading and internal resistance, from the experimental data.

Christensen and Newman [14] presented a mathematical model to predict SEI
growth rate, Im resistance, and irreversible capacity loss due to layer formation.
In their work, due to the lack of knowledge about di usion mechanisms in the SEI

layer, they assumed that all the ions (Li and PFg) in all of the regions of the SEI
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layer have the same di usion coe cient, i.e., 50 10 14(’“?2). On the other hand,
Deng et al. [15] found that SEI growth is a di usion-limited process that is strongly
impacted by the di usion coe cient in this layer, stressing the importance of know-
ing the exact di usion coe cient. Also, Liu et al. [16] presented a model proposing
a spatially dependent growth of the SEI layer in LIBs. They indicated that in the
di usion-limited condition, by doubling the di usion coe cient of Li-ions in the SEI
layer, the thickness of the layer will increase from 4 to 20 nm (a 500% increase) [16].
However, due to the lack of insight into the di usion mechanisms, they continued
using the constant di usion coe cient from Christensen and Newman [14], similar to
other researchers (e.g., References [16{21]), due to the lack of detailed information
on the di usion mechanisms in the SEI layer. In 2015, Ekstem and Lindbergh [22]
derived a macro-scale mathematical continuum model to estimate the e ect of SEI
layer formation on the aging in LIBs that use a graphite anode material. The model is
a combination of kinetic and transport control systems and uses a constant di usion
coe cient. In their model, the authors proposed three lumped tting parameters
which are substituted in the equations instead of some variables such as di usion
coe cient. Using these parameters improved the accuracy of their model with re-
spect to the experimental data for di erent temperature and concentration values.
However, employing these tting parameters has resulted in the dependency of this
model on the experimental data.In general, almost all mathematical models
predicting battery electrochemical performance have a signi cant devia-

tion from experimental data or use some tting parameters that restrict

their performance for new unseen conditions/systems.

Experimental techniques for studying SEI layers such as scanning and transition
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electron microscope [23], focused ion beam [24], and atom probe tomography [25] are
usually too expensive and time-consuming. Computational approaches involving QM
and MD calculations are excellent alternatives to investigate particle-particle interac-
tions at atomic and even sub-atomic time- and length-scales. By evaluating electron-
electron interactions, the QM technique enables the characterization of material and
elucidates phenomena with exceptional accuracy, independent of the experimental
data. Applying QM simulations would require us to consider the interactions with
the electron cloud as well as using the complicated Schredinger equatidh (= E ).

As a result, QM calculations can only be employed at high computational costs, signif-
icantly restricting the size of the system that we can investigate. On the other hand,
the MD simulations simplify the complex interactions between a cloud of electrons
in a multi-particle system using ve main types of interactions, namely, nonbondeéd
bonded, angl€’, dihedral*, and impropef, and employs a simple algebraic equation
instead of the Schmdinger equation for each of them. With such formulations, the
computational costs are signi cantly minimized, and the MD simulations can study
systems with more than one million particles that are more than 1000 times larger
than the size of the systems that can be investigated by QM simulations, for a much
larger timescale than what is possible with the QM simulations [26]. However, MD

simulations are dependent on the potential parameters that are often obtained from

INonbonded: Refers to the forces of attraction or repulsion between atoms or molecules that do
not involve the formation or breaking of chemical bonds such as Van der Waals, Coulombic, and
polarization.

2Bonded: Refers to the attractive and repulsive forces that hold atoms together in a molecule or
compound, such as covalent bonds or ionic bonds.

3Angle: Refers to the forces that determine the spatial arrangement of atoms in a molecule or
compound, based on the bond angles between them.

“Dihedral: Refers to the forces that determine the orientation of two connected bonds in a
molecule, based on the angle between them.

SImproper: Refers to the forces that help maintain the correct orientation of a functional group
or a speci ¢ atom in a molecule, by preventing unwanted rotation or inversion.

10
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experimental studies. Nevertheless, SEI layers cannot be solely studied through exper-
imental methods due to the rapid formation of the SEI layer in just a few picoseconds,
or QM/MD due to the high computational cost of QM calculations, and the limited

availability of experimental data for MD simulations.

1.5 Objectives

The main objective of this thesis is to develop a computational framework to study
the ageing mechanisms in a battery by accurately accounting for the various electro-
chemical processes occuring at the various time and length scales in a battery. To

accomplish this, the following sub objectives were pursued in this thesis:

1. Establish QM processes to determine the potential parameters for MD simula-

tions.

2. Set up MD framework that accounts for the detailed chemistry within the SEI
layer and which can be used to derive the various properties that impact the

performance of the battery.

3. Set up a macro-scale model that enables us to study the ageing characteristics

of a battery.
4. Validate the entire computational setup with experimental data

Achieving the above objectives, in Chapter 2, a computational framework that
combines QM and MD simulations was proposed. The proposed framework employs a
geometric approach for designing the required crystal structures and running the QM

calculations to evaluate the potential parameters, employing seven algorithms. The

11
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rst ve algorithms have been developed for evaluating nonbonded, bonded, angle,
dihedral, and improper potential parameters, respectively. The algorithms change
the structure of the system for each interaction while keeping the other properties
constant, to evaluate their energy employing QM calculations. There are two other
algorithms for rotating a vector in the structure and evaluating the dihedral angle
between four connected atoms, respectively.

The framework can simulate su ciently large systems with the accuracy of QM
calculations using speeds permissible within the MD simulations. This combination
of accuracy and speed enables the simulation of a wide variety of applications such
as designing novel cathode materials for batteries, new Nano-carbon drug deliver-
ers, studying interfacial transference in the SEI layer, or characterizing the crystal
structures of the Martian soil.

In addition to helping run MD simulations independent of the experimental data,
this framework also supports the design and characterization of new materials even in
hypothetical conditions and compositions, investigating chemical/physical phenom-
ena that happen over very small time scales, undertaking doping investigations, simu-
lating systems beyond the limits of QM calculations, and predicting system operating
conditions dynamically as a function of time.

Overall, the proposed computational framework provides a valuable tool for the
simulation of new and novel systems, enabling the investigation of materials and
chemical phenomena that cannot be captured experimentally.

Now, the number of atoms that participate in a bonded, angle, dihedral, and
improper interaction, are 2, 3, 4, and 4 atoms, respectively, and there are well-

established algorithms for creating structural changes as the input of QM calculations

12
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for them [27{31]. Since'\‘T2 nonbonded interaction exists in a system with N atoms,
each QM calculation will provide aNTZ vector as the input, and the energy of the
system as the output. In other words, instead of a data set ok{ U) which can be
tted on a quadratic equation such asU = K(x Xg) to nd K and xq, we will have
data set of (fq, ..., rg], U) which must be tted on nonbonded potential equations

such as the Buckingham potential equation as follows:
U= Ajexp( =) =L (1.1)

whereA;; , Bi; and C;; are the nonbonded potential parameters, and; is distance
between the ' and j" atoms. Thus, we will have% coe cients for a system ofN
atoms. This tting process is not feasible with conventional mathematical methods.
Hence, each atom type will be extracted from the system and studied under an
isolated situation. Subsequently, a mixing rule will be employed to evaluate the
analogous interaction between dissimilar atom types. However, there are some severe

drawbacks to this approach:
1. Using mixing rules to estimate the interaction between dissimilar atom types

negatively impacts the accuracy.

2. Electron cloud around each atom in a molecule is di erent from the single-atom
situation. Studying the interaction between two atoms by neglecting the other

atoms in the molecule will result in a deviation from the experimental data.

3. Polarization in atoms due to the presence of other molecules and atoms in the
system is ignored in this approach.

While using a conventional mathematical modelling approach to t large data sets

13
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to equations with innumerable unknowns is very challenging, machine learning (ML)
techniques, deep neural network (DNN) in particular, can make this task relatively
easy. With this in mind, in a pioneering approach, a computational framework is
introduced in Chapter 3 that combines QM, MD, and ML techniques that collec-
tively overcome the drawbacks of the individual approaches and present a robust tool
for the next-generation Nano-based computational investigations for characterizing,
designing, developing, and studying a wide range of novel materials/phenomena.

These frameworks were employed to evaluate potential parameters for crystal
structures in the SEI layer in Chapters 4 and 5. In these chapters, this new com-
putational framework was employed for coupling QM, MD, and ML calculations for
characterizing crystal structures in the SEI layer and estimating potential param-
eters for running MD simulations. Subsequently, the MD simulation utilized these
potential parameters to predict the SEI's crystal properties including density, Young's
Modules, Poisson's Ratio, thermal conductivity, and di usion coe cient.

In Chapter 4, QM calculations and MD simulations were employed to prescribe an
equation for the di usion coe cient as a function of temperature and Li-ions concen-
tration for each crystal structure in the outter part of the SEI layer. Subsequently,
a single equation for the di usion coe cient was integrated with the macro-scale
mathematical model to accurately model the physics within the SEI layers.

In Chapter 5, employing SEI layer characteristics, a new macro-scale mathematical
model has been developed to evaluate the electrochemical performance of LIBs. This
model, as opposed to the previous conventional models, considers the SEI layer section
in addition to the anode, cathode, and electrolyte. The SEI properties that were

obtained were employed in the macro-scale model to evaluate the operating voltage

14
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for a Li-ion battery and the results were compared with the previous models in the
literature and experimental data.

In Chapter 6, the di usion mechanisms in the SEI layer were used to introduce
an enhanced version of the Ekstrem model with two lumped tting parameters. The
enhanced model was used to study SEI growth and capacity fading as a function of
time and initial SOC for a wide range of temperatures and concentrations and the
results were validated with respect to the experimental data and compared with the
results obtained from the pristine model.

Finally, Chapter 7 summarizes the presented computational frameworks and math-
ematical models followed by a conclusion of this study on the SEI layer. Addition-
ally, in the "Future Investigation” section in Chapter 7, the importance of solid-state
batteries besides the SEI layer for producing durable batteries has been discussed.
Finally, some of the applications of the introduced computational framework to over-

come the challenges associated with the solid-sate batteries are presented.
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Abstract

Molecular dynamics (MD) and Quantum Mechanics (QM) calculations can be used

to characterize novel materials and phenomena that experimental methods cannot
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capture. While QM provides accurate results, it is at high computational costs and
applicable only to small system sizes. On the other hand, MD can work with larger
systems and has better computational e ciency but is incapable of studying novel ma-
terial/phenomena due to the dependency on the experimental data in the literature.
Therefore, complex systems such as solid-electrolyte interface (SEI) layer formation
cannot be comprehensively investigated by (I) experimental methods due to small
time scales, (Il) MD simulations because of the absence of experimental data, and
(1) QM calculations due to the relatively large system. Herein we report a suite
of new nano-scale algorithms to facilitate studying complex material interphases and
molecular systems with the accuracy and precision of the QM calculations and at
the speed and system size permissible using the MD simulations. Our formulation
addresses the most challenging aspect of performing an MD simulation, i.&ding
accurate potential (force eld) parametersthat are often derived from experimental
methods. The computational framework presented in this work consists of seven main
functions/algorithms that collectively help us account for the e ects of nonbonded,
bonded, angle, dihedral, and improper interactions in a system/molecule. It is now
possible to use these simulations to design and study wholly new and novel materials
and investigate phenomena at an atomic/molecular scale in di erent conditions with-
out the need for prior experimental investigations. We have successfully validated
our algorithms with respect to the experimental data of established materials such as
H,O (a polar molecule), LiPRK (an ionic compound), GHsOH (ethanol), CgH;5 (a
long chain molecule), and Ethylene Carbonate (EC) (a complex molecular system).

