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ABSTRACT
Merger of Energetic Affinity and Optimal Geometry to Boost
Hydrogen Storage in Porous Materials: Ab initio based Multiscale
Simulations
by

Shuo Zhao
Hydrogen is an ideal alternative fuel for various applications such as
automobiles and portable devices because it is lightweight, abundant, and its
oxidation product (water) is environmentally benign. However, its utilization is
impeded by the lack of a safe and efficient storage device. Herein, we investigate and
propose a new building block approach for an exhaustive search of optimal
hydrogen uptakes in a series of low density boron nitride (BN) nanoarchitectures
via an extensive 3868 multiscale simulations based on ab initio results. By probing
various geometries, temperatures, pressures, and doping ratios, our results
demonstrate a maximum uptake of 8.65 wt% at 300K, the highest hydrogen uptake
on sorbents at room temperature without doping. Next, we investigate the Li+
doping of the nanoarchitectures exhibiting a set of optimal combinations of
gravimetric and volumetric uptakes, surpassing the US DOE targets. Our findings
suggest that the non-intuitive merger of energetic affinity and optimal geometry in
BN building blocks overcomes the intrinsic limitations of sorbent materials, putting
hybrid BN nanoarchitectures on equal footing with hydrides while demonstrating a
superior capacity-kinetics-thermodynamics balance. Finally, we propose a novel
iii

iv
methodology to improve the stability and accuracy of the fitting of empirical forcefield parameters against ab initio data. Overall, the proposed building block
approach, combined with the novel concepts and strategies for exhaustive search of
optimum structure-property relationships in adsorption, opens up an entirely new
phase space for making efficient high performance gas storage materials.
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Chapter 1

Introduction

1.1 Motivation for investigating pillared boron nitride for
hydrogen storage
Hydrogen is one of the most promising environmental friendly fossil fuel
replacements for automobiles and small portable devices. However, its utilization is
impeded by the lack of safe and efficient storage material and devices. The 2017
target for realistic and economic storage media set by the US Department of Energy
(DoE) is the ability to reversibly store hydrogen with larger than 5.5 wt%
gravimetric and 40 g/L volumetric capacity under moderate conditions. The
ultimate target by DoE are 7.5 wt% gravimetrically and 70 g/L volumetrically1
To achieve this, the ideal interaction energy between hydrogen molecules
and the host material should be in the range of 0.2-0.4 eV/H! (4.6-6.9 kcal/mol)2,
which is able to make both the adsorption and desorption processes feasible and
1

efficient under moderate conditions. Besides metal alloys3,

4

and metal-organic

frameworks (MOFs)5, carbon nanotubes (CNTs) are very promising hydrogen
adsorbent6, owing to their ultrahigh surface area to weight ratio and structural
stability. However, in spite of extensive experimental and theoretical research
devoted to this promising sorbent material, several significant issues have still
remained controversial, such as impurity adsorption and the proportion of stored
hydrogen that can be easily retrievedChen, Wu 7, 8, 9, 10, 11. And it is known that under
ambient conditions, pristine CNTs are not able to adsorb H2 satisfactorily due to its
relatively weak interaction with H212, 13. The adsorption energy of the physisorption
of hydrogen on CNTs, which originates from the interfacial van der Waals forces,
falls in the range of 0.3 - 0.9 kcal/mol. This is far from being sufficient for providing
decent hydrogen storage. While chemisorption in the form of covalent C-H bond has
a high adsorption energy between 46.1 and 105 kcal/mol, it is unable to take place
in normal conditions due to a very large activation energy needed to break the
covalent bond between the hydrogen atoms14, 15, 16, 17. Hence, significant research
efforts have so far been focused on modifying the carbon nanostructures to achieve
optimal interaction with hydrogen molecules. Examples include doping carbon
nanostructures with lithium metal7, 18, 19 and hybrid carbon-based structures from
intercalation, pillaring or importing of composite heteroatoms18, 20, 21. Among these,
Dimitrakakis et al designed a novel pillared graphene nanostructure, where the
fusion of CNTs into graphene is doped with lithium atoms. Even though the
calculated hydrogen adsorption energy is 3.4 - 3.6 kcal/mol, which is lower than the
ideal range of 4.6-6.9 kcal/mol, they reported an impressive 41 g/L volumetric
2

uptake and an about 6% gravimetric uptake under ambient condition21.
Additionally, those structures have been shown by theoretical research to possess
desirable transport and mechanical properties and have been tentatively produced
by experiments22, 23. In light of the excellent merits of these hybrid 3-D structures,
several other 3-D carbon nanostructures have also been proposed20, 24.
As another class of low dimensional materials, boron nitride nanotubes
(BNNT) and boron nitride nanosheets (BNNS) have attracted a lot of interest owing
to their promising chemical stability, strong mechanical strength, and unique
electronic properties12,

17.

Very importantly, although BNNT and BNNS have

properties qualitatively similar to those of their carbon counterparts in a lot of
aspects, their drastically different electrically insulating nature and hydrophobicity
promote them as promising alternative low dimensional materials. In the context of
adsorption, BNNTs are preferable to CNTs for hydrogen storage applications by
being capable of an adsorption energy 0.4 kcal/mol higher than their carbon analog,
which could be explained by the increased dipole caused by the heteropolarlybonded atoms in BNNTs17. Doping can also improve hydrogen storage capacity of
BNNT25,

26.

Also BNNT is considered as one of the strongest lightweight

nanomaterials on Earth, which can be quite beneficial for their utilization in devices
with critical requirement on safety. In light of these factors, a 3D porous BN
nanostructure, combined with the tuning of its pore size and a proper doping
strategy, is very promising in providing better hydrogen storage capacity than its
carbon analogs. However, BN nanostructures are much less investigated than their
carbon analogs27 and most of research focuses on BNNTs rather than the monolayer
3

BNNS or other combination of these nanostructures. A very recent study28 shows
that adsorption of non-polar molecules is energetically more favorable when
physisorbed on BNNTs with larger radii, suggesting that the highest adsorption
energy of hydrogen might be achieved on BNNSs, which has infinite radius of
curvature.
Recently, our group reported a hybrid pillared boron nitride (PBN)
nanostructure by covalently fusing 1D BNNTs and 2D BNNSs, providing a 3D porous
structure with ultrahigh surface area (>2200 m2/g) and superior structural and
thermal stability with respect to its parent structure29. The flexibility in choosing the
pillar length (PD), inter-pillar distance (PD) and the ability to tune the contribution
of tubes versus sheets in the PBN prototypes provide a great opportunity to control
and optimize its gravimetric and volumetric hydrogen uptake capacity, and thus
achieving improved performance.

1.2 Hydrogen as energy media
The limited supply of fossil fuels and the severity of environmental issues
caused by their consumption, like global warming, make the development of clean
and sustainable energy urgent and essential for sustainable development of the
human society. As one of the most promising energy fuel substitute, hydrogen gas
has several advantages30.
1. Hydrogen element is extremely abundant on the earth. Actually it is
the most abundant element in the universe. The problem is that it
4

does not extensively exist in the form of hydrogen molecules on earth,
thus they cannot be mined directly from the environment and has to
be produced from water or other compounds.
2. Hydrogen gas contains the very high energy density per mass unit
(120 MJ/kg), which is three times larger than that of gasoline (44
MJ/kg) and of methane (55MJ/kg)31.
3. Hydrogen combustion produces only water hence has zero
environmentally harmful pollution when it is burned for energy.
Despite the enormous advantages hydrogen enjoys as an energy source,
there are still several hurdles that have to be overcome before its widespread
application. In general, its economic and environmental friendly production, as well
as its efficient and safe storage method, are the most challenging problems that
prevent hydrogen from being utilized in the world widely. Among these, the search
of efficient storage medium is the topic of this thesis.
In order to achieve the requirements for commercialization and meet the
need of traveling a distance of at least 500 km before fueling, the hydrogen powered
vehicles will need approximately 6 kg of hydrogen given its energy density30. In
spite of the fact that hydrogen has the very high energy density per mass, the low
density of 0.089 g/L of its gas form at ambient temperature and pressure is quite
low, which makes its energy density per unit volume far from being enough. At a
temperature of 273.15 K (0 °C) and an absolute pressure of 1 bar, 6 kg of hydrogen
will occupy a space with a diameter of 5 m. It is obviously not feasible for
5

applications in modern vehicles. So technology is required to store it in more
compact form. The U.S. Department of Energy (DoE) hydrogen storage targets for
onboard light-duty vehicle are summarized in Table 1.1.
Storage Parameter

Units

2017

Ultimate

System Gravimetric

kWh/kg

1.8

2.5

Capacity

g H2 /kg

5.5

7.5

System Volumetric

kWh/L

1.3

2.3

Capacity

g H2/L

40

70

Table 1.1 - DOE target of onboard hydrogen storage.

1.3 Candidate materials for hydrogen storage
Currently the majority of promising materials for hydrogen storage can be
categorized into six main types, which are compressed hydrogen, cryogenically
stored hydrogen, conventional metal hydrides, complex hydrides, chemical
hydrides, and sorbent materials. Among these types, mechanical compression and
cryogenic methods store hydrogen in an unbound and unaltered form. Due to their
simplicity, these are currently the techniques most widely used in prototypical
hydrogen-powered vehicles, despite the extensive development of other kinds of
hydrogen storage materials, which all involves hydrogen being chemically or
physically bound to the substrate materials.
1.3.1 Compressed hydrogen
Most of the current hydrogen-powered vehicles store hydrogen using highpressure hydrogen tank. This method is the most thoroughly understood and the
6

most reliable technology at present, hence its widespread usage in fuel cell vehicle
prototypes. The tank pressure is normally in the range of 350-700 bar to increase
the volumetric energy density of hydrogen. However, even at this high pressure, it
can only achieve a density of 1.2-1.5 kWh/L, which is still less than the ultimate DOE
target as listed in Table 1.1.

Figure 1.1 - Traditional hydrogen storage techniques. (a) The pressurized
hydrogen tank. (b) Cryogenic hydrogen tank. (c) Cost analysis for the
production of pressurized hydrogen tanks. The extremely high pressure
necessitates the usage of very expensive high-strength materials1.
What’s more, this ultra-high pressure puts stringent requirement on the
container materials due to the safety and weight efficiency issue. For example, in
order to achieve a volumetric density of 36 kg/m3, which is around half of the value
of its liquid form at its boiling point, the lightweight tank material has to be able to
withstand a pressure of up to 80 MPa13. In this way, only the most costly lightweight
materials with extraordinary mechanical strength, such as carbon fiber-reinforced
plastic, can meet the requirement, which makes the hydrogen powered vehicles
much less affordable than an equivalent gasoline-driven vehicles32, as shown in
Figure 1.1.

7

Safety problem can also be a big issue. Tanks composed of carbon fiberreinforced plastic must be kept below 358 K all the time to comply with the safety
requirements, due to the low thermal conductivity of this type of material33. This is
very hard to guarantee in real-world automobiles. Moreover, this material is also
sensitive to fire and high temperature, which might cause an explosion in collision
accidents with impact on the tank.
1.3.2 Cryogenically stored liquid hydrogen
Another one of the most developed techniques, which is also already utilized
in some prototypical vehicles demonstrating the new technology, is liquefying
hydrogen. Since the boiling point of hydrogen at 1 bar is -252.8 °C, liquid hydrogen
is stored in cryogenic tanks at 21.2 K at ambient pressure in open system. Without
cryogenic temperature, a pressure of around 104 bar will be required for the
liquefaction at room temperature.
However, the large amount of energy needed to liquefy hydrogen makes this
technique less promising. In fact, approximately half of the energy produced by
hydrogen combustion is needed to condense hydrogen gas13. In addition, as a result
of heat leak, boil-off loss rate from liquid hydrogen storage is proportional to the
tank’s size. A double-walled vessel with a volume of 50 m3 has a typical boil-off loss
of 0.4% per day. These drawbacks make liquid hydrogen unsuitable for commercial
applications where cost is of important concerns, or where hydrogen is needed to be
stored for a longer period of time.

8

1.3.3 Conventional metal hydrides
The storage of hydrogen in a metallic solid involves the reaction of hydrogen
and transition metal or metal alloy (M) at elevated temperature to form a metal
hydride in the following way:
M + (x/2) H2 = MHx
The lattice structure of some metals does not change drastically during the
insertion of hydrogen into the interstitial sites. Hence these hydrides are called
interstitial hydrides, as shown in Figure 1.2 a. The crystal structure of some other
metal hydrides can be quite different from that of the pure metal before reaction,
and therefore are referred to as structure hydrides. Both types are commonly
addressed as conventional metal hydrides. Conventional metal hydrides generally
have extremely high volumetric density of stored hydrogen atoms. However,
gravimetric uptake and reaction enthalpy are two problems for the utilization of this
group of materials for productive hydrogen storage.

9

Figure1.2 - Schematics for common chemical hydrogen storage methods. (a)
Conventional hydrides (LaNi5Hx). The hydrogen atoms are dispersed in the
lattice of the metal or alloy. (b) Complex hydrides (LiAlH4). The hydrogen
atoms bond covalently to the central atom to form complex anions, which are
the ligands to metal cations. (c) Chemical hydrides (NH3BH2). Hydrogen atoms
are covalently bond to other atoms in the molecule1.
Many conventional hydrides with moderate binding energies, such as
LaNi5Hx, present high volumetric update and good kinetics, but low gravimetric
uptake due to the heavy weight of the transition or late rare earth metals34, 35. In
contrast, some metal hydrides, such as alane (aluminum hydride), contain a high
gravimetric hydrogen density (10 wt%). But the binding energies are either too
large to retrieve the hydrogen easily or too weak to insert hydrogen satisfactorily at
ambient conditions. In the case of alane, the low enthalpy of its hydrogen adsorption
process makes the recharge process impossible under ambient conditions. At the
same time, the high enthalpy of hydrogen absorption of some other conventional
metal hydrides makes the hydrogen desorption for its combustion very difficult.
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1.3.4 Complex hydrides
Complex hydrides are generally prepared from the reaction between
hydrogen and light metals, such as lithium, magnesium, aluminum, sodium, or
calcium. These compounds attract a lot of research due to their lightweight
advantage as well as the large number of hydrogen atoms contained in the host
lattice. They are different from the conventional metal hydrides in terms of the
types of bond formed. In this class of chemical hydrides, hydrogen atoms are
covalently bonded to central atoms and hence the underlying mechanism is
chemisorptive hydrogen storage, as shown in Figure 1.2 b. There are two main
groups of complex hydrides: boron-containing hydrides and aluminum-containing
hydrides, which are normally bound to lithium, sodium, magnesium, or calcium.
Among them, the tetrahydroborates M(BH4) and the tetrahydroaluminates M(AlH4)
are stable at ambient conditions and only decompose at higher temperatures.
Due to their high hydrogen content as well as their small weight, complex
hydrides have high gravimetric as well as volumetric hydrogen storage capacity in
general. The highest volumetric uptake of hydrogen reported for this class of
materials is 150 kg/m3 in Al(BH4) and Mg2FeH6 according to the best knowledge of
the author. While the highest gravimetric hydrogen storage is found in LiBH4 (18.5
wt%), which also has a high volumetric capacity of 120 g/L.
However, the difficulty in irreversibility is the most restricting hurdle for the
utilization of complex hydrides. Unfavorable reaction thermodynamics and slow
kinetics prevent them from being a good candidate for hydrogen storage in their
11

current form. For example, complex hydrides NaAlH4 exhibit high gravimetric
uptake, but the poor hydrogen release kinetics prevents its prevalent application for
real-world automobiles. More importantly, their regeneration from hydrogen source
is currently even more difficult and suffers from more sever kinetic problems. This
could pose serious problems for them to be used as efficient storage materials that
need to be depleted and recharged efficiently over many cycles in real world
applications.
1.3.5 Chemical hydrides
Chemical hydrides are typically composed of hydrogen and lighter elements
than those in metal and complex hydrides. It has much higher gravimetric uptake
than metal hydrides, while it can also achieve high volumetric hydrogen density at
the same time.
Moreover, the capability of chemical hydrides to easily operate within a near
ambient environment makes this class of materials very appealing. They can be in
solid or liquid form. Under heating or the mixture with catalyst or water, they could
produce hydrogen and byproduct materials.

