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Abstract Theoretical tools for nanoscale systems have become highly

advanced over the past decades. Consequently, the demand for

novel methodologies, which enable scale-correlated analysis,

increases in order to describe a hierarchy of multi-scale systems

in various length and time scales. Recent development in the

multi-scale approach is becoming popular as a new multidisci-

plinary analysis paradigm in science and engineering fields. Via

hierarchical integration methodologies of various numerical

techniques, we can expect a mechanism of communication

between different scale phenomena, and predict macroscopic

level behavior as functions of other lower level scale parameters.

In addition, multi-scale approach can provide integrated system

models for decision-making with high accuracy based on first-

principle phenomena. In this paper, we present an overview of

theoretical tools for specific scales as well as holistic strategies

for multi-scale integration by using two benchmark examples:

special topics dealing with renewable energy and nanotribology,

that is, polymer electrolyte fuel cells and hard disk drive systems.

1. INTRODUCTION

As the demand for nanoscale investigation of systematically specified
functional materials increases, novel analytical techniques have been
broadly studied to satisfy this demand by tuning physical structures
and functionalities of these materials. This progress enlightens the
understanding of nanoscale dynamics to control the functionalities of
materials. However, advances in nanoanalysis direct us to the critical
issue of the interrelation to macroscopic scales since most systems
comprise phenomena at different time and length scales, and often
can be described through a hierarchy of scale-specific models.
Therefore, the multi-scale approach becomes popular as a new multi-
disciplinary analysis paradigm in science and engineering fields. Via
multi-scale approach, we expect that the mechanism of information
communication obtained from one scale and passed to another scale,
allows one to predict macroscopic behavior from first-principles infor-
mation in a bottom-up approach. Alternately, device-scale properties
can be obtained with nanoscale resolution using the top-down
approach. The ultimate goal is to integrate models seamlessly at the
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different scales. As system size approaches nanoscale, the observation
of phenomena at atomic/molecular scales must be emphasized. In
addition, many of the novel approaches to analyze these phenomena
have adopted an understanding of the relationship between different
scale phenomena, including nanoscopic details where the phenomena
cannot be explained by the experiments or macroscopic models (Bent
et al., 2003; Brown et al., 2009; Gerde and Marder, 2001; Juan et al.,
2009; Moseler et al., 2005; Rubla et al., 2000).

The vision of the theoretical engineering and science field is cur-
rently in multi-scale modeling by coupling computational tools from
ab initio atomistic/electronic scales to continuum scale including pro-
cess and device-level simulation and decision making, and optimizing
across different scales. This leads to reversal of the normal flow of
knowledge across these scales, and to allow design and synthesis of
new forms of matter with tailored properties, driven by large-scale
process requirements (Figure 1). Concepts of multi-scale simulation
enable us to control the macroscopic phenomena by characterizing
nanoscale properties of matter emerging from the complex correlations
of atomic constituents. Models based on physics suitable for particular
time and length scales use specific numerical techniques to solve the
governing equations and answer questions relevant to those scales,
which cover the atomistic, molecular, device, and plant levels. To more
fully couple advances in knowledge across the enormous range of
scales, and enable better understanding and control of emergent prop-
erties ofmatter that emerge from complex interactions, it is necessary to
develop holistic multi-scale models, which ensure that knowledge gen-
erated at one scale is transmitted to the other. Figure 2 (Grossmann and
Westerberg, 2000; Marquardt et al, 2000) illustrates multi-scale models
and tasks that arise in all applications of process systems engineering.

[(Figure_1)TD$FIG]

Figure 1 Schematic description of multi-scale approach and modeling methods.
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Both time and length scales cover over 15 orders of magnitude and
reflect the behavior of electronic/atomistic/molecular/supramolecular
levels all the way to products, process units, and their integration into
the enterprise. Moreover, these tasks are strongly intertwined; basic
components at the lower scales serve as the building blocks for the
scales above them, while the demands at higher scales impose specifi-
cations at smaller levels, particularly with respect to material proper-
ties. Linkage of submodels ranging from atomistic to the enterprise
requires systematic multi-scale, multiphenomena integration, which
is the core driver for the current multi-scale modeling paradigm.

During the past 5 years, over 1000 publications have dealt with
multi-scale subject and resulting in a broad knowledge of integration
methodologies. Some publications provided perspectives on the multi-
scale approaches by presenting decision-making methodologies on the
applications (Baeurle, 2009; Dudukovic, 2009; Engler et al., 2009;
Vlachos, 2005). Among the various multi-scale approaches, which have
been developed, wemotivate the specific need formulti-scale modeling
by focusing on methodologies for the systematic approach to these
techniques. In this review paper, we present the holistic integration
strategy in multi-scale modeling with two different benchmark appli-
cations: special topics dealing with renewable energy and nanotribol-
ogy, that is, polymer electrolyte fuel cells (PEFC) and hard disk drive
(HDD) systems.

[(Figure_2)TD$FIG]

Figure 2 Time and length scales in multi-scale systems engineering.
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2. ILLUSTRATION VIA BENCHMARK EXAMPLES

Owing to the complexity involved in multiphenomena at different
time and length scales, the current trends in renewable energy and
nanotribology can be excellent benchmark candidates for evaluation
of multi-scale modeling approaches. To help understanding of hier-
archical systems (Figure 2) of benchmark systems, we will examine
PEFC (renewable energy) and HDD system (nanotribology).

2.1 Renewable energy (PEFC)

As the need for renewable energy systems increase, fuel cells have
attracted considerable recent attention as a possible replacement for
the massive power generation and portable systems. PEFC is one of
the promising alternative energy sources for portable or small unit
devices (i.e., small scale power generators, and transportations). Since
the PEFC consists of nanoscale subsystems includingmultiphenomena,
an accurate system model is needed to design PEFC with optimal
performance. Therefore, a fundamental understanding in electrochem-
istry, materials, and heat andmass transport phenomena are critical for
developing accurate models, which can satisfy the high performance
and reliability for the fuel cells. The hydrogen PEFC, which directly
convert chemical energy into electric energy, is promising candidate for
future green car technology in parallel with plug-in and hybrid electric
vehicles.

The hydrogen PEFC device comprises a hydrogen source and a gas
compressor supplying air in a stack, which consists of multiple PEFCs
connected in series (Figure 3) (Xu et al., 2006a). An individual PEFC
(Figure 4) comprises two gas channels (GCs), two gas diffusion layers
(GDLs), and two catalyst layers (CLs) each on the anode and cathode
sides, as well as a central polymer electrolyte membrane (PEM). The
GCs are bipolar plates that are hollow chambers for fluid inlet and
outlet. They also serve as a connection between adjacent cells. The
GDLs are porous materials that support the CL, provide uniform dis-
tribution of gases, and act as a medium for electron transport from the
CL (where the electrochemical reactions typically occurwith a platinum
(Pt) catalyst) to the external current collectors. The PEM acts as a proton
transport passage from anode to the cathode, and this conductivity of
the PEM is a strong function of its water uptake. Humidified hydrogen
and air are fed to the anode and cathode inlets, respectively. The species
undergo transport processes in both theGCs and the porousGDLs, after
which they reach the anode/cathode CLs. Within the CLs, hydrogen
and oxygen undergo electrochemical reactions, and the water mole-
cules are transported across the PEM from anode to the cathode. The
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protons released in the oxidation reaction at the anode are transported
across the PEM, and electrons released reach the cathode via an external
circuit. On reaching the cathode the protons and electrons combinewith
the oxygen in the reduction reaction to generate water as the product.
The direct methanol fuel cell (DMFC) is another type of PEFC, which

[(Figure_3)TD$FIG]

Figure 3 Process-level model of a PEFC-based power plant.

[(Figure_4)TD$FIG]

Figure 4 Components of a single stack hydrogen PEFC.
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uses a solution of methanol and water as a fuel instead of humidified
hydrogen gas. Compared to hydrogen fuel cells, DMFCs are advanta-
geous for their ease of fuel delivery and storage, lack of humidification
requirement, and reduced design complexity. Due to the absence of
ancillary equipments (i.e., fuel reformer), the DMFC is ideally suited
for portable electronic devices applicable to laptops or mobile phones
(Mench et al., 2004).

A PEM is a semipermeable membrane generally made from iono-
mers and designed to conduct protons while being impermeable to
gases such as oxygen or hydrogen. This is their essential function when
incorporated into a PEM fuel cell: separation of reactants and transport
of protons. One of themost commonly and commercially available PEM
materials is Nafion1 (Figure 5), which is produced by DuPont. While
Nafion1 is an ionomer with a perfluorinated backbone like Teflon,
there are many other structural motifs used to make ionomers for
PEMs. Many use polyaromatic polymers while others use partially
fluorinated polymers. Nafion1 has received a considerable amount of
attention as a proton conductor for PEM fuel cells because of its excel-
lent thermal and mechanical stability. The chemical basis of Nafion1’s
superior conductive properties remains a focus of research. Recent
reports suggest protons on the SO3

�H+ (sulfonic acid) groups hop from
one acid site to another. The membrane structure allows movement of
cations but themembranes do not conduct anions or electrons. Nafion1

can be manufactured with various cationic conductivities. In order to
operate the membrane must conduct hydrogen ions (protons), but not
electrons as this would in effect ‘‘short circuit’’ of the fuel cell. The
membrane must also not allow gas to pass to the other side of the
cell, a problem known as fuel crossover (Baxter et al., 1999; Dohle et al.,
2000; Ren et al., 2000), andmust be resistant to the reducing environment
at the anode as well as the harsh oxidative environment at the cathode.
Although the PEFC is a prime candidate of the alternative energy source
for the small-scale applications, water management is crucial to perfor-
mance, as power output requires optimized water uptake in the

[(Figure_5)TD$FIG]

Figure 5 Chemical structure of Nafion1.

The Holistic Strategy in Multi-Scale Modeling 65



membrane. Water management is a very difficult subject in PEM sys-
tems. A wide variety of solutions for managing water exist including
integration of electro-osmotic pumps. Furthermore, the Pt catalyst on the
membrane is easily poisoned by carbon monoxide (no more than one
part per million is usually acceptable) and the membrane is sensitive to
materials like metal ions, which can be introduced by corrosion of
metallic bipolar plates. The commercial viability of this device is ham-
pered currently due to its high cost, power density, and low durability.

Key issues or objectives that are needed to be achieved to make a
paradigm shift in PEFC technology are (i) novel materials, obtained
through computational chemistry calculations, including PEMs (pos-
sessing high-temperature operability and low cost), and electrocatalysts
for high reduction reaction kinetics, tolerant to carbon monooxide.
Advanced materials need to be discovered for increased durability
(with an order of magnitude higher than current technology) andmeet-
ing the requirements of environment, safety and health; (ii) optimal
design parameters for GDLs (porosity and hydrophobicity), CLs (thick-
ness, composition, and particle size distribution) as well as determina-
tion of operating and design conditions (i.e., optimal temperature, pres-
sure, current density, humidity, geometric parameters, flow
characteristics and arrangements, etc.). This entire PEFC design can
be envisioned as an ultralarge integration of submodels and an optimi-
zation problem with the objective function as a combination of maxi-
mizing the performance, and minimizing the cost, while maintaining
durability. As a series of hierarchical governing equations containing a
large set of parameters to be optimized and conditions to be satisfied,
multi-scale, multiphenomenamodels are bound to play a pivotal role in
achieving the design goals, in concert with experimentation.

2.2 Nanotribology (HDDs)

Tribology, the subject dealing with friction, wear, and lubrication,
becomes important in academic and industrial community. The
improved technology on friction andwearwould save developed coun-
tries up to 1.6% of their gross national product. Such technological
considerations have driven humans to understand friction since pre-
historic ages. By 200,000 B.C., Neanderthals had achieved a clear mas-
tery of friction, generating fire by the rubbing of wood on wood and by
the striking of flint stones. Significant developments are also found 5000
years ago in Egypt, where the transportation of large stone statues for
the construction of the pyramids demanded tribological advances in the
form of lubricated wooden sledges (Figure 6a). Modern microscopic
tribology began 500 years ago, when Leonardo da Vinci deduced the
laws governing the motion of a rectangular block sliding over a flat
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surface. His notebooks remained unpublished for hundreds of years.
Later, Amontons’s and Coulomb’s classical microscopic friction laws
have far outlived a variety of attempts to explain them on a fundamen-
tal basis in terms of, say, molecular adhesion (attraction between par-
ticles in the opposing surfaces). Nowadays, the surface consists ofmany
forms of carbons (hydrogenated or nitrogenerated carbon, C60, carbon
nanotube (CNT), and graphene) as illustrated in Figure 6b.Many efforts
have beenmade to understand atomistic dry surfaces for nanotribology
including superlubricity (Figure 7) (Coffey and Krim, 2006; Dienwiebel
et al., 2004; Guerra et al., 2010; Lee et al., 2009, 2010; Lucas et al., 2009;
Miura et al., 2003; Schirmeisen, 2010). In this paper, we focus on our
effort in HDD dealing with wet, meso-scale surfaces (Figure 8a).