The obtained results have an accuracy of over 90%.
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2.1 Introduction

Nanotechnology, involving manipulating materials at the Nano-scale, near-atomic/
molecular dimension, is a promising approach to designing new and novel materi-
als with enhanced properties for energy, medicine, consumer products, and manu-
facturing [1{6]. However, capturing and studying particle-particle interactions at
atomic/molecular scale with experimental techniques such as scanning and transition
electron microscope [7], focused ion beam [8], and atom probe tomography [9] are
usually too expensive and time-consuming. Additionally, many interfacial phenom-
ena, such as solid electrolyte interface (SEI) layer formation, occur at a pico-second
time scale inside the battery, making them inaccessible for current conventional ex-
perimental techniques [10].

Computational approaches involving Quantum Mechanics (QM) and Molecular
Dynamics (MD) calculations are excellent alternatives to investigating particle-particle
interactions at atomic and even sub-atomic scales. By evaluating electron-electron in-
teractions, the QM technique enables the characterization of material and elucidates
phenomena with exceptional accuracy, independent of the experimental data. Apply-
ing QM simulations would require us to consider the interactions with the electron
cloud as well as using the complicated Schmdinger equatioft (= E ). As a re-
sult, QM calculations can only be employed at high computational costs, signi cantly
restricting the size of the system that we can investigate.

On the other hand, the MD approach reduces the complexity by simplifying the
interactions between particles to just ve main types of interactions, namely, (INon-
bonded: Van der Waals, Coulombic, and polarization interactions between two parti-

cles, (Il) Bonded: Repulsion and attraction of bond electron pair between two atoms
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in a bond, (I1I) Angle: Interactions between bond pair and valance electrons in two
neighbor bonds, (IV) Dihedral: Bond pair electron interactions in a sequential series
of three bonds (four atoms), and (V)Improper: Interactions between bond electrons
among three bonds connected to a single atom [11{13]. A simple algebraic equation is
required for each interaction to estimate the system energy. For instance, Nonbonded
interactions between two atoms, ignoring the polarization, can be obtained by the
Buckingham and Coulombic potential equation Unonbonded = A€ T r% + k@),
where A, B, and C are the constant coe cients callecpotential parameters q; is the
partial charge of i" particle, and k is Coulomb's constant. With this formulation, the
computational costs are signi cantly minimized, and the MD simulations can study
systems with 1P particles that are over 1000 times larger than permissible QM
system sizes, and for a much longer duration [14{16].

Many phenomena, such as SEI layer formation in batteries, cannot be investigated
exclusively by just experimental methods, or QM or MD. The SEI timescales are too
fast for experimental investigations. QM is computationally very expensive and can-
not handle large systems. MD simulations cannot be undertaken due to the absence
of experimental data.

Most thermodynamic, structural, and transport properties of the material / phe-
nomena are readily accessible using MD simulations. Thmetential parametersare
essential for MD simulations, directly impacting the accuracy of the results [17, 18].
Given the abilities of MD simulations to characterize materials/phenomena and un-
derstand their fundamental properties and characteristics, a signi cant amount of

research is invested in determining the potential parameters and potential equations
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for various systems. A literature search reveals that most investigations provide lit-
tle or even no details on validation of the potential parameters/equations used in
their work, raising potential questions on the accuracy of the results [19{23]. Other
groups [24{27] have developed potential parameters/equations speci cally for a very
small set of materials, and have validated it with respect to the experimental data.
While they can provide a valuable understanding of those materials' properties, it is
unclear whether the same potential parameters/equations can be employed for other
materials that are composed of similar functional groups or have a slightly di erent
combination. E ective utilization of MD simulations in the design of new materi-
als heavily relies on accuracy, reliability, and more particularly, the transferability
of the potential parameters/equations, which are largely untested and unproven for
existing approaches. Very few groups, such as the ones led by Oleg Borodin, Padua
- Canongia Lopes, Maginn, and Acevedo, have presented a consistent e ort in con-
structing potential parameters/equations that are applicable beyond a few compounds
of interest[28, 29]. However, even their approach applies only to ionic liquids.

The accurate potential parameters for the MD simulations can be obtained either
using QM simulations or experiments. Besides the high costs, the main drawback
of the experimental approach is that the data are only available for existing and
well-investigated materials, making MD simulations inapplicable for new and novel
systems [17, 18]. Therefore, QM calculation is the only feasible approach for evalu-
ating the potential parameters for studying novel systems at an atomic scale.

In this approach, each interaction (e.g., a bond length) is investigated separately
while others are maintained at the least possible changes from their minimum energy

level. Afterward, QM calculation evaluates the system energyJ) as a function of
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the single change X) (e.g., the bond length). Finally, tting the potential equation

on these data sets X, U) gives the potential parameters These steps will be re-
peated for all interactions in the system. Therefore, for a system with just a single
molecule type, such as ethylene carbonate (EC) with 40 types of interactions, we
need around 400 di erent molecular structures and QM calculations. Thus, a com-
putational framework that combines the QM and MD simulations will Il a large gap

in the computational toolkit to study new and novel systems for which experimental
data are unavailable.

To this end, we have introduced a novel computational framework containing
seven algorithms for employing QM calculations in evaluating potential parameters
for MD simulations. This framework employs a geometric approach for designing the
required crystal structures and running the QM calculations to evaluate the potential
parameters. The rst ve algorithms have been developed for evaluating nonbonded,
bonded, angle, dihedral, and improper potential parameters, respectively. The algo-
rithms change the structure of the system for each interaction such as the distance
between two nonbonded atoms or the angle between two bonds, while keeping the
other properties constant, to evaluate their energy employing QM calculation. There
are two other algorithms for rotating a bond vector in the structure and evaluating
the dihedral angle between four connected atoms, respectively. The owchart and
pseudo-code for these algorithms are presented in the ensuing sections. This frame-
work present in this work can simulate su ciently large systems with the accuracy of
the QM calculations using the speeds permissible within the MD simulations. With
this combination of accuracy and speed, the proposed framework can be used for a

wide variety of applications such as designing novel cathode materials for batteries,
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new Nano-carbon drug deliverers, studying interfacial transference in the SEI layer,
or characterizing the crystal structures of the Martian soil [10, 14{16, 30]. In addition
to helping run MD simulations independent of the experimental data, this framework

supports the following investigations:

~ Designing and characterizing new materials even in hypothetical conditions and

compositions.

Investigating chemical/physical phenomena that happen over very small time

scales (e.g., at pico-second) that cannot be captured experimentally.

Undertaking doping investigations, studying a variety of dopants that may not

be experimentally feasible.
Simulating systems beyond the limits of QM calculations.
Predicting system operating conditions dynamically as a function of time.

In addition to presenting the algorithms in the ensuing sections, we also present
a successful validation of the framework with respect to the experimental data on
the density, viscosity, and dipole moment of established materials, including,@ (a
polar molecule), LiPF; (an ionic compound), GHsOH (ethanol), CgH,g (a long chain

molecule), and EC (a complex molecular system).

2.2 Computational Methods

The atomic force eld (F) describes the system in an MD simulationF is essentially

a gradient of the e ective potential (U) that is a combination of the ve main types of
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interactions, including bond length and angle deformation energies, the rotational en-
ergy of the atoms, the Van der Waals inter-atomic, polarizable forces, and Coulomb's
electrostatic potential energy. For thei!™ atom in the system,F can be represented
as:

Fi=r jU(Xqy; IXN) (2.1)

wherex represents parameters such as distanae @nd angle () of the kth par-
ticle. Numerical integration of Newton's equation characterized by this force eld via
schemes such as the Verlet algorithm will yield an updated position of every particle in
the domain. Similarly, the velocity Verlet schemes can calculate the updated velocity.
Thus, QM calculations can be used to obtain the force eld (potential) parameters
(U()) in two steps: (I) Obtain the energy (U) of a system as a function of in uential
variables among the ve main types of interactionsx, (e.g., distancer and/or the
angle ). (Il) Fit a force eld (potential) equation on the U(x) data series.

This work considers all of the ve main types of interactions in an MD simulation:
nonbonded, bonded, angle, dihedral, and improper interactions. A framework con-
taining seven algorithms is developed to employ QM calculation to obtain all these

force eld parameters for a molecular system.

2.2.1 The Main Procedure

In employing QM calculations to obtain the potential parameters, the following pro-
cedure is adopted:(I) Initially, we create and optimize the geometry of the crystal
structure using QM calculation by minimizing the system's energy(ll) Then the

partial charge is evaluated for each atom in the system either by extracting it from

the literature, or calculating it based on the electronegativity, or using the common
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population analysis, such as Lowdin [31], Hirshfeld [32], and Mulliken [33]. It must
be noted that since Lowdin and Mulliken's analysis are highly dependent on the basis
set of QM calculations and have a signi cant deviation from experimental data, they
can only be used when the other methods were not possibl@ll) Dierent atom
types are distinguished based on the type of elements and their orientations. For ex-
ample, in the GHsOH molecule, we have two types of hydrogen atoms, distinguished
by their bond with Carbon and Oxygen. (IV) Next, we evaluate the nonbonded,
bonded, angle, dihedral, and improper potential parameters using the Algorithm 1-
7. (V) Finally, we run an MD simulation with the potential parameters obtained
from these algorithms to characterize the material or phenomena. This sequence is

summarized in Figure 2.1.
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Figure 2.1. Schematic diagram of the maiframework

In the ensuing sections, we describe the seven algorithms for evaluating the po-

tential parameters:

Algorithm 1: Nonbonded

Each atom pair in a system has polarization, Van der Waals, and Coulomb inter-
actions, called nonbonded (Figure 2.2). In this work, we considered xed charges
and ignored the polarizing forces. The Coulomb potential energy is evaluated di-
rectly from the partial charges obtained in the previous step and Coulomb's law

(Ucoulomb = kqlrﬁ)
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Figure 2.2: Schematic diagram of th@onbondednteractions in a molecular system.
3 atom pairs in three di erent distances (r), corresponding to the attractive,
equilibrium, and repulsive states are shown in the schematic. Further, the electron
clouds are in blue and the nucleus is in red.

Nonbonded interactions are evaluated by Algorithm 1, which determines the en-
ergy (E) of a system containing two atoms of the same type as a function of the
distance (r) between them, neglecting the other atoms in the molecule/system to

remove other interactions.
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(c) Algorithm 3 Flowchart:

(a) Algorithm 1 Flowchart: (b) Algorithm 2 Flowchart: Angle
Nonbonded Bonded
Figure 2.3
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Subsequently, the nonbonded force eld equation, Buckingham style in this work
(Table 2.2), is tted on this data sets (E,r) to nd the potential parameters A, B,
and C. These steps are repeated for each atom type to nd the potential parameters
of nonbonded interactions between the same atom type. Finally, we employ a mixing
rule to calculate these coe cients for the nonbonded interactions between dissimilar

atom types as follows:

Amn = (Amm Ann)OZS; (2.2)
1
Bmn = (Bl BL)O:S; (2.3)
Con = (CE  C8)u; (2.4)
mm nn

where A, B, and C are the Buckingham potential parameters. Alson and n represent
the atom-type index in the system. The owchart and pseudo-code for this algorithm

are shown in Figure 2.3a and the Supporting Information (Appendix A), respectively.

Algorithm 2: Bonded Structure Production

This algorithm handles the situations wherein one or more electron pairs in a bond are
under intensive repulsion and attraction from other electrons and nuclei, respectively.
Bonded interactions result in a relatively strong force on the atom pairs participating

in a covalent bond in addition to the nonbonded interactions.
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Figure 2.4: Schematic diagram of thédondedinteractions in a molecular system.
The atoms patrticipating in a bond are indicated in orange color. The set of moving
atoms and xed atoms are identi ed.