For example, ammonia borane

(NH3BH3), which is plotted in Figure 1.2 c could generate large quantities of
hydrogen upon being heated30.
However, their inability to be regenerated onboard prevents them from
being a viable recyclable hydrogen storage format. For a reversible system under
practical conditions, a slightly endothermic dehydrogenation process is necessary.

12

However, many hydrogen-retrieval reactions of chemical hydrides are highly
exothermic and the product is very stable. In order to convert these stable products
back into hydrogen-containing materials, the products need to be removed from the
vehicle and reduced in stringent factory conditions. This reconstitution process
often involves breaking some very strong chemical bonds, such as the B-O bond in
the case of NaBO2, which requires a large amount of energy. The requirement of
energy-intensive off-board regeneration process makes chemical hydrides less
practical and promising.
1.3.6 Sorbent
Sorbent materials takes hydrogen gas by physisorption from the weak van
der Waals interaction between the hydrogen molecules and the host material. In this
process, molecular hydrogen is adsorbed onto the surface of lightweight materials
with high surface area physically, without the chemical bond in the hydrogen
molecule broken, as shown schematically in Figure 1.4. The interaction between gas
molecule (in this case hydrogen molecule) and the adsorbent is composed of an
attractive term and a repulsive term. In general, the attractive dispersion term
decreases with the distance between gas molecules and absorbent atoms by a
power of negative six, while the repulsive terms decreases by a power of negative
twelve. The total interaction energy, which is almost always attractive in the
minimum-energy basin at a distance of approximately one molecular size distance
between adsorbent and gas molecule, is normally in the range of 0.01-0.1 eV (1-10
kJ/mol). Due to this weak interaction, physisorption usually cannot store a large
13

quantity of hydrogen. From the proportionality of the amount of adsorbed hydrogen
to the surface area of sorbents, materials with large specific surface area but a small
weight density are generally used to compensate the weak interaction energy. The
fast hydrogen adsorption and desorption kinetics offered by this class of materials is
very attractive for the engineering of both the devices consuming energy and
devices for their regeneration.

Figure 1.3 - The sorbent materials. (a) A typical MOF structure (MOF-5). The
large void is able to accommodate hydrogen molecules. (b) A packing of
carbon nanotubes which has high hydrogen uptake performance. It can be
seen that sorbent materials are generally porous and has high specific surface
area36, 37.
Among the sorbent materials, there are two classes or groups that has
attracted a lot of special interest: carbon-based materials and metal-organic
frameworks (MOF), whose representative structures are draw in Figure 1.3. Carbonbased materials are promising candidate as the substrates for physisorption.
Various organic precursors can be used to synthesize carbon-based materials in
many different forms. Activated carbon, carbon nanostructures doped with Li7, 18, 19,
14

and hybrid carbon-based structures by intercalation, pillaring or importing
composite heteroatoms18, 20, 21 are all promising candidates.
Among them, owing to their ultrahigh surface area/weight ratio and
structural stability, carbon nanotubes are very promising hydrogen adsorbent6.
However, in spite of extensive experimental and theoretical research devoted to
CNTs, its exact gravimetric and volumetric hydrogen storage capability has still
remained controversial due to the difficulty in reproducing some key experiments.
But generally, it is believed that under ambient conditions, pristine CNTs are not
able to adsorb hydrogen satisfactorily due to its relatively weak interaction with the
hydrogen molecules12,

13.

The adsorption energy of hydrogen on CNT by

physisorption, which originates from the interfacial van der Waals forces, falls in the
range of 0.3 - 0.9 kcal/mol. This is far from being sufficient for providing decent
hydrogen storage. While chemisorption in the form of covalent C-H bond has a much
higher adsorption energy between 46.1 and 105 kcal/mol, it is unable to take place
in normal conditions due to a presence of a very high activation energy barrier for
the chemical adsorption reaction, which involves breaking the bond in the hydrogen
molecule14, 15, 16, 17. Hence, significant research has so far been devoted to modifying
the carbon nanostructures to achieve stronger interaction with the hydrogen
molecule. Examples include carbon nanostructures doped with Li7, 18, 19 and hybrid
carbon-based structures with intercalated, pillared, or imported composite
heteroatoms18,

20, 21.

Among these, Dimitrakakis et al designed a novel pillared

graphene nanostructure, where a 3-dimensional (3D) network nanostructure is
composed from fusing CNTs into graphene sheets and is then doped with neutral
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lithium atoms. In light of the excellent merits of these hybrid 3D structures, several
other 3D carbon nanostructures have also been proposed20, 24.

Figure 1.4 - Comparison of hydrogen storage techniques by strong chemical
interaction (Conventional/complex/chemical hydrides) and weak physical
interaction (sorbent materials). (a) A conventional hydride. Since chemical
bond is formed, the desorption process might not be easy34. (b) A sorbent
material. The hydrogen molecules are only weakly bounded, the kinetics of
both the adsorption and desorption processes are generally very
satisfactory38.
MOFs are crystalline solids composed of a periodic array of metal ions or
clusters, which are connected by organic molecular bridges. Gas molecules can be
filled into the large voids between the atoms, whose ideal size is approximately the
size of the hydrogen’s van der Walls diameter in order to maximize the interaction.
With surface areas as large as 3000 m2/g, MOFs could be a viable technique for
storage of hydrogen by physisorption and hence has been subjected to intensive
study. Furthermore, the wide selection of their various building blocks also makes
the tuning and optimization of their nanostructures feasible, which could be used to
achieve better gravimetric and volumetric uptake.
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Despite the advantages that sorbent materials have, the weak interaction
between the host materials and hydrogen molecules is the key bottleneck. A lot of
research has been devoted to improve the strength of hydrogen adsorption. In this
thesis, a family of low density boron nitride nanoarchitectures are going to be
demonstrated, for which the tuning of structural parameters could tremendously
amplify the performance of sorbent materials, putting them (almost) on equal
footing with complex, chemical and conventional hydrides, while being devoid of
their deficiencies and still able to enjoy the advantages of sorbent materials. These
balanced properties for hydrogen storage capacity, kinetics, and thermodynamics,
which come from a merger of energetic affinity and synergistic pore structure
effects when the 1D and 2D boron nitride building blocks are engineered together
into a 3D nanostructure, are the most significant result of this thesis. Broadly, the
proposed building block approach, along with our novel concepts and strategies for
systematic searching of optimal structural parameters to maximize adsorption,
could provide a new strategy for theoretic design of efficient and high performance
sorbent materials for the storage of other gases as well.

1.4 Outline of thesis
In this thesis, first the current status of hydrogen storage materials is
reviewed. Then the hydrogen storage capacity of a series of PBN nanostructures is
explored using a multiscale theoretical approach. To begin with, the hydrogen
adsorption on representative clusters models of BNNS, BNNT and their junctions
are studied by high-accuracy ab initio methods to assess their microscopic
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interaction with the building blocks of PBN. Next, Morse potential are fitted to the ab
initio energetic data from potential energy surface scans around the most
energetically favorable orientation of hydrogen molecule to approach the
structures. Finally, based on these specially-trained Morse potentials, an extensive
3848 grand-canonical Monte Carlo (GCMC) simulations are performed to evaluate
the optimum PBN macroscopic storage capacity as a function of structural
parameters of the pillared boron nitride structures, hydrogen partial pressure,
ambient temperature, and doping by lithium atoms. In this multiscale approach, the
results from the ab initio study can be magnified and verified in the statistical
mechanical simulation, hence large-scale thermal fluctuation of the system can be
put into account. Also in the multiscale simulation used in this study, ab initio
energetic data based on the quantum mechanical electronic structure computation
is used for the training of classical mechanical force-field on the atomic scale. So
they could offer high fidelity towards the actual interaction between hydrogen and
the material. In this way, this multiscale approach would offer an excellent balance
between the accuracy in the interaction between the gas molecules and the host
material and the sufficiency in the consideration of statistical mechanical
fluctuations, and has been extensively used for modeling the gas uptake properties
of materials39, 40.
After the hydrogen uptake properties of PBN have been extensively studied
by this multiscale methodology, a detailed and systematic study of the numerical
stability and accuracy of the force-field training methodology is attempted. And
some possible improvements to this crucial step of this multiscale simulation is
18

proposed and benchmarked. This could make this style of multiscale simulation to
be more reliable and accurate for the theoretical simulation of gas uptake by weak
physical interactions.
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Chapter 2

Computational Methods and Model
Systems

This chapter is centered about the computational methodology used for the
simulations and the structure of the adsorbate models on which the simulations in
this thesis focuses. First the computation methodology and parameters are
discussed. In our multi-scale approach, ab initio quantum mechanical computation
is integrated with statistical mechanical grand canonical Monte Carlo simulation, via
a set of specifically trained Morse parameters. This methodology could give accurate
results on the hydrogen storage properties of sorbent materials. Then a series of 3-D
pillared boron nitride nanostructures will be introduced in this chapter. Special
emphasis is given to a set of structural parameters describing how the building
blocks can be fused together, since it will be proven later that their tuning could
bring significant boost in the hydrogen storage capability.
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2.1 Ab initio computation of interaction between hydrogen and
cluster models of the substrate material
In order for the simulation to have high fidelity towards the actual weak
interaction between the hydrogen molecule and the host PBN material, the study is
started with full ab initio computation of the van der Waals complex of a hydrogen
molecule and cluster models of the building blocks of the 3D PBN nanostructure.
By ab initio computation, it is meant that the quantum mechanical behavior
of the electrons in the system is computed from the beginning (ab initio in Latin)
based only on the Schrödinger equation, which is the basic law of motion in nonrelativistic quantum mechanics, and some very basic physical constant, like the
Planck constant, Coulomb constant, and the net charge of electrons and protons. For
molecular systems in vacuum, the Hamiltonian in the Schrödinger equation contains
just the kinetic energy term of the electrons, the attraction term between the
electrons and the nucleus, and the electron-electron repulsion term. By solving the
ground state energy of the time-independent Schrödinger equation with this simple
molecular Hamiltonian and adding the classical static nucleus-nucleus repulsion
energy, we can get the total energy of the system. However, two major obstacles
prevents us from getting the ground state energy and wave function easily.
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First, the single-particle state space of an electron is an infinite dimension
Hilbert space, the �! space. Some truncation scheme needs to be applied so that its
elements can be described by a finite number of floating-point numbers in modern
computers. In this work, a triple-� Dunning-style correlation-consistent cc-pVTZ
basis set is used to expand the single-particle wave function in. This is a very large
and expensive basis set. But it gives results that is accurate enough for the purpose
of studying the adsorption properties.
The other obstacle of ab initio computation is the factorial scaling of the
dimensionality of the Hilbert space for the many-particle wave functions with
respect to the system size. For a system with M electrons whose single-particle wave
function is expanded onto an N dimensional Hilbert space, the dimensionality of the
many-particle state space is

�
, where the parenthesis denotes the binomial
�

coefficient. This “curse of dimensionality” essentially prevents us from computing
the exact many-particle wave function (The full CI method) for any system of
practical interest, even when the single-particle wave function is expanded on a very
coarse basis set. As a result, most of the effort of research in ab initio simulation
methodology concentrates on mean-field methods, like the Hartree-Fock theory and
the tremendously successful density functional theory (DFT). In all the theories of
mean-field approach, the particles are assumed to move independent of each other.
In this way, rather than the full many-particle wave function in a Hilbert space of an
exponentially-scaling size, we only need M single-particle wave functions, each
described as N floating-point numbers. This reduction to quadratic scaling in
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memory makes the problem a lot more tractable, while being able to retain very
good accuracy for strong interactions like chemical bonding. So mean-field methods
has been enormously successfully and has been applied to a wide range of problems
in chemistry, condensed matter physics, material science, theoretical biology, and
many engineering fields. In spite of their success, it needs to be noted that a large
part of the dispersive interaction between the hydrogen molecules and the clusters
stems from the instantaneous dipole-dipole interactions between the two
molecules. So the neglecting of the electron correlation effect in mean-field theories
like Hartree-Fock or DFT could give systematic underestimation of the interaction
energy. Because of this, we choose to use the second order Møller–Plesset
perturbation theory (MP2) to add perturbative correction to the electron
correlation effect base on the Hartree-Fock reference.
Combined with the accurate cc-pVTZ basis set, this MP2/cc-pVTZ model
chemistry, as implemented in the Gaussian 09 package41, is able to given very
reliable account of the weak van der Waals interaction between the H2 molecules
and the undoped host BN nanostructures clusters. To get the interaction energy, the
ab initio ground state energy of the van der Waals complex of the two parts are
subtracted from the sum of the ab initio ground state energy of the two individual
parts in vacuum. Based on this difference, normally the counterpoise correction to
the basis-set superposition error (BSSE) is applied to the van der Waals complex to
account for the fact that more complete basis set is used for the complex than the
individual parts. However, for our problem of weak interaction, due to the nature of
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this non-bonding physical interaction, the electrons of the two individual moieties
are essentially able to occupy all the bonding orbitals on each moiety. So the
counterpoise correction is not applied here because the Pauli Exclusion Principle
excludes the electrons on one moiety from using the occupied orbitals in another.
This is consistent with a previous report that suggests against applying
counterpoise correction for treating van der Waals complex with a large basis set or
at short range, to maintain good balance between the basis-set superposition error
(BSSE) and the basis-set convergence error (BSCE)42.
With this high-level of theory, the optimal orientation of the hydrogen
molecule on the building blocks of the PBN nanostructure is first determined. Then
potential energy surface scan is performed around these stable geometries to be
used as the input for the training of empirical force-fields specifically tailored for the
current problem.

2.2 Force-field training methodology
In spite of the high accuracy of the high-level ab initio methods employed for
this problem, it cannot be used solely for the assessment of the hydrogen storage
properties of the pillared boron nitride materials. This is because different from the
case of chemisorption, where the adsorbate keeps the vast majority of their time
vibrating in the stable adsorption geometries, here for the weak physical
interaction, significant fluctuation in the adsorption geometry happens. So the
geometry and interaction energy of only the most stable adsorption structure
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cannot fully characterize the adsorption property of the macroscopic material.
Statistical mechanical simulation methods like molecular dynamics simulation or
Monte Carlo sampling have to be utilized. And since the concentration of the
current thesis is on the gas uptake amount at given temperature and pressure
conditions, the grand canonical ensemble Monte Carlo (GCMC) simulation is most
suitable for this problem. However, due to the large number of configuration that
needs to be sampled in the GCMC simulation, direct utilization of ab initio energy is
not possible based on the current state-of-art computing facilities. As a result, here
in this study, based on the high accuracy potential energy surface data from the ab
initio computation, we fit the �! , �, and �! parameters of several sets of empirical
Morse potentials, which gives the interaction energy between pairs of atoms as in
Equation 2.1.
�(�) = �! (1 − � !!(!!!! ) )!

