
A Coarse-Grained Model for Epoxy Molding Compound
Shaorui Yang,† Zhiwei Cui,† and Jianmin Qu*,†,‡

†Department of Mechanical Engineering and ‡Department of Civil and Environmental Engineering, Northwestern University, 2145
Sheridan Rd., Evanston, Illinois 60208, United States

ABSTRACT: We present a coarse-grained model for molecular
dynamics simulations of an epoxy system composed of epoxy
phenol novolac as epoxy monomer and bisphenol-A as the cross-
linking agent. The epoxy and hardener molecules are represented
as short chains of connected beads, and cross-linking is
accomplished by introducing bonds between reactive beads. The
interbead potential, composed of Lennard-Jones, bond stretching,
and angle bending terms, is parametrized through an optimization
process based on a particle swarm optimization method to fit
certain key thermomechanical properties of the material obtained
from experiments and previous full atomistic simulations. The
newly developed coarse-grained model is capable of predicting a
number of thermomechanical properties of the epoxy system. The
predictions are in very good agreement with available data in the literature. More importantly, our coarse-grained model is
capable of predicting tensile failure of the epoxy system, a capability that no other conventional molecular dynamic simulation
model has. Finally, our coarse-grained model can speed up the simulations by more than an order of magnitude when compared
with traditional molecular dynamic simulations.

1. INTRODUCTION

Epoxy resins, formed by polycondensation of monomers
bearing multiple epoxy groups and curing agents with active
hydrogens such as hydroxyls and amines, have applications as
adhesives, molding compounds, and composites in a variety of
fields including electronic packaging, automotive manufactur-
ing, and aerospace industry, due to their excellent thermal and
mechanical stability. Characterization of key thermomechanical
properties of epoxies is thus of great importance for the
validation of structure/device integrity and material design.
Besides the conventional trial-and-error procedures which are
expensive and time-consuming, computer modeling has been
developed into a powerful complementary tool to experiment.
Recent developments in molecular level simulations, such as
molecular dynamics (MD) simulation, offer the capability to
predict material properties, if done properly and with well-
parametrized and validated interatomic potential. This has been
demonstrated by numerous applications to crystalline materi-
als.1−4

Despite the highly amorphous microstructure and compli-
cated interatomic force fields, polymeric materials have also
been extensively examined by molecular modeling. Specifically
for chemically cross-linked polymer network, fully atomistic
investigations have been practiced based on molecular models
constructed through MD simulation of polymerization of
physical mixture of monomers into network to study various
properties of epoxies.5−11 In spite of the extensive use of MD
simulations in predicting/reproducing certain properties, the
all-atomic models suffer from severe limitations on length and
time scales, which restrict their applications in describing

physical processes requiring larger temporal and spatial scales
to correctly capture, e.g., mechanical responses of polymers.
Coarse-graining is a method of achieving up-scaling by

lumping a group of atoms into a superatom. By doing so, not
only can one reduce the system’s degree of freedom thus the
computation load but also apply larger time step in the MD
simulation, due to the softer interparticle interactions.
Generally speaking, coarse-graining consists of two steps,
namely (i) partitioning the system into bigger structural
elements rather than single atoms and (ii) building force field
to describe the interbead interactions. The second step, which
represents the major challenge in constructing a coarse-grained
(CG) model, is highly material and application driven thus does
not follow a universal rule.
For coarse-graining, there is a class of methodologies in the

literature that focus on accurate matching the materials’
structural aspects, such as distribution functions, through
iteratively adjusting potential parameters starting from the
potential of mean forces derived from the Boltzmann
inversion12−15 or the inverse Monte Carlo technique.16