Unlike the nonbonded interaction which can be investigated by simply keeping
one atom xed and moving the other, the bonded interaction must be investigated
in relation to the entire molecular system. For this, we must evaluate the system's
energy level as a function of change in each bond length while adjusting the other
in uential variables such as other bonds' length, angles, dihedrals, and impropers
to maintain them at their minimum energy levels. To accomplish this, Algorithm 2
splits the molecule's structure into two parts. The two groups are connected by the
bond under investigation (see the bond between the two orange atoms in Figure 2.4).
Next, one group is kept xed at their minimum energy level, and the other group is
moved along the direction of this bond, varying the bond length. The system's energy
is evaluated as a function of this bond length. A schematic of the bonded algorithm
process is shown in Figure 2.4. Also, the owchart and pseudo-code for this algorithm

are shown in Figure 2.3b and the Supporting Information (Appendix A).
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Algorithms 3 and 4: Angle Structure Production

Figure 2.5 shows a schematic of the atoms involved in an angle interaction. The
electron pairs in these bonds have repulsive interactions with each other and the
nonbonding electrons of the middle atoms (Figure 2.5). Therefore, changing this

angle a ects the system's energy and is categorized as an angle interaction.

Figure 2.5: Schematic diagram of th@ngleinteractions in a molecular system. The
atoms participating in the angle are indicated in orange color. The vectdr; is
orthogonal to the two legs, i.eV; and V..

To evaluate the system's energy as a function of the angles, the Angle algorithm
operates as follows: First, it determines all angle types that are present in the sys-
tem. The algorithm identi es the two-leg vectors creating a speci ¢ angle between 3
atoms (see Figure 2.5). These vectors are then rotated using the "Rotator" function
by an angle () to evaluate the impact of a change in the angle on the system's energy.
Following this, the energy of the system is calculated employing QM calculations. Af-

ter creating a data set of the system's energy (E) as a function of an anglée),(the
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angle force eld equation E = K( 0)?) is tted to nd the potential parameters
of the angle which is under investigation. This sequence of steps is repeated for all
angle types. Algorithm 3 and its pseudo-code are presented in Figure 2.3c and the
Supporting Information (Appendix A), respectively.

An integral part of this algorithm is a "Rotator" function (Figure 2.7a), which
receives an angle (), a vector (V), and a reference vectorY;) such that V. makes an
angle about V,. This function employs the following rotation matrix to accomplish

this rotation [34]:

2
§ cos + VZ2(1 cos) Vi, Vi,(1 cos) Vi sin V,V,(1 cos)+ V, sin %

Vi, Vi, (1 cos )+ V,, sin cos + Vﬁ (1 cos) Vi,Vi,(L cos) V,,sin
Vi,Vi, (1 cos) V,sin V.V, (1L cos)+V, sin cos + Vrf (3 cos)
(2.5)

In the above matrix, V;,, V,,, and V,, represent three vector components of the

reference vector V).

Algorithms 5 and 6: Dihedral Structure Production

A dihedral system is created when four atoms are sequentially connected to each
other via three covalent bonds in a row. Figure 2.6 shows the schematic of a molecule
containing a dihedral formed by atoms labeled 1-4. The electron pairs of these bonds
have interactions with other electrons and the nucleus of the atoms, called dihedral
interaction. The two bonds connecting ¥ to 2" and 39 to 4" atoms are the legs
for the dihedral angle which rotate about the middle bond that connects atoms 2

and 3. A change in this dihedral angle, while other nonbonded, bonded, and angle
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interactions are held constant, a ects the system's energy. Thus, this angle is included
in a separate category named dihedral interaction.

This algorithm utilizes two essential functions for creating several dihedral struc-
tures with di erent angle values: the Rotation function de ned in the previous algo-

rithm and the Angle-Finder function.

Figure 2.6: Schematic diagram of thelihedral interactions in a molecular system.
The atoms patrticipating in the dihedral are indicated in orange color.
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(a) Algorithm 4 Flowchart: Rotator

(b) Algorithm 5 Flowchart: Angle Finder

Figure 2.7: Flowcharts for therotator and the angle nder algorithms.

The Angle Finder function is designed to project an image of all four atoms onto
a plane that is perpendicular to the bond connecting atoms 2 and 3 (see Figure 2.6).
Since these two atoms are projected onto a single point of this plane, we will have only
three points on the plane (see Figure 2.6). The "Angle Finder" function will return
the angle created by these three points as the dihedral angle. The owchart and
pseudo-code for this "Angle Finder" are presented in Figure 2.7b and the Supporting
Information (Appendix A), respectively.

Finally, Algorithm 6 identi es the di erent dihedral structures, and for each struc-
ture, it determines the angle's two leg vectors: the rst one connecting atoms 2 and
1, and the second one connecting atoms 3 and 4 (see Figure 2.6). Subsequently, these
vectors are rotated around a reference vector connecting atoms 2 and 3, employing

Algorithm 4, to create the dierent dihedral angles. The system's energy is then
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evaluated for these dierent dihedral angles, and an appropriate dihedral interac-
tion equation is used to t the data to determine the potential parameters for each
dihedral. These steps are repeated for all dihedral types present in the system to
calculate their potential parameters. The related ow chart and pseudo-code for this

are presented in Figure 2.8a and the Supporting Information (Appendix A).

Algorithm 7: Improper Structure Production

An improper angle is an angle between two pland® and P, such that P; contains

the atoms 1, 2, and 3, andP, contains the atoms 2, 3, and 4 (see Figure 2.9). As
in the dihedral, bonded and nonbonded cases, electron-electron, and electron-nucleus
interactions are the source of energy change in the improper interaction. However,
the geometric shape of the improper is much di erent from the dihedral interaction,

and hence it is speci cally categorized.
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(a) Algorithm 6 Flowchart: Dihedral (b) Algorithm 7 Flowchart: Improper

Figure 2.8: Flowcharts for theDihedral and the Improper algorithms.
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Figure 2.9: Schematic diagram of thémproper interactions in a molecular system.
The atoms patrticipating in the improper are shown in orange color.

Algorithm 7 nds the improper angle and varies this angle to create di erent
structures of the molecule for evaluating the system's energy as a function of the
improper angle. Speci cally, the algorithm nds the two planes,P;, and P,, and
uses the "Rotator" algorithm (Algorithm 4), to rotate the plane's normal vector,
creating various new improper angles. Finally, the system's energy as a function of
such improper angles is calculated and tted to the appropriate force eld equations
(Table 2.2). These steps are repeated for all the improper types determined in the
system. The owchart and pseudo-code for this algorithm are presented in Figure 2.8b

and the Supporting Information (Appendix A).

2.2.2 Quantum Mechanics Calculations

Since this framework is focused on creating and preparing the molecular input struc-
tures for QM and MD calculations, almost all software packages and approximations
can be used to evaluate the system's energy, based on the required accuracy and
computational costs.

In this work, all QM calculations have been done using the "Quantum Espresso”
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package [35, 36] and the following characterizations to make a balance between ac-
curacy and computational costs. Since QM can be used only for systems with a few
electrons, the density functional theory (DFT) [37{39] with Perdew Burke Ernzerhof
(PBE) as its exchange-correlation function has been employed for QM calculations.
Also, other QM approaches such as ab-initio can be employed in this framework for
higher accuracy at higher computational costs. The key parameters characterizing
the QM simulations are summarized in Table 2.1.

Table 2.1: The summary of the settings for QM calculations in this work.

Properties Value/Method
XC Functional PBE
Convergence tolerance 1.010 ® Ry
W.F. Cuto 1.0 1¢
Charge Cuto 1.0 10* Ry
Maximum force 1.0 10 2 Ry/Bohr
Smearing factor 1.0 10 2 Ry

2.2.3 Molecular Dynamics Simulations

Since the system's energy as a function of x (where x is ,; or ) is evaluated,
all potential styles (equations) and MD simulation software packages are applicable
in this framework. In this work, we have employed the "LAMMPS" software pack-
age [40], along with the potential styles summarized in Table 2.2. The summation of
Buckingham and Coulombs' potentials is considered for the nonbonded interactions.
Also, the "Ewald" long-range solver is employed to compute long-range Coulombic

interactions.
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Table 2.2: The potential styles utilized in the MD simulations using the LAMMPS
software package.

Interaction type Potential Style Equation

Nonbonded Buckingham/Coulombic E = Ae & &
Bonded harmonic E=K( rp)?
Angle harmonic E=K( o?
Dihedral quadratic E=K( 0)?
Improper harmonic E = K( 0)?

Eliminating the close contacts between atoms and stabilizing the temperature,
velocity, and pressure of the system, the energy is minimized in 20,000 steps followed
by two stages of MD simulations under the NVT and NPT ensemble, each for 1 ns
and 10 ns, respectively. Parrinello Rahman barostat [41] and Nos Hoover thermo-
stat [42, 43] were used to x the simulations' pressure and temperature with damping
relaxation times of 0.1 ps and 1 ps, respectively. Stoermer-Verlet integrator with a
time step of 1 fs was used to integrate Newton's equations of motion. Dynamic load
balancing [44] was employed to overcome the load imbalance on the CPU and min-
imize the execution time. The trajectories data were stored every 1,000 time steps
to compute the time-averaged results for transport and structural properties. De-
tailed information on the MD characteristics is presented in Table 2.3. The current
simulations were run on 11th Gen Intel i7-11700K and 16 GB memory. Around 16
h was needed for these three stages of simulations including energy minimization,

equilibrium gain, and property estimation.
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Table 2.3: The summary of the settings for MD simulations in this work.

Properties Descriptions and speci cations
Energy minimization conjugate gradient for 2 10* steps
Equilibrium 1 ns NVT run and 10 ns NPT run
Production run 10 ns

Motions integrator Stoermer-Verlet, 1 fs time-step
Temperature coupling 28C, Nose-Hoover thermostat
Pressure coupling 1 bar, Parrinello-Rahman barostat
Constraint solver Constraining all bonds

Periodic Boundary X, y and z directions

Long-range interactions Ewald summation with 1.010 ° accuracy
Trajectory output Every 1,000 time step (fs)

Neighbor list updating Every 10 fs

Dynamic load balance Yes

2.2.4 Employing the Framework

The algorithms proposed in the previous section have been used to obtain the poten-
tial parameters for Nonbonded, Bonded, Angle, Dihedral, and Improper interactions,
and the results have been used as the input for the MD simulations. Speci cally, in
this work, we have studied the following molecules to evaluate the potential (force
eld) parameters: (i) H,O, a simple molecule. (ii) LiPF;, a larger molecule with
ionic and valance bonds. (iii) (CHO),CO Ethylene Carbonate (EC), a relatively
complex molecule with a ring section. (iv) GHsOH (ethanol), a short-length hydro-

carbon. (v) CgHg (octane), a long chain molecule. Finally, MD simulations using
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these parameters have been performed to estimate the di erent properties of the sys-
tem, including Density, Viscosity, and Dipole Moment, and the results were validated

with the experimental data from the literature.

Viscosity, Density, and Dipole Moment

While there are several models to predict viscosity employing MD simulations [45, 45{
53], the Green-Kubo approach is the most widely utilized method [54]. Therefore,
in this work, we have employed this method to estimate systems' viscosity using the
obtained potential parameters as:

Vv Z inf D E
(1) T . P ()R (0) dt; (2.6)

where V, k, and T are the system volume, Boltzman constant, and temperature,
respectively. P represents the elements of dimension of the pressure tensor.
Also, the angle brackets denote the average ensembile.

The density of the system can be obtained using the following formula:

P
niM;
Vsystem

Density = ; (2.7)

where n; and M; are the numbers and atomic weight offi atom in the system,
respectively. Also,Vsysiem IS the volume of the system.