HDDs have been one of the most dominant data storage systems
with high-density recording capacity yet relatively low cost. Thus, the
information technology area widely utilizes HDD as a main storage
system and its application is currently extended to consumer personal
electronics and portable devices. As shown in Figure 8b, HDD ismainly
composed of several parts: magnetic read/write heads and magnetic
disks (platters), data detection electronics and write circuit, mechan-
ical servo and control system, and interface to microprocessor. A
stack of 3–10 disk platters, each containing a layer of magnetic
medium, is attached to a motor spindle, which rotates the stack at

[(Figure_6)TD$FIG]

Figure 6 Schematic descriptions of examples in tribological advances:

(a) transportation of large stone statues in Egypt (5000 years ago) and

(b) nanotribology of dry surfaces (�2000).
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speeds of 5,000 to over 15,000 revolutions per minute (RPM). The
read/write head is located on the trailing edge of the head, which is
mounted at the end of the actuator arm, via a servo, which can pre-
cisely control the radial position of the read/write heads to access
data on the rotating hard disk platters.

The actual magnetic processes for the recording occur in the head-
disk interface (HDI) as schematically described in Figure 9, consisting of
flying read/write head and the disk (substrate, underlayer, magnetic
layer, carbon-overcoat, and lubricant layer) (Johnson et al., 1996). The
substrate of choice is aluminum because of its low density and low cost.
However, aluminum by itself is quite soft. Therefore, electroless nickel–
phosphorus-plated (Ni–P) aluminum is universally used today to pro-
vide a hard surface for magnetic film structural support as well as the
capability of being polished to a high degree of smoothness for low-
flying recording heads. The chromium (Cr) underlayer serves to help

[(Figure_7)TD$FIG]

Figure 7 Examples of nanotribology on dry carbon surfaces for atomic force

microscopy (AFM): (a) schematic description of the out-of-plane graphene

deformation with the sliding AFM (Lee et al., 2010), (b) nanotube without tip (left) and

tip–nanotube interaction under 2.5 nN normal force (right) (Lucas et al., 2009), (c)

stick–slip rolling model with a step rotation of a C60 molecule (Miura et al., 2003), and

(d) ballistic sliding of gold nanocluster on graphite (Schirmeisen, 2010).
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nucleate and grow the microstructure of appropriate magnetic proper-
ties because of an epitaxial match between the Cr planes and the cobalt
(Co)-basedmagnetic alloys in the thin filmmedia. AlthoughCo by itself
has a very low coercivity, Co-based binary and ternary alloys are suit-
able for the ferromagnetic material in the magnetic layer, since they
provide a high coercivity that can even be tailored by varying the alloy
composition. Cr is a crucial second or third element here as can reduce
corrosion potential and allow for precipitation of other crystalline
phases at grain boundaries or within grains to reduce noise. The plasma
enhanced chemical vapor deposition (PECVD) amorphous carbon-
overcoat is sputtered over the magnetic layer, because it seals the data

[(Figure_8)TD$FIG]

Figure 8 (a) Nanotribology in HDD and (b) a typical HDD system.
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layer from corrosion and chemical surface deformity, protects the data
layer fromphysical damage during the intermittent contact between the
head and the disk, andminimizes the thermally induced erasure of data
bits due to the heat transfer to the data layer in the event of a head-disk
contact.

The lubricant film is essentially the first line of protection from the
mechanical damage in the event of intermittent contact between head
and disk, and serves to reduce the friction and wear between carbon-
overcoat and the recording head. It brings additional stability to the
HDD by providing the recording heads a smooth transition from a
region of dragging to flying and by adsorbing some of the energy that
is generated by the head-disk contact. An ideal lubricant candidate is
expected to possess chemical inertness to avoid chemical reaction, low
vapor pressure to prevent evaporation loss, low surface tension to allow
its uniform wetting on the overcoat for the near-field recording, high
stability under shear stress to avoid degradation, and good boundary
lubrication properties (Klaus and Bhushan, 1985). It is equally impor-
tant that the lubricant should present appropriate chemical affinity for
the overcoat and can reside on the disk surface over the HDD lifetime
without desorption, spin-off, and thermal degradation (Karis et al.,
2001; Tani andMatsumoto, 2003; Tyndall et al., 1999). On the other hand,
a reasonable lubricant diffusion capability is also expected for the ‘‘self-
healing’’ purpose in the event of head-disk contact, where lubricant
depleted zones may be formed and thus cause a possible head crash.
The current commercialized lubricant for HDD industry is a class of

[(Figure_9)TD$FIG]

Figure 9 The cross-sectional diagram of a typical HDI for a HDD system with

aluminum substrate.
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oligomeric, random linear copolymers named PFPEs with the chemical
structure of

X�[(OCF2CF2)p�(OCF2)q]�O�X (p/q ffi 2/3).

Here, X stands for the functional endgroup. Its weight average
molecular weight (Mw) ranges from 2000 to 4000 g/mol. PFPE Z03
has nonfunctional endgroup (X=CF3), while its derivatives, PFPE
Zdol and Ztetraol, have the functional endgroups (X=CF2CH2OH for
Zdol and X=CF2CH2CH(OH)CH2OH for Ztetraol). Here, the hydroxyl
groups in the chain ends determine the functionality of PFPEs. The
detailed physical properties of various PFPEs are provided in Table 1.

The interaction between PFPEs and disk overcoat is another signif-
icant factor to affect the properties of lubricant films. PFPEs with func-
tional endgroups (e.g., Zdol and Ztetraol) perform better than PFPEs
with nonfunctional endgroup (e.g., Z03) for retention and evaporation
at the expense of the surface mobility or replenishment ability.
However, strong endgroup functionality can lead to the layering and
instability (e.g., surface nonuniformity/dewetting) of PFPE films (Karis

Table 1 The endgroup structure, number averaged molecular weight (Mn), and

relevant physical properties of Fomblin Z derivatives

Fomblin

Z

Endgroup (X)

structure

Mn,

g/mol

Kinematic

viscosity

at 20�C
(St)

Vapor

pressure,

Torr

Surface

tension at

20�C

20�C 100�C

Z03 –CF3 4000 0.3 / / 23

Zdol –CF2CH2OH 2000 0.85 2� 10�5 2� 10�5 24

Ztetraol –CF2CH2OCH2

-CHOH-CH2

-OH

2200 20 5� 10�7 2� 10�4 /

Zdol-TX –CF2CH2(OCH2

CH2)pOH

2100 1.45 2� 10�5 2� 10�3 23

AM2001 2400 0.75 1� 10�7 2� 10�5 25

A20H HO– and/or 3000 / / / 22
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et al., 2005; Waltman et al., 2002). This interaction can also be tuned via
modifying the surface functionality of carbon-overcoat by introducing
dopants such as hydrogen and nitrogen into the vacuum chamber
during the sputtering process (Lee et al., 1993; White et al., 1996). To
date, the bonding mechanism between PFPEs and overcoat was inves-
tigated via electron spin resonance (ESR) or time of flight secondary ion
mass spectroscopy (TOF-SIMS), where it is postulated that a hydrogen
atom is transferred from a hydroxyl group in Zdol chain end to a
dangling bond site on the carbon film (Kasai, 2002; Kasai and Spool,
2001; Kasai et al., 1999; Zhu et al., 2003). The ab initio calculation sug-
gested the possible hydrogen bonding interaction (Waltman et al.,
1999a), while annealing can also lead to the esterification
(Waltman et al., 1998). Recently, new types of lubricants, whose chem-
ical structures are shown in Figure 10, have been reported to enhance
the performance and reliability of HDD with ultrasmall head-medium
spacing (HMS). Researchers introduced new functional group, dipro-
pylamine, in the Demnum chain end. Both monofunctional (DDPA-S)
and difunctional (DDPA-D) were synthesized and characterized
(Sakane et al., 2006). It was found that DDPA-S can significantly reduce
the head-disk adhesive interaction at near-contact operation as shown
in Figure 10, which is believed to be a promising lubricant for ultrasmall
HMS.With the additional functional groups in the center of PFPE chain,
Ztetraol multidentate (ZTMD) can form additional anchors on the over-
coat surface and be suitable for HMS less than 5 nm (Guo et al., 2006;
Marchon et al., 2006).

[(Figure_0)TD$FIG]

Figure 10 The molecular structure of recently reported lubricants: (a) DDPA-S,

(b) DDPA-D, and (c) ZTMD for ultrasmall HMS.
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In the current HDDs, the read/write head flies about 6.5 nm above
the surface via the air bearing design. Earlier models of head featured
two straight and flat rails having a taper at the front, known as positive
pressure head, for example, IBM 3370 head (Figure 11a). Air is com-
pressed in the taper region of the head, creating an air bearing that
supports the head above the surface of the disk.Negative or subambient
pressure heads (Figure 11b) are introduced to reduce the normal load,
while maintaining the stiffness of positive pressure designs. The aero-
dynamic operation of negative pressure heads can be explained from
consideration of positive and negative pressure region. The side rails of
the head generate a positive pressure, which tend to separate the head
from the disk. Themain recessed region confined by a cross rail and side
rails produces a suction force that attracts the head to the disk. Negative
pressure heads generally exhibit favorable characteristics of lownormal
load, high air bearing stiffness, and better altitude performance.
Naturally, one might come up with a way to reduce fly height by
permitting the head to slide over the disk surface (so-called contact
recording) much like the head for a tape drive. To use this zero-spacing
approach, there are still many technological hurdles to be resolved,
such as protecting the head and the disk from heat generation, high
friction, and wear. Instead of achieving full contact, liquid bearing
technology (Lemke et al., 1994), where a viscoelastic liquid is fully
flooded in the HDI instead of compressible air, has been proposed.

In HDI, the head flies above the disk surface with the fluid mechan-
ics of air bearing generated by the rotation of disks at high speeds.
Contact between the head and the disk occurs during the cycles of the
operation start/stop and intermittently during disk operation due to
the fluctuation of the fly height. Since the fly height has been reduced to
�6.5 nm, the head can even interact with the disk surface via van der

[(Figure_1)TD$FIG]

Figure 11 A schematic of (a) IBM 3370 and (b) negative pressure heads.
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Waals interaction, which induces the growth of roughness of lubricant
surface (Pit et al., 2001). Figure 12 helps understanding a degree of a
close physical spacing of HDI via geometric comparison of an aircraft
flying over ground although nanoscale phenomena cannot be
explained by scaling up to macroscale. As coercivity and areal density
ofmagnetic layer define theHDDcapacity, HDI determines the stability
and durability, which cause the tribological issues due to the mechan-
ical contact. Since magnetic recording is a nanoscale near-field process,
it is essential tomaintain a stable interface in the proximity recording for
the long-term reliability of HDDs. In addition, to increase the areal
density, each component in HMSmust be reduced in dimension, which
places significant constraints on both head and disk parameters.
Therefore, current HDD demands intensive research and development
on the system stability and reliability, which can be enhanced by multi-
scale approaches on the lubricant molecules, carbon-overcoat on the
magnetic layer, and read/write head (via shape optimization to obtain
reliable and constant flying).

3. STRUCTURE OF HIERARCHICAL EQUATIONS

During the past few decades, various theoretical models have been
developed to explain the physical properties and to find key parameters
for the prediction of the system behaviors. Recent technological trends
focus toward integration of subsystem models in various scales, which
entails examining the nanophysical properties, subsystem size, and
scale-specified numerical analysis methods on system level perfor-
mance. Multi-scale modeling components including quantummechan-
ical (i.e., density functional theory (DFT) and ab initio simulation), atom-
istic/molecular (i.e.,Monte Carlo (MC) andmolecular dynamics (MD)),
mesoscopic (i.e., dissipative particle dynamics (DPD) and lattice
Boltzmann method (LBM)), and macroscopic (i.e., LBM, computational

[(Figure_2)TD$FIG]

Figure 12 A magnetic head slider flying over a disk surface (slider located on the

position 1.25 in. from the disk center rotating in 7600 rpm) compared with an aircraft

flying in 560 mile/h over ground with a close physical spacing.
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fluid mechanics, and system optimization) descriptions have also
gained tremendous attention. Here, we will explain the general
modeling methods and the structure of hierarchical equations, which
are broadly utilized in multi-scale approaches. System specified
modification of each modeling method will be discussed in the next
chapter.

