ABSTRACT

PIKUNIC, JORGE PABLO. Realistic Molecular Models for Disordered Porous Carbons.
(Under the direction of Keith E. Gubbins)

The complex pore morphology and topology of many non-graphitizable porous carbons
is not captured by the current molecular models that are used in analysis of adsorption
isotherms. We present a novel constrained reverse Monte Carlo method to build models
that quantitatively match carbon-carbon pair correlation functions obtained from
experimental diffraction data of real nanoporous carbons. Our approach is based on
reverse Monte Carlo with carefully selected constraints on the bond angles and carbon
coordination numbers to describe the three-body correlations. Through successive Monte
Carlo moves, using a simulated annealing scheme, the model structure is matched to the
experimental diffraction data, subject to the imposed three-body constraints. We modeled
a series of saccharose-based carbons and tested the resulting models against high
resolution transmission electron microscopy (TEM) data. Simulated TEM images of the
resulting structural models are in very good agreement with experimental ones. For the
carbons studied, the pore structure is highly convoluted, and the commonly used slit pore
model is not appropriate. We simulated adsorption of nitrogen and argon at 77 K using
grand canonical Monte Carlo, and diffusion of argon at 300 K using canonical molecular
dynamics simulations. The isosteric heats of adsorption at 77 K are in excellent
agreement with experimental results. The adsorption isotherms and heats of adsorption in
these models do not resemble those for fluids in slit pores having the same pore size

distribution. We found that diffusion in the structural models is non-Fickian. Instead, a



strong single-file character is observed, revealed by the proportionality of the mean
square displacement to the square root of time at relatively long times. The single-file
mode is a consequence of the small sizes of the quasi one-dimensional pores in the

adsorbent models.



REALISTIC MOLECULAR MODELS FOR DISORDERED POROUS CARBONS

by

JORGE PABLO PIKUNIC

A dissertation submitted to the Graduate Faculty of
North Carolina State University
in partial fulfillment of the requirements for the
Degree of Doctor of Philosophy

CHEMICAL ENGINEERING

Raleigh

2003

APPROVED BY:

kitt. E G, & ccwt ¥ YalF

Keith E. Gubbins, Chair Carol K. Hall

. i —
%/g'/&\/ / /L/l_//f Lo . ]C"__‘
U an C%t)zer r Donald W. Brenner



Biography

Jorge P. Pikunic was born January 19, 1976 in Caracas, Venezuela, to his parents Josip
and Rosa Pikunic, both originally from Croatia. He was raised in Caracas, along with his
older brother Jos¢, and two older sisters Rosa (Lula) and Jadranka (Lala). Jorge attended
primary and secondary school in Liceo Los Arcos, Caracas, and graduated in 1993. In his
last year of high school, he was one of the winners of the X Venezuelan Olympiad of
Chemistry. This earned him a scholarship from Corpoven (now PDVSA) to pursue a
college degree. He attended Universidad Simo6n Bolivar to study chemical engineering,
graduating cum laude and first in his class in 1998. While an undergraduate student,
Jorge was a teaching assistant in thermodynamics, one of his favorite subjects. He also
carried out a research project on equations of state for rigid particles, under the
supervision of Prof. Erich Miiller and Prof. Norman Carnahan, from Rice University.
This was Jorge’s first contact with statistical thermodynamics. In 1998, he began
graduate school in the Department of Chemical Engineering at North Carolina State
University. He joined Prof. Keith E. Gubbins’ research group, where he carried out the
work presented in this dissertation. Jorge defended his dissertation on August 15, 2003.
He then joined Prof. Mark Sansom’s research group, at University of Oxford, to pursue

postdoctoral research in molecular biophysics.

i



Acknowledgements

I have been most fortunate to have had Keith E. Gubbins as my advisor. It is thanks to
him that I discovered the pleasure of doing research. He has been a true friend, always
encouraging me to aim high. Keith has carefully provided me with guidance and
generously shared his knowledge with me. He taught me to develop my own ideas and
think independently, helping me progress towards intellectual independence and

maturity. [ will always regard him as a mentor and role model.

I am very grateful to my family. Special thanks to my parents Rosa and Josip for their
constant support and for strongly believing in education. I have also been very lucky to
have a brother, Jose, and two sisters, Lula and Lala, who are not only my siblings but also
my best friends. I want to thank them for their motivation, enthusiasm, and for always

being there for me. I feel that I could not have had a better family.

I want to thank the outstanding scientists with whom I had the opportunity to work;
especially Roland Pellenq, my main collaborator and co-author in many of my
publications. I learned much from Roland about adsorption and statistical mechanics. I
greatly appreciate his advice, our many stimulating discussions, and friendship. Also,
Nathalie Cohaut, Jean-Noél Rouzaud, Isabelle Rannou, Christian Clinard, Jean-Michel

Guet, Phillip Llewellyn, and Pierre Levitz, for performing the experiments on which my

i1



work is based, their willingness to collaborate, and very helpful discussions.

I would also like to thank my committee members, Carol Hall, Jan Genzer and Don
Brenner, as well as the following faculty: George Roberts, Richard Spontak, and Peter

Kilpatrick, for their time and invaluable advice on my research and professional career.

I would like to extend my gratitude to the members of the Gubbins’s Group. Interacting
with each of them has been a very important and stimulating part of my graduate career.
In particular, Lev Gelb, Heath Turner, Sandra Gavalda, Ravi Radhakrishnan, Ken
Thomson, John Brennan, and Henry Bock, for their help, suggestions, and numerous

discussions.

This work has been supported by grants from the National Science Foundation and

Department of Energy. Supercomputer time was provided under a grant from the

National Partnership for Advanced Computational Infrastructure.

v



Table of Contents

List of Tables
List of Figures
Chapter 1 Introduction
1.1 Modeling of nanoporous materials
1.2 Porous carbons
1.3 Simple geometric models for disordered porous carbons
1.3.1 The interaction of graphite with adsorbed fluids
and the slit pore model
1.3.2 Characterization and pore size distribution
1.3.3  Other simple geometric models
1.4  More realistic models for disordered porous carbons
1.4.1 Model of Segarra and Glandt
1.4.2 The chemically constrained model
1.4.3 Reverse Monte Carlo model
1.5 Conclusions and rationale of our work

1X

10

15

20

26

26

29

34

37



1.6

Chapter 2

2.1
2.2
23

24

2.5

2.6

Chapter 3

3.1
3.2
3.3
3.4

3.5

References

New Constrained Reverse Monte Carlo Method

The original reverse Monte Carlo method

Uniqueness of reverse Monte Carlo and constraints
Simulated annealing and reverse Monte Carlo
Obtaining the pair correlation function from diffraction
experiments

Discussion and conclusions

References

Structural Models for a Series of Disordered Porous Carbons

Introduction

Experiment

Resulting structural models

Simulated TEM and comparison with experiments
Geometrical characterization

3.5.1 Porosity and specific volume

3.5.2 Pore size distribution

vi

39

45

45

47

53

55

59

62

64

64

65

68

76

85

87

88



3.6

3.7

3.8

Chapter 4

4.1
42
43
44
45

4.6

Chapter 5

5.1

52

53

3.5.3 Energy distribution and zero-coverage
adsorption characteristics

Molecular simulation of nitrogen adsorption

3.6.1 Simulation details

3.6.2 Adsorption isotherms and heats of adsorption

Discussion and conclusions

References

Adsorption Behavior of Argon in Disordered Porous Carbons

Introduction

Simulation details

Adsorption isotherms and heats of adsorption
Pair correlation functions

Discussion and conclusions

References

Dynamics of Simple Fluids in Disordered Porous Carbons

Introduction
One-dimensional diffusion

Simulation details

vil

90

95

95

97

102

105

107

107

110

113

117

126

129

130

130

131

135



54
5.5

5.6

Chapter 6

Results and discussion

Conclusions

References

Conclusions and Future Directions

viil

137

144

146

148



List of Tables

I1.1.

1.2.

2.1.

3.1.

3.2

3.3.

3.4.

4.1.

Some nanoporous materials

Models of graphene layers

Average carbon coordination numbers for porous carbons

with different functional groups

Experimental densities and compositions

Density of carbon atoms and fraction of atoms with

carbon coordination number of 3

Porosity and volume occupied by solid matter for the resulting models
Lennard-Jones potential parameters for nitrogen-nitrogen

and nitrogen-carbon interactions

Lennard-Jones potential parameters used in this work

X

14

51

67

69

88

96

111



List of Figures

I1.1.

1.2.

1.3.

1.4.

L.5.

1.6.

1.7.

1.8.

1.9.

1.10.

1.12.

The slit pore model

Pore size distributions (PSDs) obtained for methane adsorption in
square model carbon pores

Pore with rectangular cross-section

Pore with rectangular cross-section

Pore with triangular cross-section

Slit pore junction model

Graphitic surface with pit defects

Structural representation of a fluid adsorbed in the Segarra-Glandt model
Comparison of experimental and simulated adsorption isotherms (a),
and 1sosteric heats of adsorption (b) of methane at 301.4 K in the
Segarra-Glandt model

Structural evolution of the carbon nanostructures as a function

of the decreasing H/C ratio

Radial distribution functions for two of the evolving structures
shown in Figure 1.10

Structural representation of the converged RMC [a-MCMB]

carbon microbead structure

13

20

21

22

23

24

25

27

29

31

33

35



1.13.

3.1.

3.2.

3.3.

3.4.

3.5.

3.6.

3.7.

3.8.

3.9.

3.10.

3.11.

3.12.

3.13.

3.14.

3.15.

C-C radial distribution functions for the [a-MCMB}]

carbon microbead structure

Structure factors of the saccharose-based carbon CS400

obtained from diffraction experiments and MCGR fit

Same as Figure 3.1 for CS1000

Pair correlation functions of the saccharose-based carbon

CS400 obtained with MCGR and reconstruction method

Same as Figure 3.3 for CS1000

Snapshot of resulting structural model for CS400

Snapshot of resulting structural model for CS1000

Schematic representation of the TEM simulation procedure
Experimental TEM micrographs of CS400 and simulated images

for three beam directions. Examples of dot-like segments are highlighted
Same as Figure 3.8. Examples of short segments are highlighted
Same as Figure 3.8. Examples of stacking of short segments

are highlighted

Experimental TEM micrographs of CS1000 and simulated images

for three beam directions. Examples of short segments are highlighted
Same as Figure 3.11. Examples of longer segments are highlighted
Same as Figure 3.11. Examples of stacking of segments are highlighted
Schematic representation of accessible and reentrant surfaces

Pore size distribution of the models of CS400 and CS1000

X1

36

70

71

72

72

74

75

79

82

82

83

83

84

84

86

90



3.16.

3.17.

3.18.

3.19.

3.20.

3.21.

3.22.

3.23.

4.1.

4.2.

4.3.

4.4.

4.5.

4.6.

4.7.

Adsorbent-adsorbate potential energy distribution for

a single nitrogen molecule in the models of CS400 and CS1000 at 77 K
Isosteric heat of adsorption at zero coverage as a function

of temperature for the models of CS400 and CS1000

Henry’s law constant as a function of temperature for

the models of CS400 and CS1000

Nitrogen adsorption isotherms at 77 K in the

resulting models of CS400 and CS1000

Isosteric heat of adsorption of nitrogen at 77 K in the model of CS400
Same as Figure 3.20 for the model of CS1000 100

Snapshots of GCMC simulations of nitrogen at 77 K

in the model of CS400 at bulk pressure of P/P, =1

Same as Figure 3.21 for CS1000

Pore size distribution of the models of CS400 and CS1000
Adsorbent-adsorbate potential energy distribution for

a single argon atom in the models of CS400 and CS1000 at 77 K

Argon adsorption isotherms at 77 K in the models of CS400 and CS1000

Isosteric heat of adsorption of argon at 77 K in the model of CS400
Same as Figure 4.4 for the model of CS1000

Isosteric heat of adsorption of argon at 77 K:

experiment and simulations

Carbon-argon pair correlation function in CS400

Xil

94

94

98

99

101

102

111

112

114

115

116

116

118



4.8.

4.9.

4.10.

4.11.

4.12.

4.13.

4.14.

4.15.

4.16.

4.17.

4.18.

5.1.

5.2

5.3.

54.

5.5.

Carbon-argon pair correlation function in CS1000
Argon-argon pair correlation function in CS400

Argon-argon pair correlation function in CS1000

Snapshots of GCMC simulations of argon at 77 K in the model
of CS400 at 777, = 0.039 and projection of a 1.25 nm section
Same as Figure 4.11 for 777,=10.32

Same as Figure 4.11 for 777,=10.67

Same as Figure 4.11 for 777,=1.0

Same as Figure 4.11 in the model of CS1000 for 777, = 0.048
Same as Figure 4.15 for 777,=10.34

Same as Figure 4.15 for 777, = 0.68

Same as Figure 4.15 for 777,=1.0

Different diffusion modes in one dimension:

normal and single-file diffusion

Adsorbent-adsorbate potential energy distribution function

for a single argon atom confined in CS400 and CS1000 at 300 K
Velocity auto-correlation function of argon confined in

the CS400 model at 300 K

Velocity auto-correlation function of argon confined in

the CS1000 model at 300 K

Mean square displacement of argon confined in

xiil

118

120

121

122

122

123

123

124

124

125

125

132

136

138

138



5.6.

5.7.

5.8.