The dipole moment is a vector quantity used to measure the separation of two
opposite electric charges. The magnitude of the dipole moments is equal to the

charge multiplied by the distances between the two charges, and their direction is
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from negative to positive:

= ar (2.8)

2.3 Results and discussion

A schematic of HO, LiPF¢, (CH,0),CO (EC), C,HsOH (ethanol) and GgH;g (octane)

molecules with an index number assigned to each atom are shown in Figure 2.10.

2.3.1 Evaluating Potential Parameters

The algorithms introduced in the previous section have been employed in conjunction
with QM calculations to estimate the energy changes of the di erent atom types in
each molecule as a function of r,; , and , and the results are summarized in
Table A1-A4 of the Supporting Information (Appendix A). In this, the same atom
type implies atoms with the same element and partial charge. For example, in the EC
molecule shown in Figure 2.10, atoms numbered 2 and 5 are carbon. However, they
have been placed in di erent conditions with di erent partial charges. Therefore, we

have two carbon atom types in each EC molecule.
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(@) H20 (b) LiPF 6 (c) EC

(d) Ethanol (e) Octane

Figure 2.10: Schematic diagram of $D, LiPFg, (CH,0),CO (EC), C,HsOH
(ethanol), and GgH15 (octane) molecules with numbers assigned to each atom for
identi cation. (a) H ,O has two atom types: one bonded and one angle type
interaction. (b) LIPF ¢ molecule has two atom types: one bonded and two angle

interactions. (c) For the EC molecule, ve di erent atom types have been
considered because each EC molecule has two di erent types of carbon and two
di erent types of oxygen. Additionally, each EC molecule has ve bonded, seven
angles, ten dihedral, and three improper types of interactions. (d) Each ethanol
molecule contains six atom types, ve bonded, four angles, two dihedral, and one
improper interaction. (e) The octane molecule has two atoms, bonds, dihedrals and
impropers, and three angle interaction types.

In a H,O molecule, oxygen with a larger atomic radius than hydrogen will expe-
rience repulsive forces at longer distances. The potential parameters for such non-
bonded interactions have been evaluated by tting the Buckingham equation (Ta-
ble 2.2) on the obtained data points for each pair of the same atom type, and the
results are summarized in Table Al of the Supporting Information (Appendix A).

Additionally, the potential parameters for all possible pairs were evaluated using the
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mixing rules presented in Equations 2.2-2.4 in the previous section.

The R? values in tting the Buckingham potential equation (Table Al of the
Supporting Information (Appendix A)) show an accuracy of nearly 99%. Therefore,
it can be claimed that the Buckingham potential style (Table 2.2), which has three
variables (A, B, C), is perfectly capable of predicting the trends in the data from QM.

The bonded interaction energy as a function of the bond length has been calculated
for di erent bond types in the three molecules and is shown in Figure A2 of the
Supporting Information (Appendix A). Similar to the atom type, the same pair of
atoms could have two di erent bonds between them in a molecule. For example, as
shown in Figure 2.10, the 1(O) - 2(C) bond and the 3(0) - 5(C) bond are between the
same atoms but have di erent strengths and lengths. Similarly, as seen in Table A2
of the Supporting Information (Appendix A), the 3(0) - 5(C) bond has a lower length
and higher strength compared to the 1(O) - 2(C) bond.

The harmonic style equation (see Table 2.2) is the most common force eld style
for bonded interaction in MD simulations. This equation has been tted to the data
from the QM simulations. The corresponding parameters for each t are summarized
in Table A2 of the Supporting Information (Appendix A). As seen in this table, the
R? values are approximately between 85% and 95% (except for 2(P)-3(F) that has
an R? of 78%), indicating an acceptable accuracy for using the harmonic potential to
model the bonded interactions. The 1(O) - 2(C), 2(C) - 3(0), and 3(O) - 5(C) bonds
are between carbon and oxygen atoms. However, each of these bonds has di erent
bond lengths and strengths and are summarized in Table A2 of the Supporting Infor-
mation (Appendix A). The bond between 1(0) - 2(C) (blue dashed line) is a double

bond, and, as expected, it has the highest strength. 5(C), which is connected to two
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hydrogen atoms, is fed by their electrons and therefore has a lower partial charge
despite participating in a bond with an oxygen atom. As a result, the 3(O) - 5(C)
bond (green dashed line) has the lowest partial charge di erence and the weakest
bond strength.

The results from the study of the Angle interactions using the algorithm developed
in this work and the QM simulations are summarized in Table A3 of the Supporting
Information (Appendix A). Speci cally, one angle type for HO, two types for LiPFg,
seven types for EC, two types for octane, and ve types for ethanol molecules have
been considered in this work. By tting the harmonic potential with two parameters
to this data (see Table 2.2), we obtain the potential parameters for the Angle interac-
tions. The R? values of 99% indicate an excellent accuracy of the harmonic potential
equation in modeling the Angle interactions.

Finally, since there are no Dihedral or Improper in KO and LiPFg molecules, these
interactions have been considered only for the EC, ethanol, and octane molecules,
and the results are shown in Figure A4 in the Supporting Information (Appendix A).

In this work, we have used quadratic and harmonic potential equations to model the
Dihedral and Improper interactions, respectively. The evaluated potential parameters
are summarized in Table A4 of the Supporting Information (Appendix A). Once again,

the R? values of 99% present a strong validation of our algorithms and justify the use
of quadratic and harmonic potential equations in modeling these interactions.

The average repulsive and attractive forces on the di erent atoms in the dihedral
and improper interactions are relatively weak compared to the angle and bonded inter-
actions. The bonded interactions experience the highest interaction forces. Therefore,

it is expected that most of the atomic movements in a molecule are dictated by the
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angle and bonded interactions instead of the dihedrals and the impropers.

2.3.2 Validating the Accuracy of the Potential Parameters

MD simulations were run for HO, LiPFg, EC, ethanol, and octane molecules with the
con guration outlined in the Methodology section to determine the density, dipole
moment, and viscosity of these molecules. Density and viscosity are two main proper-
ties for validating all types of interaction in the system. However, they are susceptible
to molecule-molecule interactions. Also, the dipole moment is more sensitive to the
molecule structure and so the inter-atomic interactions within a molecule become rel-
evant. Therefore, calculating these properties and demonstrating a good agreement
with the experimental data presents a strong validation of our algorithms in deter-
mining the potential parameters for the internal and external molecular interactions
in di erent materials. MD Simulations were conducted using the potential parame-
ters obtained from these algorithms, summarized in Tables A1-A4 of the Supporting
Information (Appendix A), and simulation characterization described in the previous
sections.

Speci cally, studying 200 HO molecules under 1 (atm) pressure and 25 L
temperature within an MD simulation box, we estimated the density as 0.99 (g/c#).
This is an accuracy of 99% with respect to the experimental value of 1.00 (g/énj55].
Similarly, the density for 200 molecules of LiPF at atmospheric pressure and the
room temperature was calculated as 2.71 (g/cthwhich is a 4% deviation from the
experimental value of 2.84 (g/cr) [55]. The same investigation carried out with 200
EC molecules at room temperature and atmospheric pressure predicted the density of

the EC molecules as 1.37 g/ct This is a deviation of just 3% from the experimental
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value of 1.32 g/cn? [55]. Similarly, the density estimates of ethanol (0.73 g/cR)
and Octance (0.66 g/cm) are in excellent agreement with the experimental data of
0.79 g/cm?® and 0.70 g/cn¥, respectively. A summary of these results is presented in
Table 2.4.

The viscosity values for these molecules at the same operating conditions, calcu-
lated via the MD simulations that use the potential parameters from our algorithms,
are shown in Figure 2.12. The values calculated for,B, EC, ethanol, and octane
systems are 0.99 cP, 1.7 cP, 1.09 cP, and 0.54 cP, respectively. Further, these are in
excellent agreement with the experimental data from the literature, i.e., 1 cP, 1.9 cP,
1.09 cP, and 0.51 cP, respectively [55, 56]. A comparison of the estimates from our

algorithm and the experimental data is presented in Table 2.4.
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Figure 2.11: The estimated density of KD, LiPFg, EC, ethanol, and octane
molecules, from the MD simulations that employ the potential parameters from the
algorithms presented in this work in comparison with experimental data

from [57{61]
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Figure 2.12: Viscosity as a function of time for KO, EC, ethanol, and octane
molecules, from the MD simulations equipped with the potential parameters from
the algorithms presented in this work. Theobtained viscosityis from MD
simulations and using Equation 2.6. The experimental viscosity is extracted
from [57{61].

In addition to validating two properties that are governed by the inter-molecular
distance and the interactions therein, namely, density and viscosity, we also inves-
tigated the dipole moment which represents an inter-atomic property. The dipole
moment from the MD systems comprising 200 molecules of ES os®or ethanol is
shown in Figure 2.13. We found that the calculated dipole moment for EC (5.04 D),
H,O (2.01 D), and ethanol (1.40 D), has 2%, 8%, and 15% deviation from the cor-

responding experimental values. Additionally, we also calculated the dipole moment
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of octane, a non-dipole molecule. As expected, the MD simulations predicted a small

dipole moment of just 0.02 D.

Figure 2.13: The dipole moments of yO, EC, ethanol, and octane molecules are
calculated from the MD simulations that use the potential parameters from the
algorithms presented in this work in comparison to experimental data in the

litrature [57{61].

In summary, using the potential parameters generated from algorithms proposed
in this work in the MD simulations enables an accurate prediction of multiple proper-
ties in a variety of molecules. This clearly establishes the validity and the performance
of the suite of algorithms presented in this study, instilling con dence in determin-
ing and using the potential parameters of any molecule, including new and novel

materials, for MD simulations.
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Properties

Molecules Density () Viscosity (cP) Dipole Moment (D)

This work EXP  Err | Thiswork EXP Err | This work EXP Err
H,O 1.01 1.00 1% 0.93 1.00 7% 1.70 1.84 7%

LiPFg 2.85 2.84 <1% - - - - - -
EC 1.32 1.33 <1% 1.84 1.90 3%  5.05 490 3%
ethanol 0.78 0.79 1% 1.07 1.09 2% 1.81 1.66 8%

octane 0.69 0.70 1% 0.46 0.50 8%  0.02 0.00 -

Table 2.4: Density, Viscosity, and Dipole Moment values for $O, LiPFg, EC,
ethanol, and octane molecules estimated by the introduced algorithm in this work
and the experimental data in the literature [57{61].

2.4 Conclusion

MD simulations are a very reliable computational method in the areas of nanotechnol-
ogy and biomedical sciences. However, the most challenging step for every researcher
in this eld is nding appropriate and accurate potential parameters. In fact, in the
absence of prior experimental data on the materials' potential parameters, it is not
possible to employ MD simulations to investigate new and novel materials. Overcom-
ing this limitation, this work presents a suite of algorithms closely coupled with QM
calculations to accurately determine the required potential parameters for any molec-
ular con guration and thereby any material systems. Collectively, these algorithms
help obtain the potential parameters for the nonbonded, bonded, angle, dihedral, and
improper interactions.

The algorithms have been applied to obtain the potential parameters of ve di er-
ent types of molecules, and the values are subsequently used in the MD simulations

to calculate the density, viscosity, and dipole moments of these molecules. In all
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molecules, all three properties predicted by the MD simulations were in close agree-
ment with the experimental data from the literature, establishing the validity and
accuracy of the proposed suite of algorithms. In conclusion, these pioneering algo-
rithms are unique and novel in this eld, and we have conclusively established that
they can be used to nd the potential parameters for compounds for which experi-
mental data is unavailable. Thus, the introduced framework coupling the MD and
QM simulations is a next-generation computational tool to design and characterize
novel materials and investigate elusive nano-scale phenomena that occur at very rapid

time scales.