3.1 Quantum level

Theoretical models at the quantum level are important ingredients in
the multi-scale modeling strategy, since the techniques do not require
empirical knowledge for effective calculation. At this level of scale, the
molecular system is described by utilizing various ab initio quantum
mechanical calculations, which are currently available to solve many
bodywave-function problems represented by the Schr€odinger equation
(Jensen, 1999). The DFT is an alternative method to reduce the compu-
tational load by using energy functionals depending on the density of
the particles (Parr and Yang, 1989). In this calculation, the ground-state
electronic energy is determined by the electron density representing the
correspondence between the electron density and the energy
(Hohenberg and Kohn, 1964). Although the quantum level calculation
promises accuracy since the model is based on the fundamental and
nonempirical rules, the calculation demands a huge computational cost;
as a consequence the technique cannot be utilized for the upper level of
the scale represented as massive molecular systems, which are more
than approximately 1000 atoms. Therefore, quantum level models are
generally utilized with a combination of molecular-level theories. For
instance, Leconte et al. (2010) investigated the electronic and transport
properties of ozone-treated graphene by using multi-scale ab initiowith
a real space order-N transport computational methodology based on a
reparameterized tight-binding Hamiltonian. Many researchers have
pursued a multi-scale computational approach to the theoretically
inspired optimization of the electroactive properties of organic and
hybrid materials (Dalton et al., 2007; Kim et al., 2008; Olbricht et al.,
2008; Pereverzev et al., 2008; Sullivan et al., 2007). Most recently, this
approach has evolved into a correlated quantum/statistical mechanical
approach based on improvements to real-time, time-dependent density
functional theory (RTTDDFT) and pseudo-atomistic Monte Carlo/
molecular dynamics (PAMCMD) calculations (Dalton, 2009). While
the initial target for this effort was the transformative improvement of
organic electrooptic materials, theoretical approach is also relevant to
developing improved organic electronic, light emitting, photorefrac-
tive, and most particularly organic photovoltaic materials. Although
DFT presented an advantage in the balance of computational cost and
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accuracy in quantum mechanics calculations, the method cannot
accurately handle the ubiquitous dispersion interactions (London
dispersion forces), which is difficult to describe most of theoretical
models including ab initio calculation (Johnson and DiLabio, 2006;
Kohn et al., 1998; Meijer and Sprik, 1996). Empirical atom–atom
based correction terms of C6/R

6-type are commonly used to deter-
mine the parameters (LeSar, 1984; Meijer and Sprik, 1996). Recently,
DFT for dispersion interaction has been investigated including
parameterized functionals and dispersion-correcting potentials
(Johnson et al., 2009).

At this level, we note that we can obtain first-principles (no
adjustable parameters) prediction of properties such as electrooptic
activity in complex organic and hybrid materials. Organic and
hybrid materials have been also integrated within silicon electronic
and photonic device structures, and it enables theoretical analysis of
the performance of these novel device architectures, which involve
enormous enhancement of optical and electric fields. This work
provides a proof of concept that detailed quantum mechanical meth-
ods can be used to inform macroscale experimental systems, pro-
ducing new materials with dramatically improved properties. In the
field of PEFC and HDI, quantum chemical modeling based on atom-
istic simulation was introduced extensively to investigate the per-
fluoro polymeric systems (i.e., PEM and PFPE) and the interactions
of their functional bodies (Goddard et al., 2006; Waltman et al., 1999a,
1999b).

3.2 Atomistic/molecular level

Classical molecular simulation methods such as MC andMD represent
atomistic/molecular-level modeling, which discards the electronic
degrees of freedom while utilizing parameters transferred from quan-
tum level simulation as force field information. A molecule in the sim-
ulation is composed of beads representing atoms, where the interac-
tions are described by classical potential functions. Each bead has a
dispersive pair-wise interaction as described by the Lennard–Jones
(LJ) potential, ULJ(rij):

ULJðrijÞ ¼ 4eij
s
rij

� �12

� s
rij

� �6
" #

; ð1Þ

where s is the diameter of beads, eij corresponds to the well depth of LJ
interaction, rij denotes the distance between two beads i and j. Tomodel
the electrostatic effects, the nonbonding interactions were modified by
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the combination of van der Waals interaction and the electrostatic
Coulombic interaction:

ULJ�CðrijÞ ¼ 4eij
s
rij

� �12

� s
rij

� �6
" #

þ
qiqje

2

4pe0
1

rij
ð2Þ

where, e0 is the dielectric constant of vacuum, e represents elementary
electric charge, and qi and qj are the charge parameters for Coulombic
interaction. Chemical bond between adjacent beads is commonly repre-
sented by harmonic potential energy:

Ur ¼ ð1=2ÞKrðr� roÞ2 and Uu ¼ ð1=2ÞKuðu � u0Þ2 ð3Þ

where Ur and Uu are the stretching and bending potentials, respec-
tively, Kr is the stretching force constant, Ku is the bending force con-
stant, ro is the equilibrium bond length, and uo is the equilibrium angle.
The stretching interactions take place between two bonded atoms,
while the bending accounts for the bending of the angle formed by
two adjacent bonds. Alternatively, anharmonic finitely extensible non-
linear elastic (FENE) springs connect the adjacent beads separated by a
distance of rib:

UFENEðribÞ ¼ � 1

2
kR2

0 ln 1� rib
R0

� �2
" #

rib < R0

1 otherwise

8><
>: : ð4Þ

Here, rib denotes the interbead distance (i.e., the bond length between
two adjacent beads), k is the spring constant that quantifies the rigidity
of the bond, andR0 is themaximumextensibility of the spring. The form
of torsional potential parameters, describing four bonded atoms, is

Uf ¼ kf
XN�1

n¼0

An cos
n f ð5Þ

where Uf is the torsional potential, kf is a constant, An are the torsional
potential coefficients, and f is the torsional angle. To incorporate clas-
sical potential functions with quantum mechanical calculations, eigen-
value analysis is developed to calculate stretching and bending para-
meters from the ab initioHessianmatrix for the harmonic potential form,
and the torsional potential parameters are calculated by generating the
ab initio torsional energy profiles via a series of constrained geometry
optimization.
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MC, which is a time-independent molecular simulation, utilizes the
stochastic motion of the bead to measure the static properties or to
equilibrate the system before measuring time-dependent dynamic
properties using MD due to its advantages in computational cost. A
single bead is selected randomly for theMC trialmovement during each
attempt. The displacement vector is set randomly in a cube centered by
the selected bead as shown in Figure 13 (r ¼ xi þ yj þ zkwith�rmax / 2
< x, y, z< rmax / 2). Here, r denotes the position vector of beads, i, j, and
k are unit vectors in x, y, and z directions, and rmax is the maximum
displacement allowable in the trialmovement. For each trial movement,
the total potential energy difference before and after the trail movement
is calculated from the system potential energies as follows:

Utotal � Uinter þUintra ð6Þ

whereUinter andUintra represent intermolecular (e.g., LJ andCoulombic
interactions) and intramolecular (e.g., stretching, bending, and torsion)
energies, respectively. The acceptance of a trial move is determined by
the probability distribution law based on the detailed balance to keep
the system in equilibrium. Metropolis acceptance probability W deter-
mines whether the trial movement will be accepted or not (Frenkel and
Smith, 2000; Metropolis et al., 1953):

W ¼ min½expðUtotal=kBTÞ; 1�: ð7Þ

Here, kB and T are the Boltzmann constant and absolute

[(Figure_3)TD$FIG]

Figure 13 A trial movement is generated in a cube with a dimension of rmax centered

by the selected bead. Red line represent skeletal bond.
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temperature, respectively. WhenW exceeds a random number ranging
between 0 and 1, the trial movement is accepted, and the position of
bead is updated. Otherwise, the bead is placed back to the original
position. The trial movement of beads will be repeated for enormous
number of time steps, which depends on the system size, until the
potential energy of the system approaches the statistical constant, indi-
cating the equilibrium state. MC provides enormous advantages in
calculation cost by comparing MD, which utilizes the dynamic equa-
tions, for novel algorithms and ensembles. These have been intensively
investigated during past few decades for molecular-level analysis of
complex phenomena including phase equilibria and massively
entangled polymeric systems (Theodorou, 2010).

Themolecularmotion inMDsimulation is deterministic by solving a
Hamiltonian system (Allen and Tildesley, 1996). For the precise
description of the polymeric systems, Langevin dynamics (Grest,
1996) were employed, where the force acting on the ith bead in the
ath molecule can be calculated by the following equation:

m
d2rai
dt2

¼ � @U
@rai

� z 	 drai
dt

þ f
aiðtÞ: ð8Þ

Here, m and rai are the mass and position vector of beads, respec-
tively. z is the friction tensor, which is assumed to be isotropic for
simplicity in our simulation, that is, z =G I, where I is the unit dyad
and G = 0.5t�1 t ¼ sðm=eÞ0:5

� �
(Grest, 1996). Further, f
ai is the

Brownian random force, which obeys the Gaussian white noise, and
is generated according to the fluctuation–dissipation theorem:

hf
aiðtÞf
bjðt
0 Þi ¼ 2kBTdabIdijdðt� t

0 Þ; ð9Þ

where the angular bracket denotes an ensemble average. dab and dij are
Kronecker deltas, and d(t – t0) is a Dirac’s delta function. T and quantify
the magnitude of Brownian force. Langevin equation is a phenomeno-
logical stochastic differential equation of motion describing time evo-
lution of a subset of the degrees of freedom for slowly relaxing (mac-
roscopic) variables while the rapidly relaxing (microscopic) variables,
which result in the stochastic nature in the equation. Langevin equa-
tions can be systematically derived via standard Mori and Zwanzig
projection operator method (Hijón et al., 2010) by projecting out fast
degrees of freedom (irrelevant variables contained in fluctuating ran-
dom force, f). The dynamics of relevant variables are described by
potential energy calculated from quantum mechanics and information
containing irrelevant variables through f or equivalently, z, which are
related by fluctuation–dissipation theorem shown in Equation (9).
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Using EMD simulations, transport properties can be obtained via the
Green–Kubo linear response theory and the corresponding time corre-
lation functions. However, one of themain concerns for EMDmethod is
that the fluctuations naturally occurring in the equilibrated system are
fairly small. As a result, the signal-to-noise ratio (SNR) is very unfavor-
able at large time range, where the time correlation functions exhibit
long tails giving a significant contribution to the integrals defining the
corresponding transport properties. However, if we can introduce
much larger fluctuations artificially, the SNR of the measured response
may be improved dramatically. Therefore, nonequilibrium molecular
dynamics (NEMD) is introduced to study the nonequilibriumdynamics
such as rheological properties. Historically, the first fictitious force
method proposed for simulating viscous flow was the Doll’s tensor
method (Hoover et al., 1980) as shown in Equation (10), which can be
derived from the Doll’s tensor Hamiltonian.

drai
dt

¼ 1

m
pai þ rai 	 ru

dpai
dt

¼ � @U
@rai

�ru 	 pai:
ð10Þ

Here, pai is the bead momentum vector and uðrai; tÞ ¼ igryai is the
linear streaming velocity profile, where g � @ux=@y is the shear strain
rate. Doll’s method has now been replaced by the SLLOD algorithm
(Evans andMorriss, 1984), where the Cartesian components that couple
to the strain rate tensor are transposed (Equation (11)).

drai
dt

¼ 1

m
pai þ rai 	 ru

dpai
dt

¼ � @U
@rai

� pai 	 ru:

ð11Þ

With uðrai; tÞ ¼ igryai, Equations (11) is equivalent to

m
d2rai
dt2

¼ � @U
@rai

þ im
dg
dt

r
y
ai: ð12Þ

Both the Doll’s and SLLOD algorithms are correct in the limit of
zero-shear rate. However, for finite shear rates, the SLLOD equations
are exact but Doll’s tensor algorithm begins to yield incorrect results at
quadratic order in the strain rate, since the former method has suc-
ceeded in transforming the boundary condition expressed in the form
of the local distribution function into the form of a smooth mechanical
force, which appears as a mechanical perturbation in the equation of
motion (Equation (12)) (Evans and Morriss, 1990). To thermostat the
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SLLOD algorithm, the thermostat Gaussian multiplierc is introduced:

drai
dt

¼ 1

m
pai þ rai 	 ru ¼ 1

m
pai þ igryai

dpai
dt

¼ � @U
@rai

� pai 	 ru�cpai ¼ � @U
@rai

� igpy
ai �cpai:

ð13Þ

In the isokinetic version of the algorithm, where the total kinetic
energy

P
a

P
i p

2
ai=2m is held constant, c is given by

c ¼
X
a

X
i

� @U
@rai

	 pai � gpx
aip

y
ai

� �
=
X
a

X
i

p2
ai: ð14Þ

To bridge the time-scale gap between microscopic and macroscopic
scales and accurately capture dynamic phenomena on the coarse-
grained level, systematic time-scale-bridging molecular dynamics was
recently introduced by using an alternative MC–MD iteration scheme,
which also shows higher calculation efficiency than standard NEMD
(Ilg et al., 2009).