5.9.

the CS400 model at 300 K

Same as Figure 5.5 in log-log scale

Mean square displacement of argon confined in
the CS1000 model at 300 K

Same as Figure 5.7 in log-log scale

Effective self-diffusivities of argon at 300 K

in the models of CS400 and CS1000

Xiv

140

141

141

142

143



Chapter 1

Introduction

The purpose of this work is to develop a method to build molecular models for disordered
porous carbons. In contrast to commonly used simple geometric models, we would like
the resulting models to realistically describe the pore morphology and topology of real
disordered porous carbons. The resulting models should therefore reproduce experimental

structure data of these materials.

Such realistic models could be used for prediction of the structure and thermodynamic
and transport properties of fluids confined in disordered porous carbons, aiding in the
design of these materials for specific applications. In addition, they could provide a test
case for evaluation of simple models and commonly used adsorption-based

characterization methods.

The remainder of this chapter is based on a review paper on molecular simulation and
theory of adsorption in nanoporous solids [1], and a review on molecular models of
porous carbons [2]. We briefly describe the various approaches to modeling nanoporous

materials, and present the state-of-the-art of modeling for nanoporous carbons.



1.1 Modeling of nanoporous materials

Fluids confined in narrow pores present a physical behavior that may be rather different
from that in the bulk. The interactions between the confined fluid, termed adsorbate, and
the porous solid, termed adsorbent, is relatively strong at the length scale of nanopores,
and leads to novel phenomena such as the appearance of new phase transitions not
observed in the bulk [3], shift in the transitions that are familiar from the bulk [3],
different dynamic behavior [4], etc. These physical features have been exploited to
develop numerous applications, ranging from gas storage and separation processes, to the

development of heterogeneous catalysts and sensors.

In order to understand and predict the complex behavior of fluids confined in nanopores
and aid in the interpretation of experimental data, we must resort to structural models of
the adsorbent, in addition to models for the intermolecular forces involved in the
adsorbate-adsorbent system. We focus on the development of molecular models of the
adsorbent structure. In this respect, it is convenient to classify nanoporous materials
according to their degree of structural order in crystalline, regular, and disordered. Some
examples are shown in Table 1.1. We define the pore morphology to be a description of
the geometric shape and structure of the pores, including the pore width and volume, and
the detailed nature of the surfaces of the pore walls. We define pore topology to be the
description of the arrangement of the pores relative to each other; pore topology describes
the connectivity of the pores, and the overall macroscopic environment seen by adsorbed

molecules within the carbon structure.



Table 1.1. Some nanoporous materials (adapted from [5])

Surface Pore Shape Pore width (nm)
Crystalline
Aluminosilicates 0, Al, Si Cylinder, cage 0.3-1.0
Aluminophosphates O, AL P Cylinder 0.8-1.3
Regular
Carbon nanotubes C Cylinder >2
Templated materials Si, O Cylinder 2-10
Graphitic activated carbon fibers C Slit 0.6-1.3
Disordered
Granular activated carbons C - 0.3-5
Carbon aerogels C - 0.5-30
Porous glasses Si, O - 4-10*

For crystalline materials, such as the small pore aluminosilicates and aluminophosphates,
the pore structure can be directly characterized using X-ray or neutron diffraction, and the
results interpreted to give detailed atomic structures using rigorous methods, allowing a
complete description of the pore topology and morphology. For non-crystalline porous

materials, however, it is not possible at present to completely characterize the pore



structure directly from experiment. In approximating the pore structure, it is convenient
to divide the approaches used into simple geometric models and more realistic models. In
the case of the simple geometric models, the pore structure is approximated as composed
of cylindrical or slit-shaped pores of different widths, or having different gas-solid
interaction energies. In these methods, it is implicitly assumed that the adsorption
heterogeneity can be approximated through a single distribution of pore size or surface
energy. Such models are simple to apply, and are the basis of nearly all methods in
common use to analyze adsorption data. However, such models incorporate many
simplifications; variation in pore shape, wall roughness, pore connectivity, etc. are

neglected in these models.

Some of the simplifications invoked in simple geometric models may be appropriate to
describe regular materials such as ropes of carbon nanotubes and templated mesoporous
materials (e.g.,, MCM-41 and SBA-15). For example, although the pore walls of MCM-
41 are non-crystalline, it has cylindrical pores arranged in a regular hexagonal structure.
Therefore, the pore volume of this material may be modeled as a collection of
unconnected cylinders of uniform size. Nevertheless, even for regular materials such as
MCM-41, it is necessary to include the non-crystalline character of the pore walls in
order to reproduce some of the features observed experimentally (e.g., decrease in the
isosteric heat of adsorption with coverage and a change in concavity of the adsorption

isotherm at low pressures) [6,7].



Disordered porous materials have non-crystalline or semi-crystalline pore walls. The
pores in this class of materials have different sizes and shapes and are connected in a very
complex network. Despite this, simple geometric models have also been used to describe
these materials, mostly due to the lack of more sophisticated models. Recently, there have
been several attempts to use more realistic models that incorporate such effects as
connectivity, finite pore length (i.e., end effects) and variable pore shape and wall
roughness. The methods to achieve this, still in their infancy, can be conveniently divided
into two classes:

e Reconstruction methods, in which a model pore structure is built that matches
experimental structure data (including surface chemistry data) for the real
material. For example, models can be constructed that match the experimental
structure factor, S(g), or the transmission electron microscopy (TEM) data, by
Reverse Monte Carlo, off-lattice reconstruction, or other methods.

e  Mimetic simulation methods, in which simulation protocols are developed that

mimic the synthesis process for the porous material.

Reconstruction methods are relatively simple to apply, and in principle can be used to
build a model for any type of porous material. However, considerable care and thought is
needed in applying such methods, since the experimental data does not correspond to a
unique molecular structure. For example, a range of molecular structures could give rise
to the same S(q) curve or TEM data. This ambiguity can be reduced by incorporating

constraints into the model development, so that non-physical structures cannot result, and



by using more than one kind of experimental data in the fitting process. The simple
geometric models mentioned above can be thought of as the most basic form of
reconstruction methods. One looks at TEM images and makes a crude model based on

this: the pictures look like ‘slit’ or ‘cylindrical’ pores, for example.

The mimetic simulation methods do not experience this non-uniqueness difficulty in
general, and have the advantage that they may provide basic understanding of the
synthesis itself and the factors that lead to differences in structure or surface arrangement
of atoms. They therefore have the potential to suggest new and improved syntheses and
new materials. However, it may be difficult or even impossible at the present time, to
develop a realistic simulation strategy for a given material; an example is found in porous

carbons, where the experimental synthesis method is itself not well understood.

1.2 Porous carbons

The widespread interest in porous carbons stems from their high surface activity, arising
from strong adsorbate-carbon forces and large surface area. This activity leads to high
adsorption capacity and selectivity in mixture separation. In addition, carbons are
relatively cheap to produce, and can be prepared with a range of pore sizes. The strong
surface forces in carbons are due to the high surface density of carbon atoms. In graphite,
the C-C distance is only 0.142 nm, much less than the van der Waals radius of carbon,

which is about 0.335 nm. The short C-C distance, a result of the strong covalent sp



bonding in graphite, leads to a surface density of about 38.2 carbon atoms/nm?.

The need for more convenient forms of porous carbon has, in recent years, motivated the
development of activated carbon fibers, porous carbon membranes, and carbon aerogels.
At the same time, other completely new carbon materials such as carbon nanotubes have
also been discovered in the last two decades. Activated carbons and carbon nanotubes
find widespread use in fundamental scientific studies of the effects of confinement on
phase changes, selective adsorption, reaction equilibrium, etc. The pores in many regular
activated carbons (e.g., some activated carbon fibers), are approximately slit-shaped; the
slit geometry, coupled with the unusually strong intermolecular forces between the walls
and the adsorbate molecules, provide a contrast with the roughly cylindrical pore

geometry and much weaker wall forces found in porous glasses and silicas of various

kinds.

Conventional porous carbons are the most widely used of all general-purpose adsorbents.
Reviews of the more common uses of particulate activated carbons may be found in the
monographs of Smisek and Cerny [8] and others [9,10], while some examples for
activated carbon fibers may be found in a review by Mays [11]. Conventional porous
carbons have been used as adsorbents across the food, biotechnology, and agricultural
sectors, as well as in the medical and health settings (many examples may be found in the
recent review of Roy [12]). Specific examples include treatment of ingested poisons [13],

respiratory protection [14], and separation of proteins and amino acids [15]. Conventional



carbons are also used to effect separations via sieving, the best-known example being the
separation of air to generate O, and N, [16]. The use of more novel forms of carbon in
the field of separations has also been recently investigated [17]. Porous carbons have
been investigated as a means of storing methane and hydrogen [18-20]. Conventional
porous carbons have long been used as catalyst supports [21-25], while fullerenes have
also been more recently considered in this role [26]. Conventional and more novel forms
of carbon are also being used in electrochemical applications (e.g., as electrode materials
in the Li-ion battery [27-29], supercapacitors [29-31] and fuel cells [32]). This is just a
partial list of applications, and new applications are constantly being investigated and

developed.

The manufacturing process of porous carbons is complex and poorly understood at the
molecular level. Some form of organic matter, such as wood or coconut shell, is heated to
high temperatures (more than 600°C) in an inert atmosphere. A large number of reactions
take place in the process and the precursor is slowly transformed to a porous carbon.
Depending on the chemical characteristics of the precursor, if large enough temperatures
are applied (more than ca. 2,300°C) graphite may be obtained as the final product. Thus,
one may think of the carbonization process as a chemically partial transformation of the

precursors to graphite.

With the exception of carbon nanotubes, carbon nano-cones (also referred to as nano-

horns), and some activated carbon fibers, porous carbons are in general disordered



materials, and as yet cannot be fully characterized from experiment. Techniques such as
X-ray and neutron scattering, and high-resolution transmission electron microscopy, give
useful partial information about the molecular structure, but are not yet able to provide a

complete picture at the atomic level.

1.3 Simple geometric models for disordered porous carbons

The most commonly used models for porous carbons are based on simplifications of the

complex geometry observed from structural experiments such as TEM. In order to build a

simple geometric model, it is necessary to assume a structure for the pore walls. The pore

walls are then arranged to obtain the desired pore shape. All of the models discussed in

this section rely on two basic assumptions:

e The pore walls are made up of stacked parallel graphene layers.

e Each graphene layer is made up of a homogeneous arrangement of carbon atoms.
This excludes localized defects such as rings of five or seven carbon atoms and

chemical heterogeneity.

In the remainder of this section, we first review the different models of pore walls that
have been developed under the assumptions mentioned above. We then show how these
simple models of pores can be used to characterize real porous carbons by means of a
pore size distribution. Finally, we show how the pore walls can be arranged in order to

build pores of different geometry, and point out the advantages and disadvantages of this



approach.

1.3.1 The interaction of graphite with adsorbed fluids and the slit pore model

We first consider the structure of a single graphene layer. In graphite, the carbon atoms
are disposed in hexagonal rings with a C-C distance of 0.142 nm and a bond angle of
120°. However, in simple geometric models, the structure of a graphene layer is strongly
related to the way in which the interaction energy between an adsorbed molecule and the
surface is calculated. It is possible to define two different types of structure for graphene
layers:

1. Corrugated graphene layer. The interaction of an adsorbed molecule with each
carbon atom is taken into account separately.

2. Smooth graphene layer. A uniform distribution of atoms is assumed and the
interaction energy depends only on the closest distance between an adsorbed
molecule and the graphene layer.

For example, suppose that the interaction energy between a carbon atom and an adsorbed

molecule is given by a Lennard-Jones potential,

o=+ 2]

where 7; is the distance between the adsorbed molecule and the ith carbon atom, € is the

depth of the energy well and o is the value of 7; for which the interaction potential is zero.

10



If pair-wise additivity is assumed, the interaction energy can be calculated by the explicit
sum over all the carbon atoms,

U=>u(r) (1.2)

i

When this expression is used to obtain the interaction energy, the graphene layer is

implicitly modeled as a corrugated surface.

If we now replace the set of carbon atoms by a uniform distribution, the summation in
equation (1.2) becomes an integral [33]. In this case, the graphene layer is implicitly
modeled as a smooth surface. The integration limits are set in order to obtain a truncated
or an infinite graphene layer. For an infinite graphene layer, the well known Steele 10-4

potential is obtained after integration [33]:

o oe]

where a;, is the surface area per carbon atom and z is the closest distance between the

adsorbed molecule and the graphene layer.

Bojan and Steele have also derived expressions for the interaction energy of a molecule
with a truncated (or finite) graphene layer [34,35] and for a molecule with a semi-infinite
graphene layer [36,37]. They used the truncated layer model to study the adsorption of

krypton on a surface made up of an infinite set of straight square-walled grooves cut into

11



an otherwise flat surface [34,35]. They also studied the adsorption of krypton [36] and

xenon [38] on stepped surfaces.

All the structural models for graphene layers that have been mentioned so far are
summarized in Table 1.2. It is possible to combine the different models of graphene
layers in order to build pore walls of a desired geometry. Two or more pore walls can

then be arranged in space to build a pore with a certain cross section.

The simplest and most widely used model for a carbon pore is the so-called s/it pore
model (Figure 1.1). The pore is made up of two parallel graphite walls. Each wall
consists of a series of parallel and infinite graphene layers. The interaction energy
between an adsorbed molecule and one of the walls can be calculated as the sum of the
interaction energies between each graphene layer and the adsorbed molecule, given by
equation (1.3). If the interaction with a single layer is given by the 10-4 potential of
equation (1.3), it is possible to sum over the layers. This gives the approximate Steele 10-

4-3 potential [33]:

U(Z)=27[€02A g(g)m_(gj“_ o (1.4)
a, |5\z z) 3A(z+0.61A) '

where A is the separation between two graphene layers.