2.5 Acknowledgments

This work was funded by the Natural Sciences and Engineering Research Council
of Canada's Discovery Grants program. AL acknowledges the additional nancial
assistance from the Department of Mechanical Engineering. The authors are also
grateful to the reviewers for their time and constructive criticism that has helped

improve this manuscript.

2.6 Conicts of interest

There are no con icts of interest to declare.

56



Ph.D. Thesis { A. Lanjan McMaster University { Li-lon Batteries

Bibliography

[1]

2]

[3]

[4]

[5]

Shan Jiang, Junyeob Song, Yujing Zhang, Meitong Nie, Jongwoon Kim,
Ana Lopez Marcano, Kelly Kadlec, William A Mills 111, Xiaodong Yan, Hefei Liu,
et al. Nano-optoelectrodes integrated with exible multifunctional ber probes
by high-throughput scalable fabrication. ACS Applied Materials & Interfaces
13(7):9156{9165, 2021.

Shan Yan, Dong K Dinh, Guojung Shang, Shan Wang, Wei Zhao, Xin Liu,
Richard Robinson, Jack P Lombardi Ill, Ning He, Susan Lu, et al. Nano-
lamented textile sensor platform with high structure sensitivity. ACS applied

materials & interfaces 14(13):15391{15400, 2022.

Wei Hong, Yining Zhao, Yuru Guo, Chengcheng Huang, Peng Qiu, Jia Zhu, Chun
Chu, Hong Shi, and Mingchun Liu. Pegylated self-assembled nano-bacitracin a:
probing the antibacterial mechanism and real-time tracing of target delivery in

vivo. ACS applied materials & interfaces10(13):10688{10705, 2018.

Ramavtar Tyagi and Seshasai Srinivasan. Co-doping studies to enhance the life
and electro-chemo-mechanical properties of the limn 2 o 4 cathode using multi-
scale modeling and neuro-computing technique$hysical Chemistry Chemical

Physics 24(31):18645{18666, 2022.

Simran Sandhu, Ramavtar Tyagi, Elahe Talaie, and Seshasai Srinivasan. Using
neurocomputing techniques to determine microstructural properties in a li-ion

battery. Neural Computing and Applications 34(12):9983{9999, 2022.

57



Ph.D. Thesis { A. Lanjan McMaster University { Li-lon Batteries

[6] R Tyagi and S Srinivasan. Molecular dynamics modeling of lithium ion interca-
lation induced change in the mechanical properties of lixmn2o4he Journal of

Chemical Physics 153(16):164712, 2020.

[7] David B Williams and C Barry Carter. The transmission electron microscope.

In Transmission electron microscopypages 3{17. Springer, 1996.

[8] John Melngailis. Focused ion beam technology and applicationslournal of
Vacuum Science & Technology B: Microelectronics Processing and Phenomgena

5(2):469{495, 1987.

[9] Thomas F Kelly and Michael K Miller. Atom probe tomography. Review of
scienti ¢ instruments, 78(3):031101, 2007.

[10] Amirmasoud Lanjan, Zahra Moradi, and Seshasai Srinivasan. Multiscale inves-
tigation of the di usion mechanism within the solid{electrolyte interface layer:
Coupling quantum mechanics, molecular dynamics, and macroscale mathemati-

cal modeling. ACS Applied Materials & Interfaces 13(35):42220{42229, 2021.

[11] Amirmasoud Lanjan and Seshasai Srinivasan. An enhanced battery aging model
based on a detailed diusing mechanism in the sei layer. ECS Advances

1(3):030504, 2022.

[12] Amirmasoud Lanjan, Behnam Ghalami Choobar, and Sepideh Amjad-Iranagh.
Promoting lithium-ion battery performance by application of crystalline cathodes

lixmnl- zfezpo4.Journal of Solid State Electrochemistry24(1):157{171, 2020.

[13] Zahra Moradi, Amirmasoud Lanjan, and Seshasai Srinivasan. Enhancement of

58



Ph.D. Thesis { A. Lanjan McMaster University { Li-lon Batteries

electrochemical properties of lithium rich li2ruo3 cathode materialJournal of

The Electrochemical Society167(11):110537, 2020.

[14] Ramavtar Tyagi, Amirmasoud Lanjan, and Seshasai Srinivasan. Co-doping
strategies to improve the electrochemical properties of lixmn204 cathodes for

li-ion batteries. ChemElectroChem

[15] Sheng Bi, Harish Banda, Ming Chen, Liang Niu, Mingyu Chen, Taizheng Wu,
Jiasheng Wang, Runxi Wang, Jiamao Feng, Tianyang Chen, et al. Molecular
understanding of charge storage and charging dynamics in supercapacitors with
mof electrodes and ionic liquid electrolytes.Nature Materials, 19(5):552{558,

2020.

[16] Wujie Wang and Rafael Gomez-Bombarelli. Coarse-graining auto-encoders for

molecular dynamics.npj Computational Materials 5(1):1{9, 2019.

[17] Zahra Moradi, Amirmasoud Lanjan, and Seshasai Srinivasan. Multiscale inves-
tigation into the co-doping strategy on the electrochemical properties of li2ruo3

cathodes for li-ion batteries.ChemElectroChem8(1):112{124, 2021.

[18] Thijs Van Westen, Thijs JH Vlugt, and Joachim Gross. Determining force eld
parameters using a physically based equation of stat&he Journal of Physical

Chemistry B, 115(24):7872{7880, 2011.

[19] Mario G Del Popolo and Gregory A Voth. On the structure and dynamics of
ionic liquids. The Journal of Physical Chemistry B 108(5):1744{1752, 2004.

[20] Tianying Yan, Christian J Burnham, Mario G Del Ropolo, and Gregory A Voth.

59



Ph.D. Thesis { A. Lanjan McMaster University { Li-lon Batteries

Molecular dynamics simulation of ionic liquids: The e ect of electronic polariz-

ability. The Journal of Physical Chemistry B 108(32):11877{11881, 2004.

[21] Jones de Andrade, Elvis S Bees, and Hubert Stassen. Force eld development

and liquid state simulations on ionic liquids. ACS Publications, 2005.

[22] Yanting Wang and Gregory A Voth. Tail aggregation and domain di usion in
ionic liquids. The Journal of Physical Chemistry B 110(37):18601{18608, 2006.

[23] Yanting Wang and Gregory A Voth. Unique spatial heterogeneity in ionic liquids.
Journal of the American Chemical Society127(35):12192{12193, 2005.

[24] Jos N Canongia Lopes, Johnny Deschamps, and Aglio AH Padua. Modeling
ionic liquids using a systematic all-atom force eld. The journal of physical

chemistry B, 108(6):2038{2047, 2004.

[25] Xiaoping Wu, Zhiping Liu, Shiping Huang, and Wenchuan Wang. Molecular
dynamics simulation of room-temperature ionic liquid mixture of [bmim][bf 4]
and acetonitrile by a re ned force eld. Physical chemistry chemical physi¢s

7(14):2771{2779, 2005.

[26] Joe N Canongia Lopes and Aglio AH Padua. Molecular force eld for ionic
liquids composed of tri ate or bistri ylimide anions. The Journal of Physical

Chemistry B, 108(43):16893{16898, 2004.

[27] Hui Li, Jerry A Boatz, and Mark S Gordon. Cation- cation - stacking in small
ionic clusters of 1, 2, 4-triazolium.Journal of the American Chemical Society

130(2):392{393, 2008.

60



Ph.D. Thesis { A. Lanjan McMaster University { Li-lon Batteries

[28] Aiping Wang, Sanket Kadam, Hong Li, Sigi Shi, and Yue Qi. Review on mod-
eling of the anode solid electrolyte interphase (sei) for lithium-ion batteriesipj

Computational Materials 4(1):1{26, 2018.

[29] Oleg Borodin. Polarizable force eld development and molecular dynamics sim-
ulations of ionic liquids. The Journal of Physical Chemistry B 113(33):11463{
11478, 2009.

[30] Amirmasoud Lanjan, Behnam Ghalami Choobar, and Sepideh Amjad-Ilranagh.
First principle study on the application of crystalline cathodes li2mn0. 5tm0. 503
for promoting the performance of lithium-ion batteries.Computational Materials

Science 173:109417, 2020.

[31] Per-Olov Lewdin. On the non-orthogonality problem connected with the use of
atomic wave functions in the theory of molecules and crystalsThe Journal of

Chemical Physics 18(3):365{375, 1950.

[32] Roman F Nalewajski and Robert G Parr. Information theory, atoms in molecules,
and molecular similarity. Proceedings of the National Academy of Scienges

97(16):8879{8882, 2000.

[33] Robert S Mulliken. Ciriteria for the construction of good self-consistent- eld
molecular orbital wave functions, and the signi cance of lcao-mo population

analysis. The Journal of Chemical Physics36(12):3428{3439, 1962.

[34] Ake Bprck and Clazett Bowie. An iterative algorithm for computing the best es-
timate of an orthogonal matrix. SIAM Journal on Numerical Analysis 8(2):358{

364, 1971.

61



Ph.D. Thesis { A. Lanjan McMaster University { Li-lon Batteries

[35]

[36]

[37]

[38]

Giannozzi, P.; Baroni, S.; Bonini, N.; Calandra, M.; Car, R.; Cavazzoni, C.;
Ceresoli, D.; Chiarotti, G. L.; Cococcioni, M.; Dabo, I.; Corso, A. D.; Gironcoli,
S. D.; Fabris, S.; Fratesi, G.; Gebauer, R.; Gerstmann, U.; Gougoussis, C.;
Kokalj, A.; Lazzeri, M.; Mauri, F.; Mazzarello, R.; Paolini, S.; Pasquarello,
A.; Paulatto, L.; Sbraccia, C.; Scandolo, S.; Sclauzero, G.; Seitsonen, A. P.;
Smogunov, A.; Umari, P.; Wentzcovitch, R. M. QUANTUM ESPRESSO: a
modular and open-source software project for quantum simulations of materials.

Journal of Physics: Condensed Matter21(39):395502, sep 2009.

Giannozzi, P.; Andreussi, O.; Brumme, T.; Bunau, O.; Buongiorno Nardelli, M.;
Calandra, M.; Car, R.; Cavazzoni, C.; Ceresoli, D.; Cococcioni, M.; Colonna,
N.; Carnimeo, |.; Dal Corso, A.; De Gironcoli, S.; Delugas, P.; Distasio, R.
A.; Ferretti, A.; Floris, A.; Fratesi, G.; Fugallo, G.; Gebauer, R.; Gerstmann,
U.; Giustino, F.; Gorni, T.; Jia, J.; Kawamura, M.; Ko, H. Y.; Kokalj, A.;
Kuaskbenli, E.; Lazzeri, M. ; Marsili, M.; Marzari, N.; Mauri, F.; Nguyen, N.
L.; Nguyen, H. V.; Otero-De-La-Roza, A.; Paulatto, L.; Pone, S.; Rocca, D,
Sabatini, R.; Santra, B.; Schlipf, M.; Seitsonen, A. P.; Smogunov, A.; Timrov,
l.; Thonhauser, T.; Umari, P.; Vast, N.; Wu, X.; Baroni, S., Advanced Capa-
bilities for Materials Modelling with Quantum ESPRESSO. Journal of Physics
Condensed Matter 29(46), oct 2017.

W. Kohn and L. J. Sham. Self-Consistent Equations Including Exchange and

Correlation E ects. Physical Review 140(4A):A1133, nov 1965.

Ivan Novikov, Blazej Grabowski, Fritz Kermann, and Alexander Shapeev. Mag-

netic moment tensor potentials for collinear spin-polarized materials reproduce

62



Ph.D. Thesis { A. Lanjan McMaster University { Li-lon Batteries

di erent magnetic states of bcc fe.npj Computational Materials 8(1):1{6, 2022.