However, as a configurational free energy in the reduced
space, the interbead potential’s transferability is questionable, in
that it is required to be used in the simulation with identical
thermodynamic conditions as the force field is fitted to.
Furthermore, the resulting potentials are typically rather soft
and lack the ability to mimic the mechanical response during
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large deformation compared to atomic simulations. Usually,
when coarse-graining, it is impossible to accurately capture both
the structural aspects and thermodynamic properties. Good
agreement with one will inevitably lead to poor agreement with
the other; thus compromises need to be made. In other words,
the ideal CG method depends on what properties one is
interested in.
Another philosophy of coarse-graining is to match the

materials’ physical properties by optimizing parameters of
presumed mathematical formulations. For instance, the
“MARTINI” force field17,18 designed for lipid and surfactant
systems was parametrized by reproducing the partitioning free
energy between polar and apolar phases of a number of
chemical compounds. Similarly, Shinoda et al.19 developed a
coarse-grained potential for surfactant/water systems by fitting
density and surface/interfacial tension. Our development for
coarse-grained model is based on this latter approach. As will be
presented in the following sections, parameters of a few
prescribed functional forms are iteratively optimized to
reproduce material properties of interests. The versatility of
the obtained potential is examined by applying it to structures
with a broad range of cross-linking degrees, with emphasis on
the ability of correctly capturing cross-link-density’s effect on
material behavior.
Aside from achieving upscaling in spatial and temporal

domains, a strong motivation to the current investigation is to
incorporate bond rupture in the force field. This is to model
material failure and possible cohesive fracture mechanisms in
bimaterials composed of epoxy and inorganic substrates. This
capability is missing in most of the fully atomistic models for
polymer networks.7 From a purely mathematical point of view,
the harmonic or quartic-polynomial bond stretching term
present in the consistent-valence force field (CVFF20) or the
consistent force fields (CFF, e.g, PCFF,21,22 COMPASS23)
inherently forbids smooth cutoff of bond energy. Also,
simulations of valence bond breakage at atomistic level involve
complex re-equilibration of partial charges thus is not practical
to implement. On the other hand, a number of works utilizing
coarse-grained model with smooth bond cutoff have been
conducted to study fracture of epoxy-based materials or other

types of polymer networks.24−26 However, these are model
materials without correspondence to any real system. Thus, it is
desired to have a methodology for efficient development of CG
potential that is capable of simulating failure in realistic epoxies
or thermosetting polymers.
The rest of the article is organized as follows. In the next

section, we will describe the material system to be studied. The
partition scheme and interbead interactions and the procedure
to construct a highly cross-linked polymer network are also
presented. In section 3, we give in detail the algorithm and
implementation of the optimization scheme to obtain potential
parameters. The parametrized potential is then applied to
compute the epoxy molding compound’s properties and their
correlation to the material’s microstructure. A brief summary
and some conclusions are given in the last section.

2. COARSE-GRAINED MODEL DEVELOPMENT
2.1. Material System. We choose to model an EPN−BPA

epoxy system composed of epoxy phenol novolac (EPN) as
epoxy monomer and bisphenol-A (BPA) as the cross-linking
agent.27 Their chemical structures are shown in Figure 1a. Note
that for this particular formulation the EPN is a mixture of
3mers and 4mers, and the number-averaged functionality is 3.6.
The curing reaction between EPN and BPA, as illustrated in
Figure 1b, involves opening of the epoxy ring on an EPN
monomer and transferring the hydrogen atom from the BPAs’
hydroxyl groups to the oxygen atom on the broken ring of the
EPN. This frees a carbon atom in the epoxy ring and an oxygen
atom in the BPA which are then bonded together to link the
EPN and BPA. Polymer chains resulted from two EPNs being
connected to one BPA can subsequently be cross-linked due to
the multiple functional groups on epoxy monomers.

2.2. Mapping. In building the coarse-grained (CG) models
of the above-described tri/tetra-functionalized EPN and BPA
monomers, we do not follow the typical scheme of exact one-
to-one mapping from a specific chemical moiety to certain bead
type, which introduces a variety of different bead types, and
thus a large number of parameters for optimization. Instead, we
represent the monomer as chains, which maintain similar
geometry as their actual atomistic configurations, of connected

Figure 1. (a) Molecular structures of BPA (left) and EPN1180 (right). (b) Curing reaction mechanism.27