12
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Figure 1.1. The slit pore model. See Table 1.2 for reference.
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Table 1.2. Models of graphene layers. Spheres represent adsorbate molecules.

Corrugated graphene layer

Smooth graphene layer

infinite
[33] CADZ () = 270" [2(0’)'0_(0)4}

A

v

truncated

5

o’ y| 128 64 48 8 7
Ul(z,y)=—= + + +

[34,33] () U =20 (2.9) U, (2) - U, (23) + U, (.02)]
\4
|

+
| | 256 p| 5z 5Z°p s5fpt Zpt 2P
| |
Yi Y2 o’ 2 1
U (z.0) = | S+
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1.3.2  Characterization and pore size distribution

In most simulation studies of fluids confined in porous carbons, the pore volume is
described as a collection of independent and unconnected pores. Each pore is usually
modeled as a chemically homogeneous slit-shaped pore (see section 1.3.1). Molecular
simulations, statistical thermodynamic theories (e.g., Density Functional Theory, DFT) or
semi-empirical methods (e.g., Horvath-Kawazoe) can be used to calculate the excess
adsorption /{P,H) at bulk gas pressure P for an adsorbent in which all the pores are of
size H. This calculation is performed for adsorbents with different pore sizes H and the
excess adsorption in the real material is then calculated by averaging the excess

adsorption over the different pore sizes:

H

r(P)= [ T(P.H)f (H)dH (1.5)

H,

min

where f(H) is the pore size distribution (PSD), such that f{H) dH is the fraction of pores
with sizes between H and H+dH. The integration is taken over all pore sizes between the

minimum and maximum pore sizes H,;, and H,,, present in the adsorbent.
Equation (1.5) implicitly assumes that the heterogeneity of the real porous material can
be explained in terms of the PSD. All the pores have the same shape and surface

chemistry. The pores are not connected and adsorbate molecules in two different pores do
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not interact. In the cases where these assumptions are not valid, the effects of chemical
heterogeneity, connectivity and other sources of heterogeneity are included in some

effective way as heterogeneity in the pore size.

The choice of adsorbate depends on the range of pore sizes that one wants to probe. The
use of small molecules, such as argon, nitrogen, carbon dioxide and methane, is preferred
because these molecules can access a wider range of pore sizes. Also, for adsorbents that
have polar groups on the surface, and thus exhibit chemical heterogeneity, the use of non-

polar molecules like argon and methane is recommended.

The use of subcritical temperatures is preferred because the isotherms present more
features, such as capillary condensation. However, adsorbate diffusion may be slow in
tortuous narrow pores at the cryogenic temperatures used for nitrogen or argon
porosimetry (77 K or 87 K), and long equilibration times may thus be required to
measure the experimental adsorption isotherm. This is the case of some porous carbons.
The use of carbon dioxide or methane isotherms at elevated temperatures (e.g. 195.5 K or
273 K for CO»; 308 K for methane) is an effective means of reducing the equilibration
problem caused by mass transfer resistances in narrow pores. Nevertheless, supercritical
methane can only be used to determine micropore PSDs, because the excess isotherms for

methane adsorption are indistinguishable for pores larger than 2 nm [39].

We now briefly discuss the problem of determining the distributions f{H) from adsorption
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measurements and equation (1.5). At this level of approximation, the problem consists of
inverting equation (1.5), a linear Fredholm integral equation of the first kind, to obtain
f(H). Equation (1.5) can be discretized into the following expression for each bulk gas
pressure P;

2. T(P.H,)AH, f(H;)=T(P) (1.6)

J=

where the range of pore sizes between H,,;, and H,,, has been divided into m intervals,
and f(H)) is a histogram coefficient that represents the fraction of pores with sizes ranging
between H; - AH;/2 and H; + AH;/2. 1f the experimental isotherm is fitted at n different
bulk gas pressures, then n expressions like equation (1.6) are obtained, one for each bulk
gas pressure P;. This yields a system of » linear equations with m unknowns. If m is equal
to n, the system is specified and can be solved using a straightforward method like
substitution. If n is greater than m, which is the most common case, the system is solved

by finding the values of f(/1;) that minimize the global error

n

2
E= F(E)_ZF(B’HJ)AHJJF(HJ)} (1.7)
i=1 j=1

This can be thought of as a least-squares match to the experimental adsorption isotherm.
A variety of numerical minimization techniques may be used to carry out this task [40].
Minimization of the error, given by equation (1.7), may in some cases lead to strong
oscillations in the function f{H), obscuring the true adsorbent PSD. The reason for this

problem is that Fredholm integral equations are numerically ill-posed [41]. To overcome
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the problems caused by the ill-posedness of the Fredholm integral equation, one may
either

1. postulate an analytical form of the unknown function f{H), such as a Gaussian
distribution or a multimodal gamma distribution, and find its parameter values via
least squares fitting [42];

2. fit an analytical equation to the experimental isotherm /{P) that gives an analytical
solution of integral equation, and fit the coefficients of f(H) via least squares; or

3. introduce a set of constraints to stabilize the PSD with respect to perturbations in the
experimental data [43-45]. This method involves the selection of constraints that are
physically consistent with the expected form of the PSD.

A variation of the latter alternative is the most commonly adopted regularization
procedure. A term that is proportional to the second derivative of the function f(H)
[46,47] is added to equation (1.7), forcing the function f{H) to be smooth. Equation (1.7)

becomes

2
n m

E=Y\T(B)-2 T (Rt A7 (1) | +aXam, [ ()] ()

i=1 j=1 j=1

where the proportionality coefficient o > 0 is called the smoothing parameter.
Essentially, regularization produces a slightly worse fit to the experimental isotherm 7(P)
in order to generate a smoother PSD, under the presumption that the adsorbent is most
likely to exhibit a relatively smooth distribution of pore sizes, centered around a few
dominant pore sizes [46]. Figure 1.2 shows the effect of regularization for a range of
smoothing parameter values employed in fitting the PSD of activated carbon to methane

adsorption data using the objective function given by equation (1.8) [47]. As expected,
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the PSD becomes smoother as the smoothing parameter is increased. To select which
PSD is the “correct” PSD, one must consider the error bounds associated with the
experimental measurements. If the experimental error is small, the tetramodal PSD
shown in Figure 1.2 may indeed be the correct PSD. However, if there is a greater
uncertainty in the measured values of the experimental isotherm, then it is equally
plausible that the PSD is unimodal, bimodal (e.g., & = 10) or tetramodal in shape. One
criterion that has been suggested for selecting the ‘“correct” PSD is to accept the
smoothest distribution (i.e., largest value of @) to within the experimental error of the
isotherm measurement [47]. To avoid confusion in comparing PSD results, the numerical
method employed to solve for the PSD, and the type of regularization, if any,

implemented to smooth the PSD, should both be clearly identified.

The slit pore model in conjunction with the concept of the pore size distribution is
convenient to use, but is a crude model that omits many important effects present in
disordered porous carbons; connectivity, edge effects, curved and defective graphene
sheets, chemical groups attached to the carbon surfaces, wedge- and other shaped pores,

etc.
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Figure 1.2. PSDs obtained for methane adsorption in square model carbon pores using
molecular simulation to interpret an activated carbon isotherm. PSD results are shown for
regularization smoothing parameter values of 1 (solid line), 10 (open circles), 100 (open

diamonds), 600 (filled circles), and 800 (filled diamonds). From reference [47].

1.3.3  Other simple geometric models

Although the slit pore model is the most commonly used simple geometric model for
activated carbons, other pore shapes have also been studied. As mentioned above, the
models for graphene layers shown in Table 1.2 can be easily arranged to obtain the

desired shape.

Bojan and Steele [37] performed Monte Carlo simulations to study the sorption of Ar at

90 K in pores with rectangular cross-sections. They modeled each pore wall as a stack of

20



parallel semi-infinite smooth graphene layers (see Figure 1.3). They fixed one of the
dimensions of the rectangle while changing the other one. They showed that the
adsorption in these pores could be understood in terms of adsorption in a heterogeneous
surface. The corners, which approximate one-dimensional systems, are very strong
adsorption sites. On the other hand, the walls are weaker adsorption sites. They pointed
out that the stronger adsorption in the corners could complicate the determination of the
pore size distribution of a real porous solid by comparing the experimental adsorption

isotherm with the ones obtained from simulation in slit pore models.
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Figure 1.3. Pore with rectangular cross-section. The pore walls are made up of semi-

infinite smooth graphene segments. See Table 1.2 for reference.

Davies and Seaton [47] have also studied the effects of the model pore shape on the
characterization of microporous carbons by means of the pore size distribution. Like
Bojan and Steele [37], they performed simulations in pores with rectangular cross-

sections. However, they modeled the pore walls as stacks of truncated smooth graphene
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layers (see Figure 1.4) They performed GCMC simulations to produce methane
adsorption isotherms at 308 K in these pore models with different dimensions. They then
used the simulated isotherms to obtain the pore size distribution from the experimental
isotherm of a real porous carbon. Finally, they compared this pore size distribution to one
obtained using adsorption isotherms generated in a slit pore model and concluded that the
real pore size distribution will be flatter and moved to larger pore sizes than the one

determined using the slit pore model.

Figure 1.4. Pore with rectangular cross-section. The pore walls are made up of truncated

smooth graphene segments. See Table 1.2 for reference.

Bojan, van Slooten and Steele [48] studied the storage of methane in microporous
carbons. They performed molecular dynamics simulation of methane in pores with
triangular cross-section. They modeled the pore walls as stacks of infinite smooth
graphene layers (see Figure 1.5) The idea behind the model is that partially graphitized
carbon black often has pore walls that have been deformed by cracking [48]. The

resulting pores have a cross-section close to a triangular shape. Therefore, the pores are
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idealized into isosceles triangles. They performed simulations for a range of apex angles
and base lengths. Modeling the pore walls as infinite graphite walls causes an

overlapping at the triangle corners, and therefore a somewhat strong interaction.

Figure 1.5. Pore with triangular cross-section. The pore walls are made up of infinite

smooth graphene segments. See Table 1.2 for reference.

It is sometimes useful to use a combination of corrugated and smooth graphene layers to
build pore models for studying specific features of adsorption in microporous carbons.
Maddox, Quirke and Gubbins [49,50] used Grand Canonical Molecular Dynamics
(GCMD) to study the adsorption of nitrogen at a junction between slit pores of different
widths for microporous carbons. In order to build the porous network, they used a hybrid
model of corrugated and smooth graphite walls (see Figure 1.6). The walls consist of an
underlying smooth graphite wall, superimposed on which were corrugated graphene
layers. In the cavity, only one corrugated graphene layer covered the smooth wall. In the
small pore region, two or three corrugated layers covered the smooth wall. They found

severe pore-blocking at low pressures for a range of sizes of the small pore region. The
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pore-blocking was due to the solidification of nitrogen in the small pore region initiated

by the energy barrier at the opening to the larger cavity.
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Figure 1.6. Slit pore junction model. See Table 1.2 for reference.

Turner and Quirke [51] also used a hybrid model of corrugated and smooth graphene
layers to study the effects of simple pit defects on an otherwise regular graphite surface
on nitrogen adsorption. They modeled the surface as a smooth infinite graphite wall with
one corrugated graphene layer superimposed on the wall (see Figure 1.7). In order to
create the defects, they removed rings of carbon atoms from the corrugated layers. They
studied nitrogen adsorption on this model surface for a range of sizes of the pit defects.
They also simulated nitrogen adsorption on “deep” and “stepped” defects built from two
corrugated layers superimposed on the graphite wall. They found that adsorption takes
place at the corners of the pit wall initially, followed by a secondary adsorption to fill the
pit. Finally, adsorption on the rest of the surface takes place. The pit defects cause the
adsorption to be enhanced at low pressures and reduced at high pressures, as compared to

adsorption on a regular graphite surface.
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Figure 1.7. Graphitic surface with pit defects. See Table 1.2 for reference.

A more realistic way to model the heterogeneity of nongraphitized carbon surfaces was
suggested by Bakaev [52]. He developed a model called “rumpled graphite basal plane”.
The model is obtained by squeezing a graphite basal plane using Molecular Dynamics
simulations. He used the empirical Tersoff potential to describe the interactions between
carbon atoms. The degree of squeezing is fixed to reproduce the features of the scattering
patterns of nongraphitized carbon black. He performed Grand Canonical Monte Carlo
simulations of nitrogen at 77 K on the resulting surfaces and compared the results with
averaged experimental data. The simulated results are in reasonably good agreement with

the experimental data, particularly in the BET pressure region.

The studies described above suggest that deviations from the slit pore geometry and the
graphite-like structure of the pore walls significantly change the behavior of confined
fluids. However, these conclusions can only be used in a qualitative way when trying to
predict the situation in real carbons, since a typical structure of these materials would
include a combination of these and other geometries connected in a very complex porous

network. In most cases, there is not a straightforward way to combine the type of results
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described above to accurately predict the adsorption of fluids in real carbons.