Equation 2.1

These sets of Morse potentials, which describes the interactions between the
hydrogen atoms in the hydrogen molecules with various kinds of boron and
nitrogen atoms in the host material, are fitted to best reproduce the ab initio energy.
By best reproducing the ab initio energy, it is meant that for all the atomic
configurations computed by the ab initio method, the root mean square of the
energy discrepancy �(�), which is defined in Equation 2.2, is minimized.
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�(�) =

!
!

!
!!!

ℰ ! (�! , �) − ℰ ! (�! )

!

Equation 2.2

In Equation 2.2, �! is summed over all the � configurations sampled in the potential
energy surface scans and ℰ ! (�! , �) denotes the energy modeled by the Morse
potential of the configuration � based on the Morse parameter vector �, which is
comprised of the all sets of �! , α, and �! for the interaction of hydrogen atom with
the all types of boron and nitrogen substrate atoms. For this non-linear optimization
problem, in-house Python code, which uses the Scipy package for non-linear fitting,
is used, starting from initial guess from the common values of the Morse parameters
for van der Waals interactions.

2.3 Grand canonical Monte Carlo simulation
By the ergodic hypothesis of classical statistical mechanics, when a system is
at thermal equilibrium in a constant temperature and in contact with a reservoir of
molecules at fixed chemical potential, all possible states of the system could occur,
and the macroscopically measured time-expectation value of observable physical
quantities all equal the expectation value of the quantity in an ensemble of
configurations where all possible states of the system are present and has a weight
proportional to �

!"!!

!"

, where � is the chemical potential and T is the

temperature, N and E denotes the particle number and energy of the configuration
respectively. Such an ensemble with this weight for its elements is called the grand
canonical ensemble.
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Since the prime physical quantity that we are interested in for this thesis is
the gas uptake amount, for a model of the PBN material, if we could enumerate all
possible states of it and compute the expectation value of the amount of the
hydrogen gas in the configurations according to the weight for grand canonical
ensemble, we would have the exact expectation value for the hydrogen uptake
amount. However, analogous to the infinite dimensionality of the one-particle
quantum mechanical state space of electrons, here the classical phase space of the
configurations of the system is also of infinite size. And the interaction between the
molecules excludes the exact symbolic integration as a feasible possibility. So use
the Metropolis-Hastings algorithm to sample this space of infinite size to get
approximate values for the expectation value of the physical quantities that we are
interested in. In this algorithm, we start with an arbitrary configuration, and make
random trial moves with specially tailored transition probability such that the
probably of a configuration in a chain of configurations generated in this way is
proportional to their actual weights in the grand canonical ensemble. In this way, we
can generate such a chain of configurations randomly according to the algorithm
and use the expectation value within this chain as the approximation to the
expectation value in the ensemble. When enough number of configurations is
sampled in this chain, very accurate results can be expected. Since it is a random
algorithm using random numbers, also since we are sampling the grand canonical
ensemble here, this technique is called the grand canonical Monte Carlo (GCMC)
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simulation and has been widely applied in the theoretical simulation of gas uptake
properties of materials.
For each configuration in the chain, we need its number of gas molecules and
energy in order to evaluate its weight. The molecule number can be obtained by a
straightforward counting process. The energy is computed with the special Morse
potentials specifically trained from the high-accuracy ab initio potential energies. In
this way, by using the Gulp code43, 44, 45, 46, we can perform GCMC simulation to get
the macroscopic adsorption properties of the host nanostructures at various
temperature and pressure conditions. Generally, 10 million GCMC steps are used to
reach equilibrium and another 10 million steps for sampling. All GCMC simulations
are performed on structures with periodic boundary conditions, where the longrange interactions with periodic images were summed using the Ewald summation
technique47. Four types of equally probable Monte Carlo trial moves are allowed for
hydrogen molecules, including insertion, translation, rotation and deletion. During
the simulation, all the atoms in the solid-state boron nitride framework were kept in
their fixed positions. The cutoff of the Morse potential is set to 10.0 Å. And the
chemical potential for any given temperature and pressure are calculated by the
Peng-Robinson equation of state48.
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2.4 3D pillared boron nitride (PBN) nanostructures studied in
this thesis
The 3D pillared boron nitride (PBN) nanostructures studied in this thesis are
identical to those used in the study of their mechanical and thermal transport
properties by our group29. These structures are composed of stacks of monolayer
boron nitride nanosheets (BNNSs) that are covalently joined through uniformly
spaced single wall boron nitride nanotubes (BNNTs), as shown in Figure 2.1. In
order to make the BNNTs able to fuse into the BNNSs, we first introduced onto the
BNNS a defect capable of matching all the dangling bonds of the terminal of BNNT.
Then this structure is optimized by first-principles density function theory to get the
junction between the BNNSs and BNNTs. Note that different from the corresponding
junction between the carbon nanotube and graphene sheets, here instead of sevenmembered rings, eight-membered rings exist on it forming three hollows. This is
caused by the high energy associated with adjacent boron or nitrogen atoms. So we
need this different topology to keep all nitrogen and boron atoms bonding only to
atoms of the other kind.

2.5 Structural parameters of 3D pillared boron nitride (PBN)
nanostructures
With the optimized structure of the junction between the nanotube pillars
and the nanosheets, 3D nanostructures can be built from these building blocks, as
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shown in Figure 2.1a. Note that these structures can be tuned by adjusting the
distance between the pillars (PD) and their length (PL). In this study, we considered
two values for PD, and two different values for PL, hence four PBN prototypes,
namely PBN I to PBN IV. The key structural parameters of these four prototypes are
tabulated in Table 2.1, along with their surface areas per mass and volume. Note
that all these structures with different structural parameters are built from the same
building blocks. Just the number of sheet building blocks between junctions causes
different PD, and the number of tube building blocks between junctions gives
different PL. The types of chemical bonding present on these structures are exactly
the same. Also it is worth mentioning that besides the octagon hollows on the
junction part, in PBN I to IV, adjacent boron and nitrogen atoms are composed solely
of hexagonal rings29.

PBN
PBN I
PBN
II
PBN
III
PBN
IV

Unitcell
size(nm)

Atoms PL(nm) PD(nm)
Lx

Ly

Lz

SA:M
(�� /�)

1088

1.10

1.65

3.40

3.46

2.54 2467.05

2112

1.10

2.61

5.17

4.99

2.69 2274.37

1760

2.64

1.65

3.40

3.46

6.09 2547.31

2784

2.64

2.61

5.17

4.99

6.28 2378.90

SA:V
(�� /
�� )
1.85×
10!
1.43×
10!
1.29×
10!
8.74×
10!

Table 2.1 - The structural parameters of importance for the four PBN
structures primarily studied in this work.
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Figure 2.1 - The key geometric structures in this study. (a) The four PBN
structure with different PL and PD explicitly studied in this research. (b)
Schematic for the extended PBN structure in a snapshot of a GCMC step at 77 K
and 3 bar.

2.6 Chapter Summary
The focus of this chapter is to introduce the simulation methodology applied in our
multi-scale study of the hydrogen storage properties of the 3D nanomaterials by
physisorption. Basic theory, concepts and computation parameters used are
discussed.
At first, high accuracy ab initio computation is used to describe the weak van der
Waals interaction between the hydrogen molecules and BN nanostructures clusters
accurately. Based on the accurate ab initio potential energy surface, Morse potential
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parameters were fitted against these data. Then by using the fitted Morse potential
parameters, grand canonical Monte Carlo (GCMC) simulation is performed to get the
macroscopic adsorption properties at various temperature and pressure.
After the introduction of methodology, four pillared BN structures used in this study
are introduced in this chapter. Their key structural parameters are described. By
adjusting the distance between pillars and pillar length, we could change the portion
of BN nanotubes and BN nanosheets and hence compare their contribution towards
hydrogen adsorption, which will be discussed in Chapter 4. But in next chapter, we
are going to use ab initio simulation to study the interaction of hydrogen molecules
with BNNS, BNNT and junction building blocks at the microscopic level.
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Chapter 3

Ab initio Calculations of the Hydrogen
Adsorption

In this chapter, the ab initio study of the microscopic interaction between the
hydrogen molecule and the building blocks of the nanostructure is presented. First,
suitable cluster models are constructed from all the building blocks of the 3-D BN
nanostructures, based on a detailed study of the size effect. Then with these cluster
models, the most energetically favorable adsorption positions for the hydrogen
molecule to approach the selected clusters are computed.

3.1 Size-effect study on the cluster models.
In order to utilize high accuracy correlated quantum chemical methods to
investigate the weak van der Waals interaction between the PBN host material and
the hydrogen molecule, cluster molecular models of finite and manageable sizes are

33

needed. For this purpose, pyrene-like models, consisting of four aromatic rings of
boron and nitrogen, are ripped off from the 3D nanostructure as models of the
building blocks. The selection of this size for the model clusters is obtained based
on a careful size effect study of the change of the simulated interaction energy with
respect to the size of the model cluster. Specifically, before this model is decided, a
single-ring benzene-like model, a double-ring naphthalene-like model, and a quadring pyrene-like model (Figure 3.1) are all investigated for their interaction with the
hydrogen molecule. And it is found that the pyrene-like four ring models are
necessary to get converged results (Table 3.1). The single-ring benzene-like model
(borazine) was not even sufficient to get the correct adsorption geometry: Although
the top position on the nitrogen atom should be the most stable geometry, a local
minimum with this orientation is never found on this small molecule, probably
because the environment around the nitrogen atom in the single-ring borazine
molecule is so distorted from the geometry in a real sheet. The strong asymmetry
around the nitrogen will pull the hydrogen molecule inside towards the hollow
position. Similarly, in the case of the double-ring naphthalene-like model, there is a
significant change in the interaction on the hollow position. Finally, when going
from double-ring to quad-ring, the change in interaction energy becomes sufficiently
small, pointing out that the quad-ring model is able to emulate the actual
interactions between the host material and the hydrogen molecule with sufficient
accuracy.
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Figure 3.1 - Geometry of the investigated cluster models for the sheet part. (a)
a single-ring benzene-like model (borazine), (b) a double-ring naphthalenelike model, and (c) a quad-ring pyrene-like model.
Mode

Single-ring

Top-N
Top-B
Bridge
Hollow

----0.0271

Double-ring
-0.0331
--0.0303
-0.0301

Quad-ring
-0.0395
-0.0329
-0.0360
-0.0323

Table 3.1 - Size-effect study of the various (sheet-like) cluster models. The
values in the table refer to the interaction energies of H2 with the clusters in
eV. Empty entries come from geometry optimization leading to one of the
other more stable orientations.

3.2 Ab initio study of the hydrogen adsorption and potential
energy surface scan
After the determination of the proper size of the model molecule for the
sheet part of the nanostructure, in the same vein, similar clusters of pyrene-like
structure were ripped separately from the tube and the junction to serve as models
for them to be used in the ab initio simulation of the interaction with hydrogen. Due
to the presence of both octagonal and hexagonal rings in the junctions, we
considered two representative clusters for the junctions: the leg part, which
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comprises only hexagons, and the octagon hollow part, which consists of one single
octagonal ring formed by eight BN rings (Figure 3.2). These clusters, which were
saturated by hydrogen atoms at their boundaries, were used as models for the ab
initio study of their corresponding regions in the PBN.

Figure 3.2 - The cluster models for the sheet, tube, junction parts of the
undoped PBN structures from top to bottom. (a) pyrene-like BN sheet, (b)
pyrene-like curved BN sheet, (c) junction. The yellow and blue colors show the
division of the junction part atoms into octagon and leg.
Next, we optimized the geometry of the model clusters (except the junction
hollow part, which is quite large and not amenable to full geometric optimization)
under the constraint of fixed dihedral angles among the substrate atoms to fix the
curvature. Then, the adsorption geometry of the hydrogen molecule is studied on
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the top of N atom, B atom, the bridge position between the N and B atoms as well as
hollow position in the center of a hexagonal ring, as shown in Figure 3.3. The
hydrogen molecule is always set to be perpendicular to the surface, which is
energetically more favorable49. The structures of the van der Waals complexes are
also fully optimized under the fixed-curvature constraint. The adsorption energy is
calculated as the difference in energy between the complex and the sum of the
individually optimized energies of the substrate and H2.
Table 3.2 shows the adsorption energy of H2 in various positions around the
BN cluster molecules ripped from the PBN nanostructure. On both tubes and sheets,
H2 is most stable on the top position of the N atoms, while the bridge position offers
a more favorable site for the junction leg. This specialty of the junction part can be
explained to be mainly due to the high curvatures and strain in the atoms of the
junction part. In view of Table 3.2, H2 interacts most strongly with the leg part of the
junction, followed by the sheet, and then the nanotube. The BN sheet can be
considered as a nanotube with an infinite radius. So this trend is consistent with the
previous density theory functional (DFT) study that indicates lower curvature yield
higher adsorption energy for non-polar molecules17. Their study uses a level of
theory less accurate than what is employed here, but a larger more faithful cluster
model. So here in our study, more emphasis is put on the accuracy of the quantum
mechanical model of the electrons via more accurate MP2 theory.
Compared with the adsorption energy of the hydrogen molecule on carbon
analogs with the similar level of theory21, the interaction between the hydrogen
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molecule with the BN structures are consistently higher for all structures with data
available. For example, the BN nanosheets has 75% more attraction energy towards
hydrogen molecule than graphene sheets. And the interaction energy with BN
structures is also 73-79% higher than the carbon analogue for the nanotubes. This
indicates that BN is very promising to offer higher hydrogen uptake capability than
the carbon-based counterparts. For the junction octagons, we only performed
potential energy surface scan by putting H2 directly into the most symmetrical
position without actual full geometry optimization, due to the prohibitively large
size of the cluster. The purpose of this scan is primarily to train the Morse potential
for this system. The energetic data is not comparable to the energetic data with
actual full optimization for sheet and tube parts, hence omitted here.
After determining the most energetically favorable way of H2 to approach
various parts of the substrate (Table 3.2), we performed potential energy surface
scan by adjusting the distance between H2 and the substrate. The optimized
geometries of the most stable orientation are shown in Figure 4.1, and the other
suboptimal geometries on the sheet cluster are shown in Figure 3.3.
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Adsorption
Position of H2
top-N
hollow
bridge
top-B

Sheet

Tube

Junction leg

-0.9115
-0.7452
-0.8313
-0.7582

-0.7950
-0.7652
-0.5700
-0.5850

-0.4577
0.7685
-1.2385
-1.1126

Table 3.2- The adsorption energy of the hydrogen molecules in various
positions around the BN system. All the values are given in kcal/mol. The most
stable adsorption modes are marked in bold.