3.3 Meso-scale/continuum level

LBM was introduced as an alternative meso-scale/continuum-level
modeling tool, which has the advantages in capturing clear physics in
the system with the complex geometry and nanoscale physics. Since
LBM covers broad range of the system scale and is based on the particle
assumption, the method is considered as a multi-scale method from
meso-scale to continuum scale including buffer region simulation to
substitute computational fluid dynamics as well as a promising candi-
date for hierarchical integration with atomistic/molecular-level mod-
els. Physical phenomena in air bearings/viscoelastic liquid bearings in
the HDI system and heat transfer phenomena have been modeled via
LBM (Ghai et al., 2005, 2006a, 2006b; Kim et al., 2005a, 2005b). Especially,
due to the convenience of complex geometry manipulation, LBM is
suitable for modeling flow in porous media, which can be utilized for
GDL simulation in PEFC.

LBM has emerged as a promising numerical tool for simulating fluid
flows and thermal management with complex physics (Chen and
Doolen, 1998). The numerous advantages including clear physical pic-
tures, an inherently transient nature, multi-scale simulation capabilities,
and fully parallel algorithms make LBM to be an attractive candidate as
a multi-scale simulation tool. Kim et al. (2005a, 2005b) have developed a
novel LBM by adopting a spatially dependent relaxation time model to
predict the nanoscale air bearing performance. Unlike conventional
numerical methods, which discretize the macroscopic equations, LBM
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constructs simplified kinetic models incorporating the essential physics
of microscopic processes so that the macroscopic properties obey the
desired equations. The two-dimensional, lattice Boltzmann kinetic
equation (LBKE) with Bhatnagar–Gross–Krook (BGK) approximation
can be written as (Mei et al., 2000)

f iðxþ ci t; tþ tÞ ¼ f iðx; tÞ �
1

t
½f iðx; tÞ � feqi ðx; tÞ�

for i ¼ 0; 1; . . . ;N
ð15Þ

where t is the single relaxation time, which controls the rate of
approach to equilibrium; fi(x, t) is the discrete one particle distribution
function, which is the probability of finding a particle with the velocity
ci at (x, t); t is the time step;N is the number of discrete particle velocities
in each node, which is chosen to be 9 for D2Q9 (i.e., two-dimension and
9 directions of streaming) model used in this simulation; feqi ðx; tÞ is the
discrete equilibrium distribution function given as

feqi ðx; tÞ ¼ wir 1þ e 	 v
c2

þ vv : ðeiei � c2IÞ
2c4

� �

withwi ¼
4=9; i ¼ 0

1=9; i ¼ 1; . . . ; 4

1=36; i ¼ 5; . . . ; 8

8><
>:

ð16Þ

where v is the fluid velocity, c � s=t ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
3kBT=m

p
is the lattice speed,Ds

[(Figure_4)TD$FIG]

Figure 14 A lattice node of D2Q9 model (2D lattice with 9 directions of streaming)
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is the lattice spacing, kB is the Boltzmann constant, T is the fluid tem-
perature, and m is the particle mass. The 9 discrete velocities in D2Q9
model (Figure 14) are given by

ci ¼
ð0; 0Þ; i ¼ 0
ð�1; 0Þc; ð0; � 1Þc; i ¼ 1; . . . ; 4
ð�1; � 1Þc; i ¼ 5; . . . ; 8:

8<
: ð17Þ

The density r and v are calculated by

rðx; tÞ ¼
X
i

f i and vðx; tÞ ¼ 1

rðx; tÞ
X
i

cif i ð18Þ

In order to integrate polymeric systems via bridging among meso-
scale/continuum scales, LBM and atomic/molecular scales, MD, and
macroscopic scales, intermediate level models may be required. These
maintain the nature of polymeric system with or without functional
groups and provide coarse-grained levels that can be integrated to
LBM. In Section 4.2, we provide a simple reactive sphere (SRS) model,
which is one of the intermediate levels of system integration for reactive
functional endgroups.

3.4 Process-scale level

Process-scale models represent the behavior of reaction, separation and
mass, heat, and momentum transfer at the process flowsheet level, or
for a network of process flowsheets. Whether based on first-principles
or empirical relations, the model equations for these systems typically
consist of conservation laws (based on mass, heat, and momentum),
physical and chemical equilibrium among species and phases, and
additional constitutive equations that describe the rates of chemical
transformation or transport of mass and energy. These process models
are often represented by a collection of individual unit models (the so-
called unit operations) that usually correspond to major pieces of pro-
cess equipment, which, in turn, are captured by device-level models.
These unit models are assembled within a process flowsheet that
describes the interaction of equipment either for steady state or
dynamic behavior. As a result, models can be described by algebraic
or differential equations. As illustrated in Figure 3 for a PEFC-base
power plant, steady-state process flowsheets are usually described by
lumped parameter models described by algebraic equations. Similarly,
dynamic process flowsheets are described by lumped parameter mod-
els comprising differential-algebraic equations. Models that deal with
spatially distributed models are frequently considered at the device
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level, with partial differential equations that model fluid flow, heat and
mass transfer and reactions. These are usually considered too expensive
to incorporate within an overall process model. Process flowsheeting
models, embodied in commercial process simulators such as ASPEN
Plus1, HYSYS1, or PRO-II1, have become the accepted standard to
describe and evaluate process engineering systems, for petroleum refin-
eries, chemical processes, and power plants. Not only do they provide
quantitative information on the flow ofmaterial and energy throughout
a process network but they are used extensively to assess and analyze
the current state of the process, improve the operation of existing pro-
cesses, and guide and validate the design of new processes. As a result
of their application in all of these engineering tasks, these process
models have also become the medium of communication for crucial
technical material shared among networks of project teams that partic-
ipate in any engineering operation. On the other hand, simplifications
used in process models (e.g., equilibrium-based, lumped parameter,
and other short-cut models) often lead to inaccuracies and performance
limitations.

Consequently, these models often require model tuning through
semiempirical correlations and data integration. Such tasks are time-
consuming and problem specific as they often require information from
additional experiments and pilot plant trials, with missing information
leading to start-up and operational risks. The incorporation of more
accurate multi-scale phenomena (at device-, meso- and even molecular
scales) captured by reduced-order models (ROMs) will overcome these
limitations (Lang et al., 2009, 2011).

4. SYSTEM INTEGRATION

As introduced in the previous sections, multi-scale modeling can be
realized via effective hierarchical analysis and simulation strategies
correlating various models in different scales, where each level
addresses specific physical phenomena (Gorban et al., 2006; Gubbins
and Moore, 2010; Maginn and Elliot, 2010). The classical concept of the
multi-scale modeling method is straightforward integration among the
various scale levels, which utilizes the simultaneous description of all-
scale subsystems. This method provides real-time multi-scale observa-
tion yet the computational time length depends on the slowest calcula-
tion. To overcome the disadvantage in the computational cost while
retaining multi-scale advantages, the hierarchical multi-scale model,
which utilizes parameters in lower level of scale to obtain new para-
meters for the upper level degree of freedom, has been investigated
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(Theodorou, 2005; Ulherr and Theodorou, 1998). The hierarchicalmulti-
scale model allows each level of calculation performed independently,
and the input parameters can be estimated from other scale level mod-
els, which discard unnecessary calculations during the bridging proce-
dure between the different scales (Delle Site and Kremer, 2005; Delle
Site et al., 2002, 2004; Doi, 2003; Glotzer and Paul, 2002). Recently, the
focus of multi-scale modeling strategy is on developing bridging
methodology connecting quantum–atomistic/molecular–meso-scale–
continuum levels (Broughton et al., 1999; Csanyi et al., 2004; Delgado-
Buscalioni and Coveney, 2003; Faller, 2004; Flekkoy et al., 2000;
Hadjiconstantinou, 1999; Laio et al., 2002; Li et al., 1998; Neri et al.,
2005; O’Connell and Thompson, 1995; Rafii-Tabar et al., 1998;
Smirnova et al., 1999; Villa et al., 2004).

4.1 Bridging methodology between different scale levels

The bridging procedure finds reduced-order parameters for upper level
scale models. As shown in Figure 15, ROMs are introduced to capture
the predictive behavior of the lower scalemodel andprovide the links to
capturing behavioral information from all of the lower scales, while

[(Figure_5)TD$FIG]

Figure 15 Linking models at various scales using ROMs and deriving lower scale

specifications through an inverse optimization formulation. The ROM included at each

scale is a reduced representation of themodel at the scale below that could range from

a set of parameters such as, for example, elementary rate constants to complexmodels

derived from proper orthogonal decomposition and perhaps even to the full lower

scale model. This is symbolized by coloring the ROMbox with the same color as that of

the box representing the adjacent lower scale model.

The Holistic Strategy in Multi-Scale Modeling 85



allowing the integrated formulation to be tractable. The major role of
multi-scale ROMs is that they allow feasible realizations of complex
domain models (consistency) and capture accurate complex model
behavior over a wide range of the decision space (performance). With
the development of ROMs at each level, modeling and optimization
formulations at a given level will capture performance and feasibility at
neighboring levels. By allowing this communication between levels,
accurate and efficient decision making can be made. Also, note that
the bidirectional flow between levels in Figure 15 easily allows us to
develop and generalize ideas of reverse engineering and inverse
problems.

The coupling of models at different scales is a challenging subject in
the integration procedure, yet is most important for the accuracy of the
multi-scale models. Especially the computational cost associated with
large-scale calculations often precludes their integration over time and
length scales, while rigorous models are now widely applied at all
modeling scales. As an essential tool to overcome this barrier, ROM
plays a critical role to link detailed phenomena at all modeling scales.
While ROMs are widely applied over the entire modeling spectrum,
their development is usually done as a one-time activity at an ad hoc
level. In the development of a multi-scale modeling and optimization
framework, it is required to develop a systematic approach for ROM
development and integration. This will lead to the development of a
single framework that promises much more detailed predictions of
system-wide dynamics with high accuracy and interdependencies for
large-scale decision making.

Depending on the particular length and time scale and the applica-
tion domain, ROMs take a variety of different forms. Often, physics-
based analytic models are derived from simplified, limiting behaviors
of transport, reaction and equilibrium phenomena, and conservation
laws. At the process engineering level, these lead to a rich and widely
applied model library, which must nevertheless be extended to newer
technologies in reaction and separation. Examples of these include
macroscopic models for rate laws, vapor liquid equilibrium and ther-
modynamic properties used at the level of process networks. In addi-
tion, process models are often derived that consist of semiempirical
functional forms fitted with data including reactor models and process
models derived from data-derived correlations. At the device level,
which is dominated by models in continuum mechanics, ROMs take a
variety of forms, ranging from reduced-order solutions involving
proper orthogonal decomposition (POD), variable resolutions models
onmesheswith varying degrees of refinement, variable-fidelity physics
models such as inviscid, irrotational, and incompressible flow for
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Navier–Stokes equations. Lastly, at atomistic and molecular levels, the
task is to infer thermodynamic and kinetic properties and constants that
are later used in macroscopic physics-based models. Often these calcu-
lations are used directly to regress to physics-based ROMs, such aswith
cluster expansion and kinetic MCmodeling, or through coarse-grained
models described below. Moreover, for complex device or molecular
models, such as time consuming continuummechanics and probabilis-
tic models with little or no structural information, general regression-
based model are derived that apply data-driven regression approaches
(e.g., PCA, compressed sensing, neural nets, and wavelets). At all of
these levels, ROMs have approximation errors that prevent their direct
integration for multi-scale decision making. Nevertheless, uncertainty
bounds can be developed along with these models, as described in
Oberkampf et al. (2002) and Frenklach et al. (2002, 2004). These bounds
lead to confidence regions in the parameter space of the ROM, which
can be propagated through the multi-scale model hierarchy for the
verification and validation task.