[39] Yang Zhang, Qiunan Xu, Klaus Koepernik, Roman Rezaev, Oleg Janson, Jakub
Zelezry, Tonmes Jungwirth, Claudia Felser, Jeroen van den Brink, and Yan Sun.
Di erent types of spin currents in the comprehensive materials database of non-

magnetic spin hall e ect. npj Computational Materials 7(1):1{7, 2021.

[40] Steve Plimpton. Fast parallel algorithms for short-range molecular dynamics.

Journal of Computational Physics117(1):1{19, 1995.

[41] Michele Parrinello and Aneesur Rahman. Polymorphic transitions in single
crystals: A new molecular dynamics method. Journal of Applied physics

52(12):7182{7190, 1981.

[42] William G Hoover. Canonical dynamics: Equilibrium phase-space distributions.

Physical review A 31(3):1695, 1985.

[43] Shuichi Nos. A unied formulation of the constant temperature molecular dy-

namics methods.The Journal of chemical physics81(1):511{519, 1984.

[44] HJIC Berendsen, B Hess, E Lindahl, D Van Der Spoel, AE Mark, and G Groenhof.
Gromacs: fast, exible, and free.J. Comput. Chem 26(16):1701{1718, 2005.

[45] Yong Zhang, Derrick Poe, Luke Heroux, Henry Squire, Brian W. Doherty, Zhuo-
ran Long, Mark Dadmun, Burcu Gurkan, Mark E. Tuckerman, and Edward J.
Maginn. Liquid structure and transport properties of the deep eutectic solvent
ethaline. The Journal of Physical Chemistry B 124(25):5251{5264, 2020. PMID:
32464060.

63



Ph.D. Thesis { A. Lanjan McMaster University { Li-lon Batteries

[46] Alejandro Rodriguez, Stephen Lam, and Ming Hu. Thermodynamic and trans-
port properties of lif and ibe molten salts with deep learning potentials.ACS

Applied Materials & Interfaces 13(46):55367{55379, 2021. PMID: 34767334.

[47] Nikhil V. S. Avula, Anwesa Karmakar, Rahul Kumar, and Sundaram Balasubra-
manian. E cient parametrization of force eld for the quantitative prediction of
the physical properties of ionic liquid electrolytes.Journal of Chemical Theory

and Computation 17(7):4274{4290, 2021. PMID: 34097391.

[48] Shobha Sharma, Alexander S. Ivanov, and Claudio J. Margulis. A brief guide
to the structure of high-temperature molten salts and key aspects making them
di erent from their low-temperature relatives, the ionic liquids. The Journal of

Physical Chemistry B 125(24):6359{6372, 2021. PMID: 34048657.

[49] Junfang Zhang, Mojtaba Seyyedi, and Michael B. Clennell. Molecular dynamics
simulation of transport and structural properties of co2{alkanesEnergy & Fuels

35(8):6700{6710, 2021.

[50] Ivan M. Zeron, Miguel A. Gonzalez, Edoardo Errani, Carlos Vega, and Jose L. F.
Abascal. \in silico" seawater. Journal of Chemical Theory and Computation

17(3):1715{1725, 2021. PMID: 33533631.

[51] Srimayee Mukherji, Nikhil V. S. Avula, and Sundaram Balasubramanian. Re-
ned force eld for liquid sulfolane with particular emphasis to its transport

characteristics. ACS Omega 5(43):28285{28295, 2020. PMID: 33163812.

[52] Piotr Kubisiak and Andrzej Eilmes. Estimates of electrical conductivity from

64



Ph.D. Thesis { A. Lanjan McMaster University { Li-lon Batteries

molecular dynamics simulations: How to invest the computational e ort. The

Journal of Physical Chemistry B 124(43):9680{9689, 2020. PMID: 33063509.

[53] Punyaslok Pattnaik, Shampa Raghunathan, Tarun Kalluri, Prabhakar Bhimala-
puram, C. V. Jawahar, and U. Deva Priyakumar. Machine learning for accurate
force calculations in molecular dynamics simulationsThe Journal of Physical

Chemistry A, 124(34):6954{6967, 2020. PMID: 32786995.

[54] Yong Zhang and Edward J. Maginn. Water-in-salt litfsi aqueous electrolytes (2):
Transport properties and li+ dynamics based on molecular dynamics simula-
tions. The Journal of Physical Chemistry B 125(48):13246{13254, 2021. PMID:

34813336.

[55] William M Haynes, David R Lide, and Thomas J Bruno. CRC handbook of
chemistry and physics CRC press, 2016.

[56] Behnam Ghalami Choobar, Hamid Modarress, Rouein Halladj, and Spideh
Amjad-lranagh. Multiscale investigation on electrolyte systems of [(solvent+
additive)+ lipf6] for application in lithium-ion batteries. The Journal of Physi-

cal Chemistry G 123(36):21913{21930, 2019.

[57] Marco Masia, Michael Probst, and Rossend Rey. Ethylene carbonate- li+: A
theoretical study of structural and vibrational properties in gas and liquid phases.

The Journal of Physical Chemistry B 108(6):2016{2027, 2004.

[58] Kathie L. Dionisio, Katherine Phillips, Paul S. Price, Christopher M. Grulke,

65



Ph.D. Thesis { A. Lanjan McMaster University { Li-lon Batteries

Antony Williams, Derya Biryol, Tao Hong, and Kristin K. Isaacs. Data descrip-
tor: The chemical and products database, a resource for exposure-relevant data

on chemicals in consumer productsScienti ¢ Data, 5, 7 2018.
[59] Octane | c8h18 - pubchem.

[60] FX Hassion and RH1955 Cole. Dielectric properties of liquid ethanol and 2-
propanol. The Journal of Chemical Physics23(10):1756{1761, 1955.

[61] Philip G Hill. A uni ed fundamental equation for the thermodynamic properties

of h2o0.Journal of Physical and Chemical Reference Datd9(5):1233{1274, 1990.

66



Chapter 3

Combining Neuro-Computing Techniques with
Quantum Mechanics and Molecular Dynamics to

Determine the Nonbonded Potential Parameters

PRELUDE: This chapter is been re-produced from the following manuscript which
is under review in the "Neural Network Applications” journal: A. Lanjan, Z. Moradi,

S. Srinivasan, "Combining Neuro-Computing Techniques with Quantum Mechanics
and Molecular Dynamics to Determine the Nonbonded Potential Parameters”, Neural

Computing and Applications.

Contributing Author: Amirmasoud Lanjan.

Abstract

Quantum Mechanics (QM) calculation is the main computational alternative for eval-
uating potential parameters in Molecular Dynamics (MD) simulations when experi-

mental techniques are inaccessible or too expensive. QM evaluates the system's energy
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as a function of the nonbonded distances, and the resulting dataset is t to a generic
potential equation to obtain the tting constants (potential parameters). However,
tting this massive dataset containing thousands of unknown parameters using tra-
ditional mathematical formulations is not computationally feasible. Hence, most of
the frameworks in the literature utilize several simpli cations, leading to a severe loss
of accuracy. Addressing this de ciency, in this work, we employ neuro-computing
techniques, Deep Neural Networks (DNN) in particular, to determine these potential
parameters by interpreting the QM results. Further, we also present an enhanced
computational framework combining QM, MD, and DNN to signi cantly enhance
the prediction accuracy of the intrinsic properties such as density, boiling point, and
melting point of ve types of molecules, namely, polar molecule 40, ionic compound
LiPF ¢, ethanol (C,HsOH), long chain molecule @H;g, and the complex molecular sys-
tem Ethylene Carbonate (EC). Our results establish the validity and accuracy of the
novel computational framework that can be used to determine the potential param-
eters of new materials in the absence of experimental data. This in turn will help
researchers design and develop novel materials for next-generation applications, and

help us investigate molecular and nanoscale systems and phenomena.

3.1 Introduction

Nanotechnology, involving material characterization near the atomic/molecular level

(Nano-scale), is the most promising technique in designing and developing the next
generation of batteries, drug delivery systems, biosensors, and medicines [1{5]. Pop-
ular experimental approaches such as the atom probe tomography [6], focused ion

beam [7], and scanning/transition electron microscope [8] that facilitate studying
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inter-particle interactions are expensive and time-consuming, propelling the need for
alternative methods. To this end, computational methods such as quantum mechan-
ics (QM) and molecular dynamics (MD) calculations are signi cant since they help
reduce the time and cost of research, minimize the wastage of materials, have negli-
gible side e ects, and most importantly can be employed without any restrictions to
study new and novel materials.

QM calculations o er exceptional accuracy in characterizing materials and phe-
nomena by evaluating electron-electron interactions, independent of experimental
data [9{11]. However, this accuracy comes at a high computational cost, and QM
simulations are usually done only for a very short duration and on small systems
with just a few atoms. On the other hand, the MD simulations simplify the complex
interactions between a cloud of electrons in a multi-particle system using ve main
types of interactions, namely, nonbondéd bonded, anglé€®, dihedral*, and imprope?,
and employs a simple algebraic equation instead of the Schmedinger equation for each
type. For instance, bonded interactions between two atoms in a bond can be obtained
by harmonic potential equation Uponged(l) = A(l  1g)?), where A and |y, the con-
stant coe cients, are called the potential parameters and | is the bond length. With
such formulations, the computational costs are signi cantly minimized, and the MD
simulations can study systems with 10° particles that are more than 1000 times
larger than the size of the systems that can be investigated by QM simulations, and

for a much larger timescale than what is possible with the QM simulations [12{14].

INonbonded: Coulombic, Van der Waals, and polarization interactions between two atoms.

2Bonded: Attractive and repulsive forces among bonded electron pairs in a bond between two
atoms.

3Angle: Attractive and repulsive interactions of valance electrons and bond pair for two neighbour
bonds.

4Dihedral: Interaction of bonded pair electrons in three bonds in sequential series of four atoms.

SImproper: Interactions of bonded electron pairs in three bonds group connected to a single atom.
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However, MD simulations are dependent on the potential equations/parameters that
are often obtained from experimental studies.

In general, important underlying phenomena, such as solid electrolyte interface
(SEI) layer formation in batteries, that impact the macroscale behavior of the system,
cannot be investigated by the conventional methods by employing one of experimen-
tal, MD, or QM techniques, exclusively. This is because experimental approaches
cannot capture phenomena that occur at very small timescales (pico-second). QM
simulations can only be employed with small systems with a few atoms. MD sim-
ulations cannot be done without the experimental data on the potential parame-
ters [15, 16]. To overcome this bottleneck in computational Nano-based techniques,
a combination of QM and MD simulations are often employed [13, 17{20].

In our recent work [13], we have developed a comprehensive framework for coupling
the QM and MD calculations for evaluating potential parameters as an alternative
for experimental techniques. This approach selects a tiny sample of the main sys-
tem and evaluates its energy as a function of a structural change (e.g., bond length)
while other e ective parameters are maintained at their minimum energy level. Sub-
sequently, these data sets (e.g.},(U)) are tted on the generic potential equations
(€.9., Upondea(l) = A(l  10)?) to obtain the potential parameters (e.g.,A, lo). These
potential parameters are employed in the MD simulations to study the main system's
properties. Thus, we can study a system with the accuracy of QM calculations, and
at the size and speed permissible with MD simulations, completely independent of
experimental techniques.