Figure 3.3 - Geometry of different adsorption orientations on the sheet cluster
model
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3.3 Chapter Summary
This chapter presented the procedures and results of the ab initio study of hydrogen
adsorption. By studying the size effect of clusters on the simulated adsorption
energy, quad-ring pyrene-like clusters are found to be necessary to get converged
interaction energy between hydrogen molecule and host clusters. After this, the
most stable adsorption position of H2 on pyrene-like clusters representing BNNS,
BNNT and junction are determined. According to the results, H2 interacts most
strongly with the leg part of the junction, followed by the sheet, and then the
nanotube. It also shows that the interactions between the hydrogen molecules with
the BN structures are consistently higher than that with carbon analogs.
Potential energy surface scan is then performed based on the most energetically
favorable way of H2 approaching the selected clusters. In next chapter, Morse
potential parameters will be fitted against these ab initio potential energy surface
data.
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Chapter 4

Grand Canonical Monte Carlo
Simulations

In this chapter, Morse potential parameters are fitted against the accurate ab initio
potential energy surface data. The techniques used for force-field fitting are
discussed in details and fitted parameters are listed. Although the static ab initio
computation of hydrogen adsorption on the cluster models reveals several
conclusions about the energetics of the weak van der Waals interactions of the
hydrogen molecule with the building blocks of PBN, the gas molecule would not be
solely vibrating in their equilibrium positions, as in the case of chemisorption. In
this chapter, using the fitted Morse potentials, extensive GCMC simulations are
performed to account for the wild thermal fluctuations to predict the macroscopic
hydrogen uptake.
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4.1 Force-field parameter fitting
4.1.1 Morse potential
As a recap, when we model the interaction of the atoms in a system by the
Morse potential, the total energy of the system is going to be the sum of the pairwise
interaction energies, which is dependent only on the atomic distance by the formula
shown in Equation 2.1, where the parameters �! , α, and �! controls the interaction
energy in the equilibrium position, curvature of the potential energy minima, and
equilibrium distance respectively. And they are dependent on the nature of the pair
of interacting atoms. Since in this thesis, we are only concentrating on the
interaction of the gas molecules with the PBN nanostructure, the pairwise
interactions among the boron and nitrogen atoms are all neglected. So we only need
to fit the parameters for the interaction of the hydrogen atom with the different
kinds of boron and nitrogen atoms in the substrate.
4.1.2 Categorization of substrate boron and nitrogen atoms
For the models of the sheet part and the tube part, we simply consider all the
B and N atoms in the pyrene-like clusters of these two parts to be two different
types of atoms. For the leg part, we labeled all the atoms as of leg boron and leg
nitrogen type, except the two that are on the octagonal ring of the junction hollow,
which are considered to be in a separate type of the boron and nitrogen atoms.
Other B and N atoms that are on the octagonal ring are assigned according to their
actual position as of sheet, tube, and leg types, as shown by the highlighted colors in
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Figure 3.2 c. So we have a total of four types for boron and nitrogen atoms, making
the total eight atomic types. So the number of Morse parameters to be fitted
becomes 24.
4.1.3 The fitting process and the result
The Morse parameters are fitted by minimizing the object function in
Equation 2.2. Here in this case, the parameter vector p is composed of the 24 Morse
parameters for the interaction of hydrogen atoms with the eight types of substrate
atoms. Since the atomic types are dispersed in multiple individual structures, all the
potential energy surface scan data were gathered together for fitting the Morse
parameters of the eight interaction types. So here the overall root mean squared
deviation of the modeled interaction energy and ab initio interaction energy of all
the configurations are minimized by simultaneously changing the 24 Morse
parameters. This non-linear fitting process can be tricky. We use the sophisticated
optimizers in the Scipy package and always start from educated initial guesses for
the parameters based on the common range of the parameters for this type of van
der Waals interaction. The resultant force-field parameters are given in Table 4.1.
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Models

Interaction
H-B

�� (kcal/mol)
0.09043

�
1.3466

��
1.53700

BNNS

H-N
H-Li
H-B
H-N
H-Li
H-B
H-N
H-B
H-N
H-Li

0.00085
0.09900
0.00409
0.00016
0.15000
0.00571
0.00289
0.00483
0.00030
0.14900

1.5604
1.76845
1.3617
1.8066
1.74858
1.3382
1.3134
1.7130
1.4650
1.72028

3.87730
2.02402
3.34480
3.99610
1.93111
3.31080
3.75170
3.23540
3.26720
1.95730

BNNT
Junction hollow (octagon)
Junction leg

Table 4.1 - Fitted Morse potential parameters.

Figure 4.1 - The PES scan for interaction of �� with the clusters models of the
undoped structures.
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Figure 4.1 shows the comparison of the hydrogen molecule--cluster model
interaction energy of from the fitted Morse potentials and from the ab initio
computation. Since these Morse potentials are fitted directly against our extensive
ab initio data, unlike the generic force fields, they are able to describe the intricate
microscopic interactions of the hydrogen gas with the substrate atoms with very
high fidelity.

4.2 Hydrogen uptake by the four PBN structures
Throughout this thesis, the volumetric and gravimetric uptake are all
reported as the absolute uptake, which is the ratio of the mass of all the hydrogen
gas in the system over the total mass of the system or the total volume of the system
respectively. In terms of hydrogen storage for energy, the absolute value bares
more significance, since it directly correlates with the energy stored by the
material. However, in experimental study of hydrogen storage properties of
materials, usually direct gravitational measurement of the material sample in an
ambient of hydrogen gas gives the excess hydrogen uptake, which subtracts the
mass of free hydrogen at the same condition without the sorbent. So the excess
value measures the excess amount of energy stored by the material relative to what
can be stored by unbound hydrogen gas at the same condition. Although the excess
hydrogen uptake values are much easier to measure experimentally, since the
absolute uptake is of more direct relevance to hydrogen energy storage, we chose to
measure all the hydrogen uptake values by the absolute amount. In Tables 4.2, 4.3,
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5.3 and 5.4, the absolute and excess uptake are compared gravitationally and
volumetrically. It can be seen that in this study, actually the numerical value of
absolute uptake and excess uptake only differs marginally, especially at room
temperature and atmospheric pressure, which is the concentration of this thesis.
Figure 4.2 show the absolute volumetric and gravimetric H2 uptake isotherm
by the four PBN nanostructures at 300 K and 77 K, which is the boiling point of
liquid nitrogen, given by extensive GCMC simulations. The calculated excess uptake
and absolute uptake on PBN I are summarized in Table 4.2. The excess uptake are
calculated by subtracting the amount of hydrogen that would be present in same
space in the absence of any sorbent materials from total amount of gas contained in
the space containing sorbent. Our result indicates that there is no significant
difference between these two uptake calculation conventions. Given the fact that
DOE use absolute hydrogen uptake in its target, we will give our results as absolute
hydrogen uptake unless otherwise stated. In view of this figure, several
observations deserve attention:
First, as expected, it turns out that the structural parameters (PD and PL)
have a profound impact on the hydrogen uptake capacity of PBN. For a constant PL,
increasing PD always increases the gravimetric H2 uptake. This can be understood
from the energetic data in Table 3.2. In view of the higher hydrogen affinity of
BNNTs with smaller curvature, the BN sheets have stronger interactions with H2
than the nanotubes in the structure. Thus, increasing PD will essentially increase the
proportion of B and N atoms in the sheet part, which are more favorable for
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adsorption. This microscopic explanation can also be verified by a typical snapshot
of the GCMC simulation in Figure 2.1b, where the higher concentration of H!
towards the sheet (vs nanotube) is apparent. Thus, in terms of gravimetric uptake,
PBN II outperforms PBN I, and PBN IV outperforms PBN III, for all the studied
pressures and temperatures.
Second, considering constant PD at 77 K, the role of PL on gravimetric uptake
depends on the pressure. For small partial pressure of the H2 below 30 bar, the PBN
II offers more uptake, whereas for larger pressure, the PBN IV offers superior
uptake and there is a crossing point. A similar observation is valid for PBN I versus
PBN III. These phenomena can be intuitively understood from structural features of
PBN. From PBN I to III, or PBN II to IV, increasing the PL increase the size of the pore
volume between the BN sheet slabs. At low pressures, when the amount of hydrogen
gas is not able to fill the volume between the slabs, increasing PL would solely add
more mass to the substrate without increasing the uptake capacity much. However,
at high pressures, when the pore volume is already too crowded with H2 molecules,
increasing the PL would enable the structure to accommodate more H2 molecules
within its attraction range. Simply put, at high pressures, the mass of the additional
H2 that can be accommodated by the increased volume exceeds the mass required to
build the larger pillar height. Note that a similar observation and crossing point are
expected for the 300 K temperature as well. However, in that case, the higher
temperature decreases the H2 uptake, hence moving the crossing point to larger
pressures beyond the maximum pressure shown on Figure 4.2.
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Figure 4.2 - The gravimetric and volumetric H2 uptake of the four PBN
structures, at room and cryongenic temperature, along with the comparison
with the previous results by Froudakis18.
Third, the volumetric uptake has a strong dependence on PL but a weak
dependence on PD. More precisely, for the four PBN structures that are explicitly
tested, lower PL means more concentration of BNNS without much change in the
effective total volume, hence higher H2 uptake capacity. However, in the case of
BNNT, lower PD (introduction of more tubes) has a slight influence on uptake
capacity, due to the lower capability of tubes (vs sheets) to attract H2. Thus, in terms
of the volumetric uptake, PBN I outperforms PBN III, and PBN II outperforms PBN
IV, for all the studied pressures and temperatures.
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Forth, there is no direct correlation between the gravimetric and volumetric
uptakes with the specific surface area per unit mass or per unit volume. This is due
to the large difference between the interaction energetics of the nanotube and sheet
surfaces inside the nanostructure, which makes the sum of their surface area unable
to correlate with the actual uptake performance. However, generally speaking, PBN
structures with more concentration of sheets (e.g., PBN II) exhibit higher
gravimetric and volumetric uptake capacities for majority of pressure ranges. This
will be discussed more in the form of an ideal infinitely separated sheet model in the
next section. For comparison, Figure 4.2 also shows the H2 uptake of pillared
graphene (obtained from very similar GCMC simulations)18, which exhibits inferior
performance with respect to PBN structures studied here. Furthermore, unlike the
metal-organic frameworks (MOF), the volumetric uptake of PBN can easily reach
and exceed the basic 2017 DOE requirement of 40 g/L for hydrogen storage media.
Thus the significant bottleneck problem for sorbent materials of low volumetric
uptake from the overly low density is not posing significant hindrance here for PBN
structures.
In order to give a clear picture of how geometry could impact the hydrogen
update performance, Figure 4.3 shows snapshots of GCMC simulations at the
equilibrium stage for the undoped structures, for which the VMD toolkit is used for
the visualization [10].
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Figure 4.3 - Snapshots of GCMC simulations at 77 K and 3 bar. Subsplots a, b, c,
and d refer to the undoped PBN I, II, III, and IV, respectively. The white
spheres denote H2.
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300K
Pressure
(Bar)

Gravimetric
(wt%)
absolute

1

0.5195

excess
0.5194

77K
Volumetric
(g/L)

Gravimetric
(wt%)

Volumetric
(g/L)

absolute

excess

absolute

excess

absolute

excess

4.3430

4.2622

6.7918

6.7914

51.3690

51.0530

2

0.8370

0.8368

6.7232

6.5617

7.0422

7.0414

53.2467

52.6123

3

1.0762

1.0759

8.5171

8.2748

7.2133

7.2120

54.5291

53.5740

4

1.2566

1.2561

9.8691

9.5462

7.3230

7.3213

55.3519

54.0740

5

1.4160

1.4155

11.0647

10.6612

7.5791

7.5769

57.2714

55.6683

6

1.5514

1.5508

12.0796

11.5955

7.6002

7.5977

57.4302

55.4998

7

1.6730

1.6723

12.9916

12.4270

7.6215

7.6184

57.5892

55.3293

8

1.7771

1.7762

13.7715

13.1264

7.6594

7.6560

57.8740

55.2826

9

1.8723

1.8713

14.4854

13.7599

7.8085

7.8046

58.9919

56.0667

10

1.9574

1.9564

15.1238

14.3179

7.9070

7.9027

59.7304

56.4695

15

2.3022

2.3006

17.7089

16.5019

8.0490

8.0423

60.7944

55.8258

20

2.5507

2.5486

19.5718

17.9651

8.2023

8.1933

61.9439

55.2240

25

2.7595

2.7569

21.1375

19.1323

8.3418

8.3304

62.9899

54.4824

30

2.9299

2.9267

22.4147

20.0123

8.4035

8.3897

63.4524

53.1299

35

3.0740

3.0703

23.4953

20.6972

8.4829

8.4666

64.0476

51.8921

40

3.2027

3.1985

24.4603

21.2679

8.5248

8.5061

64.3618

50.3651

45

3.3111

3.3063

25.2727

21.6875

8.6214

8.6002

65.0860

49.2499

50

3.4106

3.4053

26.0188

22.0423

8.6185

8.5949

65.0645

47.4003

55

3.5108

3.5049

26.7698

22.4034

8.6852

8.6592

65.5647

46.0924

60

3.5942

3.5879

27.3954

22.6408

8.8127

8.7844

66.5207

45.2679

65

3.6756

3.6688

28.0057

22.8643

8.8201

8.7894

66.5762

43.5771

70

3.7569

3.7495

28.6153

23.0888

8.8622

8.8292

66.8918

42.1860

75

3.8227

3.8148

29.1081

23.1982

8.9299

8.8947

67.3991

41.0298

80

3.8892

3.8808

29.6071

23.3153

8.9002

8.8628

67.1763

39.1898

85

3.9570

3.9481

30.1157

23.4437

8.8475

8.8081

66.7815

37.2259

90

4.0041

3.9947

30.4688

23.4183

8.9241

8.8826

67.3554

36.2797

95

4.0667

4.0568

30.9377

23.5105

8.9175

8.8740

67.3060

34.7594

100

4.1058

4.0954

31.2309

23.4285

9.0288

8.9834

68.1403

34.1718

Table 4.2: Absolute and excess H2 uptake at different conditions on PBN I.
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4.3 Optimal Slab distance
From the previous section, it appears that while PBN I to IV generally have
excellent volumetric uptake, whereas the gravimetric uptake can be a bottleneck.
Given that increasing the inter-pillar distance (PD) increases the gravimetric update
of the PBN, a model system with infinite PD, equivalent to stacks of nanosheets
separated by a given distance (i.e. slab distance), is constructed and studied. This
model is intended to guide us towards the limiting case when the PD is
systematically increased. From experimental standpoint, too large inter-pillar
distance may cause wide fluctuations of the sheets and mechanical instability of the
entire structure, resulting in deviation from our theoretical results. However, in real
synthesis, the inter-pillar distances can be kept to a bare minimum required by the
mechanical stability, thus can possibly exhibit the uptake capacity near the limiting
value predicted here.
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Figure 4.4 - The isothermal gravimetric and volumetric H2 uptake of stacked
BNNS system at different inter-sheet distances at 300 K and 77 K.
By setting the inter-pillar distance to infinity, there is only one free structural
parameter left, the slab distance, which can be still conceptually understood as the
pillar length (PL). Figure 4.4 a-d shows the isothermal absolute gravimetric and
volumetric H2 uptake of the equally spaced BNNS system for several slab distances
at 300 and 77 K. For any pressure and temperature, there exists an optimal slab
distance that results in the maximum volumetric uptake. However, in the case if
gravimetric distance, the optimum slab distances (which is not necessarily identical
to those in the volumetric uptake) only occur up to a certain pressure. More
precisely, beyond 15 bar at 300 K and 10 bar at 77 K, the gravimetric uptake versus
slab distance is either nearly saturated (at 300 K) or increases monotonously (at 77
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K). Furthermore, in light of these 3D images and insights on the effect of PBN
structure parameters on hydrogen uptake discussed earlier, we find that, in general,
the higher the temperature or the lower the pressure, the smaller the optimal slab
distance will be, since less pore space is needed to accommodate the hosted H2
molecules. As intuitively expected, cryogenic temperature increases both the
gravimetric and volumetric uptake capacities.