1.4 More realistic models for disordered porous carbons

1.4.1 Model of Segarra and Glandt

In 1994, Segarra and Glandt presented a model that attempted to describe the pore
topology of bulk microporous carbon in a simple fashion [53]. They modeled activated
carbons as a three-dimensional array of cylindrical platelets. Each of these platelets
represents a stack of graphene layers, or basal planes. Three parameters must be fixed in
order to determine the structure of the adsorbent model: thickness, radius, and number
density of the platelets. They assumed a monodisperse system in terms of these three
parameters. The structure of the adsorbent is that of a three-dimensional array of hard
disks in thermodynamic equilibrium, generated by canonical Monte Carlo simulations.
Figure 1.8 shows a typical assembly of discs in an equilibrated model. They fixed the
thickness of the platelets at 3.35 A, which corresponds to two basal planes per platelet

and generated different realizations with three platelet radii: 5 A, 7.5 A and 10 A.
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Figure 1.8. Structural representation of a fluid (spheres) adsorbed in the Segarra-Glandt
model. An assembly of graphitic platelets (cylinders) contains a distribution of dihedral
angles between the different carbon surfaces, as well as basal plane edges. From

reference [53].

They used grand canonical Monte Carlo to simulate the adsorption of methane in the
resulting models at 301.4 K, ethane at 300.0 K and a binary mixture of these gases at
300.0 K. As an approximation, the carbon disc is replaced by a continuum model in
which the carbon atoms are assumed to be distributed within the basal planes of the disc
with a uniform, continuous density. The total interaction energy between an adsorbate
molecule and each plane then depends on the axial distance the molecule is removed

from the surface, and the radial distance it is removed from the centre axis of the disc.
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The results for methane are shown in Figure 1.9. Their predictions underestimate the
isosteric heats of adsorption in the whole pressure range when compared to experimental
data. The adsorption isotherms are in qualitative agreement with experiments. They also
calculated the isosteric heat of adsorption at zero coverage and the adsorption second
virial coefficient by Monte Carlo integration. For all the platelet radii, these two
quantities were lower than the corresponding value for the BPL activated carbon
(obtained experimentally). This indicates that their computer-generated carbons are less

heterogeneous than the real material.

The Segarra-Glandt model includes significant improvements to the slit-pore model. The
disordered configuration of platelets produces a distribution of dihedral angles inducing
orientational disorder, which imparts energetic heterogeneity. It also incorporates
connectivity between the pores, as observed in the real system. These two are
characteristic features of activated carbons that are missing in the slit-pore model.
However, as the authors conclude, the geometric disorder featured in this model is not
enough to reproduce the energetic heterogeneity observed in real carbons. It does not
include local defects in graphene layers (as in rings of 5 or 7 carbon atoms), that are
responsible for the curvature of the plates. Additionally, all the platelets have the same
size and thickness. This model is a simplified reconstruction based on qualitative
observations of experimental structure data. Although it includes some quantitative
information, such as the separation between two graphene layers, it does not attempt to be

quantitatively consistent with structural information of the material trying to be modeled.

28



(a) (b)

Vi et | i et e s e i s-rr‘v*r:|
[ T T T T T T T T T T T T T T ] u ma= 5(-‘é
4+ . [ ea=75
C ° +)/4El 7 r o +a=100A 1
N a ‘1/ + ] ‘_\13 B \ o BPL Activated Carbon |
L o | — () B
—_ o —_ o
Lo3r o0 ° +/+/$ ] g L b, 9 - ]
§ r &£ +/ 1 ‘516— \“n —_—
=} ] + /+ : M
E 2 o +/ +/ a - |
E r a +/ = IS
~ = o . S14- S B
- ] -
S [ o : * i I \\"_\‘-o\a_
1+ / ma=50A N .. 4
L2 + ea=75A . S e w 1
o / +a=10.0A 1 12l %,
C 3/ o BPL Activated Carbon - f
0F Er | : OIDI o 'ﬂ\ q‘ 1l \1 \O.L_L .x_;_l.i;_hj J,‘{L(,)Li,
o L 4 i 10 I T 2I0 I T T | 3|O 1 . ( . l /_) .
a (mmoiles
Pressure/Atm :

Figure 1.9. Comparison of experimental and simulated adsorption isotherms (a), and
isosteric heats of adsorption (b) of methane at 301.4 K in model carbons of different

platelet radii. a is the platelet radius. From reference [53].

1.4.2  The chemically constrained model

Acharya et al. [54] have presented a model for nanoporous carbons based on chemical
constraints. This approach assumes that nanoporous carbons are made up of carbon and
hydrogen and that the carbon hybridization is all sp”, as in graphite. They developed a

program in which the user specifies the H/C ratio (number of hydrogen atoms per 100
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carbon atoms) and the number of atoms in the structure. The program generates structures
that satisfy these inputs and the constraint of sp® hybridization. In order to accomplish
this, the program first generates a series of fragments of graphene layers. The size of
these fragments is chosen so that the H/C ratio is close to the one specified by the user. A
different subroutine (SIGNATURE) identifies the unsaturated carbon atoms and creates
bonds between any two atoms in different fragments based on two criteria: (1) connection
of nearest unsaturated carbon atoms; and (2) connection of two unsaturated carbon atoms
irrespective of the distance between the atoms. SIGNATURE [55] is a program that
builds molecular structures that meet certain constraints by connecting together instances
of predefined molecular fragments and inter-fragment bonds. Those structures generated
not possessing a density close to the experimental value are discarded, and the remainder
are subject to further refinement to achieve structures with the desired atomic H/C ratio.
The further refinement involves removing hydrogens and creating five, six or seven
membered rings by establishing bonds between the resultant unsaturated carbon atoms.
This allows for the curvature observed in TEM pictures of many nanoporous carbons.
The structures are subject to energy minimisation prior to final analysis. Two different
strategies are adopted when implementing this structure refinement. The first, termed
one-step refinement, carries out energy minimisation after the final desired structure has
been generated. The second successive refinement strategy achieves the final energy
minimised structure by carrying out successive hydrogen-reducing/energy minimising

processes after a small adjustment in the H/C ratio.

30



Figure 1.10. Structural evolution of the carbon nanostructures as a function of the
decreasing H/C ratio (and consequently, increasing temperature). The sequence of images

is (a) to (d). From reference [54].

Acharya ef al. have used the method to build model structures of poly(furfuryl alcohol) at
various stages of carbonisation. Simple graphene sheets of m rows each of n hexagons
were used with a hydrogen atom removed to reveal an inter-fragment bonding site. Model
molecular structures of carbons prepared by carbonising poly(furfuryl alcohol) at a
particular temperature between 673 and 1073 K were generated by first selecting those

graphene fragments which possessed an atomic H/C ratio close to that measured for the
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carbon. SIGNATURE was then used to generate structures of either 500, 1500 or 2500
atoms with H/C ratio and percentage aromaticity equal to those specified as inputs to the
program. The resulting structures were refined using the one-step refinement and the
successive refinement strategies described above. The densities achieved by the two
methods were essentially the same. However, the successive refinement method allowed

the building of structures of low H/C ratios, where as the one-step method did not.

Example structures at four different H/C ratios are shown in Figure 1.10. As can be seen,
the presence of the five and seven member rings in the otherwise benzoid structures allow
the generation of both convex and concave surfaces which have been observed
experimentally for immature carbons [56]. As observed in reality for these carbons, the
density of the 500 and 1500 atom structures usually increase as the H/C ratio decreases;
this trend does not hold for the 2500 atom structures, however, which did not perform
well, most likely due to computational limitations. Acharya et al. also found that
structures with low H/C ratios do not relax even after extensive energy minimisation,
most likely due to a combination of excessive cross-linking and, once again,
computational limitations. The C-C pair distribution function for model structures at two
different “preparation temperatures” are shown in Figure 1.11, in addition to that of
graphene. This diagram shows that the extent of order decreases as the degree of

carbonization increases, which runs counter to that observed experimentally [57].
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Figure 1.11. Radial distribution functions for two of the evolving structures shown in
Figure 1.10. The simulated distribution for a single graphene sheet is also shown for

comparison. From reference [54].

The way in which the models are generated allows for the formation of local defects that
are responsible for the curvature observed in TEM pictures of several nanoporous
carbons. However, in this approach it is necessary to assume the structure of the
fragments that are part of the resulting structures. The authors assumed these fragments to
be fractions of graphene layers. For carbons formed at low Heat Treatment Temperature
(HTT), the H/C ratio is quite large. This H/C ratio is the input to the program and, when
it is large, it results in a relatively low number of carbon-carbon bonds formed between
different fragments. Thus, the resulting structure is made up of small perfect graphene-
like segments with little cross-linking; almost all segments are made up of six-membered

rings. In an experimental study performed by the same group [57], neutron diffraction
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along with TEM micrographs from a previous study [56] evidence the presence of very
distorted plates in nanoporous carbons manufactured at low HTT. This puts in jeopardy

the use of small graphene-like segments used in the chemically constrained approach.

1.4.3 Reverse Monte Carlo model

The RMC method has been useful in studying amorphous hydrogenated carbons [58, 59],
glassy carbons [60] and many other disordered systems such as molten germanium,
amorphous magnetic metals, disordered crystalline Pb, and doped AgPO; glasses [61]. It
has also been applied to study the sructure of liquids, including water [62]. Recently, a
molecular dynamics analogue of the RMC method has been reported by Toth and

Baranyai [63].

The first model that explicitly attempted to reproduce experimental structure data of real
porous carbons was presented by Thomson and Gubbins [64]. In this work, they used
reverse Monte Carlo methods to minimize the difference between the radial distribution
function of the simulated structure and the experimental radial distribution function
obtained from small angle X-ray scattering (SAXS) and X-ray diffraction data of an
activated mesocarbon microbead. They used the following constraints: (1) any atom can
only have two or three neighbors, (2) all the interatomic distances are 1.42 A, (3) all the
bond angles are 120°. When these three constraints are applied together, basic carbon

units, or plates, can be defined. These plates are rigid aromatic sheets of sp>-bonded
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carbon, which resemble the structure of segments of graphene layers. They included three
types of stochastic moves: (1) plate translation/rotation, (2) ring creation/annihilation, and
(3) plate creation/annihilation. Only those moves that improve the fit to the experimental

radial distribution function are accepted.

Figure 1.12. Structural representation of the converged RMC [a-MCMB] carbon
microbead structure. The spheres represent carbon atoms which are shown at a scale

much less than their van der Waals radii for reasons of clarity. From reference [64].

In their resulting models, the graphene segments are roughly aligned (see Figure 1.12).
However, their shape, size and relative angles of tilt are different. The match between the

simulated and the experimental g(r) is almost perfect for interatomic distances greater

35



than 5 A (see Figure 1.13). However, deviations occur at smaller distances. Two possible
reasons for this discrepancy are: (1) truncation errors in the Fourier transform of the
experimental structure factor to obtain the radial distribution function, and (2) overly
rigid constraints on the reverse Monte Carlo platelet shape. A better fit may be achieved
by allowing the formation of defects in the form of non-aromatic rings and heteroatoms.
While the reverse Monte Carlo model of Thomson and Gubbins is reasonable for many
graphitisable carbons, the use of graphene microcrystals as the basic units fails to account
for ring defects and non-aromatic rings that are important in many activated carbons used

in adsorption applications [65].
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Figure 1.13. C-C radial distribution functions for the [a-MCMB] carbon microbead
structure. The experimental RDF (solid line), the simulated, converged RDF (long-

dashed line), and the initial simulated RDF (dotted line) are shown. The numbers indicate

the different peaks of the RDF. From reference [64].
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1.5 Conclusions and rationale of our work

The structural models available for porous carbons can be roughly divided into two
classes: simple geometric models, such as collections of slit- or wedge-shaped pores, and
more complex models in which more realistic features such as pore connectivity,
tortuosity, curved and defective carbon sheets, are included. The simple geometric
models are easy to apply and can give a good account of adsorption when the pore size
distribution is fitted to experimental data. Such models are now incorporated into the
software of most sorptometers, and are used to estimate surface areas and pore size
distributions. However, such models omit many important features of porous carbons
structure, including pore connectivity, tortuosity, variations in pore shape, chemical
heterogeneity of the surfaces, etc. Therefore, such models may give poor results even for
adsorption if extrapolated to temperatures or adsorbate gases far from the region of fit.
They are particularly poor in representing diffusion in carbons, where connectivity,
tortuosity and surface heterogeneity have a large influence on the diffusive flux.
Diffusion rates calculated using slit pore models can be in error by an order of magnitude

Oor more€.

In the last few years, several more realistic models have been proposed, which attempt to
include connectivity, variations in pore morphology, defective ring structures and curved

carbon plates, and so on. These more complex models include the chemically constrained
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model and reverse Monte Carlo models. None of these models are yet fully developed or
tested, but they offer the prospect of considerably more sophisticated and accurate
modeling of carbons. What is needed are carefully designed efforts to test and refine
these models through collaborative research programs involving complementary
experimental and modeling studies. Eventually, it should be possible to replace the
simple geometric models by the more complex models in practical applications, such as

predictions of adsorption, separations, diffusion rates, etc.