Now, the number of atoms that participate in a bonded, angle, dihedral, and
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improper interaction, are 2, 3, 4, and 4 atoms, respectively, and there are well-
established algorithms for creating structural changes as the input of QM calculations
for them [17{21]. Since'\‘T2 nonbonded interaction exists in a system with N atoms,
each QM calculation will provide aNTZ vector as the input, and the energy of the
system as the output. In other words, instead of a data set ok{ U) which can be
tted on a quadratic equation such asU = K(x Xg)to nd K and xq, we will have
data set of (f4, ..., r¥], U) which must be tted on nonbonded potential equations

such as the Buckingham potential equation as follows:
U= Ajexp( =) L (3.1)

whereA;; , Bi; and C;; are the nonbonded potential parameters, and; is distance
between the ' and j" atoms. Therefore, we will have3NT2 coe cients for a system

of N atoms. This tting process is not feasible with conventional mathematical
methods. Hence, each atom type will be extracted from the system and studied
under an isolated situation. Subsequently, a mixing rule will be employed to evaluate
the analogous interaction between dissimilar atom types. However, there are some

severe drawbacks to this approach:

1. Using mixing rules to estimate the interaction between dissimilar atom types

negatively impacts the accuracy.

2. Electron cloud around each atom in a molecule is di erent from the single-atom
situation. Studying the interaction between two atoms by neglecting the other
atoms in the molecule will result in a deviation from the experimental data.

3. Polarization in atoms due to the presence of other molecules and atoms in the
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system is ignored in this approach.

While using a conventional mathematical modeling approach to t large data sets
to equations with innumerable unknowns is very challenging, machine learning (ML)
techniques, deep neural network (DNN) in particular, can make this task relatively
easy. With this in mind, in a pioneering approach, we have introduced a compu-
tational framework that combines QM, MD, and ML techniques that collectively
overcome the drawbacks of the individual approaches and present a robust tool for
the next-generation Nano-based computational investigations for characterizing, de-
signing, developing, and studying a wide range of novel materials/phenomena. The
ensuing sections present the details of this strategy. The key highlights of the com-

putational framework proposed in this work can be summarized as follows:

" The entire interaction range, from the pairs' Van der Waals radius to the cuto
blue radius, is covered for all atoms that are required for the DNN training data

set.

Herein, a series of atomic coordinates are produced for each atom pair to in-
vestigate their interaction with each other while other types of interactions are

minimized. Therefore, the produced dataset will be physics-informed which pro-
vides higher accuracy and lower computational cost in comparison to a dataset

obtained from randomly produced coordinates.

The algorithm produces coordinates with minimized (almost zero) interactions
of the other types such as Bonded, Angel, Dihedral, and Improper interactions,

to reduce the deviation from the experimental data.
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" The produced distances and energies follow a nonlinear trend to prevent over-

or under- tting in the DNN training step.

" The dataset is large enough for training and testing a proper DNN model.

3.2 Computational Methods

Figure 3.1: Schematic procedure for creating a database and training the DNN
model from a crystal structure as the input.

A schematic of the procedure to train the DNN model from the input crystal structure
is presented in Figure 3.1. As an initial step, this framework needs to extract position
vectors ([element, X, y, z]) of the atoms from the input crystal structures. While the
order of listing of the atoms does not a ect the system's energy from a physical

perspective, it is an in uential parameter for training and using the DNN model.
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Therefore, in this work, we chose to sort the N atoms of the crystal based on their
distance from the center of the crystal (0,0,0). Also, atoms with the same distance
from the center point are sorted based on their x positions and then their y value.
This sorted list of atomic positions is used as the input for the "Crystal Creator"”

algorithm.

3.2.1 Crystal Creator Algorithm

After de ning a molecule or crystal structure, to nd its nonbonded potential param-
eters, we need to evaluate the system's energy)for a wide variety of distances ;)
between each atom pair. For this, di erent crystal structures must be produced and
QM calculations must be made to evaluate their energy values. Since each QM sim-
ulation is time intensive, the sample space of the feasible atomic coordinates (input
data) must be carefully de ned. More precisely, the sample space must cover a wide
range of nonbonded distances for all atom pairs without any repetition. Since ran-
domly produced input structures will result in numerous redundant simulations that
not only miss key coordinate structures but also result in an enormous computational
cost, we developed the "Crystal Creator" algorithm to create a physics-informed
dataset for training a DNN model. This not only helps maintain accuracy but is also
computationally e cient.

To begin with, in this algorithm, we run a geometry optimization simulation,
employing the QM calculation, to nd the system's relaxed coordinates. Next, a list
of di erent atom types in the system is created. Now, for each atom type, one relaxed
molecule is put at the center of the system and a second molecule of the same type

is rotated and placed near this molecule such that the corresponding atoms are at
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the closest distance (see Figure 3.2). Finally, the distance between the two atoms is
varied from a few angstroms to the cuto radius, and for each distance value, the
system's energy is obtained using QM calculations. A detailed pseudo code for this

algorithm is presented in Algorithm 1.

Figure 3.2: Coordinates of an Ethanol molecule for oxygen-oxygen and
carbon-carbon interactions, generated using Algorithm 1.
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Algorithm 1 Crystal Creator

e o

© Qo000 2 o 9

Start . ,
Optimize the molecule geometries to find the relaxed molecule's

~ cqordinates

Create a list of different atom types present in the system
Define the list of distance values between two atoms as: [0.5, 9.0] (in

0
0
0
0:

steps of 0.2)
0:
0:
0
0
0

for (F i, Sj) in the list of atom pair types do
for Aj in the list of all atoms in the molecule do

. Create and append the [ Xa, XE, YA, YE, Za, zr,] vector to the
vector list ( Viist).

: end for . :

: Add the molecule in the system in a way that ( xf;;, = 0, y;, = 0, and
VASIES 0)

Find the geometric center (  X¢, VY 2Zc¢) of the molecule

Create the main vector as: Vim = [Xr, X, YR Yoo Zr,  Z(]

Find the main vector angle with respect to the vector [1,1,1] as: =
cos 1 [1;1,1]:Vim

Vi ]
Create a reference vector as: Vet =[1;1;1] Vn
Normalize the reference vector's length to unity: Vief = jz'f?fj
ref

for Vj in the Vs do

Rotate V; by with respect to Vgt

end for
Find the new positions for this molecule with these new vectors

for D; in the list of distances do

Add another molecule in the system in a way that ( xs = ,R% Ys = ilg%,
and zg; = &’5)
Create the main vector for the second molecule as: Vin = [XF Xc

Ye Yo Zr Zd] _
Find the main vector's angle with respect to the vector [-1,-1,-1]
. — 101 1 1kVm
as: =cos tt=— =
_ JVin
for Vj in the Vg do
Rotate V; by with respect to  Vigs .

end for

Find the new positions for the second molecule using these vectors
Set the system's charge equal to two times a single molecule charge
Run QM simulation to evaluate the total system energy, E |

for i =1 to N do
for j = 1.to N do

g = i x)2+(yi y)P+(z )2
eng for
end for ,
Store the energy and a vector of distances as (  [ry1:hrnn )

end for
end for
Finish =0
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3.2.2 Quantum Mechanics

Several crystal structures are created using the "Crystal Creator” algorithm. The
energy of the system with this atomic arrangement within the crystal can be obtained
via QM simulations using any software package. In this work, we have used "Quantum
Espresso" package [22, 23], which provides a great balance between accuracy and
computational costs to run the QM calculations. Since QM can be used only for
systems with a few electrons, the density functional theory (DFT) [24{26] with Perdew
Burke Ernzerhof (PBE) as its exchange-correlation function are employed. Also,
higher accuracy can be achieved at the expense of higher computational costs using
other QM approaches such as ab-initio. The parameters for the QM simulations in
this research are summarized in Table 3.1.

Table 3.1: The summary of the settings for QM calculations in this work.

Properties Value/Method
XC Functional PBE
Convergence tolerance 1.010 ¢ Ry
W.F. Cuto 1.0 17
Charge Cuto 1.0 1 Ry
Maximum force 1.0 10 2 Ry/Bohr
Smearing factor 1.0 10 2 Ry

3.2.3 Deep Neural Network Model

Several ML model architectures such as decision tree [27], random forest [28], support

vector regression [29], and DNN models [30], are applicable for nding the correlation
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between the system's energy and the distances vector. However, the most appropriate
model should have the best prediction accuracy and the least computational time

for the training and testing processes. With this benchmark, the linear regression,

random forest, and decision tree have the least computational processing time but
have poor accuracy levels. Further, between the support vector regression and the
DNN model, both with very high accuracy, the latter has the lowest training time.

Hence, in this work, we have preferred to use the DNN.

DNN Architecture

A DNN model combines mathematical and associative operations to decipher the
relationship between the input distance vector g& ﬁ]) and output energy
(U). A schematic of a DNN with N2=2 neurons in the input layer, one neuron in the
output layer, and six intermediate layers, each with a speci ¢ number of neurons, is
shown in Figure 3.3. A neuron at layek receives a vector of inputsy(“ ") from the
previous layer K 1) and produces an outputyj(k). This output is a function of the
weighted sum of the input vector and a bias vaIueE(j(k)). Further, yj(k) is relayed to
every neuron in the subsequent layer. More precisely, the outpy}‘ of a neuron is
calculated as:

X '
k k k k
yj( ) — f(k) Bj( ) + yl( 1)Wi(j ) : (31)
i=1
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Figure 3.3: Schematic of the DNN model and the function ofj neuron in the K"
layer (Equation 3.1).

(K)
ij

wherew; "’ is the weight for thej™ neuron in layerk. f (x) is the transfer function
determining the nal alteration of the output. Commonly used transfer functions
include sigmoid, tanh, softmaxandrecti ed linear unit (ReLU). In this work, we have
employed the ReLU function [31] {(x) = max(0; X)) due to its e ciency, accuracy,
and ease of implementation. The rst fully connected (FC) layer with'\‘T2 neurons
for the input and thirty output neurons is followed by the six FC layers with 30,
30, 20, 20, 15, 10 neurons, respectively. This architecture is inspired by the work of
Li et al. [32], forcing the layer to engage features of di erent scales by reducing the
neurons. Finally, the output of the DNN model is a single node that is fed to the
linear activation function for estimating the continuous variable, i.e., the system's

energy.

Data Pre-Processing

The dataset for the DNN comprises of the distance vectorsif;, ri.z, ..., ran,

rvn Ji @and systems energyly;) data that are extracted from the input and output
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les of the QM calculations, respectively. This dataset needs pre-processing before
feeding to the DNN model. It is well known thatU is inversely related to the distance

r. More precisely,U is related tor asU / . In this work, to ensure faster and more
accurate training of the DNN, we have employed this relationship. Speci cally, based
on our experience, using = 6, we have de ned the input/output pairs as ([ri,<—1,
ﬁ]i, U).

Also, in order to avoid any signi cant bias emanating from any input parameter,
to minimize the training time, and to increase the accuracy and compatibility with
the selected RelLU transfer function, the input vectors and output energy values were
normalized in the range [01] and standardized with a mean value of 0.5 employing

StandarScaler and MinMaxScaler methods in the Scikitlearn [33]. Thus, normized

distance (3 ) can be written as:

1 in(L

1_ g MG (3.2)
A max(x) mln(r—l,(—)
Also, the standardized value—- for the i input vector is equal to:
i
U
m u ®

1 1 )2

_J=0Fijr. __]L:IJ‘=O(F!T_ I). 1 _Fik_ i. (33)
| N ) | N 1 rijk i ) .

where 1:rijk is the standardized value of the'j array in the i" vector. ; and ; are

the mean and standard deviation of't vector, respectively.
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DNN Initialization

The performance of a neural network is greatly in uenced by the initial values of
the weights. In this work, we found that starting with randomly initialized weights
does not result in a DNN with high accuracy during the training[34{36]. To address
this issue, a pre-training was carried out with a small sample size from the database
using the Adam optimizer [37, 38], to minimize the mean squared error (MSE) of the

output.