Figure 4.5 - The gravimetric and volumetric uptake of monospaced undoped
BN sheets. Gravimetric uptake are plotted with red lines marked with red
circles, while the volumetric uptake are plotted with green lines marked with
green triangles.
Figure 4.5 shows a 2D cross-section of Figure 4.4 a-b at the important
ambient condition of 300 K temperature and 1 bar pressure. The optimal distances
for both the gravimetric and volumetric uptakes are clearly visible with a sharply
improved uptake capacity, compared to other slab distances. Interestingly, the
optimal slab distances are almost identical for the gravimetric and volumetric
uptakes. Thus, by just playing with the slab distance (PL), the model structure is
nearly able attain an impressive gravimetric uptake of 3.89 wt% at the slab distance
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of 5.4 Å and a volumetric uptake of 57.14 g/L at the slab distance of 5.0 Å.
Alternatively, at a trade-off slab distance of 5.2 Å, the gravimetric and volumetric
uptake can be 3.83 wt % and 55.21 g/L. Note that changing the infinite PD in these
models to more realistic finite PD in PBN structures would slightly decrease the
gravimetric uptake due to the lower H2 adsorption capabilities of the nanotube. But
large decrease is not expected. So the 3D images of Figure 4.4 a-d and the cross
section in Figure 4.5 clearly show the great power of this family of pillared BN
nanostructures, which can be intuitively visualized as follows. Generally speaking,
although the hexagonal BN flakes are able to bind the hydrogen molecules strongly,
their natural distance of 3.33 Å in their bulk phase is way too small to accommodate
large amount of hydrogen gas between the layers. However, putting pillars with
optimal height between the sheets could open the space up, and thus enable far
greater hydrogen uptake than that of their bulk phase. This cooperative action of the
sheets and the nanotubes yield an impressive H2 uptake in PBN, which is
unattainable by either the nanotube structure or the sheets alone. From the large
uptake capacities in Figure 4.4 a-d, we find that by only optimizing the structural
parameters, one can nearly reach or even exceed the 2017 DoE targets for
gravimetric uptake of 5.5 % and volumetric uptake of 40 g/L. Thus, further
structural decorations such as doping will be likely to be capable of fulfilling the
ultimate DOE targets in both aspects, since the basic uptake of the undecorated
material already is almost satisfactory.
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Gravimetric (wt%)

Volumetric (g/L)

Slab distance
(Å)

absolute

excess

absolute

excess

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

0.0000
0.0000
0.0000
0.0402
3.8131
3.5191
2.4395
1.7586
1.5034
1.2973
1.2572
1.2435
1.2804
1.2809
1.2756
1.2362
1.2266
1.2650
1.2739
1.2447
1.2503
1.2776
1.2343
1.2343
1.2759
1.2678
1.2643
1.2549
1.2557
1.2318

0.0000
0.0000
0.0000
0.0402
3.8131
3.5190
2.4394
1.7585
1.5033
1.2972
1.2570
1.2434
1.2803
1.2808
1.2755
1.2361
1.2264
1.2648
1.2737
1.2444
1.2500
1.2773
1.2341
1.2341
1.2756
1.2676
1.2640
1.2546
1.2554
1.2315

0.0000
0.0000
0.0000
0.7533
57.1482
43.9509
26.1154
16.4725
12.5172
9.7213
8.5642
7.7655
7.3806
6.8562
6.3726
5.7899
5.4069
5.2664
5.0243
4.6635
4.4614
4.3516
4.0216
3.8540
3.8245
3.6541
3.5090
3.3584
3.2448
3.0770

-0.0808
-0.0808
-0.0808
0.6725
57.0674
43.8701
26.0346
16.3917
12.4364
9.6405
8.4834
7.6847
7.2998
6.7754
6.2918
5.7091
5.3261
5.1856
4.9435
4.5827
4.3806
4.2708
3.9408
3.7732
3.7437
3.5733
3.4282
3.2776
3.1640
2.9962

Table 4.3: Absolute and excess H2 uptake at different conditions on slab
model.
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The comparison between absolute hydrogen uptake and excess hydrogen
uptake on slab model is summarized in Table 4.3. Same as the situation on PBN
structures, there is no significant difference between absolute hydrogen update and
excess hydrogen uptake.

4.4 Chapter Summary
This chapter presents the procedure and results of fitting the Morse potential
parameters against the ab initio potential energy surface data. This non-linear
fitting process trying to minimize the root mean squared difference between the ab
initio energy and the energy modeled by force-field can be tricky. However, the
fitted curves shown in Figure 4.1 prove that fitted Morse parameters could replicate
ab initio result with high accuracy. Next, extensive GCMC simulations are performed
using the fitted Morse potential parameters to predict the macroscopic hydrogen
uptake of a spectrum of PBN material under different conditions.
The volumetric and gravimetric H2 uptake isotherm of four PBN
nanostructures at 300 K and 77 K using GCMC simulation is studied. The higher
contribution from nanosheets for hydrogen storage suggested by ab initio results
are further corroborated by GCMC results. On the one hand, it shows that the interpillar distance and pillar length have a profound impact on the hydrogen
gravimetric uptake. For a constant PL, increasing PD always increases the
gravimetric H2 uptake. On the other hand, the volumetric uptake has a strong
dependence on PL but a weak dependence on PD.
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Comparing with the H2 uptake of pillared graphene, PBN structures studied
here have much better performance in terms of hydrogen storage capacity. What’s
more, unlike the metal-organic frameworks, the volumetric uptake of PBN can easily
reach and exceed the basic 2017 DoE requirement of 40 g/L.
After determining that increasing PD could increase the gravimetric uptake, a
slab model with infinite PD, equivalent to stacks of BN nanosheets, is built and
studied to solve the relatively low gravimetric uptake problem. By studying the
isothermal gravimetric and volumetric H2 uptake of the slab model with different
pillar length at 300 and 77 K, especially the results under ambient condition of 300
K temperature and 1 bar pressure, we found that optimal distances exist for both
the gravimetric and volumetric uptakes with a sharply improved uptake capacity.
Thus, by just playing with the slab distance, the model structure is able achieve an
impressive gravimetric uptake of 3.89 wt% at the slab distance of 5.4 Å and a
volumetric uptake of 57.14 g/L at the slab distance of 5.0 Å. This impressive
hydrogen storage capacity could be explained by the cooperative action of the
sheets and the nanotubes. The hexagonal BN nanosheets are able to bind the
hydrogen molecules strongly, but this capability is severely limited by the small
natural distance in their bulk phase between the layers. Putting pillars with optimal
height between the sheets could open the space up and thus enable far greater
hydrogen uptake than that of their bulk phase, which is unattainable by either the
nanotube structure or the sheets alone. In next chapter, the role of doping will be
discussed, which could hopefully improve this hydrogen storage even further.
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Chapter 5

Study of the Role of doping

In the last chapter, impressive gravimetric and volumetric uptakes of hydrogen are
achieved on slab models by adjusting slab distances. In this chapter, the effect of
doping on the PBNs by alkaline metal atoms is studied via ab initio and GCMC
calculations. Significant improvement is obtained.
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5.1 Methodology and selection of dopants

Figure 5.1 The cluster models for doped PBN structure in (a) sheet, (b) tube,
and (c) junction leg parts. The junction octagon is not studied separately for
doped structures due to the low affinity of lithium toward the octagon.

Before embarking on a particular form of doping, we compared several possible
dopants such as neutral Li and Na atoms as well as Li+ and Na+ cations on the BN
sheet model (see the Chapter 2 on boron nitride structure). Adding dopants
increases the computational complexity of the clusters and system. Figure 5.1 shows
the cluster models of PBN with dopants. When cluster models of a system are
designed to correspond to some rational doping ratio, the size of the cluster
becomes larger than the pyrene-like structures, which was sufficient for studying
the bare undoped substrates. As a result, larger clusters with coronene-like
structures are used for the sheet and tube part (the leg part is still represented by
the pyrene-like structure since the leg part has a definite finite size in the PBN
structure, unlike the extended periodic sheet and tube parts), as shown in Figure
5.1. Due to the steep scaling of the MP2 method with the system size, we choose the
B3LYP density functional with the semi-empirical correction for weak van der
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Waals interaction for the doped system50. We used a large basis set of 6-311G**,
which has been shown to give a good account of dispersion interactions51.
Additionally, the interaction between the hydrogen molecule and doped system are
much stronger than pristine BN, which also justifies the use of a lower level of
theory, later referred to as B3LYP-D3BJ. We note that the lithium cation alone
cannot constitute the dopant. It needs to be introduced in neutral forms such as
halide salt. Just here, primarily the effect of the cation is explicitly considered due to
its large contribution52. So the anions are not explicitly put. We found that the
binding energy of lithium and sodium cation on the BN sheet model are -39.72 and 25.46 kcal/mol respectively, and they both tend to be adsorbed on the hollow
position of the BN rings. In the case of neutral atomic dopants, the geometry
optimizations of the system led to spontaneous separation of the BN and the dopant
atom, indicating that they cannot be doped onto these nanostructure spontaneously.
So only the cationic form of doping is going to be considered in detail. It is found that
the adsorption energy of the hydrogen molecule on the BN sheet doped by lithium
and sodium cations are -4.7390 and -3.2189 kcal/mol, respectively. With the
optimized adsorption geometry, the multiscale simulation procedures for the
undoped structures are repeated, although at a lower level of ab initio theory.
Namely, first, potential energy surface scan is performed around the optimal
adsorption geometry. Then Morse parameters are fitted to the ab initio energetic
data. With these specifically trained Morse potential, which is both fast and accurate,
GCMC simulations for doped BN structures are performed in the same way as the
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undoped systems mentioned above. The energetics of doping and dopant-hydrogen
interaction is summarized in Table 5.1. The Mulliken charge analysis of the doping
process is given in Table 5.2.

5.2 Analysis of hydrogen uptake after doping
Having compared several possibilities of the dopant, in what follows we
concentrate on the lithium cation as the primary dopant, due to its strong affinity
towards the hydrogen gas, lighter weight, as well as its strong binding energy to BN
that prevents the clustering of ions, which can significantly compromise the effect of
doping.
Model
Sheet
Tube
Junction leg
Junction octagon

Adsorption Energy of Li+
-45.5127
-37.9263
-39.2707
-7.6536

Adsorption Energy of H2
-4.7390
-5.0510
-5.5769
-5.5914

Table 5.1 - The adsorption energy of Li+ on four cluster models and H2 on
doped models

Models Atoms Before absorption of H2 After adsorption of H2 Difference
Li
0.443
0.265
-0.178
BNNS
H1
0
0.049
0.049
H2
0
0.053
0.053
Li
0.517
0.306
-0.211
BNNT
H1
0
0.051
0.051
H2
0
0.064
0.064
Table 5.2 - Mulliken charge analysis for doped sheet model and tube model
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Table 5.1 lists the adsorption energy of Li+ on the sheet, tube, the junction leg
and junction octagon clusters as well as the adsorption energy of H2 on the doped
clusters. In all cases, the most stable adsorption position of Li+ is the hollow position
of the rings and that of H2 molecules is on the top of the Li+ in a horizontal
orientation, in contrast to the vertical orientations in undoped structures. Note that
the sheet cluster, which has the strongest affinity towards the hydrogen molecule in
undoped structures, falls behind the tube part in the doped structures. According to
the results of Mulliken charge analysis listed in Table 5.2, this is due to the fact that
the lithium cation doped on the tube clusters possesses a more positive charge than
when it is doped on the sheet clusters. This facilitates more electron transfers from
the hydrogen molecules to the lithium cation doped on tube clusters during the
adsorption, giving more interaction energy.
It needs to be noted that the binding energy for lithium cation on the junction
octagon is much lower than other clusters. This suggests that lithium cation is highly
unlikely to be present on the hollow part of the octagon rings. Thus, hitherto after,
we only focus on the effect of doping on the sheet, tube and junction leg part, and
assume that doping operation will not directly impact the junction octagon.

63

Figure 5.2 - The PES scan for the interaction of �� with the cluster models of
the doped structures.
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Figure 5.3 - The gravimetric and volumetric H2 uptake of the four PBN
structures, at room and cryongenic temperature after doping.
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300K
Pressure
(Bar)