The overall approach introduces challenges for numerical methods,
error estimates and linking with physics-basedmodels. Moreover, with
the availability of ROMs across the spectrumof relevant problem scales,
one can develop multi-scale optimization formulations that act as the
‘‘glue’’ toward their integration, leading to the entire model. The fol-
lowing sections detail these formulations and discuss enabling algorith-
mic and computational technologies required to realize this integrated
multi-scale framework.

4.2 Coarse-graining methods

4.2.1 Quantum—atomistic/molecular levels
From the equilibrium geometries in the quantum mechanical models,
the atomistic intramolecular force field parameters, which are potential
parameters in atomistic MD simulation, can be obtained by using the
method of Seminario (1996). With the combination of atomistic MD
simulation, quantum mechanical properties of the materials have pro-
vided the advances in the study of the fundamental phenomena in
nanoscale. However, the processes at the device or system level occur
above themicroscale, where the quantum level aswell as atomistic level
cannot cover. Therefore, the development of a coarse-graining proce-
dure, which simplifies the detailed structure of molecules while keep-
ing the fundamental phenomena from quantum/atomistic level mod-
els, becomes one of the critical issues in atomistic/molecular-level
modeling. Izvekov andVoth (2005a, 2005b) introduced the force-match-
ing method for coarse-graining, which determines a coarse-graining
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potential from atomistic information through a variational minimiza-
tion procedure, and themethod has been applied to the study of various
material systems (Iuchi et al., 2007; Izvekov et al., 2005, 2006a, 2006b; Shi
et al., 2006; Wang et al., 2006a; Zhou et al., 2007). Reverse Monte Carlo
(RMC) techniques were introduced to simulate a particle system to
produce the correct radial distribution function without the explicit
need for a potential (McGreevy, 1995; McGreevy and Pusztai, 1988;
Soper, 1996). The method was further extended to DNA studies by
Lyubartsev and Laaksonen (1995). Reith et al. (2003) successfully devel-
oped coarse-grained modeling for the polymer by using iterative
Boltzmann inversion. Further, the coarse-graining framework was
expanded with a general statistical mechanical theory by introducing
the many-body potential of mean force, which enables coarse-graining
model consistent with atomistic models (Noid et al., 2008a, 2008b;Wang
et al., 2006a). The coarse-grained sites are constructed by clusters of
atoms where the mass of the coarse-grained site is the sum of the
included atoms. The new coarse-grained bond lengths are calculated
from the distance between the centers ofmass of the clusters of atoms as
shown in Figure 16.

The method aims to pass the distribution of structural parameters
from the atomistic structure to the coarse-grained. The procedure
involves performing an atomistic MD simulation and calculating the

[(Figure_6)TD$FIG]

Figure 16 Mapping of atomistic clusters onto coarse-grained sites. RCM represents

the bond between coarse-grained sites, where the sites are the centers of mass of the

atomistic clusters.
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equilibrium probability distributions of the corresponding coarse-
grained bond lengths, bond angles, and torsional angles. A
Boltzmann distribution is fit to the distribution determined from the
MD simulation by varying the parameters of the bonded potential:

PðrÞ / expð�UrðrÞ=kBTÞ ð19Þ

where P is the probability distribution of bond lengths, Ur is the bond
potential as defined in Equation (3), kB is the Boltzmann constant, and T
is the absolute temperature. A similar approach is used for the bond
angles and torsions. In order to correct for any error in the parameter
calculation due to fitting a Boltzmann distribution to a condensed phase
simulation, a coarse-grained MD simulation is run by using the param-
eter from the fit, and a new probability distribution is calculated. An
updated Boltzmann distribution is fit to the existing distribution, gen-
erating another set of potential parameters. Parameters determined
from both the atomistic and the coarse-grained simulations are used
to calculate the final coarse-grained potential parameters as shown in
Equations (20) and (21):

KI
r ¼ ðKII

r Þ2=KIII
r ð20Þ

rIo ¼ 2rIIo � rIIIo ð21Þ

where I denotes the final coarse-grained parameter, II denotes a param-
eter determined from the atomistic simulation, and III denotes a param-
eter determined from the coarse-grained simulation. A similar
approach can be applied to the bond angle and torsional potentials.

4.2.2 Molecular—meso-scale levels
Complementary hierarchical models have been developed very
recently (Pearson et al., 2009) that use MD and finite-element methods
to examine nanoscale friction. However, for most of the systems, a
buffer simulation level between molecular and meso-scale has rarely
been investigated for the system containing complicated dynamics.
However, this is a critical and challenging issue for the complete
multi-scale simulation up to the continuum/device levels, although
LBM reduces the scale difference as ameso-continuum scale simulation
tool. For the HDD, it has been found that functional PFPE anchored on
the surface or the coiled conformation of oligomer shows polarity due to
the high interaction of functional groups, which forms coupling
between functional PFPEs. A SRS model, which is highly coarse-
grained molecular model, was invented to simplify polymer molecules
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by considering the nature of coil conformation of polymer and polarity
due to the functional groups. The SRS model describes the polymer
chain with simple sphere with spins representing polarity (Figure 17).
SRS was originally developed by Ma et al. (1999a) to simulate the
spreading profiles of single component PFPE films over the carbon-
overcoat via theMC. In the integration procedure of multi-scale model-
ing, the static properties (the spin orientation and radius of gyration of
SRS, see Figure 18) from coarse-grained model can be estimated as SRS
parameters. This implies that the SRS model can be systematically
derived from ab initio via sequential coarse graining. SRS can be used
as fundamental building block for constructing an LBM description for
a lubricant/viscoelastic bearing.

[(Figure_8)TD$FIG]

Figure 18 Generalized SRS model with orientational distribution g(u) of molecules in

(a) top and (b) bottom layers.

[(Figure_7)TD$FIG]

Figure 17 A sketch of the rigid units of an oligomeric PFPE molecule: (a) the flexible

bonds with freely jointed beads and springs for coarse-grained bead-spring model and

(b) SRS model with polarity (red arrow).
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4.2.3 Meso-scale—continuum levels
For the integration of the multi-scale and multiphenomenological sim-
ulation, the strategy is to describe the entire system using LBM with
parameters provided by lower level models. For the system with static
geometry in equilibrium (e.g., PEFC), the geometric parameters can be
accurately estimated via molecular-level simulation transferable to the
continuum scale simulation. Wang et al. successfully simulated the
continuum/device-level PEFC with direct numerical simulation tech-
niques incorporating to a mesoscopic pore-scale description
(Mukherjee and Wang, 2006, 2007; Wang et al., 2006b, 2006c, 2007),
and Jain et al. (2010) expanded a continuum model to the molecular
and system optimization scales via a middle-out approach to examine
the effect of subsystems on the fuel cell performance. Systems with
more complicated dynamics of subsystems (e.g., HDI) demand specific
intermediate level of coarse-graining steps such as SRS. To devise LBM
elucidating the behavior of the lubricant film, SRS, which is constructed
using simplified information fromMD via reactive coarse-grained par-
ticles, needs to be provided.

Since Boltzmann transport equation (BTE), which is derived to
LBKE, is particle assumption-based theory, an SRSmodel can be imple-
mented to BTE as follows:

@tf
j
i þ v@sf

j
i þ F@vf

j
i ¼ ðf j;0i � f

j
iÞ=t ð22Þ

where s, n, i, 0, t, and F are space, velocity, discrete directions, equilib-
rium state, relaxation time, and an external force, respectively.
Superscript j denotes the orientation spin, which is statistically calcu-
lated from coarse-grained bead-spring model. The Ising model in fer-
romagnetism, the SRS model in lubricant theory, and a lattice gas are
analogous mathematically (Jhon and Choi, 2001; Lee and Yang, 1952).
At a lattice site, the Ising and SRSmodels simplify its spin as upward (")
or downward (#). Lattice gas considers that each lattice site is vacant (0)
or occupied (1). Therefore, it is possible to construct a corresponding
LBM model that can describe the mechanism drawn by spin interac-
tions. The SRS model represents an oversimplified molecular picture
but contains the essence of the molecule/surface interactions for
describing molecular functionality (Karis et al., 2005). In the model,
the spreading properties of lubricants are explained via spin character-
istics, that is, S=�1 (occupied sites) or S= 0 (vacant sites). In case of
spreading of lubricants with polar endgroups, Sz (the projection of S in
the direction perpendicular to the substrate, z) is used to identify the
orientation of a polar endgroup (Sz=�1, where a positive value denotes
an upward-pointing endgroup) (Jhon and Choi, 2001). Only four
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different interactions, molecule/molecule, molecule/surface, end-
group/endgroup, and endgroup/surface are considered for a simpli-
fied modeling. Thus, the Hamiltonian of this system may be written as

H ¼� J

2

X
i;j;k

Si;;j;kSi�1;j�1;k�1 � A
X
i;j;k

Si;j;k

k3

� K
X
i;j;k

1

4
ðSzi;j;k þ 1ÞðSzi;j;kþ1 � 1Þ �W

X
i;j;k¼1

Szi;j;k

ð23Þ

where k is a counting index normal to the surface. The first two terms in
the right-hand side represent interactions for nonreactive molecules
(molecule/molecule interaction and molecule/surface interaction),
implying that J is the nearest neighbor coupling constant, and A is
related to the Hamaker constant originating from van der Waals inter-
actions. The third and fourth terms represent characteristics of end-
group (descriptive for polar endgroup molecules only), where K and
W represent the interaction between endgroups and the interaction
between endgroups and the surface, respectively. Therefore, by setting
K=W= 0, the Hamiltonian for nonreactive molecule systems is recov-
ered for nonfunctional polymeric systems.

Using the Hamiltonian, we can obtain attractive or repulsive forces
that play a role of external forces in Equation (22). A spin analogy/
lattice gasmodel will be developed that can describe the oversimplified
molecular structure, while still capturing the essence of the molecule/
surface interaction. The relaxation time in SRS–LBM will contain shear
rate and other nanoscopic information.

5. TECHNOLOGICAL APPLICATIONS: PEFC

This section deals with multi-scale models for the PEFC and consists of
three subsections, 4.1, 4.2, and 4.3, that relate tomolecular-level models,
bridging models between scales and device/process level models,
respectively. The objectives of these subsections are to survey the devel-
opment and application of these models.

5.1 PEM

The PEM generally consists of polytetrafluoroethylene chains with
hydrophilic perfluorosulfonate side groups. Water molecules within
the system agglomerate in the vicinity of hydrophilic groups (i.e., sul-
fonic acid groups) and form hydrophilic clusters. A network of these
clusters forms passages for proton conduction within PEM, which is
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critical to PEFC performance. Hence a detailed relationship between
PEM structure, water uptake, and proton conduction is necessary for
synthesis of novelmembranematerials, which overcome the limitations
of state-of-the-art PEMs. Ab initio models of PEM have been studied to
explain the first-principle dynamics of proton conduction mechanism
in hydrated PEM (Choe et al., 2010; Habenicht et al., 2010). Quantum
mechanical calculations are incorporated to atomistic MD simulations
by providing accurate potential energy functions as inputs toMD simu-
lations. The atomistic MD exhibits the correspondence to the experi-
mental data as well as provides PEM structural information and proton
transfer mechanisms in PEM (Jinnouchi and Okazaki, 2003).
Komarov et al. (2010) utilized particle-based and field-based simulation
techniques (i.e., integration of atomistic MD and dynamic DFT) to
investigate the processes of self-organization in the systems of sulfo-
nated poly(ether ether ketone)s in the presence of water. Goddard et al.
(2006) used similar overlapping simulation methodologies for the PEM
as well as CL and successfully applied a reactive force field from quan-
tum mechanical calculations to larger scale MD simulations retaining
the accuracy. The molecular-level model can be also applied for differ-
ent electrocatalyst materials to determine atomistic or molecular
mechanisms for electrochemical reactions and degradation of electrode.
Franco and Gerard (2007, 2008) and Franco et al. (2009) analyzed deg-
radationmechanisms of cathodeCL in PEFCbyusingmulti-scalemech-
anistic models.