The existing structural models are mostly of the reconstructive type, in which the model
is constructed based on experimental structural data. This is a result of the complex and
poorly understood synthesis of the carbons. The synthetic process involves many
chemical reactions, the details of which are largely unknown, and the final carbon
structures are not equilibrium ones. Mimetic simulation methods, in which the synthesis
is modeled using molecular or ab initio simulations, has been successfully used for some
other porous materials, e.g., porous glasses [66,67] and MCM-41 [6]. Such approaches
are desirable since they can produce unique and physically realistic structures. Moreover,
they offer insight into the synthetic route itself, and may suggest ways to improve it. At
first sight, it would seem hopeless to attempt mimetic methods to simulate the entire
synthetic process for activated carbons. Some attempts to model a part of the synthetic
process using mimetic ab initio methods have been made (e.g., [68]). At present,
however, the limited computing resources make it impossible to simulate the entire

process with the required length and time scales, using ab initio methods. An alternative
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could be the use of semi-empirical potentials that speed up the calculations. Nevertheless,
although reasonably successful reactive bond-order potentials exist for carbon (e.g., [69]),
there is still a need of such potentials for the interaction of carbon with heteroatoms (e.g.,
oxygen). Even if the limitations posed by the available computing resources could be
overcome, there would still be additional problems, such as the characterization of the
precursors, which are chemically heterogeneous. Therefore, the application of mimetic
simulation methods for modeling of disordered porous carbons is not feasible at present;
modeling efforts should be aimed at developing new and improved reconstruction

methods.
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Chapter 2

New Constrained Reverse Monte Carlo Method

We have developed a reconstruction method, which has been published elsewhere [1],
based on reverse Monte Carlo [2] and simulated annealing [3]. The goal is to produce
three dimensional configurations of carbon atoms that match experimental structure data
(diffraction spectra, density, and composition), and provide realistic molecular models for

a wide range of porous carbons.

2.1 The original reverse Monte Carlo method

The reverse Monte Carlo method was originally proposed by McGreevy and Putszai [2].
The goal is to produce an atomic configuration that is consistent with a set of
experimental data. The method consists of changing the atomic positions of some initial
atomic configuration through a stochastic procedure. The initial configuration may have
either some random structure, or a structure generated with some previous knowledge
about the material that is being modeled. Using the Metropolis algorithm, changes in the
atomic configuration, or moves, are accepted or rejected based on the agreement between
some simulated structural property and a corresponding experimentally determined

target. Throughout the simulation, the differences between the simulated and the target
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functions are minimized. The most commonly used structural properties in reverse Monte
Carlo methods are the structure factor, S(g) and the pair correlation function, g(r). If g(r)

is used as the target function, the quantity to be minimized is:

2

) Z[gm (7)) =& ()]

y == > (2.1)

Ny

> [ 8 (1)]

i=1

where neyp is the number of experimental points, ggn(7;) is the simulated g(7) and ge.,(7;)
is the experimental g(r) evaluated at r;. After each move, the quantity ;f is calculated.

The move is accepted with a probability P,.., given by

x

where the subscripts o/d and new indicate before and after the move, respectively, and T,
is a weighting parameter or effective temperature, which determines the number of

accepted moves.

In the original method [2], ;{2 is defined as follows

2
exp

2= 2 (5) =8 ()] (2.3)

i=1

n

and T is set equal to the average experimental error. Alternatively, T, is set to unity and
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% is calculated as follows

7= : (2.4)

where O'exp2 is the experimental error. Although this weighting by /0_2 (1
exp \'i

) 1s sensible,
since it suggests that the fitting should be better for » values with lower experimental
error, it does not have any rigorous foundations. As we point out below, the parameter 7

can be gradually changed during the simulation to improve the convergence of the

reverse Monte Carlo method.

2.2 Uniqueness of reverse Monte Carlo and constraints

In the case of a bulk fluid, a configuration obtained from reverse Monte Carlo that is
consistent with the experimentally determined pair correlation function of a real liquid,
does not necessarily have the same higher-order correlation functions of the real liquid.
Similarly, a model of an amorphous solid generated with reverse Monte Carlo will not
necessarily predict any structural information other than the pair correlation function. The
answer to whether or not a configuration obtained by reverse Monte Carlo is unique is
implicit in the uniqueness theorem of statistical mechanics [4]. For systems in which the
potential is pairwise additive, it can be shown that for a given pair correlation function
there is one and only one pairwise potential, and this potential uniquely determines all the

higher-order correlation functions [5,6]; in this case reverse Monte Carlo would, in
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principle at least, give a unique structure. However, the forces acting on carbon atoms in
porous carbons do not correspond to pairwise potentials, in particular due to chemical
bonding. Thus, there are angular contributions to the interaction potential that are, by
definition, many-body interactions. When three-body forces are present, we can show
that for a given set of a pair correlation function and a three-body correlation function, all
the higher-order correlation functions are determined [5,6]. Therefore, assuming that only
two- and three-body forces are important in disordered porous carbons, we use the pair
correlation function together with a set of simple expressions that describes the three-

body correlations in order to completely specify the structure of the system [7].

We assume that many carbon atoms in our model have sp® hybridization and thus, a total
coordination number of 3, meaning that each carbon atom is bonded to three atoms

(carbon or other elements). The carbon coordination number, 7, is the number of carbon
atoms to which a given carbon atom is bonded; and the average carbon coordination

number, <nc> , may be estimated from the experimental composition (hydrogen-to-carbon

or H/C and oxygen-to-carbon or O/C ratios) of the carbon. Graphite is made up of carbon
atoms only; its carbon coordination number is equal to 3, the total coordination number
of sp” carbon. If different elements, such as hydrogen and oxygen, are present in the
material the carbon coordination number will be less than 3. For example, if the precursor
of the porous carbon is a carbohydrate, then oxygen, carbon, and hydrogen will be
present, and we can use the H/C and O/C ratios (composition data) to calculate the

average carbon coordination number. To estimate this parameter from the composition
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data, however, it is necessary to describe the chemistry or, in other words, specify what
functional groups are present in the material. The hydrogen atoms that are not part of a
functional group are bonded to a carbon atom. We derived expressions for the average
carbon coordination number as a function of the H/C and O/C ratios, and the functional
groups present in the system (see Table 2.1). Assuming that the fraction of atoms with
carbon coordination number of one is negligible, we can calculate the fraction of atoms

with carbon coordination number of 3 using the following expression:
N,
B_(nV-2 2.5
N (n.) (2.5)

where N; is the number of carbon atoms with carbon coordination number of 3 and N is
the total number of carbon atoms in the system. We can then use this quantity, estimated
from experimental composition data, as the target to constrain the carbon coordination

number in the model by minimizing the parameter &, where:
N. N. ’
5 = (_j _(_3j 2.6)
N sim N target

The simulated fraction of atoms with carbon coordination of 3 is easily calculated by
counting how many carbon atoms in the simulation box have three neighbors at a
distance between a minimum and a maximum bond length, equal to the distances at

which the first peak in the pair correlation function begins and ends, respectively.
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To describe the bond angles, we assume that the angular contribution to the potential
energy is proportional to the sum over all C-C-C bond angles of the squared difference
between the cosine of the actual bond angle and the cosine of the equilibrium bond angle,
which is 120° for sp” hybridization. This dependence of the potential energy with bond
angle is consistent with bond order potentials (e.g. Tersoff and Brenner potentials) [8-10].
The same functional form for the angular contribution to the potential energy has been
used before for a reconstruction procedure to solve the structures of zeolites [11]. The
order parameter that describes the bond angle constraint is thus given by the following

expression:

v’ :ii{cos(@i)—cos(%ﬂ (2.7)

Ny i1

where 6, are the different bond angles in radians, and ng is the total number of bond

angles.

In summary, the goal of our reconstruction method is to simultaneously minimize three
order parameters: the usual ;/, given by equation (2.1), along with §> and w”. In this
way, we will build configurations of carbon atoms that have the same pair correlation
function as the real material, and bond angles and coordination number consistent with
the experimental composition and the assumption of sp” hybridization. If only two- and
three-body interactions are important in the system, and the three-body interactions can

be described with the set of expressions that we describe above, the uniqueness theorem
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of statistical mechanics states that the resulting structures will be unique.

Table 2.1. Average carbon coordination numbers for porous carbons with different

functional groups.

Functional group Structural formula <”C>
No functional groups -
;Q/\?[ 3-H/C
Phenolic S
@ 3-H/C
Peroxide HO__
3—-H/C
/ 4

0
Carboxylic OH
I

o
)ﬁ/\o 1
o 3—EO/C—H/C

Carbonyl !
Q 3-0/C-H/C

o}
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Table 2.1 (continued)

Ketene :
3— O/ C- H/ C
C
(II)
Lactonic g .7
~
3
XY 3— 5 O/ C- H/ C
Ether bridge =
b4
- \ 3-2 O/ C- H/ C
Cyclic Ether o. O
| | |
3-2 O/ C- H/ C
Dioxin o
(X
" 3-2 O/ C- H/ C
P
yran A~
NN 3-2 O/ C- H/ C
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2.3 Simulated annealing and reverse Monte Carlo

As we mentioned in 2.1, the weighting parameter or effective temperature 7, in the
reverse Monte Carlo method, is usually set equal to the experimental error. However, this
does not have any fundamental basis, and it may be changed to any arbitrary value. In
fact, we can change the effective temperature in the frame of the simulated annealing
technique to increase the chances of finding the global minimum of the cost function,
instead of a local minimum. Simulated annealing has been successfully used in other

reverse Monte Carlo procedures (e.g. [12]).

Simulated annealing is a minimization technique based on the analogy between
minimizing a cost function in a combinatorial optimization problem and the slow cooling
of a solid in statistical mechanics [3]. Replacing the energy with the cost function that
one wants to optimize, it is straightforward to use the Metropolis algorithm to
stochastically change the independent variables that determine the cost function and
generate a group of configurations at some effective temperature. The simulated
annealing technique consists of first melting the system to be optimized by increasing the
effective temperature and then slowly lowering the effective temperature until the system
freezes and no further changes occur. The initial and final temperatures along with the
rate of temperature reduction are called the annealing schedule. At each temperature, the

simulation must proceed for sufficiently long so that the system is equilibrated.

We minimize a linear combination of the cost functions, ¥, ¥ and & using simulated
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annealing [3]. The procedure is as follows. We assign weightings 7,, T, and Ts to the
functions 3/, ¥ and &, respectively. We then fix the parameters T,/ T, and Ts/ T,,
which determine the relative weight of the three order parameters in the total cost
function. These weighting parameters are chosen with a trial-and-error procedure so that
satisfactory values of the order parameters are obtained. We have found that the resulting
structures are not very sensitive to the specific values of the weighting parameters.
Typical values are T,/ T),= 3 and Ts/ T,= 2. We then place a number of carbon atoms at
random positions in a simulation box. The density of the system is equal to the density of
the real material at the length scale of the simulation box (excluding macropores),
obtained from mercury porosimetry results. The simulation starts at a high temperature
T,. The functions 2, v and & are calculated. An atom is then randomly selected and
displaced to a new position and the functions ;/ , ¥/ and & are calculated for the new

configuration. The move is accepted with a probability:

Pacc = min 17 eXp _TL (ljew _Zfld ) + 77 (l//jew _l/ljld ) +7*5L(5nzew - 502[d) (28)
X v
T, %

X

The system runs at this temperature for a number of random moves. This is called an
annealing step. At the end of each annealing step, the temperature 7, is multiplied by a
constant between zero and one and the simulation proceeds to the next annealing step at

this new temperature. The initial temperature is given a high enough value so that nearly

54



all the moves are accepted. This ensures that the resulting model does not depend on the
initial configuration. The simulation is completed when no significant changes in the
three functions to be minimized are observed. Many criteria have been developed for
choosing an appropriate annealing rate [13]. In this work, we fix the temperature of an

annealing step as 90% of the temperature of the previous annealing step.

It is important to point out that simulated annealing is used as a minimization technique,
and not as a mimetic simulation of carbonization. We do not intend to study the
mechanisms of the pyrolisis process. Therefore, there is no connection between the

effective temperature, 7,, and the absolute temperature in a carbonization process.

2.4 Obtaining the pair correlation function from diffraction experiments

In the original reverse Monte Carlo method [2], the pair correlation function or the
structure factor is calculated after each random move (Ssim(q) or gsm(7)) and compared to
the respective target function obtained from experimental diffraction data (Se,(g) or
Zexp(7)), using for example equation (2.1) if the experimental pair correlation function is

being used as the target function.

It is possible to calculate Sy;,(g) with full periodicity from the atomic positions by using

(2.9)

N oo
Z“
=1

27zN
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where g = 27z(h,k,l )/ L for integers h,k,1; 77j is the position of atom ;j and L is the size of

the simulation box. This method is best in principle [14], and we have applied it in
previous works [15,16], but the computational cost is much greater than for any of the

other available methods explained below.