Gravimetric
(wt%)
absolute excess

77K

Volumetric
(g/L)
absolute excess

Gravimetric
(wt%)
absolute excess

Volumetric
(g/L)
absolute excess

1

4.2356

4.2355

34.8836

34.8028

8.8004

8.8001

71.9957

71.6797

2

4.4992

4.4990

37.0265

36.8649

9.0966

9.0958

74.4033

73.7689

3

4.6656

4.6653

38.3795

38.1372

9.2172

9.2161

75.3840

74.4289

4

4.8292

4.8289

39.7098

39.3869

9.3402

9.3387

76.3839

75.1060

5

4.8822

4.8818

40.1408

39.7372

9.3298

9.3279

76.2991

74.6960

6

5.0268

5.0262

41.3161

40.8320

9.4673

9.4651

77.4173

75.4869

7

5.0784

5.0778

41.7359

41.1712

9.5536

9.5510

78.1192

75.8594

8

5.1351

5.1344

42.1968

41.5517

9.5129

9.5099

77.7878

75.1964

9

5.2043

5.2035

42.7591

42.0336

9.5973

9.5939

78.4740

75.5488

10

5.1741

5.1732

42.5138

41.7080

9.6454

9.6416

78.8651

75.6043

15

5.4550

5.4536

44.7974

43.5905

9.8468

9.8410

80.5024

75.5338

20

5.6793

5.6774

46.6207

45.0139

9.8943

9.8865

80.8889

74.1690

25

5.7732

5.7709

47.3844

45.3792

10.0046

9.9948

81.7859

73.2784

30

5.8880

5.8853

48.3179

45.9156

10.0242

10.0122

81.9448

71.6223

35

5.9607

5.9574

48.9086

46.1105

10.1408

10.1267

82.8931

70.7375

40

6.0570

6.0533

49.6917

46.4993

10.0664

10.0501

82.2876

68.2909

45

6.1142

6.1100

50.1565

46.5713

10.2120

10.1937

83.4720

67.6359

50

6.1530

6.1484

50.4718

46.4952

10.1452

10.1247

82.9288

65.2646

55

6.2393

6.2342

51.1733

46.8070

10.2622

10.2396

83.8800

64.4076

60

6.3422

6.3367

52.0102

47.2556

10.2314

10.2067

83.6293

62.3766

65

6.3222

6.3162

51.8477

46.7063

10.2201

10.1934

83.5372

60.5382

70

6.3921

6.3857

52.4160

46.8895

10.3208

10.2921

84.3565

59.6506

75

6.4498

6.4429

52.8846

46.9747

10.3096

10.2790

84.2651

57.8958

80

6.5286

6.5213

53.5255

47.2338

10.2767

10.2442

83.9973

56.0108

85

6.5468

6.5391

53.6737

47.0017

10.2973

10.2630

84.1650

54.6093

90

6.6276

6.6194

54.3305

47.2800

10.3462

10.3101

84.5629

53.4872

95

6.6076

6.5990

54.1682

46.7409

10.3305

10.2927

84.4348

51.8882

100

6.6555

6.6465

54.5576

46.7553

10.3876

10.3482

84.8997

50.9312

Table 5.3 - The Absolute and excess hydrogen uptake on doped PBN I structure.
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Figure 5.2 shows the comparison of the ab initio potential energy surface
scans of the H2 adsorption on the doped clusters and the energy modeled by the
fitted Morse parameters. Interestingly, all the potential energy surface curves
almost collapse into one single one due to the strong effect of Li+ ions on H2
adsorption, which overshadow the effects of different BN clusters. Figure 5.3 a-d
demonstrate the results of GCMC simulations on the model PBN I to IV structures in
which lithium ions were randomly decorated to a doping ratio of Li:BN=0.15,
consistent with the doping ratio in our ab initio calculation. The comparison
between absolute hydrogen uptake and excess hydrogen uptake on doped PBN I is
summarized in Table 5.3. Same as the situation on pristine PBN structures, there is
no significant difference between absolute hydrogen update and excess hydrogen
uptake and we will study our results as absolute hydrogen uptake. According to our
results, we find that compared with the undoped PBN structures, the lithium doping
boosts the H2 uptake significantly, consistent with the previously studies on the
effect of doping on adsorption53, 54. Furthermore, the general trend that increasing
PD increases the gravimetric uptake is still present in the doped structures, which is
counter-intuitive. In the case of undoped structures, the sheets had higher affinity
than the tubes towards the hydrogen gas, justifying this trend in terms of this
energetic property. However, in the case of doped structures, this energetic
property is reversed and the tubes have a higher affinity towards H2. Hence, the
observed trend cannot be solely the ramification of the energetic features. There are
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also geometric factors that play a key role here. The van der Waals interaction can
be well approximated by pairwise interactions (like Morse potential) and that is also
how the D3BJ method approximates it, although it is no longer simply based on the
element types of the two atoms. Here, the curvature of the tube can be intuitively
expected to have a negative effect on the interaction with hydrogen gas, since it
would enlarge the distance between the hydrogen atoms with the substrate atoms.
To verify this conjecture, we performed an experimental GCMC simulation with
identical force fields for both the tubes and sheets. We found that the sheets still
make larger contribution than the tubes towards H2 adsorption, hence
corroborating our conjecture. Therefore, the larger adsorption contributions of the
sheets come from two sources: energetic and geometric sources.
To explore the limiting cases of H2 uptake in the Li+ doped systems, the
following models are studied: (1) a uniformly-spaced BN sheets with infinite PD,
and (2) a uniformly-spaced BN tubes with infinite PL (slab distance), corresponding
to a square lattice of parallel nanotubes of infinite length. Both of these two models
are controlled by one parameter, the slab distance (PL) or the tube separation
distance (PD), respectively. Figure 5.4 a-b show the influence of these two
parameters on gravimetric and volumetric H2 uptake of the two models at 300 K
and 1 bar. From the gravimetric perspective, the optimal distance for the sheet
model is 8.3 Å, giving an uptake of 5.69 wt%, while that of the tube model is 37 Å,
resulting in an uptake of 3.92 wt%. Clearly the tube model is less capable of
retaining H2, corroborating our previous discussion that the sheets contribute more
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than the tubes to the H2 uptake, despite their lower interaction energy. However, it
needs to be noted that tubes are making indispensable contribution to the uptake
performance of the 3D pillared nanostructures by opening the gap between the
sheets up to accommodate maximal amount of hydrogen gas. The comparison
between absolute and excess hydrogen uptake values, which differs marginally, are
summarized in Table 5.4.

Figure 5.4 - The gravimetric and volumetric uptake of (a) monospaced BN
sheets doped at Li:BN=0.15. (b) BN tubes doped at Li:BN=0.15. (c) BN sheets
doped at 0.4 at 300 K temperature and 1 bar partial pressure of H2.
Gravimetric uptake are plotted with red lines marked with red circles, while
the volumetric uptake are plotted with green lines marked with green
triangles.
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Figure 5.5 - The isothermal gravimetric and volumetric H2 uptake of stacked
BNNS system at different inter-sheet distances at 300 K and 77 K for doped
structures.
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Gravimetric
(wt %)

Volumetric
(g/L)

Slab distance
(Å)

absolute

excess

absolute

excess

3

0.5681

0.5680

14.1896

14.1088

4

1.8101

1.8100

33.9096

33.8288

5

5.3155

5.3155

79.6644

79.5836

6

6.9372

6.9371

86.6404

86.5596

7

7.9909

7.9909

85.5437

85.4629

8

9.1391

9.1390

85.6054

85.5246

8.4

9.3635

9.3635

83.5314

83.4506

8.8

9.5040

9.5039

80.9308

80.8500

9

9.5347

9.5346

79.3879

79.3071

9.2

9.5697

9.5696

77.9473

77.8665

9.25

9.5697

9.5696

77.5259

77.4451

9.3

9.6737

9.6736

77.9467

77.8659

9.35

9.5966

9.5965

76.9119

76.8311

9.4

9.5966

9.5965

76.5028

76.4220

9.5

9.6558

9.6557

76.1646

76.0838

9.6

9.5790

9.5789

74.7717

74.6909

9.8

9.4506

9.4505

72.2639

72.1831

10

9.4507

9.4506

70.8195

70.7387

11

9.3125

9.3124

63.4400

63.3592

12

9.2065

9.2064

57.4914

57.4106

13

9.1917

9.1916

52.9835

52.9027

14

9.2056

9.2054

49.2734

49.1926

15

9.1468

9.1466

45.6946

45.6138

16

9.1996

9.1995

43.0864

43.0056

18

9.2033

9.2032

38.3144

38.2336

20

9.1992

9.1990

34.4675

34.3867

22

9.1758

9.1756

31.2542

31.1734

24

9.2318

9.2316

28.8246

28.7438

26

9.2451

9.2448

26.6456

26.5648

28

9.1253

9.1251

24.4219

24.3411

Table 5.4 - Absolute and excess hydrogen uptake on slab model doped with Li+
at room conditions.
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Figure 5.6 - Representative radial distribution functions taken the end of the
GCMC simulations on the pristine and doped PBN structure I-IV at 77 K and 3
bar.
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With the larger contribution of the sheets confirmed in multiple ways, we
scanned the detailed adsorption behavior of the doped sheet model at different
pressure and slab distance at both normal and cryogenic temperatures (Figure 5.5
a-d). At 300 K and 1 bar, the maximum gravimetric and volumetric uptakes can be
as high as 5.69 w% and 73.60 g/L, respectively, both exceeding the 2017 DOE
targets. Furthermore, increasing the pressure to 100 bar changes these uptake
values to 10.26 wt% and 84.38 g/L, while at the cryogenic temperature, these values
can be as high as 11.85 wt% and 102.03 g/L at 1 bar, and 20.30 wt% and 106.8 g/L
at 100 bar,
Finally, the effect of increasing the doping ratio to 0.4 on the H2 uptake
capacity of the sheet model is tentatively studied with an infinite PD, which has the
best performance. Figure 5.4 c shows that at the optimal slab distance for 300 K and
1 bar conditions, the gravimetric and volumetric uptake can reach up to 8.03 wt %
and 92.97 g/L, both exceeding the DOE requirement at mild room conditions.
Comparing the uptake capacities of the doped versus undoped models, we note that
while the gravimetric uptake has a peak at the optimal slab distance in the undoped
models, it becomes saturated (constant) on or after reaching the optimal slab
distance. This is because of the strong interactions of the hydrogen atoms with the
doped substrate atoms that eliminate the need for synergistic interactions of the
sheets as in the case of undoped sheets. This can also be seen from the comparison
of the radial distribution function at the end of the GCMC simulation for the doped
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and undoped structures in Figure 5.6. After doping is introduced, the radial
distribution relative to the boron and nitrogen atoms is immediately flattened. And
sharp peaks emerge for the radial distribution with respect to the dopant atoms,
indicating the strong effect that the dopant has on the behavior of the hydrogen
molecules around the structure.

5.3 Conclusions about the hydrogen storage by pillared boron
nitride
By ab initio method, H2 is found to be attracted more strongly by the BN
sheets than by the nanotubes. However, the BN hexagonal sheet would stack too
tightly in normal condition to host a satisfactory amount of H2. Fusing pillars of BN
nanotubes onto neighboring layers are able to open the distance between them up.
From the results of GCMC simulation, by carefully optimizing the pillar height and
the distance between the pillars, gravimetric uptake of 3.89 % and volumetric
uptake of 57.14 g/L is able to be attained at 300 K and 1 bar of H2 partial pressure,
which is able to be improved further by doping. With the doping ratio of Li:BN as
0.15, ideal model can achieve the gravimetric capacity of 5.69 wt % and volumetric
uptake of 73.60 g/L at room condition. And increasing the doping ratio to 0.4 could
offer a gravimetric uptake of 8.03 wt % and a volumetric uptake of 92.97 g/L, which
surpasses the ultimate target of DoE. The results, compared with other recently
reported H2 adsorption performance, are summarized in Figure 5.737, 55, 56, 57, 58.
Compared with other promising materials, PBN excel more at the volumetric uptake
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property than at the gravimetric uptake property. So it is on the opposite end of the
spectra of materials with MOF and most other sorbent materials, which tend to be
more limited in terms of the volumetric target. We expect the synthesis of PBN
materials with optimized structure parameters could be very promising for
applications with stringent requirement on volumetric uptake. Also it can be seen
that the structures studied here are among the best in undoped materials.

Figure 5.7 - Several typical H2 uptake data in addition to the recently reported
results on promising materials, with DoE target charted. Large markers
without label are for the structures studied in this paper, where the rectangles
are PBN, and circles are the slab models. Red ones represent results at 300 K
and blue ones give results at 77 K. Unfilled markers are for results from 1 bar
and filled are the 100 bar results. The stars represents doping, with no star
being for undoped structures, one star for 1:0.15 doping ratio, and two starts
for doping ratio of 1:0.4.
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5.4 Chapter Summary
This chapter studies the effect of doping by alkaline metal atoms on PBN models and
slab models via ab initio and GCMC calculations. Coronene-like cluster models are
utilized to represent doped structures with reasonable doping ratio. According to
the adsorption energy calculated using B3LYP-D3BJ level of theory, Li+ is selected
due to its higher adsorption energy than Na+ cations, Li neutral atomic dopants, and
Na neutral atomic dopants. The same multiscale simulation procedures for the
undoped structures are then repeated. Even though the doped nanosheet model has
lower affinity towards hydrogen than the doped tube cluster, the general trend that
increasing PD increases the gravimetric uptake is still present. This could be
explained by the theory that the larger contributions of the sheets come from both
energetic and geometric sources. The larger contribution from BNNS is further
proved by the higher hydrogen uptake on a BN sheets model with infinite PD than
on a BN tubes model with infinite PL.
On doped slab model the maximum gravimetric and volumetric uptakes at
300 K and 1 bar can be as high as 5.69 w% and 73.60 g/L, respectively, both
exceeding the 2017 DOE targets. While with the doping ratio increased to 0.4,
gravimetric and volumetric uptake can reach up to 8.03 wt % and 92.97 g/L, both
exceeding the DoE requirement at mild room conditions. Also by the end of this
chapter, the hydrogen storage capacity of PBN models, slab model, and tube models
under different temperature and pressure are briefly summarized and compared
with reported capacity of other materials.
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Chapter 6

Improved methodology for force-field
training based on ab initio simulation

In this chapter, the numerical stability and accuracy of the crucial force-field fitting
step in the multiscale simulation methodology used in previous chapters is studied
systematically. A new method of combined force- and energy-matching force-field
fitting procedure is proposed, which could improve the numerical stability of
fitting process significantly.

6.1 The motivation of improved fitting
At the core of the previous chapters studying the hydrogen uptake
properties of the pillared boron nitride structures is the force-field training step,
which is able to put a bridge between the accuracy of the ab initio quantum
mechanical computation and the speed requirement on energy computation in
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GCMC simulations. With this bridge, the multiscale simulation is not only able to
consider the interaction between the gas and the host material with quantum
mechanical accuracy, but able to simulate the statistical mechanical effect
sufficiently as well. This is not only applicable to hydrogen storage by sorbent
materials; other reversible uptake of gases by weak physisorption can be studied
by this approach as well. These processes are of vital importance to numerous
processes and equipment crucial to human development, such as the uptake of
methane59, 60, 61, and acetylene62, 63, 64 for the provision of energy to mobile devices
and vehicles, and the uptake for carbon dioxide65,

66, 67

for their capture and

separation from industrial emissions. For the materials commonly used for this
purpose, like zeolitic materials68, metal-organic frameworks69, and other nano
materials70, usually there also exists a wide range of structural features and
parameters that are quite amenable to tuning for achieving best performance, in
the same way as the structural parameters in this study of pillared boron nitride.
So atomic simulation could give valuable insight into the microscopic underlying
processes and give us ideas about methods of easy screening for the optimized
materials. However, much like the problem of hydrogen storage by sorbent
materials, and different from the case of strong chemisorption, where it would
generally be sufficient to study the static adsorption sites and energy to
understand the macroscopic adsorption behavior71, for weak physisorption, the
adsorption sites are usually not definite72. There are generally no locations able to
be saturated by adsorbates. And the adsorbate molecules would not spend the
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vast majority of their time making vibrational motion around local minima in the
potential energy surface, like chemisorbed molecules will do. As a result, it would
generally be insufficient to investigate only the static adsorption energy and
geometry for all these problems involving weak adsorptions. The statistical
fluctuation has to be taken into account due to the flat shape of the potential
energy surface. Grand-canonical Monte Carlo (GCMC) simulation in its original
form, or in conjunction with molecular dynamics simulations, offers pragmatic
sampling of grand canonical ensemble and gives reliable estimate of the
adsorption amount and other quantities of interest73,

74.

However, for the

expectation value to converge, usually millions of states need to be sampled. This
essentially requires fast computation of energy for any given atomic
configurations and excludes the usage of ab initio methods for energy computation
during the simulation.
In this way, as in the study of pillared boron nitride, for each material to be
simulated, a good set of force-field capable of accurately describing the interaction
of the gas and the host material is terribly needed for the application of statistical
mechanical simulation. Generic force-fields constitute a convenient choice.
However, they are generally unable to capture the significant difference between
atoms in the different chemical environments of different materials. So multiscale
simulation, where ab initio data on the quantum mechanical electronic scale is
used for the training of classical mechanical force-fields on the atomic scale, would
offer an excellent balance between the accuracy in the interaction between atoms
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and the sufficiency in the consideration of statistical mechanical fluctuations39, 40.
As a result, it has been applied to a broad spectrum of problems. The above study
of the hydrogen storage in pillared boron nitride materials is an example.
However, despite the wide application of this style of multiscale methods, a
detailed and systematic study of the numerical stability and accuracy of the crucial
force-field fitting methodology is still lacking. And in our previous studies of
hydrogen uptake by pillared boron nitride nanostructures, some problems on the
numerical stability of the force-field fitting process were encountered. Hence we
are motivated to systematically investigate the issue of the numerical stability and
accuracy of the fitting process and evaluate its impact on the simulation result.