Atomistic MD models can be extended to the coarse-grained level
introduced in the previous section, which is determined by the dimen-
sion of the backbone chain and branch. For the precise description of
water molecular behavior, simple point charge (SPC) model was
adopted (Krishnan et al., 2001), which can be used to simulate complex
composition systems and quantitatively express vibrational spectra of
water molecules in vapor, liquid, and solid states. The six-parameter
(DOH,a,b, Lgu, Lgg, and Luu) SPCpotential used for thewatermolecules
is shown in Equation (24):

U123 ¼ DOH½ð1� exp½�a r12�Þ2 þ ð1� exp½�a r13�Þ2�

þ Lrr r12 r13 þ Lguðr12 þ r13Þr23 þ Luuðr23Þ2
2

" #

expf�b½ðr12Þ2 þ ðr13Þ2�g with rij ¼ rij � re;ij;

ð24Þ

where re,ij is the equilibriumdistance between the ith and jth atoms. The
subscripts 1, 2, and 3 correspond to the oxygen and the two hydrogen
atoms, respectively. The water uptake in the electrolyte was examined
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from 1 to 14.3 H2O/SO3
�. Note that the electrolyte in the state of water

uptake at 14.3 H2O/SO3
� is almost identical to the immersed proton

form in this simulation.
One of the most important phenomena related to the electrolyte

structure is water uptake variation in the PEM. The electrolyte swells
upon water uptake, and the density of the electrolyte decreases in a
humidified atmosphere. Swelling deformation has been considered as
forming transport paths for the cluster of water molecules and protons.
We first calculated the density of the PEM system for various amounts
of water uptake. The squares and diamonds in Figure 19a indicate the
experimental and simulated density for the dry and hydrated proton
form of electrolyte (Gierke et al., 1981; Jinnouchi and Okazaki, 2003). As
water content increases, the PEM density decreases in the simulations
as well as experiments, and predicted values are in good agreement
with experimental values, indicating that swelling phenomena of the
electrolyte can be captured through this simulation. This swelling phe-
nomena of Nafion1 molecules is also illustrated via Figure 19b, which
shows that the radius of gyration among the simulation species
increases when the number of water molecules in the system increases.
This indicates that as the area occupied by water molecules around the
end of the side-chain increases, the Nafion1 molecules tend to stretch-
out geometrically. Haubold et al. (2001) found that side-chain unfolding
of the polymer can be observedwhen thewater content increases. In this
simulation, we observed that increase in clustered regions of water not
only affects the side-chain conformations but also the conformation of
the backbone chain, making the polymer backbone chain stretched.

[(Figure_9)TD$FIG]

Figure 19 (a) Density of electrolyte (circle: experiment by Gierke et al. (1981), square:

calculation by Jinnouchi and Okazaki (2003), diamond: our model) and (b) water

uptake dependence of radius of gyration of Nafion1 molecules.
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The evidence of water–water cluster generation in the wet electro-
lyte has been provided through several experimental techniques such
as small-angle X-ray scattering, transmission electron microscopy, and
Fourier transform infrared spectroscopy (FTIR) (Falk, 1980; Porat et al.,
1995; Roche et al., 1981). It has been reported that polar particles (water
and protons) cohere in the electrolyte. We also confirmed such phe-
nomena in this simulation via radial distribution functions (RDFs)
among the species (Figure 20). The sharp peak in RDFs between polar
species indicates that almost all the protons and the water molecules
always exist within the clustered region. However, we did not observe
significant peaks between the polar and nonpolar particles. These
results indicate that polar particles cohered in our simulations as well.
Figure 21 illustrates the two-dimensional snapshot of water density
distribution within the simulation cell for various amounts of water
content (H2O/SO3

�). It is clearly observed that the high water density
region increases as the water content increases. This high water density
region corresponds to the clusters observed in previous experimental
studies. The increase of the high water density region implies an
increase of the number of the transport paths for polar particles. The
alignment of these clusters is disorderly, and highly tortuous transport
pathways are constructed in our electrolyte model.

[(Figure_0)TD$FIG]

Figure 20 Radial distribution function: (a) H+–H2O, (b) H+–S, (c) H+–CF2.

[(Figure_1)TD$FIG]

Figure 21 Water density distributions in a cross section of the system.
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Researchers have shown that protons and water molecules move
together through the clusters constructed in electrolytes. Although sev-
eral theoretical methods using macroscopic modeling have been pro-
posed based on the information of the electrolyte structure, there is no
model that estimates transport properties from the subcontinuum
modeling viewpoint. From Figure 22a, we observe that the MSD of
protons increases as the water content increases. In other words, the
diffusivity of the protons (proportional to the gradient of MSD)
increases as the water content increases. Thus, the diffusion of protons
in the PEM depends on the water content. This phenomenon can be
explained in terms of the electrolyte structure. As discussed before, the
water molecules and ions cohere with each other and construct hydro-
philic clusters in a humidified electrolyte. These clusters join with each
other and form transport pathways for the protons and water mole-
cules. Evidence that the protons andwatermoleculesmove through this
cluster region has been obtained from the RDF. Hence, we can conclude
that the cluster region is the transport path for protons and water
molecules. The shape parameters of the clustered region, such as the
cluster size and clusters connectivity, can strongly affect the transport
properties in the electrolyte. The low diffusivity in the electrolyte is due
to the tortuous shape of the cluster region. The ions andwatermolecules
in an electrolyte solution can move freely in all directions, but particles
in the PEM cannot, due to the tortuous hydrophobic wall. Figure 22b
illustrates the comparison between diffusivity of water molecules and
protons. We observe that the diffusion coefficient of the protons is
smaller than that of the water molecule, and the activation energy of
protons is higher than that of water molecule. This indicates that the
resistance to transport of protons is higher than the water molecules.

[(Figure_2)TD$FIG]

Figure 22 (a) Water content dependence of mean square displacement (MSD) of

protons and (b) MSD of protons and water molecules (H2O/SO3
�: 1).
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5.2 Multiphenomena in gas diffusion layer

An entire PEFC model has been successfully investigated via contin-
uum mechanics (Mukherjee and Wang, 2006, 2007; Rama et al., 2010;
Wang et al., 2006b, 2006c, 2007), which does not contain detailed molec-
ular structural information or simulate complex multiphase, multiphy-
sical phenomena. In addition, conventional continuum mechanics has
limitations to simulate the complex two-phase gas–liquid flow phe-
nomena within the porous GDL. To overcome this issue, LBMs can be
introduced. This method is specifically useful for simulating multi-
phase flows as well as hybridizing molecular with continuum level
theories (Hao and Cheng, 2010; Sukop et al., 2008; Yu and Fan, 2010).
Since the LBMcovers frommeso-scale to continuum levels, it is straight-
forward to combine GDL (meso-scale/continuum level) and GC (con-
tinuum level).

For the porous media flow simulation, LBM can be applied on the
complex geometry of porous media due to its advantages on handling
such geometry. However, in spite of this convenience, the calculation
cost will be drastically increased as the system size increases up to the
device level approximately in millimeter scale and above. To develop
larger scale buffer simulation, representative elementary volume (REV)
method was invented, where single lattice represents the volume of
porousmedia. The fuel flowing in the porous electrode can be described
by a continuity equation and the Brinkman–Forchheimer–extended
Darcy equations (generalized momentum equation) (Nithiarasu et al.,
1997):

r 	 v ¼ 0 ð25Þ

@v
@t

þ ðv 	 rÞ v

f

� �
¼ � 1

r
rðfPÞ þ vr2vþ F ð26Þ

where f is the porosity, P is the cell total pressure, and v is the kinematic
viscosity. F represents total body force due to the presence of the porous
medium and other external force fields, expressed by

F ¼ �fv

K
v� fFfffiffiffiffi

K
p vj jvþ fG ð27Þ

whereG is the body force induced by an external force, and Ff andK
are, respectively, the geometric function andpermeability,which can be
estimated from Ergun’s experimental results and expressed by (Ergun,
1952; Vafai, 1984)

The Holistic Strategy in Multi-Scale Modeling 97



Ff ¼ 1:75ffiffiffiffiffiffiffiffiffiffiffiffi
150f3

p and K ¼ f3d2p

150ð1� fÞ2 ð28Þ

where dp is the effective average diameter of the solid in the porous
electrode.

Generally, the BTEwith single relaxation time approximation can be
written as Equation (15). In order to simulate flow in the porous media,
we consider the drag effect of the medium and present the LBM equa-
tion by the following form of the statistical average:

f iðxþ ci t; tþ tÞ ¼ f iðx; tÞ �
1

t
½f iðx; tÞ � f

eq

i ðx; tÞ� þ Fi t ð29Þ

where f iðx; tÞ and f
eq

i ðx; tÞ are volume-averaged distribution function
and equilibrium distribution function at REV scale, respectively (from
now on, the overbars will be omitted for the sake of convenience). Fi is
the force term for ith particle of fluid. According to Cancelliere et al.
(1990), Fi is chosen as

Fi ¼ vir 1� 1

2t

� �
ei 	 F
c2

þ ðei 	 vÞðei 	 FÞ
fc4

� v 	 F
fc2

� �
ð30Þ

The density and velocity of the fluid are defined by

rðx; tÞ ¼
X
i

f i and vðx; tÞ ¼ 1

rðx; tÞ
X
i

cif i þ
t

2
F ð31Þ

The macroscopic equations for fluid flowing in porous media may
be recovered by Taylor expansion and Chapman–Enskog expansion,
which become

@r
@t

þr 	 ðrvÞ ¼ 0 ð32Þ

@ðrvÞ
@t

þr 	 rvv
f

� �
¼ �rPþr 	 rvðrvþ vrÞ½ � þ F ð33Þ

We see that above equations recover Equations (25) and (26) for
r= constant. Note that as f= 1, Equation (26) or (33) is reduced to the
standard LBKE for the fluid flows in the absence of porous media.

Xu et al. (2006b) have successfully introduced Brinkman–
Forchheimer–extended Darcy equation in order to solve the perfor-
mance of molten carbonate fuel cell. As a verification of REV method,
Poiseuille flow profiles in the porous media modifying LBM with
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Brinkman–Forchheimer–extended Darcy equationwere simulated. The
porosity is set to be 0.1, Reynolds number (Re) changes from 0.01 to 100,
and the Darcy number (Da) changes from 10�6 to 102. The lattice used is
an 80� 80 square mesh, and the relaxation time is set to be 0.8. Periodic
boundary conditions are applied to the entrance and the exit. The
velocity field is initialized to be zero at each lattice node with a constant
density r=1.0, and the distribution function is set to be its equilibrium
at t= 0. In Figure 23a, the numerical results of the REV LBM are com-
pared with the finite difference results, which were solved by Guo and
Zhao (2002). Excellent agreement is observed between REV LBM and
the finite-difference solutions, which confirms the validity of the REV
LBM for the continuum scale exhibiting that velocity profiles tend to be
the same when the finer porous media is used with same porosity. REV
LBM is also compared to the standard LBM with manipulated porous
media geometry having same parameter conditions as a verification in
lower scale level. Figure 23b shows that the standard LBMwith porous
geometry shows the behavior similar to the results from REV LBM.
Since the flows in PEFC have multicomponent/multiphase character-
istics, which result in clogging effects, the details of porous media
geometry cannot be discarded for an accurate GDL model. Therefore,
multi-scale integration inGDL can be obtained via combiningREVLBM
and LBM with the porous media geometry.