It is also possible to obtain Sy;u(g) by first calculating gy;,(7) from the atomic positions,

and then Fourier transforming this function to calculate Sg;n(q):

sin(gr)
qr

S(q) :1+]ip4ﬂ'rz(g(r)—l) dr (2.10)
0
The disadvantage of this approach is that there is an additional computational cost
associated with the Fourier transform of gy, (7) after each move. An alternative approach
i1s to use gey(7) as the target function in the reverse Monte Carlo simulations. The
analysis of the experimental diffraction data to obtain S.,(g) from the intensity
measurements involves a sequence of corrections that are generally well understood. In
order to obtain g..,(r), however, it is necessary to take the inverse Fourier transform of
Sexp(q). This operation is particularly vulnerable to the limitations of the experimental
data [14-18]. For example, S.,(q) is obtained up to a maximum value of ¢, at which there
may still be oscillations. Since the Fourier transform involves an integral over g from
zero to infinity, this limitation yields truncation errors that are reflected in the resulting

Zexp(7). Therefore, direct Fourier transform of S,,(g) to obtain g..,(r) is not desirable.
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A way around this problem is the so-called Monte Carlo g(r) (MCGR) method [17,18],
originally proposed by Soper [17]. MCGR is an inverse method, rather than a direct
Fourier transform. It has been successfully applied in other reverse Monte Carlo studies
[19]. The idea is to randomly modify a numerical g(r) until its Fourier transform is
consistent with Se.,(q). The procedure is analogous to a one-dimensional reverse Monte
Carlo scheme [14]. Since the numerical g(r) can be generated for arbitrarily large
interatomic distances, limited only by the experimental g resolution, truncation errors are
avoided in the Fourier transform. The resulting g(7) can be used as g..,(r) in the reverse
Monte Carlo procedure (instead of S.x,(g)), significantly reducing the computational cost
and thus allowing the study of larger systems. To implement this method, we use a
slightly modified version of the code provided in the World Wide Web [20]. The basic
algorithm is as follows:

old

1. Assume a calculated g(r), g.”“(r). For example,

chld (7’) = Ovr S rmin
g (r)=Vr>r,

where 7, 1s the estimated closest approach distance between two atoms.

2. Fourier transform g.°(r) using equation (2.10) to obtain S.”“(g).

3. Calculate the sum of the squared differences between the calculated and the

experimental structure factor,
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1 == (2.11)

where n,y, 1s the number of experimental points and o'is an adjustable parameter. The
authors suggest that the later may be an estimate of the experimental error.

4. Change gc(’ld(r) by adding or subtracting a gaussian function to gc(’ld(r) at a randomly
chosen r point. Changing the function by a gaussian ensures that the resulting
function is smooth.

new

5. Fourier transform the new g.(), g." (r), using equation (2.10) and calculate ;/ Hew-s
using equation (2.11).
6. Accept the move with a probability given by equation (2.2). If the move is accepted,
2. (r) becomes g.”(r).
7. Repeat from step 4.
As the simulation proceeds, the differences between the calculated and the experimental
structure factor are minimized until #* reaches an equilibrium value about which it
oscillates. Multiple g.(7)’s are collected and averaged to obtain the final result, g.,(7). As
explained in [21], the following constraints are applied in the original algorithm [20]:
e Zero constraint. g.(r) is equal to zero between r=0 and r=r,,, where ry;, is the
estimated closest approach distance between two atoms.
e Positivity constraint. g.(r) is positive.

e Smoothing constraint: g.(r) is smooth. The best method to implement this constraint

is to modify g.(r) by adding or subtracting gaussian functions [21].
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e Coordination constraint. The coordination number obtained from integrating the
first peak of g.(r) may be set to an arbitrary value. In this work, we choose this
value to be equal to the average carbon coordination number to be consistent with
the coordination constraint described in section 2.2. The constraint is imposed using

the following equation:

Tingx

I 4ﬂpr2gc(r)dr=<nc> (2.12)

Tmin

where 7, and 7,4, are the minimum and maximum bond length, or the interatomic

distances at which the first peak in g.(r) begins and ends, respectively.

2.5 Discussion and conclusions

We have developed a new constrained reverse Monte Carlo method for structural
modeling of porous carbons. As in the original reverse Monte Carlo method, the idea of
the simulation procedure is to stochastically change the atomic positions of a system of
carbon atoms to minimize the differences between the simulated and the target, or
experimental, radial distribution functions. Naively minimizing the differences between
the simulated and the experimental structure factor for a system in which many-body
interactions are important would produce an infinite number of possible solutions, the
majority of them with no physical significance. For this type of system, the application of

reverse Monte Carlo methods entails carefully selecting a number of constraints. In this
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respect, the uniqueness theorem of statistical mechanics plays a central role in
constructing reverse Monte Carlo procedures that give reliable and realistic structures. In
the first application of reverse Monte Carlo for structural modeling of porous carbons
[22], Thomson and Gubbins applied rigid constraints, fixing the bond angle and bond
length to specific values. This approach is sensible for organized carbons in which the
structure is highly graphitic. For more disordered carbons, such as the ones studied in this
work, rigid constraints are not appropriate since they do not allow the formation of five-
or seven-member rings, or other complex structures that are characteristic of these
materials. We propose the use of softer constraints that allow a distribution of bond
angles and bond lengths. These softer constraints allow for the formation of complex
structures that are responsible for the morphological features observed in TEM images.
The constraints that we apply, like the ones applied in the previous work [22], assume
that most carbon atoms have sp” hybridization. For carbons with a high fraction of sp’
hybridized carbons, such as diamond-like amorphous carbons, the angle and coordination

constraint may be changed accordingly.

Although hetero-atoms such as hydrogen and oxygen are not explicitly included, their
effect on the structure of the carbon network is implicitly taken into account in the
reconstruction method. The coordination constraint relies on the experimental
composition and the functional groups present in the material. Different compositions or
different chemistries will produce different structures. Our method, however, does not

determine the position of the hetero-atoms in the resulting models. We are currently
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working on algorithms for assigning positions to hetero-atoms in the resulting models,
based on the coordination and environment of each carbon atom. We are planning to
structurally characterize the models with hetero-atoms and perform molecular

simulations of adsorption of simple fluids and water.

The functional form of the parameter related to the angle constraint is consistent with the
functional form of the angular contribution in bond-order potentials. However, since a
fully realistic inter-atomic potential is not being used, it is not guaranteed that the
resulting models are in a thermodynamically stable or metastable state. This is not
particular to our method, but applies to any reconstruction procedure. We plan to relax
the resulting models with Hamiltonians that are appropriate to model these systems. At
least two alternatives are possible. One is tight-binding molecular dynamics, similar to
the work of Rosato et al. [12], in which reverse Monte Carlo was used for generating
initial structures to perform tight-binding molecular dynamics simulations of amorphous
carbons. It is impossible to predict how stable our models are, based on the results of
Rosato et al., since the constraints applied in both reverse Monte Carlo procedures are
different (e.g., Rosato et al. did not use a bond angle constraint). The other alternative is
relaxing the system with molecular dynamics simulations using a semi-empirical bond-

order potential (such as the Brenner potential [8]).
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Chapter 3

Structural Models for a Series

of Disordered Porous Carbons

3.1 Introduction

The purpose of the work described in this chapter, published elsewhere [1], is to apply
our constrained reverse Monte Carlo method (see Chapter 2) to build molecular-level
models of a series of disordered carbons. Another objective is to test these models against
independent experimental structure data. We also intend to show that the idea of a pore
size distribution may be inappropriate to predict or interpret adsorption behavior in highly

disordered porous carbons.

We use our method to build models of two saccharose-based carbons. To test the model,
we simulate TEM images of the resulting structures and compare them with experimental
TEM images. We then characterize the resulting models, and perform Grand Canonical
Monte Carlo simulations of adsorption for a Lennard-Jones model of nitrogen at 77K to
obtain the nitrogen adsorption isotherm and the isosteric heat of adsorption at this

temperature. We analyze the data and discuss the relationship between the simulation
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results and the solid-fluid energy distribution, and the implications of trying to predict the

adsorption behavior using the pore size distribution.

3.2 Experiment

The initial semi-coke was obtained by pyrolyzing pure saccharose (C;2H2,0;1) up to
400°C; this sample was named CS400. This semi-coke was then heated at 1000°C under

nitrogen flow with a heating rate of 4°C.min™" to obtain the CS1000 sample.

Small Angle X-ray Scattering (SAXS) experiments were carried out under pinhole
collimation by using a 12kW Rigaku rotating anode X-Ray generator. The sample-to-
detector distance was 300 mm and the wavelength was 1.54 A. Intensities were recorded
with an Elphyse linear Ar-CO, sensitive position detector in the g-range 0.02-0.7 A™.
During SAXS acquisitions, the saccharose carbon powders were held between two mylar

windows inside a Smm diameter hole, pierced in a brass plate.

We recorded the X-ray diffraction (XRD) patterns by using a curved position sensitive
detector (INEL CPS 120) with the Mokq wavelength (A = 0.70926 A) In transmission
geometry. With this configuration, we are able to obtain the range ¢ = 0.23 A to 14 A™.
Long times of exposure were needed to perform the measurements for large g values. We

recorded the capillary contribution and subtracted it during the analysis.
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Since we were able to obtain a good overlap between XRD and SAXS records over the
range Ag = 0.55 A, we matched the two patterns in the region of overlap and obtained
the experimental intensities over the extended g-range 0.02-14 A™'. After correction for
absorption and polarization, the resulting intensities /(g) must be normalized to calculate
the structure factor S(g) following the procedure described by Franklin [2]. The
normalization process is based on the conservation of the intensity, which states that the
total scattering over identical regions of the reciprocal space will be equal despite
different degrees of lattice order [3]. Thus, the total scattering per unit volume of a

carbonaceous powder is the same as a gas of two carbon atoms:

1 7, 1 7, 2 2
Mzgq I(Q)dq=2”2£q (212 (9)+2f;.(q))dq (3.1)

where f.on(q) and fi..(q) are the coherent and incoherent atomic scattering factors,
respectively, tabulated for a carbon atom. After normalization and subtraction of the
incoherent contribution, the normalized coherent diffracted intensity /y (g) is obtained. At
large g-values, where diffraction effects are negligible, Iy(q) tends to 2fwh2 . For our
samples, oscillations are still present on the diffraction profiles at the largest experimental
g-value. Thus, this property may not be used accurately as a criterion for the
normalization, and the use of the conservation of intensity is more suitable. Finally, the

structure factor, S(g), is obtained by dividing Iy(g) by 2f.o” [4].

We measured the composition of the two materials (H/C and O/C ratios) by elementary
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analysis from the composition of combustion gases. H/C and O/C ratios allow us to
estimate the average carbon coordination number and the number of carbon atoms in the
simulation box. We measured the densities of the samples by using Hg-porosimetry
(Micromeritics PoreSizer 9320). In the following, we will call skeletal density the value
of density with a sample volume calculated when the mercury, after filling the
intergranular voids, enters the pores larger than approximately 3nm. Atomic composition

and skeletal Hg density are presented in Table 3.1.

Table 3.1. Experimental densities and compositions.

H/C o/C Hg p (g/ml)
CS400 0.53 0.123 1.275
CS1000 0.15 0.041 1.584

Structure (organization at the atomic scale) and microtexture (spatial distribution of the
aromatic layers) can be directly imaged by TEM thanks to its high resolution mode
(HRTEM mode). The profile of the stacked aromatic layers are imaged by the fringes due
to the interferences between the direct 000 beam and the 002 beams, diffracted by
stacked graphene planes, whereas the ‘single’ (non-stacked) layers can be detected
through an absorption contrast. We carried out the HRTEM observations using a Philips

CM20 instrument operating at 200kV (resolution in the lattice fringe mode: 0.144 nm).
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For HRTEM observations, a sample of a few milligrams was milled and ultrasonically
dispersed in anhydrous ethanol. A drop of this suspension was deposited on a TEM grid
covered with a lacey amorphous carbon film. All the samples studied in this work are
characterised by a very low structural order. Consequently, only the thinnest edges of the
particles (< 10 nm) lying across the holes were studied in order to avoid the background
noise due to electrons scattered by the supporting film and to limit superimpositions due
to the TEM image formation. Thus, artifacts such as apparent continuity or crossing of

fringes due to planes placed at two different positions may be avoided.

3.3 Resulting structural models

We used our reconstruction method to build structural models of the two carbons
described in section 3.2, CS400 and CS1000. Using the density and composition results
shown in Table 3.1, we calculated the density of carbon atoms in both samples, as well as
the target fraction of carbon atoms with carbon coordination number of 3. The results are

presented in Table 3.2.
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Table 3.2. Density of carbon atoms and fraction of atoms with carbon coordination

number of 3.
pc (atoms/A’) N,
N
CS400 0.05290 0.22
CS1000 0.07424 0.77

We applied the MCGR method to extract the pair correlation functions from the
experimental structure factors shown in Figure 3.1 and Figure 3.2 (bold lines). The
resulting pair correlation functions and the corresponding structure factors are shown in
Figure 3.3 and Figure 3.4 (solid lines), and Figure 3.1 and Figure 3.2 (thin lines),
respectively. The MCGR structure factors are in very good agreement with the
experimental data. The deviations can be attributed to statistical errors in the structure
factor data and in other experimental measurements that directly determine the
coordination constraint used in the MCGR procedure, e.g. density, H/C and O/C ratios.
The peaks of the calculated structure factors are in the same positions as the experimental
peaks and the deviations are not systematic. The peaks in the pair correlation functions
(Figure 3.3 and Figure 3.4) are in similar positions to those observed in the pair
correlation function of graphite. The peaks of the pair correlation function of CS1000 are
more pronounced than those for CS400, indicating that higher pyrolysis temperatures

produce more ordered structures, and larger graphene segments. We observed that when
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the structure factor data is included up to only 7.5 A™ in the MCGR procedure, important
structural features are lost in the pair correlation function. If the structure factor is
included up to 10 A™!, however, all the main features are included in the resulting pair
correlation function. In fact, our results for CS1000 are in excellent agreement with the
pair correlation function calculated for the same material in an independent study [5]

from structure factor data obtained for g-values up to 24 A", using synchrotron radiation.

S(q)

q (1/A)

Figure 3.1. Structure factors of the saccharose-based carbon CS400 obtained from

diffraction experiments (bold line) and MCGR fit (thin line).
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Figure 3.2. Same as Figure 3.1 for CS1000.