DNN Training

To improve the accuracy and e ciency of training, we used much smaller intervals
to investigate shorter inter-atomic distances and used somewhat larger intervals to
study cases with larger inter-atomic distances. More precisely, for the inter-atomic
distances in the range [BA; 4A], we considered 10 distance values. Similarly, just 10
points were considered for the inter-atomic distances in the rangeA48A], i.e., we
used a much larger interval. This is because we found that DNNs have a larger MSE
in the non-linear short inter-atomic distance cases whereas they are more accurate
in the larger inter-atomic distance cases where there is more linearity. This is based
on the fact that the DNNs have a tendency to estimate the intermediate variables of
distinct input values through interpolation. Thus, a total of 20% data points are fed

to the system during the training step.

3.2.4 Calculate Potential Parameters

After training, the DNN model is ready to be employed to investigate the interaction

between two speci ¢c atoms. For this, we de ne a set of distance vectors as the input of
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the DNN model. Through this sequence of vectors, the distance between two atoms is
varied while the other distances are kept at the largest possible value to remove their
impact on the output energy value. Thus, the change in the energy of the system,
obtained as the output of the DNN, is solely a function of the interaction between
the two atoms of interest. For instance, the input distance vectors for evaluating the
1-1 interaction is de ned as £, % %] wherer is varied in a range [2; 8A] with
a step size of A andr, = 8A is the cuto distance. The DNN predicts the energy
values as a function of the distances ;). This data can be used to t a nonbonded

rij

potential equation, Buckingham {U;; = A;;j exp( ﬁ) %‘;’—) in this work, to nd
b i5j

the potential parameters @;; , Bi;, and Cj; ).

3.2.5 Molecular Dynamics

After determining all potential parameters using the DNN, a MD simulation can be
run to estimate systems properties and compare the results with the experimental
data in the literature for validating the methodology introduced in this work. Since
the system's energy is evaluated as a function of all potential equations and MD
simulation software packages are applicable within this framework. In this work,
we have employed the "LAMMPS" software package [39], along with the potential
styles summarized in Table 3.2. The nonbonded interactions are modeled using the
summation of Buckingham and Coulombs' potentials. Also, the "Ewald" solver is

employed to e ectively calculate the long-range Coulomb interactions.
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Table 3.2: The potential styles utilized in the MD simulations using the LAMMPS
software package.

Interaction Type Potential Style Equation

Nonbonded Buckingham/Coulombic E = Ae & r%
Bonded harmonic E=K( rp)?
Angle harmonic E=K( 02
Dihedral quadratic E=K( 0)?
Improper harmonic E = K( 0)?

Eliminating the close contacts between atoms and stabilizing the system's temper-
ature, pressure, and velocity, the energy of the system is minimized in 20,000 steps.
This is followed by two stages of MD simulations under the NPT and NVT ensemble,
for 10 ns and 1 ns, respectively. Parrinello Rahman barostat [40] and Nos Hoover
thermostat [41, 42] were used to x the simulations' pressure and temperature with
damping relaxation times of 100 fs and 1000 fs, respectively. Stoermer-Verlet integra-
tor with a time-step of 1 fs was employed to integrate Newton's equations of motion.
Dynamic load balancing [43] was employed to overcome the load imbalance on the
CPU and minimize the execution time. The trajectories system data were stored ev-
ery 1 ps to estimate the time averaged results for structural and transport properties.
Additional information on the MD characteristics is presented in Table 3.3. The cur-
rent simulations were run on 11th Gen Intel i7-11700K and 16 GB memory. Around
16 h was needed for these three stages of simulations including energy minimization,

equilibrium gain, and property estimation.
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Table 3.3: The summary of the settings for MD simulations in this work.

Properties

Descriptions and speci cations

Energy minimization
Equilibrium
Production run
Motions integrator
Temperature coupling
Pressure coupling
Constraint solver
Periodic Boundary
Long-range interactions
Trajectory output
Neighbor list updating

Dynamic load balance

conjugate gradient for 2 10* steps
1 ns NVT run and 10 ns NPT run
10 ns

Stoermer-Verlet, 1 fs time-step
25°C, Nose-Hoover thermostat

1 bar, Parrinello-Rahman barostat
Constraining all bonds

X, y and z directions

Ewald summation with 1.0 10 ° accuracy
Every 1,000 time step (fs)

Every 10 fs

Yes

3.3 Results and Discussion

A schematic of HO, LiPFg, (CH,0),CO (EC), C,HsOH (Ethanol) and CgH;g (Oc-
tane) molecules is shown in Figure 3.4. The parameters for bonded, angle, dihedral,
and improper interactions were determined using the pristine algorithm, introduced
in our previous work [13]. Additionally, two sets of nonbonded potential parameters
were obtained for each atom type using the pristine algorithm as well as the enhanced
algorithm introduced in this study to compare the accuracy of the results obtained

from these two frameworks. Here, di erent'atom type" implies di erent elements
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and conditions in a molecule. For instance, each ethanol molecule has a combination
of oxygen, carbon, and hydrogen atoms. However, it has six di erent atom types
because the hydrogen atom connected to a carbon atom is a dierent atom type

compared to the hydrogen atom that is connected to an oxygen atom.

Figure 3.4. Schematic diagram of LiPE, H,O, (CH,0),CO (EC), CgH;5 (Octane),

and C,HsOH (Ethanol) molecules. GHig, LIPFg and H,O that have two, three, and

two atom types, respectively. Since each EC molecule has two di erent carbon and

two di erent oxygen types, this molecule has ve di erent atom types. Finally, each
ethanol molecule contains six atom types.

3.3.1 Evaluating Nonbonded Potential Parameters

In an Ethanol molecule, we have considered six di erent types of atoms for nonbonded
interactions. On the other hand, HO and Octane molecules contain only two atom

types. Finally, LiPF¢ and EC molecules have three and ve-atom types, respectively.
The predicted nonbonded energies were tted on the Buckingham potential equation

and the results are reported in Table B1 of the Supporting Information (Appendix B).
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It is important to note that the R 2 > 99% for almost all parameters demonstrates
the high accuracy of the DNN model in predicting the energy trend for nonbonded
inter atomic interactions.

Density of a system in MD simulation is de ned by the distance between atoms/molecules
of that system which is directly governed by the nonbonded interactions. Atoms/molecules
are located where the nonbonded interaction is the least (energy well), which has con-
tributions from the Van der Waals and Coulombic interactions. The density of the ve
molecular systems is calculated using MD simulations and the potential parameters
obtained in this work. The evolution of the results is shown in Figure 3.5 and the nal
density estimates are summarized in Table 3.4. The density values obtained for the
ve molecules were in close agreement with the experimental data, with a high level
of accuracy (greater than 93%) using the pristine algorithm as well as the enhanced
algorithm (greater than 95%) proposed in this work. In other words, the framework
proposed in this work is fairly accurate in predicting the system's density, validating

the algorithm to study nonbonded interactions and the energy well distance.

86



Ph.D. Thesis { A. Lanjan McMaster University { Li-lon Batteries

Table 3.4: Density [g/cn?] of EC, Ethanol, H,O, LiPF¢, and Octane predicted by
the pristine and enhanced algorithms, compared with the experimental data from
the literature.

Enhanced Algorithm Pristine Algorithm [13]

Molecule Experimental Data
(This work) (previous work)
Density Error Density Error
EC 1.35 0% 1.34 1% 1.35[44]
Ethanol | 0.78 1% 0.75 5% 0.79[45]
H,O 1.02 2% 1.03 3% 0.99[46]
LiPF¢ 2.50 5% 2.84 7% 2.65[47]
Octane 0.71 1% 0.71 1% 0.70[48]

The reference for each experimental value is mentioned in the brackets.
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(@) H20

(b) LiPF ¢
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(c) EC

(d) Ethanol
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(e) Octane

Figure 3.5: The estimated density of KO, LiPFg, EC, Ethanol, and Octane
molecules, estimated using the enhanced algorithm proposed in this work [44{48].

Melting point is another system property that is governed by the nonbonded
interactions. While density only depends on the location of the energy well, melting
point is de ned by the location and the depth of the energy well. The location of
the energy well dictates the system's phase whereas the depth of this well de nes the
energy required for each atom/molecule to escape from this well and overcome some
of the nonbonded interactions to undergo a phase transition. Therefore, an accurate
estimation of the well's depth, de ning the speci c amount of energy required for
breaking the inter-molecular nonbonded interactions, leads to predicting the exact
melting point for the system.

MSD analysis elucidates the atomic/molecular displacement as a function of time
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and is one of the conventional methods to study the phase transition using MD sim-
ulations. The phase transition from liquid to gas and solid to liquid phase drastically
reduce the inter-molecular nonbonded interactions. Therefore, a transition from a
solid to a liquid phase or from a liquid to a gas phase will be characterized by a leap
in the MSD in MD simulations.

To investigate the melting behaviour of all the systems (except LiP§}, the main
step of the MD simulations was run for 50 ns during which the temperature was varied
linearly from several degrees higher to several degrees lower than the experimental
melting point of that system. In the case of the LiPk system, since the melting
point of this system is signi cantly high, it would be easier to stabilize the system at
a lower temperature and increase the temperature during the simulation. Therefore,
the MD simulation of the LiPFg system was run from a few degrees below its melting
point to a few degrees higher than its melting point. The systems' temperature and

MSD of all atoms/molecules are shown in Figures 3.6.
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(@) H20

(b) LiPF ¢
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(c) EC

(d) Ethanol
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(e) Octane

Figure 3.6: The estimated melting point of HO, LiPF¢, EC, Ethanol, and Octane
molecules, obtained from the algorithm proposed in this work [44{48].

As a natural characteristic of the MD simulations, there is a continuous uctuation
in the temperature of the systems, which makes it dicult to allocate a specic
temperature value for them during the simulation. The system temperature can
uctuate around the phase transition temperature several times before completely
crossing that point for a stable phase transition. In other words, there is a transition
zone (as seen in Figure 3.6) in which the temperature uctuates across the phase
transition temperature for a molecule.

It must be noted that as soon as the temperature uctuations reach the freezing
value, the uctuations in the MSD values are largely subdued. Similarly, in the case

of LiPFg, as we reach the melting point, there is a sharp increase in the MSD value,
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and we also observe larger uctuations. The phase change processes @D H.iPFg,
EC, Ethanol, and Octane molecules are evaluated for the systems with the predicted
nonboned potential parameters from the enhanced and pristine algorithms, and the
results are summarized in Table 3.5.

Table 3.5: Melting Point [°C] of EC, Ethanol, H,O, LiPFg, and Octane predicted by
pristine and enhanced algorithm, compared with the experimental data from the

literature.
Enhanced Algorithm Pristine Algorithm [13]
Molecule Experimental Data
(This work) (previous work)
Value Error Value Error

EC 50 35% 100 170% 37[44]
Ethanol | -100 13% NA - -115[45]

H,O 0 0% NA - 0[46]
LiPFg 200 0% NA - 200[47]
Octane | -50 17% NA - -60[48]
The reference for each experimental value is in the brackets.

The melting points of various molecular systems can be accurately estimated using
the methodology introduced in this study, as evidenced by the results for H20 and
LiPF6 (Figure 3.6). The results for Ethanol and Octane molecular systems, although
not as accurate, are still reasonable. It is noteworthy that the pristine framework is
unable to determine the melting points of these molecules.

This framework is able to predict the melting temperature reasonably well (except
for EC) because of its ability to determine the depth of the energy well. In the case
of the EC molecule, it has the most complex structure, including an atomic ring and

6 di erent atom types. As a result, it has the lowest accuracy among all molecular
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systems since these characteristics and complexities are not explicitly accounted for
in this framework.

Boiling point, like the melting point, is governed by the depth and distance
of the energy well in the nonbonded interactions. To establish the superiority of the
framework presented in this work, MSD analysis of the boiling/dew point calculations
for all ve systems have been carried out. The results from the framework are shown

in Figure 3.7.
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(a) H.O

(b) EC
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