LBKE can be further modified to capture the multicomponent/mul-
tiphase phenomena inGDL aswell as GC. Thismodification also allows
modeling the hydrophilic effect such as the bubble transport phenom-
enon. Lu andWang visualized the bubble phenomenon in situ using the

[(Figure_3)TD$FIG]

Figure 23 (a) Comparison of normalized velocity profile (Re = 0.1); solid line:

analytical solution, symbol: LBM; blue: Da = 10�4, red: Da = 10�3, f = 0.1 and (b)

comparison of REV (blue) and standard (red) methods: Re = 0.1, Da = 10�4, f = 0.1.
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hydrophilic carbon cloth since it has more regularly distributed pores
than the hydrophobic one. Therefore, the hydrophilic diffusion layer is
more preferred to remove bubbles. In order to simulate a multicompo-
nent, multiphase flow in the fuel cell, we need to solve the same number
of LBKEs as the number of components. The additional effects from the
multiphase flow, such as the surface tension, the fluid–solid force, and
the buoyancy force can be treated as external forces for the momentum
equation. Therefore, modified LBM equation can be expressed as

rsðx; tÞvsðx; tÞ ¼
X
i

fsi ðxi; tÞci þ Fstotalðx; tÞ ð34Þ

as the general momentum equation for the multicomponent, multi-
phase flow. In Equation (34), Fstotalðx; tÞ represents the total external
force parameter (momentum per volume) of the component s (species)
contributed by the surface tension, the fluid–solid interaction force, and
the buoyancy force

Fstotalðx; tÞ ¼ Fssurface tensionðx; tÞ þ Fsfluid�solidðx; tÞ þ Fsbuoyancyðx; tÞ: ð35Þ

In order to model the surface tension force in the multicomponent
fluid, an interaction potential f(x, x0) was defined. This potential can be
represented by

fðx; x0 Þ ¼ Gss
0
csðxÞcs

0
ðx0 Þ: ð36Þ

where cs(x) is a function of the mass density of the species s at the
position vector x; and Gss

0
is set to be the interaction strength between

the species s and the other species s0. For simplicity, we assume that
Gss

0
only accounts for the nearest-neighbor interactions. The rate of

change of the momentum per volume for the multicomponent fluid
then becomes

dFssurface tension

dt
ðx; tÞ ¼ �Csðx; tÞ

X
s0

Gss
0 X

i

Cs
0
ðxþ ei t; tÞei: ð37Þ

Hence, the force parameter contributed by the surface tension can be
approximated by the following equation:

Fssurface tensionðx; tÞ ¼ �ts½Csðx; tÞ
X
s0

Gss
0 X

i

Cs
0
ðxþ ei t; tÞei� ð38Þ

where ts is the collision time for the species s.
The interaction force at the fluid–solid interaction can be expressed

by
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[(Figure_5)TD$FIG]

Figure 25 Multi-scale modeling of HDI: (a) ab initio (atomic), (b) MC/MD (molecular),

(c) coarse-graining procedure (molecular/meso-scale), (d) diffusion characteristics and

surface topography, and (e) LBM (meso-scale) and integration HDI (system design).

[(Figure_4)TD$FIG]

Figure 24 Multi-scale/holistic interpretation of physical system.
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Fsfluid�solidðx; tÞ ¼ �rs
X
i

Gs
i sðxþ ei tÞei ð39Þ

where Gs is the fluid–solid interaction potential parameter; s is a
function of the position of the particle, s= 0 when the particle is in
the fluid, and s= 1 when the particle is at the fluid/solid interface.
The angle between the fluid and the wall, due to the hydrophilicity,
can be controlled by adjusting the fluid–solid interaction potential
parameter Gs. The angle increases with larger Gs. When the contact
angle increases, the wall is less hydrophilic. The momentum con-
tributed by the buoyancy force can be expressed by the following
equation:

Fsbuoyancyðx; tÞ ¼ �g
X
i

rsðxþ ei t; tÞei ð40Þ

where g is the gravitational constant.

5.3 Device-scale/process-scale level

A more physically accurate representation includes space–time
dependencies on physical parameters via conservation laws as well
as electrochemistry based on irreversible thermodynamics. As shown
in Figure 4, the model for PEFC system consists of an integrated
assembly of several interacting physical components, each compris-
ing of multidimensional, multiphysical transport and electrochemical
reaction processes. There are seven chambers in the model, the GCs,
the GDLs, and the CLs both on anode and the cathode sides, and a
central PEM region. This device-level model is based on multiphase
continuum mechanics coupled with species, and energy conservation
along with electrochemistry. The equations descriptive for various
subcomponents are integrated and incorporated into the optimization
framework. Although this approach primarily originated from con-
tinuummechanics, one can obtain spatial dependencies and temporal
resolution of physical parameters through an optimization scheme,
which contains design criteria one level deeper. This multi-scale
approach was applied to obtain an optimal CL design with spatial
variation of the CL layer and platinum loading (Jain et al., 2008).
Further work demonstrated the sensitivity of this design for refining
these PEFC models (Jain et al., 2010).

At the process level, efficient flowsheet optimization strategies
based on lumped parameter models are now widely used in practice
(Biegler et al., 1997). At this scale, the PEFC is embeddedwithin a power
plant flowsheet model, as shown in Figure 3. The process comprises
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three subsystems (1) the fuel processing, (2) the PEFC stack, and (3) the
postcombustion (Xu et al., 2006a). The design questions at this level are
addressed through optimization of network connections of these sub-
systems, the heat exchanger network, as well as equipment design of
individual components (PEFC, reactors, compressors) within each sub-
system. As considered in Xu et al., the flowsheet is designed to maxi-
mize power for a given feed and an equilibrium model is used for the
PEFC. While this model neither handle the spatial characteristics of
device-level PEFC models nor the design of the membrane material,
the process-scale model can be replaced by a ROM to handle these
features. By applying the ROM-based optimization strategy developed
in Lang et al. (2009, 2011), information from device- andmolecular-scale
models can be used to construct the ROM in order to include decisions
that relate to material and device-level performance.

6. TECHNOLOGICAL APPLICATIONS: HARD DISK DRIVE

As emphasized in the previous section, it is critical for the multi-scale
integration to develop mathematically simple (with few parameters)
yet physically realistic models with nanoscopic information. For the
description of the multi-scale framework of HDI, we provide a bot-
tom-up approach as given below to sketch multi-scale modeling as
described in Figures 24 and 25 (Jhon et al., 2011).

Perform atomistic simulations to obtain force field parameters to be
used in step 2 (Figures 24a and 25a). In this step, ab initiomethods and/
or DFT are utilized to calculate the intramolecular force field para-
meters (stretching, bending, and torsional) from the Hessian matrix
(Smith et al., 2011). The potential energy among PFPE molecules and
PFPE–carbon surface interactions are also calculated as a function of the
endgroup structure (e.g., Zdol and Ztetraol) via parameter estimation
for the given potential energy functional form. This information is used
for MD simulation in step 2.

Employ classical MD to calculate mesoscopic properties of molecularly
thin lubricant films from the atomistic input obtained from step 1
(Figures 24b and 25b). During the past decade, atomistic/coarse-
grained MD models for PFPE systems based on Langevin equations
have been investigated (Chung et al., 2009; Guo et al., 2006; Ma et al.,
1999a, 1999c; Phillips and Jhon, 2002). Step 1 will provide additional
input to these models by delivering first-principle information as well
as numerical accuracy.

Further employment of the coarse-graining process to represent
PFPE molecules with few parameter models (having the least
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parameters yet preserving essence of physics) such as size, shape, and
orientation of endgroups (simplest example is SRS (Figures 24c and 25c)
where the shape is spherical and orientation is spin-like quantized
form).

Develop an LBM scheme with generalized SRS model to accurately
describe the dynamics of PFPE systems. The model is based on the
mathematically simple yet physically realistic LBM models capturing
the bottom level (atomistic) information. This novel formulation is based
on our system for electron–phonon coupling with two states (Ghai et al.,
2005), which is analogous to spin system description for endgroups.

Couple LBM to be developed in step 4 with LBM schemes descrip-
tive for air bearing and thermal phenomena (Figures 24e and 25e).

From the mesoscopic model described in steps 2 and/or 3, calculate
physical properties including spreading, surface energy, diffusion pro-
cesses, and compare the simulation results with experimental data. This
can be done for pure and nanoblended PFPE systems (Figures 24d and
25d).

Design the advanced HDD from our multi-scale simulation tools
described in steps 4 and 5. Integration of HDI simulation stated in
steps 1–6, can be easily achieved via a slight extension of our current
understanding, although at the current stage we are not employing
systematic parameter estimation techniques yet by introducing
sophisticated optimization tools. Furthermore, the techniques like
reduced-order methods may be useful in reducing the degrees of
freedom systematically. This methodology will be useful in our future
HDD development.

6.1 The coarse-grained, bead-spring model

Molecular simulations via the coarse-grained, bead-spring model were
carried out to examine the nanostructure of PFPE lubricant films,
including the anisotropic radius of gyration and endbead density pro-
file (Izumisawa and Jhon, 2002a, 2002b; Jhon et al., 2003). Guo et al. (2004,
2005) pioneered MD simulation to investigate both static and dynamic
properties of PFPE films to explain the underlying physics in the exper-
imental findings of PFPE films as well as develop a powerful numerical
tool to understand the properties of PFPE films at molecular level. The
atomic or united atommodels are mainly adopted for the simulation of
simple particles or short chains, while the coarse-grained, bead-spring
model is suitable to simulate the polymeric systemwith a larger length
scale. With the advantage of reduced computational cost, the coarse-
grained, bead-spring model has been widely adopted to simulate
the behaviors of polymeric systems (Milchev and Binder, 1996;
Milchev et al., 1993; Sheng et al., 1994). Since PFPE and its derivatives
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have relatively high molecular weights, Jhon et al. adopted the coarse-
grained, bead-spring model thereby simplifying the detailed atomistic
information while preserving the essence of the internal molecular
structure to examine static and dynamic properties of PFPEs (Guo
et al., 2003; Izumisawa and Jhon, 2002a, 2002b). In the coarse-grained,
bead-spring model, PFPEs are characterized by a sequence of freely
joined rigid beads as shown in Figure 26.

In the HDI system, the root mean square (RMS) roughness of the
carbon-overcoat surface, which corresponds to the solid surface, has
been reduced to 2.3 (Fung et al., 2000). Therefore, it is reasonable to
assume a perfectly flat and structureless wall on the bottom of the
simulation cell for the system with coarse-grained, bead-spring model.
This assumption has been justified via the spreading profiles of PFPE
Zdol on the silica surface (molecularly smooth) (O’Connor et al., 1996)
similar to those on the carbon surface (molecularly rough) (Ma et al.,
1999b, 1999c, 1999d). The van der Waals interaction between bead and
the surface UVDW(z) is then calculated by

UVDWðzÞ ¼ ew
1

2

s
z

� �9

� 3

2

s
z

� �3
� �

: ð41Þ

Here, z is the distance from the surface and ew is the potential depth
of the bead and surface interaction. Due to the repulsive contribution in
Equation (41), beads are prevented from moving very close toward the
solid surface. Figure 27 illustrates a schematic of the coarse-grained,
bead-spring PFPEs with the flat surface assumption. The functional

[(Figure_6)TD$FIG]

Figure 26 (a) A molecular model of an oligomeric PFPE Zdol molecule with p = q = 10

and Mn = 1974 g/mol and (b) simplification of the rigid units of an oligomeric PFPE

molecule and the flexible bonds with freely jointed beads and springs.
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beads in PFPE interact much differently from LJ or dispersive type
interactions; however the mechanism has not yet been clarified,
which could be hydrogen bonding, hydrogen transfer, or esterifica-
tion. To maintain the generality and demonstrate potential energy
characteristics of a short-range interaction without losing the
essence of the chain-end related problem, such as that found in
functional PFPE films, short-range exponential (EXP) decay func-
tions in addition to dispersive interaction (i.e., ULJ and UVDW) are
used between functional beads, UEXP1(ree), as well as between the
functional bead and the surface, UEXP2(z) as illustrated by Equations
(42) and (43). Specifically, for the interaction between endbeads,
Ueb–eb =ULJ +UEXP1; and for the interaction between endbeads and
surface, Ueb-surface =UVDW+UEXP2. Due to the strong short-range
interaction in the decay functions, functional endgroups prefer to
couple with the solid surface rather than backbone chains, as long as
they are close enough to the bottom surface. Here,

UEXP1ðreeÞ ¼ �epb exp � ree � rc
d

� �
; ð42Þ

and

UEXP2ðzÞ ¼ �epw exp � z� zc
d

� �
: ð43Þ

where, ree denotes the distance between endbeads and d is the
characteristic decay length for the short-range interaction and epb
and epw are the potential depths at ree = rc and z= zc. A larger value
of epb indicates a stronger endgroup functionality.