We used the pair correlation functions obtained by the MCGR method shown in Figure
3.3 and Figure 3.4 (solid lines) as the target functions in our reconstruction method. The
simulation boxes are cubic and 50 A long. We applied periodic boundary conditions and
minimum image convention to calculate the interatomic distances. Each annealing step
consisted of 32 MC moves/atom, for a total of 4800 MC moves/atom. We fixed the
temperature of an annealing step as 90% of the temperature of the previous annealing
step. During the simulations, we changed the maximum atomic displacement to set the

acceptance ratio to 40%.
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Figure 3.3. Pair correlation functions of the saccharose-based carbon CS400 obtained

with MCGR (solid line) and reconstruction method (dashed line).
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Figure 3.4. Same as Figure 3.3 for CS1000.

The pair correlation functions of the resulting models, shown in Figure 3.3 and Figure 3.4

(dashed line), are in excellent agreement with the target functions. The fact that the
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agreement is better for CS400 seems to indicate that the minimization method is more
effective for more disordered and less dense materials. The region of configurational
space in which the global minimum is encountered narrows down as the material
becomes more ordered. Therefore, the use of a more sophisticated minimization
technique, such as simulated tempering or parallel tempering, should improve the results.
These techniques have been used to solve the structure of zeolites from powder X-ray
diffraction data [6]. Although they proved to be more effective in finding the global

minimum, they are much more computationally expensive than simulated annealing.

Snapshots of the resulting structural models of CS400 and CS1000 are shown in Figure
3.5 and Figure 3.6, respectively. The simulation boxes have been sliced in four sections
of equal thickness for easier observation. A comparison between Figure 3.5 and Figure
3.6 reveals that the graphene segments in CS1000 are larger than in CS400, as expected
from comparing the structure factors of both materials (Figure 3.1 and Figure 3.2). More

carbon atoms form chains that link small graphene segments in CS400 than in CS1000.
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Figure 3.5. Snapshot of resulting structural model for CS400. The simulation box is

separated in four sections for clarity. The gray cylinders represent C-C bonds.
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Figure 3.6. Snapshot of resulting structural model for CS1000. The simulation box is

separated in four sections for clarity. The gray cylinders represent C-C bonds.
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3.4 Simulated TEM and comparison with experiments

A widely used approach for testing models of porous materials is to perform Monte Carlo
simulations in the grand canonical ensemble at a fixed temperature and several chemical
potentials to obtain the adsorption isotherm of some simple adsorbate (e.g. Nitrogen at 77
K) and compare that isotherm with experimental results. The drawback of such an
approach is that it is not only a test for the structural model but also for the intermolecular
potentials used in the energy calculations. In order to test the structural model alone, we
must choose a measurement that is available experimentally, different than the functions
on which the model is based, defined as a function of atomic positions, and independent
of interaction potentials. Transmission Electron Microscopy (TEM) is an example of such

a measurement.

We developed a procedure to calculate simulated TEM images of our resulting models. A
two-dimensional schematic representation of the procedure is shown in Figure 3.7. It
implicitly assumes that the material is quasi-amorphous; diffraction contrast due to
crystalline registry is therefore negligible compared to mass-thickness contrast [7]. This
approximation is exact if the sample is 100% amorphous. The procedure to obtain the
simulated TEM image is as follows:
1. Choose the direction of the electron beam. This direction is usually parallel to one
of the edges of the simulation box (X, y, or z) to ensure that the sample has

homogeneous thickness.
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2. Construct the image plane, which is perpendicular to the electron beam. The image
plane is divided into a two-dimensional grid, and each point of the grid is a bin of
the image histogram.

3. Project all atoms to the image histogram as follows. Project the center of the atom
on the image plane. Add one to each point of the histogram that is within a circle
centered at the projection of the atom’s center with radius equal to the van der
Waals radius of carbon.

4. Calculate the relative contrast of each histogram point by applying the Beer-

Lambert law to each histogram bin:

gle—e—o—N

(3.2)

where Al/1 is the contrast or relative intensity, ¢ is a constant proportional to the

elastic scattering cross-section of carbon, and N is the number of atoms projected

to the histogram bin.

Once the relative intensities have been calculated, they are plotted in grayscale to obtain
the simulated image. The simulated images are not very sensitive to the value of
o chosen; this parameter can be varied within about 4 orders of magnitude without
significantly changing the resulting contrast. It is interesting to note that in the limit of
small values of o, the relative intensity is proportional to the number of atoms in a

specific histogram bin.
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g:l—cz"’N:c)'N— + +..=0N (3.3)

We applied the procedure described above to the resulting structures of CS400 and
CS1000 for three beam directions (x, y, and z) to obtain three simulated images per
model. The results are presented and compared to experimental images in Figure 3.8 to
Figure 3.10 (CS400) and Figure 3.11 to Figure 3.13 (CS1000). The thickness of the
simulated samples is equal to the size of the simulation box (5 nm), and the thickness of

the experimental samples is estimated to be less than 10 nm.

When comparing the simulated images with the experiments, it is important to note that
there are many characteristics of the experiment that we do not take into account in our
simplified simulation method. For example, we neglect the diffraction contrast, we do not
take into account the transfer function of the microscope, we take each atom as a sphere,
and the thickness of the samples is not necessarily equal to the thickness of the simulated
structures. As a result, the contrast of the simulated images is not directly comparable
with the contrast of the experimental images; we are only interested in comparing similar

patterns or features.
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the resulting image histogram.

Figure 3.7. Schematic representation of the TEM simulation procedure.

Many of the features observed in the experiments are also present in the simulated
images. In the experimental images of CS400, there are many dark spots, or dot-like
segments, also observed in the simulations (Figure 3.8). There are also short segments,

some of them branched. Most of these short segments have a darker spot on their
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endpoints. Similar segments are also observed in the simulated images (Figure 3.9).
Finally, there are stacks of two or three segments that are short and almost parallel.

Similar stacks are observed in the simulations (Figure 3.10).

In the experimental images of CS1000, we observe short segments (Figure 3.11) in both
experiments and simulations. In this case, however, we observe less dot-like segments,
and more long and sometimes curved ones (Figure 3.12). Like CS400, some of the
segments are stacked in groups of two or three. In the case of CS1000, however, the

stacked segments are longer (Figure 3.13).

Comparing the experimental images of CS400 (Figure 3.8, Figure 3.9, and Figure 3.10)
and CS1000 (Figure 3.11, Figure 3.12, and Figure 3.13), at least three differences are
evident:
e The density of darker regions, which is related to the amount of matter that appears
in the micrograph, is higher for CS1000 than it is for CS400.
e The dark segments are longer in the CS1000 micrograph. In other words, the
length scale of the structural features is larger for CS1000 than it is for CS400.
e The segments in the CS1000 micrograph are more ordered (parallel) relative to

each other than they are in the CS400 micrograph.

These differences can also be observed when comparing the simulated images. Our

resulting models predict, at least qualitatively, the main differences between these two
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porous carbons as revealed by TEM micrographs. The main difference between
experimental and simulated images is that the alignment and stacking of segments
observed in the experimental images have a longer range order. The length scale of these
features is, however, comparable with the size of our simulation boxes. Therefore, we did
not expect to see ordering in our models in that length scale. Increasing the size of the

simulation box will presumably allow the appearance of these features.
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experiment simulations

5 nm

Figure 3.8. Experimental TEM micrographs of CS400 and simulated images for three
beam directions. The 5 nm scale applies for the four images. Examples of dot-like

segments are highlighted.

experiment simulations

Figure 3.9. Same as Figure 3.8. Examples of short segments are highlighted.
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experiment simulations

Figure 3.10. Same as Figure 3.8. Examples of stacking of short segments are highlighted.

experiment simulations

QO
W

Figure 3.11. Experimental TEM micrographs of CS1000 and simulated images for three
beam directions. The 5 nm scale applies for the four images. Examples of short segments

are highlighted.
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experiment simulations

Figure 3.12. Same as Figure 3.11. Examples of longer segments are highlighted.

experiment simulations

Figure 3.13. Same as Figure 3.11. Examples of stacking of segments are highlighted.

84



3.5 Geometrical characterization

One of the advantages of having a structural model of a porous material at the molecular
level is that it is possible to calculate its geometric properties exactly, since the positions
of all the atoms are known. The methods that we apply in this work are based on
extensions of quantitative stereology to three-dimensional systems. Some of these
methods have been previously applied to characterize structural models of porous glasses

[8,9] and graphitizable porous carbons [10].

The geometric properties that we describe in this section depend on the size and shape of
the carbon atoms that make up the structure and of the fest particle used to probe the
system. In order to make the analysis consistent with our molecular simulation study of
nitrogen adsorption in the resulting models, we base our selection of size and shape of the
test particle on the intermolecular potential models described in section 3.6.1.

Consequently, the test particle is a Lennard-Jones sphere of diameter o, (3.75 A), which

is a simple model of a nitrogen molecule. The carbon atoms are spheres of diameter

20,-0, (297 A), where o, 1s the Lennard-Jones parameter for the carbon-nitrogen

interaction.

Before describing the methods and presenting the results of the geometrical analysis, it is
important to introduce the definitions of accessible surface and reentrant surface (or

Connolly surface). We define accessible volume as the region in space where the center
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of a test particle can be placed without the test particle overlapping with any carbon atom.
The surface that encloses the accessible volume is the accessible surface (see Figure
3.14). We define reentrant volume as the region in space that any point in the test particle
reaches when its center is placed at any point of the accessible volume. The surface that
encloses the reentrant volume is the reentrant surface (see Figure 3.14). Another way of
thinking of the definitions of these molecular surfaces [8] is to bring a test particle in
contact with the carbon network, but without overlapping with any carbon atoms. When
the particle is rolled over the network, the trace of the test particle center is the accessible

surface and the trace of the outside of the test particle is the reentrant surface.

~ accessible
"« surface

o entrant

surface

Figure 3.14. Schematic representation of accessible and reentrant surfaces. From ref.

[10].

86



3.5.1 Porosity and specific volume

Porosity is defined as the ratio of reentrant volume to total volume. In other words, it is
the fraction of total volume of the porous material accessible to any part of the test
particle. We determine the porosity using the following procedure. We divide the model
box into a fine grid (200 grid points in each dimension). Then we place the test particle
on a grid point and calculate the distance between the center of the test particle and the
center of every carbon atom, using minimum image convention. If the test particle does

not overlap with any carbon atom (if all the distances are greater or equal than o, ) all

the grid points enclosed by the test particle are considered to be in the reentrant volume.
After placing the test particle on all the grid points, we calculate the porosity by dividing
the number of grid points in the reentrant volume by the total number of grid points. The
porosities of both resulting models are shown in Table 3.3. The porosity of CS400 is
higher than that of CS1000. The value of the porosity depends on the density of the
material, but also on the way that the carbon atoms are distributed in space. Therefore, it
is helpful to normalize the porosity with the density in some way to answer the following
question: if one took some random carbon atoms out of the CS1000 model so that its
density is equal to that of the CS400 model, which carbon would be more porous? That is
equivalent to asking in which model are the carbon atoms more “efficiently” packed. To
normalize the porosity, we calculate the volume occupied by the solid matter,

y==2 (3.4)
Yo,
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where ¢ is the porosity and p is the density. The results are shown in Table 3.3. The

solid matter occupies less space in CS1000. If one took some carbon atoms out of
CS1000 so that its density was equal to that of CS400 (by, for example, an activation
process), its porosity would be higher than that of CS400. It follows that CS1000 has a

lower porosity because it has a higher density.

Table 3.3. Porosity and volume occupied by solid matter for the resulting models.

CS400 CS1000
porosity 0.119 0.088

It is important to note that in this study we are sampling the porosity of the model at the
micropore length scale. We do not include the meso- or macroporosity. Also, a fraction
of the pore volume in the experimental samples may not be accessed by the adsorbate
(i.e. closed porosity). Therefore, we would expect the pore volumes reported here to be
equal to the experimental micropore volumes only if the closed porosity of the samples is

negligible.

3.5.2 Pore size distribution

The pore size distribution is the function p(H) such that p(H)dH is the fraction of pore
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volume corresponding to pore sizes in the range H to H + dH. The pore volume is the
reentrant volume; different test particles will give different reentrant volumes and,
consequently, different pore size distributions; also, the pore size, H, is a distance
between two points in the reentrant surface. Because the pore volume is the reentrant

volume, the smallest pore size that can be determined is the size of the test particle.

We calculate the pore size distribution by using a similar method to that presented by
Gelb and Gubbins [9], which has also been used to determine pore size distributions of
other models of porous carbons [10]. First, we calculate the function v(H), which is the
fraction of pore volume that can be enclosed by spheres of diameter H that do not cross
the reentrant surface. We then calculate the pore size distribution, p(H), using the

following equation:

p(H)=- (3.5)

We present the pore size distributions of both resulting models in Figure 3.15. Both
models have very small pores only, ranging from the size of a nitrogen molecule up to
approximately 6.5 A. The two pore size distributions are remarkably similar; the average
pore size of both models is 4.4 A. The model of CS1000, however, has a slightly higher

fraction of smaller pores.
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H (A)

Figure 3.15. Pore size distribution of the models of CS400 (solid line) and CS1000

(dashed line). The test particle is a simple model of nitrogen.