6.2 The force-fields parameter fitting methodology
In general, force-fields describe the van der Waals interaction between
atoms in the system in the form of simple algebraic equations with a finite set of
parameters. For example, in the Morse potential, which is used in the study of
pillared boron nitride above and also commonly used for the description of weakly
interacting systems as well as bonds, offers great advantage over simpler models
like the Lennard-Jones potential39, 73. By Morse potential, the atoms in the system
interact in a two-body pairwise fashion according to the Equation 2.1. The
interaction between different kinds of atoms in the system would need different
parameter sets. So for a system to be described with � different kinds of Morse
interactions, we would need � = 3� real numbers to uniquely specify these
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interactions. For the convenience of exposition, these real numbers can be put into
a �-dimensional vector �. Then for each atomic configuration �, where all the
coordinates and atomic types are put, with each given force-field parameter vector
�, we could model several properties of the system based on this force-field. In
this way, at the availability of reliable reference values for some of these
properties from ab initio computation, the parameter vector � could be adjusted
to make the modelled values reproduce the reference values most accurately75, 76.
Mathematically, when we have got � sampled atomic configuration and �
properties to compare, we can have an objective function in Equation 6.1,
� � =

!
!!!

! !!
!!! !

�!! �, � − �!! �

!

Equation 6.1

Where �!! and �!! are functions giving the modelled and reference values of
property�. When the weights for the properties �! are all positive and properly
normalized as

!
!!! �!

= 1, the object function is a positive definite function of the

parameter vector � and vanishes only when the modelled values are able to
reproduce the reference values completely faithfully. This function is just the
square of the weighted norm of the error vector between the modeled and
reference property values. In this way, as long as we could sample the � atomic
configurations with reference values for the � properties, the object function could
be minimized for getting the parameter vector able to reproduce the reference
values best. This process of solving the best force-field parameters for a given set
of sampled atomic configurations with reference values on some properties will be
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called the force-field parameter fitting, or training, process. Due to the usually
highly non-linear nature of the objective function, the optimization normally has
to be performed iteratively by some algorithm from an initial guess. Since the
selection

of

optimization

algorithm

is

not

the

concentration

of

this

communication, we would always cling to the truncated newton bound
constrained minimization (TNC) method, which performs the best due to its better
stability and the capability to handle constraints77. In this way, the impact of the
selection of optimizers will be excluded from the comparison of different fitting
methodologies in this study.
Different from the approach by Wang et al75, experimental data are not
attempted to be incorporated into the object function during the training of the
force-field parameters here. All the reference values of the properties are from the
potential energy surface scan data of ab initio quantum mechanical computations.
In this study, the system used for the benchmark of the methodologies comprises
simple hydrogen molecule interacting with graphene sheets, as shown in Figure
6.1. And graphene sheets are modeled by finite-size clusters with edge saturated
by hydrogen atoms. The reference values of the cluster model properties are all
computed by using density function theory (DFT) with special correction for the
van der Waals interaction50,

78.

Then we use the Morse potential, which are

suitable for this van der Waals interaction, to be fitted against these ab initio
potential energy surface scan result. The properties to be included and their
impact on numerical stability and accuracy are discussed, with the impact of the
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size of the cluster on the results considered. Finally the impact of the force-field
parameters on the GCMC simulation results is discussed.

Figure 6.1 - The model system studied here as benchmark. The polycyclic
aromatic hydrocarbon models for the simple graphene interacting with
hydrogen. The hydrogen molecules are shown in the most stable orientation
in their van der Waals complex with the substrate.
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6.3 Implementation of the combined force- and energymatching force-field fitting
The fitting of the force-field parameters against the reference data are
achieved by our home-brew Python code, which utilized symbolic algebra utilities
in the sympy package and the numeric optimization functions in scipy.optimize
package.
In this code, the two-body force-field can be given as analytic symbolic
expression of the force-field parameters and atomic separation. Then this
symbolic expression can be analytically differentiated automatically to get the
expression of the force magnitude in terms of the atomic separation. Next, for each
of the atomic configurations sampled in the potential energy surface scan, we can
form the symbolic expression of the interaction energy in terms of the force-field
parameters by summing the two-body interaction energy expression with
distance substituted by each of the atomic separation values in the configuration.
And the expression for the atomic forces can be obtained in the same vein. Just for
the force, on each of the atoms, we need to sum the force as vector, which can be
obtained easily by scaling the unit vector between the interacting atoms by the
force magnitude.
After we have the symbolic expression of the modeled energy and forces.
Their difference with the reference ab initio value can be taken to finally form the
symbolic expression of the object function in terms of the parameters in the force84

field. One of the powers of using symbolic algebra is that here we can symbolically
differentiate the object function to get the analytic gradient (Jacobian) of the
object function with respect to all the force-field parameters. Both the symbolic
object function and its gradient can be converted into numeric functions easily and
be given to the non-linear optimizers in the scipy.optimize package to fit the
parameters from any given initial guess. The availability of analytic gradient can
be invaluable information for the non-linear optimizers. In addition to the ease of
implementation, another advantage of using symbolic algebra is that new forcefield model can be added trivially. We only need to give another symbolic
expression for the interaction energy and everything else would just follow
automatically, since here nothing about the force-field is hard-coded.

6.4 Methodology for the ab initio simulations
In order to have the ab initio values of the force and energy properties of
the sampled atomic configurations, ab initio quantum mechanical simulation is
carried out by the Gaussian 09 suite of programs, revision D.01. During the
computation of the ab initio reference values, the weak van der Waals interaction
between the molecule and the cluster models of the graphene sheet are studied by
using the G3 correction to the B3LYP functional, which is able to capture the weak
interaction quite faithfully. We also used a large triple-ζ basis set with polarization
on carbon and diffuse functions on both carbon and hydrogen, making the model
chemistry B3LYP/6-311++G(d). This model chemistry is used for the optimization
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of the orientation of the hydrogen molecule on the cluster model. Then the
distance between the molecule and the model is changed to a mesh of values for
scanning the potential energy surface. At each point on the scan, the static energy
and the atomic forces are evaluated and used as the reference to fit the force-field
parameters against.

6.5 Force-matching, energy-matching, and their combination
Since in the GCMC simulation, the statistical weight for each configuration
is proportional to � (!"!!)/!" . So the interaction energy for each configuration is
the prime property to be evaluated by using the force-fields during the GCMC
simulation. As a result, it is natural to fit the interaction energy modeled by the
force-field against the ab initio interaction energy. This is the fitting approach that
has been extensively applied in the study of gas uptake properties79, 80 and is what
has been employed in the previous study of pillared boron nitride. However, in
addition to interaction energy, ab initio computations on each point in the
potential energy surface scan could give values on other properties of importance
as well. Among them the force on each atom, i.e. the derivative of energy on the
coordinates of the atoms, are of special importance, since they carry information
about energies of configurations infinitesimally close to each sampled
configuration. Due to this, it has been extensively used in the training of force-field
parameters for multi-scale study of biological systems81 and condensed phases82,
83, 84.

However, to the best of my knowledge, in the multiscale studies of gas uptake
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by weak physisorption, mostly only the information about the static energies at
each point are integrated into the fitting process. In this thesis, a novel approach is
attempted to be proposed to fit the parameters against both the energy and force
with controlled weight given to them. And the impact of the weight on the
numerical stability and accuracy of the fitting is compared. Here essentially a
hybrid of the traditional force-matching and energy-matching approaches to forcefield fitting is studied.
In the graphene-hydrogen model system studied, we just have the carbonhydrogen interaction, which are specified by the three Morse parameters. So the
parameter vector � will be only 3-dimensional. With any given parameter vector �
and atomic configuration �, here we only include the property of the total
interaction energy ℰ and all the Cartesian components of the forces ℱ! , where �
will run from 1 to 3� for a system consisting of � atoms. For the two-body Morse
potential studied here, the modelled interaction energy ℰ ! (�, �) can be obtained
by summing all the pair-wise two-body interacting energies. By taking the
derivative of the two-body interaction energy with respect to distance, we could
also have the modeled force components ℱ!! (�, �). For both the energy and the
force components, we have got the reference value from ab initio computation
ℰ ! (�) and ℱ!! (�).
Now for the � points in the potential energy surface that has been sampled,
we have the object function �(�) as in Equation 6.2,
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�(�) =

!!
!
!!! !

ℰ ! (�! , �) − ℰ ! (�! )

!

+

!! !!
!!! !!"

ℱ!! (�! , �) − ℱ!! (�! )

!

Equation 6.2
where the �! and �! are the weights given to the energy and force respectively.
With the proper normalization by � and 3�� , these two weights can be
normalized as �! + �! = 1. In this way, by adjusting the weights allocated to
energy and force, we could have a spectrum of fitting methodologies with the
traditional force-matching and energy-matching on the two extreme ends of
�! = 1, �! = 0 and �! = 0, �! = 1.
Since the original purpose of fitting the force-field lies in the reproduction
of the ab initio energy for evaluating the statistical weight of configurations in
GCMC simulations, to assess the equality of the fitting, we still use the root-meansquared (RMS) deviation of the modeled energy and the reference energy, as
defined in Equation 2.2, as the criterion. Note that this RMS deviation is part of the
object function for the fitting �(p). The reason why the deviation itself is not
chosen to be the optimization criterion, as in the traditional energy-matching
strategy, will be made clear in the following. Basically, due to the highly non-linear
nature of the objective function, the stability is of great concern here as well.
Unstable methodology will make the fitting result overly dependent on the chosen
initial guess for the parameters, hence making the simulation result irreproducible
and unreliable. Also it is quite common in the machine learning community to
have different functions to optimize (loss function) and to assess the quality of the
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fitting (verification function). In order to have a quantitative measurement of the
numerical stability, for each local minima �(!) of the object function, the stability
radius85 for it is defined as in Equation 6.3,
�(�(!) ) = ��� � ≥ 0 | ���(�, �) = � ! ∀� ∈ �(�(!) , �)

Equation 6.3

where ���(�, �) denotes the optimization of the object function by the selected
optimizer from the initial guess �, and �(�(!) , �) denotes the set of all points p
satisfying Equation 6.4,

� � ! ,� = �

!
!

!
!!!

(!)

(!)

(�! − �! )/�!

!

≤�

Equation 6.4

where the � is summed over all the � force-field parameters. This can be
understood to be the closed ball of radius � in the �-dimensional linear space with
the norm defined by the diagonal metric tensor as in Equation 6.5.
(!)

��!

!!
(!)

��!

!!

Equation 6.5
⋱
(!)

��!

!!

This scaling of the norm of the parameter vector difference to fractional value
relative to the center is necessary in this case, since the different parameter values
at different vector components have got very different scales and dimensions. It is
unlike the case of normal Cartesian coordinates, where the different vector
components are essentially homogeneous and isotropic. In this way, the stability
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radius definition as the supremum (least upper bound) in Equation 6.4 in fact
gives the largest RMS fractional deviation of all the force-field parameters to
guarantee that the same solution is given by the fitting process. Or it can also be
understood as the least RMS fractional deviation to make the force-fitting
procedure to get another solution. Obviously, the greater this stability radius, the
less the fitting result is dependent on the initial guesses. And the more robust
fitting procedure would render the parameters from it more reliable. For any
object function that admits multiple local minima, the set in the Equation 6.4 is
bounded from above by the distance with the nearest local minima. So the stability
radius as defined must exists due to the least upper bound property of the field of
real numbers (completeness axiom) as long as multiple local minima exist. For
object functions with single local minima, like the case of convex functions, the set
is unbound and we would have an infinite stability radius, implying complete
stability of the problem. In most practical cases, we would not be that lucky and
we will have finite stability radius �, which measures the stability of the fitting
process.
In spite of the clear mathematical definition, for the actual evaluation of the
stability radius, two points needs to be mentioned. First, all the non-linear
optimizers are iterative and would stop refining the result after the given
tolerance is reached. So the equal sign in Equation 6.4 should be implemented as
difference less than a given tolerance, which should be compatible with the
convergence criteria used for the optimization. The second problem is that the
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dimensionality � of the parameter vector space could generally be large. For
example, in the simple graphene model, for the Morse interaction of hydrogen
with carbon and with the hydrogen atoms saturating dangling bonds in the
substrate model, we need a total of six real numbers. This sampling of 6dimensional spheres is no easy task. As a result, rather than complicated
quadratures on spheres like the Lebedev quadrature, in this work, we use a very
simple Monte Carlo procedure to have an estimation of the upper bound of the
actual stability radius �.
The evaluation method of the radius of convergence is based on bisection
search and simply starts with a lower bound for �, which can be taken as zero, and
an upper bound. Then bisection search could be performed by computing the
middle point between the upper and lower bounds. For the middle point, we
1. Randomly generating 20 parameter vectors with deviation from the converged
center all having the middle point as its norm (as defined in by the metric in
Equation 6.5).
2. The force-fitting procedure could be performed on these randomly generated
force-field parameters, with the results compared with the center.
3. Only when all of the points converge back to the center, we set it as the new
upper bound of the radius, or it will be set as the new lower bound.
This procedure can be continued until the difference between the upper and lower
bounds are less than the accuracy desired. Note that since the sampling of the
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spheres by randomly generated vectors are incomplete, it is possible that a sphere
outside the actual stability radius could be accidentally considered to be within
the stability radius. However, since the spheres found to be outside the stability
radius by this procedure are guaranteed to be outside the actual stability radius,
the stability radius found in this way are actually upper bounds of the actual
stability radius. Empirically it is tested that increasing the number of sampled
points above 20 will not significantly change the result, so it could be expected
that the upper bounds obtained in this way are accurate estimation of the actual
stability radii. Just like all variational techniques in quantum mechanical
computations, the upper bound can be taken as approximate estimation of the
actual energy values.
In Figure 6.2, for the simple graphene system, that we have chosen to use
as model, the weight allocation from pure energy-matching fitting to pure forcematching fitting has been sampled by a equally-spaced mesh of 20 points. From
this plot, it can be very easily seen that the pure energy-matching has the greatest
quality in terms of the RMS deviation of energy of the sampled configurations. This
is intuitively understandable in that on this extreme, the object function �(�) is
composed solely of the energy deviation �(�) with no other contributions.
However, the pure energy-matching method suffers from serious stability issues.
It has a very small stability radius. So different initial guesses tend to give very
different results for the fitting, which is highly undesirable. When some force is
added to the object function, the stability could be improved by orders of
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magnitude. And the stability essentially plateaus after force starts to be added
until the energy is excluded. Along with the increased stability, also observed is
the decrease in the accuracy. However, the decrease in accuracy is only very
moderate until a very large proportion of force is added. In this way, it can be
concluded that a hybrid energy- and force-matching methodology with only the
minimal amount of force added to stabilize the fitting process would give much
improved stability without sacrificing the accuracy in any appreciable way.
To make this conclusion concrete, in Figure 6.3, the comparison of the
modeled and reference energy in the potential energy surface scan is shown on
the top row for both pure energy-matching and hybrid fitting with 9: 1 energyforce proportion. The added force components did not deteriorated the quality of
energy fitting in any substantial way, in agreement with the quantitative
comparison in Figure 6.2. However, in the bottom row of Figure 6.3, for the two
fitting methodology, when we randomly generate some initial guesses around the
converged result and form the arrows from the initial guesses to the converged
results, the projection of the arrows to plane spanned by the two �! components
in the Morse parameter (H-C and H-H) could give a very clear idea how the
numerical stability of the fitting process has been be improved. From the pure
energy-matching procedure, so many different local minima exist for the object
function that even a slight change in the initial guess could possibly give very
different fitted parameters. When forces are added to the procedure, we can see a
single solution attracting the initial guesses into a single place, which basically
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makes the result independent of the initial guess provided. In addition to this
quantitative improvement in stability, practically, the improvement by introducing
a small fraction of forces would be even greater. Furthermore, normally the
alternative solutions obtained from the hybrid fitting procedure would be outside
the physical range of the parameters. For example, we know that for Morse
potentials describing van der Waals interaction, the curvature parameter � will
normally be around unity. And the interaction energy �! needs to be positive.
Results outside this reasonable range could be excluded by human intervention
easily. Also these solutions outside the physical range would generally have RMS
energy deviation much larger than the solution inside the physical range. So when
this type of filtering on physical grounds is introduced, the hybrid fitting could
almost admit only one solution. At the same time, from the data for pure energymatching, we can see that a lot of solutions exist all lying in the physical range and
without much difference in the fitting quality. There is almost no way to select one
of the solutions over the others to be used in the GCMC simulation over the others.
In this way, from the enhanced stability of the hybrid fitting, the reliability of the
fitted parameters can almost be guaranteed as long as it is inside the expected
physical range.
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Figure 6.2 - The deviation of the modeled and reference energy and the
stability radius for sampled values of weight allocation between energy and
force.
This significant improvement in stability can in fact be very easily
understood from a simple counting of the number of equations. In general, the
optimization of the object function is an over-determined problem, where the
number of equations is greater than the number of unknowns. The optimization of
the object function is in fact a simple weighted least-mean-square solution to the
over-determined problem. However, it has been shown that for pure energymatching, when the number of unknowns is � and the number of equations is �,
the problem is still not rigid enough, although we generally have � > �. For a
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system with � atoms, when forces are introduced, the number equations will
suddenly explode to � + 3�� when all the Cartesian components of the forces on
all atoms are added. In the model graphene problem, we have � = 6 and � = 28
and � = 38. So for the 6 unknowns, adding forces can increase the number of
equations from 28 to 3220, a 115 times increase. In this way, the problem
becomes a lot more rigid with a lot local minima able to be eliminated. Since the
equation number will be kept constant for all the non-extreme values of the
weights, the stability basically plateaued on almost the entire spectrum between
the ends. When the pure force-matching end is reached, the number of equations
will be reduced slightly to only the force components equations, hence the
decrease in stability for pure force-matching.
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Figure 6.3 - Comparison of energy fitting quality and numeric stability for
pure energy-match fitting and the hybrid fitting. Hybrid fitting improves the
stability drastically without discernible deterioration in fitting quality. Top
row, the comparison of fitted and reference ab initio energy, bottom raw,
schematic for the two De parameters in the initial guess and the parameter
in the result. Left column, pure energy fitting, right column, hybrid fitting.