Endbead density profiles for functional and nonfunctional PFPEs
were examined by Guo et al. (2003). Figure 28a shows the endbead
density profiles of single component PFPEs as a function of the bead
and surface interaction strength ew in Equation (41) and endgroup
functionality epb and epw in Equations (42) and (43). For nonfunctional

[(Figure_7)TD$FIG]

Figure 27 A schematic of coarse-grained, bead-spring model with potential energies

(PFPE).
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PFPEs epb ¼ epw ¼ 0
	 


, the endbeads are uniformly distributed through
the entire film thickness (z). Slightly intensive adsorption on the surface
was also observed for a stronger surface attraction (ew= 4e), which
shows the surface interaction strength is negligible for the film confor-
mation of nonfunctional PFPEs aswell as backbone of functional PFPEs.
For functional PFPE epb ¼ epw ¼ 2e

	 

, the endbead density is maximized

near the bottom surface with s = 1. Oscillation of the endbead density
profile occurs for functional PFPEs, originating from the endbead–end-
bead couplings. We also notice that the distance between two neigh-
boring peaks in Figure 28a is about 5.5s, which corresponds to the
thickness of two layers (Guo et al., 2003). Therefore, this result verifies
that the coarse-grained, bead-spring model qualitatively describes the
endgroup coupling between functional PFPE molecules as well as the
layering structure in the functional PFPE film. This is ideally described
in Figure 28b, where the functional PFPEs tend to anchor with end-
groups onto the surface in the first layer and form the subsequent layers
with coupled endgroups.

[(Figure_9)TD$FIG]

Figure 29 Spreading profile of SRS models with (a) nonfunctional and (b) functional

PFPEs by Ma et al.

[(Figure_8)TD$FIG]

Figure 28 (a) The endbead density profiles of PFPE nanofilms as a function of ew,
epb; and epw with Np = 10 and T = 1.0e/kB by Guo et al. and (b) a schematic of the

‘‘layering’’ structure for functional PFPE nanofilms.
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6.2 Simple reactive sphere model

SRS with spins representing the endgroup orientation was first pro-
posed by Ma et al. (1999a) to simulate the spreading profiles of single
component PFPE films over the carbon-overcoat via the MC method
(Figure 29). This work was later extended to simulate the spreading
profiles of single component PFPE films over hydrogenated and nitro-
genated carbon-overcoats (Phillips et al., 2001; Vinay et al., 2000) as well
as their surface characteristics (Phillips and Jhon, 2002). However, the
SRS model does not capture the detailed structure of PFPE molecules.
Therefore, in order to utilize SRS to understand the geometry of sub-
monolayer lubricant films, as well as investigate the molecular confor-
mation and the resultant static and dynamic properties of PFPE films, it
is necessary to incorporate intramolecular degrees of freedom from
high-resolution scale models such as coarse-grained, bead-spring or
atomistic models.

Due to the van der Waals interaction between backbone bead and
carbon-overcoated surface, PFPE has an oblate rather than spherical
conformation. So the current SRS model should be modified by allow-
ing position dependent deformations. To analyze molecular structures
in the nanofilm, the molecular conformation of coarse-grained, bead-
spring PFPEs on the surface is defined with the radius of gyration (Rg),
including the parallel (Rjj) and perpendicular (R?) components
(Guo et al., 2003), corresponding to the radius of gyration in the direc-
tion parallel and perpendicular to the bottom surface (Figure 30):

R2
jj ¼

1

2Np

XNp

i¼1

½ðxi � xgÞ2 þ ðyi � ygÞ2�;

R2 ¼ 1

Np

XNp

i¼1

ðzi � zgÞ2 with R2
g ¼ R2 þ 2R2

jj

ð44Þ

Here,Np is the total number of beads in eachPFPEmolecule, (xg, yg, zg)
are the coordinates of the PFPE molecular center of mass, and (xi, yi, zi)
denote the bead coordinates. The perpendicular size of PFPE

[(Figure_0)TD$FIG]

Figure 30 A schematic of the parallel and perpendicular radius of gyration of PFPE

molecule on the surface.
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especially controls the thickness of monolayer film. The radius of
gyration can be considered as a SRS configuration parameter, which
identifies the form of SRS model on the surface (e.g., oblate, spherical,
or prolate conformation).

6.3 Meso-scale/continuum level

The air bearing of theHDI operates under rarefied gas flow,which is the
high Knudsen number (Kn) flow regime. The conventional Navier–
Stokes equations are not eligible to describe the flow inside the air
bearing because the continuumhypothesis is no longer valid in the high
Kn regime. Therefore, the modified Reynolds equation (MRE) has been
constructed to solve high Kn flow of the air bearing (Fukui and Kaneko,
1987; Kang et al., 1999). Accurate velocity slip modeling on the wall is
crucial for the high Kn flows and several slip models have been devel-
oped that incorporate the molecular rarefaction effect to describe the
slip flow via two parameters, Kn and surface accommodation coeffi-
cient. Although the MRE is widely used for the slider design, it is not
well suited to HDI integrated modeling, because it does not have flex-
ibility and capability for integration of the multi-scale system including
the air-bearing, lubricant film, and nanoscale heat transfer in media.
Recently, Myong et al. (2005) developed the boundary model based on
the theory of adsorption phenomena pioneered by Langmuir.
According to Langmuir’s theory, gas molecules do not reflect directly,
but rather reside on the surface for a brief period of time due to the
intermolecular forces between the gasmolecules and the surface atoms.
After some lag in time these molecules may reflect from the surface.
This time lag causes macroscopic velocity slip. From this physical con-
text, the fraction of surface covered at equilibrium for monatomic and
diatomic gases is written respectively as

a ¼ bp
1þ bp

ð45Þ

a ¼
ffiffiffiffiffiffi
bp

p
1þ

ffiffiffiffiffiffi
bp

p : ð46Þ

It was shown that the parameter a is function of pressure p. b is the
reaction constant for surface–gas molecules interaction and is defined
as

b ¼ All=Kn

KBTw
exp

De

KBTw

� �
; ð47Þ
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where A, KB, De, and ll are the mean area of a site, the Boltzmann
constant, a potential energy parameter, and the molecular mean free
path, respectively. The potential energy of heat adsorption De varies
with the type of gas and the nature of thewallmaterial.a is a function of
thewall temperatureTw, andplays a role similar to the slip coefficient of
theMaxwellmodel slipmodel. The slip velocity, us of the Langmuir slip
model can be calculated by

us ¼ auw þ ð1� aÞug; ð48Þ

In LBM, the slip velocity on the wall can be defined by applying
streaming and bounce-back process. Typical bounce-back and slip con-
dition on the wall in LBM can be expressed as

f7
f4
f8

0
@

1
A ¼ k

f5
f2
f6

0
@

1
A; k ¼

r 0 s
0 rþ s 0
s 0 r

0
@

1
A; ð49Þ

where two parameters, r and s represent the fraction of the distribution
function to be bounced-back and slipped forward, respectively
(Sbragaglia and Succi, 2005), and they should be chosen such that r+
s= 1. The slip velocity on the wall can be defined by summation of the
distribution in consideration with the direction. The difference of two
functions along the wall f1 � f3

	 

within the summation can be denoted

as the moving wall momentum ruwð Þ. Thus
rus ¼ s

X
cif þ rruwi: ð50Þ

Equation (50) physically has the samemeaning as the Langmuir slip
model when r is chosen as a. For the 3D case, the 5� 5 matrix k can be
easily built up by using r and s in the same manner as in 2D.

Kim et al. (2007) examined the normalized velocity profiles at vari-
ous values of Kn. In Figure 31, the computation result using the
Langmuir slip model exactly matches those of the Maxwell and
Beskok’s slip model (Beskok, 2001) at Kn< 0.1. For the cases of
Kn= 0.1 and 1 velocity profiles are also presented in Figure 31 and the
results are compared with those obtained from the first-order slip
model flow, Hsia and Domoto (1983), and the Maxwell models. The
result using the Langmuir slip model exactly matched the one from the
first-order slip flow but showed a slight deviation with the result using
the Maxwell slip model, which may be caused by the fact that the
Maxwell slip model can be considered to be a subset of the Langmuir
slip model in the microchannel flow analysis at Kn< 0.1 only. 2D flow
induced by a moving plate (Couette flow) with Kn= 0.1 and 1 was also
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simulated to verify the applicability of the slip model to air bearing
simulation. The velocity comparisons with the first-order slip flow are
shown in Figure 32. In this figure,we can observe that the presentmodel
gives satisfactory agreement with the prediction of the first-order slip
velocity. Cavity flow at various values of Kn was solved since the
complex geometry of cavity underneath the slider plays a critical role
in determining the stability of the slider under high speed operation of
the HDI system. Figure 33 shows streamlines of cavity flow. The center

[(Figure_1)TD$FIG]

Figure 31 Normalized velocity distribution of Poiseuille flow at various Kn.

[(Figure_2)TD$FIG]

Figure 32 Normalized velocity distribution of Couette flow at various Kn.
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of primary vortexmoves down asKn increases and the flowpatternwas
well resolved in Figure 33.

In fact, for the transition flow regime (0.1<Kn< 10) and free molec-
ular regime (Kn> 10), it is extremely difficult to accurately predict the
flow physics using the LBM because LBM’s finite discrete velocities
cannot simulate the realmoleculemotion at highKn. As a remedy to this
problem, virtual wall collision (VWC) method has been developed
(Toschi and Succi, 2005) and it was reported that LBM with VWC can
solve the flow regime (Kn< 30). This is capable of simulating the nano-
scale air bearing flow using LBM. By incorporating the SRS model
introduced in Section 4.2, the entire HDI can be described by LBM
providing the framework for a tribological study of the disk surface,
lubricant, and read/write head. Optimization strategies can be devised
bymacrosopic observables from the integratedHDImodel with respect
to the fundamental molecular architectures, and will allow for efficient
evaluation of the decision variables enabling inverse optimization for-
mulation (Figure 15).

7. SUMMARY AND CONCLUSIONS

A holistic strategy in hierarchical modeling, which enables the commu-
nication between physical phenomena in different length and time
scales and provides understanding of the systematic properties using
nanoscale parameters has been presented in this paper via two bench-
mark systems, that is, HDD and PEFC. By illustrating representative
modeling methods on each level of scale, physical phenomena in each

[(Figure_3)TD$FIG]

Figure 33 Streamlines of cavity flow at various Knudsen numbers.
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subsystem have been examined and the possibilities of integrating
different scale methods were provided. As detailed in the benchmark
systems separately, bridging methodologies enabling a link to the sub-
systems organically were discussed as a key to build the successful
multi-scale model. Bridging the molecular to the continuum scales
can be resolved via LBM in a broad range of scales from meso-scale to
continuum levels. Molecular-level models with quantum level para-
meters can be incorporated to LBM via coarse-graining procedure,
which simplify detailed molecular structures while transferring essen-
tial physics to upper scale level. The parameters in highly coarse-
grained SRS model include nanoscopic information stochastically
obtained from sequential coarse graining procedures including ab initio
and bead-spring model.

As reviewed in this paper, multi-scale modeling currently is an
active area with many multi-scale integration methods recently pub-
lished. Although these advances in modeling techniques and multi-
scale approaches for each application bring profound understanding
of complex systems and provide multidisciplinary impact in multiple
science and engineering fields, critical challenges are yet to be over-
come in obtaining feasible methodologies. Current state of the bridg-
ing methods for the specific systems must be improved to establish a
sound theoretical structure of hierarchical multi-scale integration for
feasible methods. In particular, the supplemental integration meth-
odologies between molecular and continuum scales are a major hur-
dle to be resolved first. In addition to the integration of time and
length scales differences, the multiphenomenological integration in
an identical space–time phase (e.g., heat and mass transfer and reac-
tion kinetics) should be incorporated. For instance, the thermal effects
on the nanoscale systems can be described more accurately by LBM
due to its treatment of broad length and time scales. Electrons as well
as phonons play a vital role in the energy transport in the nanoscale
systems, therefore a thermal behavior of both electrons and phonons
needs to be simultaneously considered to predict the transient sub-
continuum thermal transport. LBM can also successfully accommo-
date for such complicated systematic problems since the complexity
of the collision term in the BTE can be significantly reduced by using
the single relaxation time approximation (Ghai et al., 2005, 2006a,
2006b).

The demand for the researchwill cover the development of the novel
algorithms utilizing parallel computation methods. The development
of a hierarchical multi-scale paradigmwill consolidate theoretical anal-
ysis and will lead to large-scale decision-making criteria of the process
level design based on the first-principle dynamics.
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