The volume occupied by hydrogen and oxygen atoms is not included for the calculation
of the pore size distribution. This volume, however, is expected to be small, based on the
fact that typical C-H bond lengths and the size of a hydrogen atom are small compared to
the assumed size of a carbon atom, and the small O/C ratios. Nevertheless, we expect that
the inclusion of hydrogen and oxygen atoms would slightly decrease the pore sizes,
causing an increase in the fraction of smaller pores. The effect would be more

pronounced in the case of CS400, due to its higher H/C ratio.

3.5.3 Energy distribution and zero-coverage adsorption characteristics

The adsorbent-adsorbate potential energy distribution for a single molecule was directly

obtained from the potential energy grid analysis used for the molecular simulations of
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adsorption (see section 3.6.1). We first construct an adsorbent-adsorbate potential energy
histogram from the energy grid. We then multiply the histogram by the Boltzmann factor
evaluated at the temperature of interest, 77 K in this work (see section 3.6), and
normalize the resulting histogram. The energy distributions for both carbon models are
presented in Figure 3.16. By contrast to the pore size distributions (see Figure 3.15), the
adsorbent-adsorbate potential energy distribution of CS400 is significantly different than
that for CS1000. The two structures have nearly non-overlapping energy regions.
Therefore, we can conclude that the difference in interaction with the adsorbate between
the two materials is not due to the pore geometry, but rather to morphological differences.
This is an important result, since we can already infer that, because of such different
energy distributions, the two carbon structures will have clearly distinct adsorption
behavior (see section 3.6), and this difference may be attributed to the shape or texture of
the carbon walls and not to the differences in pore size. This casts doubt on the use of the
pore size distribution to interpret adsorption behavior in highly disordered carbons, since
it assumes that the adsorption isotherm can be decomposed as a collection of adsorption

isotherms in slit pores of different size.
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Figure 3.16. Adsorbent-adsorbate potential energy distribution for a single nitrogen

molecule in the models of CS400 (solid line) and CS1000 (dashed line) at 77 K.

The differences in the single molecule adsorbent-adsorbate potential energy distributions
are also reflected in infinite dilution, or zero-coverage, adsorption data (e.g., the isosteric
heat of adsorption at zero-coverage and the Henry’s law constant). The Henry’s law
constant is defined as the slope of the adsorption isotherm (see section 3.6) as the
pressure tends to zero. Both quantities can be obtained from the adsorbent-adsorbate
potential energy grid used for the energy distribution calculations. The isosteric heat of

adsorption at zero coverage for a spherical adsorbate molecule can be evaluated by [11]:

J.U(r)exp(—U;;)jdr

4, (0)=—=

+RT (3.6)
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where U (r)is the adsorbent-adsorbate potential, and is a sum over all carbon locations

for an adsorbate at position r, R is the gas constant and 7 the temperature. The Henry’s

law constant for a spherical adsorbate can be calculated by [11]:

K, :é l (l—exp(—%j}r (3.7)

Figure 3.17 and Figure 3.18 show these two physical properties as a function of
temperature for both materials. The value of g, (0) for CS400 is markedly smaller than
that for CS1000 (nearly 10 kJ/mol, whatever the temperature). This is a consequence of
the difference in adsorbent-adsorbate potential energy distributions (see Figure 3.16). As
expected, ¢g.(0) decreases as temperature increases over the temperature range. At 77 K,
the value of ¢,(0) agrees with that obtained by extrapolating the g, versus coverage plot

at zero coverage (see Figure 3.20 and Figure 3.21).

For both materials, the relation between Henry’s law constant and temperature obeys the

Van’t Hoff law.
g, (0
Kh :KO exp{%j (38)

where Ky is a constant independent of temperature. The values g (0) obtained from a

linear fit of the data presented in Figure 3.18 are close to the averages of g(0) over the
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temperature domain (Figure 3.17).
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Figure 3.17. Isosteric heat of adsorption at zero coverage as a function of temperature, for

the models of CS400 (squares) and CS1000 (circles).
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Figure 3.18. Henry’s law constant as a function of temperature, for the models of CS400

(squares) and CS1000 (circles).
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3.6 Molecular simulation of nitrogen adsorption

3.6.1 Simulation details

We performed Grand Canonical Monte Carlo (GCMC) simulations of a Lennard-Jones
model of nitrogen at 77 K and several chemical potentials in the models of CS400 and
CS1000. For each chemical potential, we calculated the amount adsorbed from the
averages in the number of molecules, and used the ideal gas equation of state to calculate
the density and pressure of the bulk phase in equilibrium with the adsorbed phase. From

these, we calculated the excess amount adsorbed (/™) and obtained the nitrogen

adsorption isotherms (Figure 3.19). We also calculated the isosteric heat of adsorption

from the fluctuations, using the following expression [12]

u 'N> _<Usf >2<N> _ <UJJ'N> _<UJJ"><N>

(V)=(w) (V)=(v)’

(3.9)

where the quantities in brackets < > are ensemble averages. Uy is the solid-fluid (or

adsorbent-adsorbate) potential energy, Uy is the fluid-fluid (or adsorbate-adsorbate)
potential energy, and N is the number of adsorbed molecules. The second and third terms
in the right-hand side of this equation are the adsorbent-adsorbate and adsorbate-
adsorbate contributions, respectively, to the isosteric heat of adsorption (see Figure 3.20

and Figure 3.21).

We modeled nitrogen molecules and carbon atoms as Lennard-Jones spheres with the
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same potential parameters used in [10], shown in Table 3.4, and a cutoff radius of 4o for

the nitrogen-nitrogen interaction. We applied periodic boundary conditions and minimum
image convention in all directions. In order to speed up the energy calculation, we used
an interpolation procedure in which the simulation box is divided into a fine cubic grid of
200%x200%200 points. Before carrying out the simulations, the potential energy due to the
interaction of one adsorbate molecule with the adsorbent is calculated at each grid point,
using a cutoff radius of half the length of the simulation box. During the simulations, the
adsorbent-adsorbate potential energy of an adsorbate molecule is calculated with a
trilinear interpolation in the cubic grid. The grid size that we have used gives an average

error in the adsorbent-adsorbate potential energy of less than 3%.

Table 3.4. Lennard-Jones potential parameters for nitrogen-nitrogen and nitrogen-carbon

interactions [13].

o(A) &k (K)
nitrogen-nitrogen 3.75 95.2
nitrogen-carbon 3.36 61.4

The GCMC algorithm and acceptance criteria are given in ref. [14]. Typical runs
consisted of an equilibration stage of 10° Monte Carlo steps per adsorbate molecule, in

which the system was brought to equilibrium, and a production stage of 2x10° steps per
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adsorbate molecule, in which the averages were collected. The potential energy, number
of molecules, and acceptance ratio of insertions and deletions were monitored as the
simulations took place in order to ensure that the system was equilibrated before
collecting the averages. At equilibrium, the potential energy and number of molecules
oscillate around a mean value and the acceptance rates of insertions and deletions are

equal.

3.6.2 Adsorption isotherms and heats of adsorption

The nitrogen adsorption isotherms in both models are presented in Figure 3.19. Both
adsorption isotherms are reversible and type I, according to the IUPAC classification
[15], which is characteristic of microporous materials. However, these two curves have
clear and important differences: (i) the range of pressure at which adsorption begins is
nearly two orders of magnitude lower for CS1000 than for CS400. (ii) the maximum
amount adsorbed is 36% smaller for CS1000 than for CS400. These effects cannot be
attributed to differences in the pore size distributions, since we have already shown that
the two porous structures have almost the same pore size distributions (see Figure 3.15).
On the other hand, these results are consistent with the adsorbent-adsorbate potential
energy distributions presented in Figure 3.16. The CS1000 model has an adsorbent-
adsorbate distribution that shows much more attractive adsorption sites than that for
CS400. The result is that the adsorption process starts at much lower chemical potentials,

and thus bulk pressures, in CS1000 than in CS400. We note that the use of standard
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commercial software for pore size distribution determination from adsorption data will
necessarily give different pore size distributions for CS400 and CS1000. On the other
hand, we have shown previously that both models have very similar pore size
distributions. The difference in maximum loading is mainly due to the difference in

density between the two carbon structures (~30 %).
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Figure 3.19. Nitrogen adsorption isotherms at 77 K obtained from GCMC simulations in

the resulting models of CS400 (squares) and CS1000 (circles). The solid lines are guides

to the eye.

Figure 3.20 and Figure 3.21 show the isosteric heat of adsorption obtained from the
GCMC simulations. The total isosteric heat can be split into two parts, the adsorbate-
adsorbate and the adsorbent-adsorbate contributions. The total isosteric heats of

adsorption for both materials are continuously decreasing functions of loading. This
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behaviour is dominated by the adsorbent-adsorbate contribution for the entire range of

loading, and it can be attributed to the energetic heterogeneity of the adsorbents.

gst (kJ/mol)

I'/To

Figure 3.20. Isosteric heat of adsorption of nitrogen at 77 K obtained from GCMC
simulations in the model of CS400 as a function of loading; 7 is the maximum loading
capacity, taken from Figure 3.19. Shown are the adsorbate-adsorbate contribution
(circles), adsorbent-adsorbate contribution (triangles), and total isosteric heat of
adsorption (squares). The horizontal dashed line corresponds to the latent heat of

nitrogen. The solid lines are guides to the eye.

As expected, the adsorbate-adsorbate contributions continuously increase with loading
until they reach a maximum and then slightly decrease due to the repulsive adsorbate-
adsorbate interactions. The adsorbate-adsorbate contributions of CS400 and CS1000 are

almost identical, presumably due to the similarities in their pore size distributions (see
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Figure 3.15). Note that the extreme confining environment felt by adsorbate molecules is
reflected by the fact that the adsorbate-adsorbate contribution to the total isosteric heat of

adsorption never reaches the value of the bulk latent heat.
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Figure 3.21. Same as Figure 3.20 for the model of CS1000.

Snapshots of the simulations of nitrogen adsorption at full loading are shown in Figure
3.22 and Figure 3.23. It is clear that the nitrogen molecules cannot reach a liquid-like
density in such a microporous environment, so that the Gurvitch rule [15], which assumes
a liquid density for the adsorbate phase in order to calculate the pore volume, will fail for

such materials.
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Figure 3.22. Snapshots of GCMC simulations of nitrogen at 77 K in the model of CS400
at bulk pressure of P/P, = 1. The rods and the spheres represent C-C bonds and nitrogen

molecules, respectively.

101



Figure 3.23. Same as Figure 3.22 for CS1000.

3.7 Discussion and conclusions

We have modeled two saccharose-based carbons from diffraction, density and
composition data for these materials. The resulting models have bond angle distributions
centered at 120°, consistent with the assumed sp® hybridization, average carbon
coordination numbers consistent with the experimental composition data, and structure
factors in excellent agreement with the experimental ones. We have developed an

approximate procedure to simulate TEM images of the resulting models. The simulated
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images present morphological features that are very similar to the experimental ones.
Moreover, most morphological differences between the two materials studied in this
work, as evidenced by experimental TEM, are predicted by the simulated images. The
three-dimensional structural representation of the models (Figure 3.5 and Figure 3.6)
show that, even though there is some stacking of graphene segments in the CS1000
models, the structure of neither material can be explained in terms of stacks of graphene
segments (or basic structural units). Instead, the carbon network is made up of twisted

and defective graphene segments that are interconnected in a complex way.

In order to further characterize the models, we calculated the porosity, pore size
distribution, and adsorption properties at zero coverage, including the adsorbent-
adsorbate potential energy distribution, using a Lennard-Jones model of nitrogen as a test
particle. It is remarkable that the pore size distributions of both models are very similar,
even though the adsorbent-adsorbate potential energy distributions are significantly
different. This indicates that the morphology of the pore walls, and not only the pore size
distribution, plays an important role in the adsorbent-adsorbate interaction and therefore
in the adsorption properties. In order to illustrate this, we performed GCMC simulations
of the Lennard-Jones molecule that we used as a test particle to calculate the nitrogen
adsorption isotherms and isosteric heats of adsorption at 77 K. The adsorption isotherms
of both materials are of type I, characteristic of microporous adsorbents. The pressure at
which the adsorption begins to take place in CS1000 is about two orders of magnitude

lower than that in CS400. On the other hand, if one had used the calculated pore size
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distribution and the slit-pore model to predict the adsorption isotherms in these models,
one would have predicted almost identical adsorption isotherms. This illustrates the
consequences of assuming that very disordered porous carbons, such as the ones modeled
in this work, are made up of slit-shaped pores with graphitic pore walls. The silt-pore

model may be, however, appropriate to model more graphitic carbons (see for example

[16]).

The simulated isosteric heats of adsorption are continuously decreasing functions of
coverage, in agreement with experimental results for other microporous carbons at the
same temperature [17]. Moreover, the simulated heats of adsorption are within the range
of values obtained experimentally [17]. On the other hand, the homogeneous slit pore
model predicts that the isosteric heat of adsorption is an increasing function of coverage
[18], due to its lack of energetic heterogeneity. If the slit pore model is used in
combination with a pore size distribution, however, it is possible to reproduce the
experimental behavior, provided that many pore sizes are included to create enough
heterogeneity [18,19]. Nevertheless, for highly disordered carbons such as those studied
in this work, the pore size distributions needed to reproduce the simulated heats of
adsorption would have questionable meaning, as evidenced by the similarity in geometric
pore size distributions (see Figure 3.15) and the differences in heats of adsorption (see

Figure 3.20 and Figure 3.21) between the models for CS400 and CS1000.
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