6.6 Impact on the size of the cluster
In the proceeding section, a seven-ring coronene molecule is used for
modeling the graphene extended surface. However, more commonly in multiscale
GCMC simulation for gas uptake properties, only the bare minimum model
molecules are usually used for the substrate79, 80. In this section, the impacts of the
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size of the substrate model on the fitted parameters are going to be investigated,
based on the optimal hybrid matching scheme found in the last section.
Still the simple graphene system is chosen as the benchmark case. And for
the flat graphene surface, we choose several polycyclic aromatic hydrocarbon
(PAH) of differing sizes as models of the extended graphene sheet. To make the
substrate model more symmetric around the hydrogen molecule, we have chosen
benzene (one-ring), pyrene (four-ring), coronene (seven-ring), and ovalene (tenring) as models, as shown in Figure 6.1. Then for each of the models, we optimize
the interaction geometry of the van der Waals complex with hydrogen molecule
from various initial guesses to get the most stable interaction orientation. Then
potential energy surface scans are performed by changing the distance between
the two parts to a mesh of values, as we have done for the coronene model in the
previous section. The parameters fitted against interaction energies from the
potential energy surface scan are listed in Table 6.1.
From the table it can be seen that increasing the ring size from one to four
rings, and from four to seven rings, will both change the ab initio result very
appreciably. The interaction energy can be underestimated by the usage of small
models. And the benzene and pyrene models cannot even find the correct parallel
orientation of the molecule relative to the substrate. The perpendicular
orientation is erroneously found to be more stable, rather than the converged
result of parallel orientation. At the same time, changing the ring size to the even
larger ovalene from coronene bears much less implication for the ab initio results.
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The energy curve for potential energy surface scan almost overlaps with the curve
for the coronene model. So it can be preliminarily concluded from these data that
the size of coronene is needed to get converged result. However, it needs to be
noted that it is not the ab initio interaction energy and geometry that is of primary
interest here. It is the convergence for the force-field parameters fitted from the
potential energy surface on these models that serves as the topic of this paper and
still needs to be investigated. As a result, Morse parameters are fitted for the four
PAH models with the optimal hybrid fitting procedure, with the results
summarized in Table 6.1.
Cluster
Benzene
Pyrene
Coronene
Ovalene

��
0.005017
0.004075
0.003798
0.003581

�
1.63
1.56
1.62
1.62

��
3.19
3.27
3.32
3.33

Table 6.1 - The Morse parameters fitted from PES scan from the four PAH
models of the graphene sheets.

It can be seen that the impact of the model cluster size on the fitted Morse
parameters is similar to its impact on the static energetics. We also need to go to
coronene to get converged results. However, one thing that needs to be noted is
that the trend for the �! parameter is actually the opposite of the trend of total
interaction energies. Larger cluster sizes give larger total interaction energy, but
the �! parameter actually goes down with larger cluster size. This can be caused
by the faster increase of atomic numbers than the increase of the total interaction
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energy. From the general increase of gas uptake from higher �! parameter values,
it could be conjectured that the multiscale GCMC simulations using minimum
models might have a tendency to overestimate the amount of gas uptake.
As a result, here we strongly advocate the usage of larger cluster sizes in
fitting force-field parameters in multiscale GCMC simulation of gas uptake
properties. The reason for this is primarily twofold. First, as shown in this section,
cluster sizes larger than those commonly used could appreciably boost the
accuracy of the force-field. Second, in recent years, great advances have happened
in capturing the weak dispersion interaction by using cheap density functional
methods50, 78. In this way, with the availability of sufficient methods much cheaper
than the correlated wave function methods like MP2 or CCSD(T), which have to be
employed previously, larger cluster sizes can be studied with much greater
efficiency. So combined with the perpetual advance of computational resources
available to researchers, the higher accuracy from more faithful models becomes
more and more practical for multiscale GCMC simulations.

6.7 Impact of force-field parameters on GCMC result
In spite of the necessity of fitting force-field parameters in multi-scale
GCMC simulation of gas uptake properties, usually research will not stop here. The
macroscopic uptake amount from GCMC simulation usually constitutes the final
results. So here after the impact of fitting methodology and size of model molecule
upon the fitted force-field is investigated, we will proceed to the study of the
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impact of the force-field parameters on the GCMC simulation result. Since the
simulation results are very complex, non-linear, and opaque functions of the
atomic geometry and the force-field parameters, here, rather than investigating
the impact of the force-field parameters integrally, we will concentrate on the best
force-field parameter just found and study the impact of the parameters
differentially around it. In this way, the complicated multi-dimensional scanning
could be circumvented and we can estimate the impact of the parameters by using
the partial derivatives of the result with respect to the force-field parameters. To
actually benchmark to impact, we will transform the partial derivatives into the
!

!
condition numbers86, which are defined as �(�,�)
⋅

!� �,�
!!!

, where � and �! denotes

the parameter vector and its �th component, as before, and � denotes the atomic
configurations. Just here, different from those in Equations 6.1 and 6.2, here � is
the atomic configuration of structures of much larger scale than in the model
cluster for fitting the potentials. It is usually a periodic model of the actual system
that we are interested in. � denotes the macroscopic gas uptake, gravimetric or
volumetric, from the GCMC simulation process on the given structure with the
given parameters. By decorating the bare partial derivatives into condition
numbers, we could go from the absolute change caused by the change of
parameters into fractional relative change. For example, a condition number of 0.2
could be interpreted as an � percent change in the parameter would induce a 0.2�
percent change in the uptake differentially. This relative relation would give us
more intuitive idea how the results will be impacted by the force-field parameters.
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In the same vein as the previous sections, we will use the simple graphene
system as an example case. Just the partial differentiation in the definition needs
to be evaluated numerically by using the strategy of a five-point stencil. By
applying this formula to two equally-separated graphene systems, one with a large
separation of 12 Å and another with a smaller separation of 6 Å, as shown in
Figure 6.1, we can have a picture of the sensitivity from the condition numbers in
Table 6.2. From it, we can see that the GCMC simulation result is definitely not
chaotically dependent on the force-field parameters, which is a good thing.
However, at the same time, the result is not insensitive to the force-field
parameters either. For example, the condition number for �! will be 0.23 for large
separation and 0.69 for small separation.

Property
�! at 6 Å
�! at 12 Å
�! at 6 Å
�! at 12 Å

�� �
0.69
0.23
0.69
0.23

��
-1.17
-0.43
-1.17
-0.43

�� �
-0.63
0.081
-0.63
0.081

Table 6.2 - The condition number of the simple equally-spaced graphene
sheet system with respect to the three Morse parameters for H-C interaction.

6.8 Chapter Summary
For the fitting of the parameters in non-linear pairwise force-field models,
like the commonly used Morse potential, in multiscale GCMC simulations for gas
uptake properties, we propose a hybrid methodology matching both the force and
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energy from ab initio simulations. It is found to offer significant advantage in
terms of numerical stability over the traditional pure energy-matching approach.
Also we found that the cluster models for the substrate-gas interaction used in ab
initio simulations can be appreciably improved by simply expanding its size.
Greater accuracy can be achieved by this over the traditional bare-minimum
models. From analysis of the sensitivity of the macroscopic uptake results from
GCMC simulations, we tend to advocate the adoption of these new simple
improvements to enhance both the reliability and the accuracy of multi-scale
GCMC simulations, which are critical for the development of new nanostructures
for efficient gas uptake.
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Chapter 7

Key Conclusions and Future Work

This thesis provides a comprehensive understanding and design guidelines of 3-D
pillared boron nitride nanostructures for hydrogen storage. A hybrid methodology
for fitting the force-field parameters against ab initio computation results is also
proposed. In this chapter, some primary theoretical findings and conclusions are
summarized. Future research perspectives are proposed in the end.

7.1 Key conclusions
In this thesis, a family of pillared boron nitride nanostructures is built and
investigated by using a multiscale strategy. In this multiscale approach, first, ab
initio computation is performed to study the microscopic interaction between the
hydrogen molecules and the boron nitride host accurately. Then the resulted
energetic data are coarse-grained into a set of Morse potentials, which are
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specifically trained to best reproduce the ab initio potential energy surface. Finally
grand canonical ensemble Monte Carlo simulation is performed based on these
Morse potentials to investigate the macroscopic hydrogen uptake of each
structure in a family of pillared boron nitride materials under different pressure
and temperature conditions. The key conclusions that can be drawn from these
results are as follows.
• When the hydrogen uptake performance is compared for PBN nanostructures
with different pillar length and pillar separation, it is found that the gravimetric
uptake generally increases with pillar separation, and an optimal pillar length
exists for given temperature and pressure. This is caused by the greater
hydrogen retaining capability of the sheet part than the tube part due to
energetic and geometric reasons. At the same time, the tube part makes the
vital contribution of separating the sheets to optimal separation, although they
do not capture a lot of hydrogen by themselves.
• For the volumetric uptake, it generally increases by very small amount with
smaller pillar separation and has an optimal value for the pillar length. Since
this style of PBN material is normally more limited in terms of the gravimetric
uptake, to achieve optimal hydrogen uptake performance, the pillar length can
be set to a good compromise between the optimal values for gravimetric and
volumetric uptake, and the pillars should be separated by the maximal distance
allowed by the structural stability of the structure.
• For the undoped structures, in the limit of infinite pillar separation, at a trade105

off pillar length of 5.2 Å, the gravimetric and volumetric uptake can attain
values of 3.83 wt% and 55.21 g/L respectively at 300 K and 1 bar. Compared
with the 2017 DoE target of 5.5 wt% and 40 g/L, this is already very near and is
among the highest values for materials without doping. When the structures
are doped with lithium cation, the gravimetric and volumetric uptake can be
increased by about 30% to 50%. For both the doped and the undoped case, the
PBN materials always exceed the previously reported values for the analogous
carbon-based nanostructures.
• After the numerical stability of this fitting process is systematically studied in
detail, a novel hybrid energy- and force-matching methodology for the fitting
process shows stability improved by orders-of-magnitude. This could make the
fitting process more black box and reliable, by significantly reducing the
dependency on the initial guess of the parameters and eliminating essentially
all superfluous solutions. This could make multiscale approach much easier to
perform for the study of the uptake of other gases by weak van der Waals
interaction with the sorbent materials.

7.2 Key contributions
• Graphene, carbon nanotube, and other carbon-based nanomaterials has
been significantly more heavily investigated than boron nitride-based
materials. Here it is demonstrated that boron nitride-based materials could
have very promising hydrogen uptake properties.
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• Intuitive insights have been obtained for the hydrogen uptake behavior of this
family of pillared boron nitride structures. It is understood that the sheet part
makes the largest contribution to the hydrogen uptake, while the nanotubes
played the decisive role of holding the space between the sheets up to optimal
distances.
• Effect of doping has been tentatively investigated. It is found that doping by Li
cation has the potential to boost the gravimetric uptake of the material by
30~50%.
• A novel hybrid energy- and force-matching methodology for fitting empirical
potentials to ab initio data is proposed, which increases the numeric stability of
the fitting by orders-of-magnitude. This could make the fitting step easier and
more reliable.

7.3 Future Research Perspectives
This family of PBN has been proven to be able to provide satisfactory
hydrogen storage. However, an infinite nanotube separation is assumed when we
build the BN slab model. In the future, the minimum tube distance needed
required by mechanical stability needs to be studied to guide the actual synthesis
of the PBN structures in reality.
What’s more, since the nanotube is mainly here to prop up the nanosheets,
which provide most of contribution for hydrogen storage, lighter and stiffer
materials can be used instead of the BN nanotubes. Careful selection of suitable
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materials is needed in the future to further decrease the weight of structure and
hence to increase the gravimetric uptake capacity.
Armed with the new robust and accurate method for fitting the parameters
in force-field models, which is crucial for this multiscale approach and has
significant effect on the GCMC simulation results, in the future, this method can be
applied to other problems involving weak van der Waals interaction of gas
molecules with solid materials. Similar to this hydrogen storage problem by the
PBN structure, many other sorbent materials for reversible uptake of gases also
have a wide range of structural features and parameters that are quite amenable
to tuning for achieving the best performance. In the same way as the structural
parameter optimization in this study of pillared boron nitride, this procedure can
be easily used in all these problems as well. This could give valuable insight into
the microscopic underlying processes and provide strategies for designing
optimized materials.
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