Figure 2. Bead-connector representations of monomers: (a) EPN-3mer, (b) EPN-4mer, and (c) BPA.
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beads with unified parameters, i.e., identical mass M, Lennard-
Jones potential-well depth ε, and diameter σ. The bead-
connector representations of the monomers are depicted in
Figure 2. Epoxy monomers are simplified as chains of 3 or 4
backbone beads (colored blue in Figure 2a,b), each of which
has a reactive branching bead (brown) attached. The hardener
monomer possesses two reactive beads (yellow) linked to one
center bead (gray). During the cross-linking process, bonds are
created between reactive beads on EPNs and BPAs.
The following sections of this article will show that carefully

optimized M, ε, and σ, along with other potential parameters
for bond and angle interactions, enable our coarse-graining
model to predict the properties and behavior of realistic epoxy
molding compound. A significant advantage of our CG model
is the relatively small number of parameters to be determined
for a given material system, which allows rapid development of
CG models for new materials.
2.3. Interbead Potentials. In the coarse-grained system,

nonbonded interactions between beads are described by the
Lennard-Jones (LJ) potential

ε σ σ= −⎜ ⎟ ⎜ ⎟
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In our calculations, the interaction is truncated at the distance
of 2.5σ. As previously mentioned, ε and σ will be optimized not
only to correctly account for the nonbonded interactions but
also to provide a good gauge of measurement of the system’s
actual energy and dimension. Note the LJ interactions are only
computed for beads which are separated by at least three bonds.
In our CG model, the bonds between beads are described by

a potential function that accounts for bond breakage. It is a sum
of the purely repulsive LJ interaction, with a cutoff at 21/6σ, and
a quartic bond potential24
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where H(x) is the Heaviside step function, k4 = 1434.3ε/σ4, b1
= −0.7589σ, b2 = 0, and U0 = 67.2234ε.24 The bond extension
cutoff rc will be among the parameters to be fitted. When other
parameters are fixed, the effect of rc on the bond potential is
illustrated in Figure 3. It indicates that the equilibrium distance
decreases with decreasing cutoff rc, so does the potential well

depth. At rc the potential is smoothly truncated, and the bond is
removed from the system (bond breakage). Meanwhile, the
pair potential (LJ) given by (1) is turned on between the afore-
bonded pair.
In addition to the LJ and bond terms, angle bending

interaction is introduced as a harmonic function:

θ θ θ= −θU k( ) ( )a
i i i( ) ( )

0
( ) 2

(3)

Three angle types are defined. The angle formed by the three
beads in a BPA monomer is called type 1, whose equilibrium
angle is assumed to be θ0

(1) = 100°. The angle formed by a
reactive bead in an EPN and a reactive bead in a BPA is called
type 2, whose equilibrium angle is assumed to be θ0

(2) = 180°.
All angles formed by beads within each EPN are called type 3,
whose equilibrium angle is assumed to be θ0

(3) = 180°. These
assumptions on the equilibrium angles are made based on the
geometry of the atomistic configurations of the monomers (see
Figure 2). The prefactor, kθ

(i) for i = 1, 2, 3 will be determined
through the parameter optimization procedure.

2.4. Simulating the Cross-Linking Process. Epoxy-based
materials have a percolating network structure formed by
chemically curing epoxy and hardener monomers, starting from
a liquid mixture. A model for molecular dynamics simulation,
either atomistic or coarse-grained, should reflect this unique
structural characteristic. To this end, we take a mixture of bead-
connector representations of the monomers as described in
section 2.2 and randomly seed them into a cubic simulation box
with periodic boundary conditions assigned in all three
orthogonal directions. The ratio of different types of bead-
connector representations corresponds to the stoichiometric
ratio of the monomers, i.e., 2:3:9 for 3mer:4mer:BPA. This
mixture of bead-connector representations is then equilibrated
under constant pressure ensemble at the temperature of 0.8ε/
kB, where kB is the Boltzmann constant, with time step of
0.005τ(τ = σ(M/ε)1/2) for 1 million steps. The temperature
and pressure are controlled by the Nose−́Hoover thermostat
and barostat, respectively. The temperature and pressure
damping parameters are 200τ and 1000τ, respectively. The
same thermostat and barostat are also used in all subsequent
MD simulations, unless otherwise indicated. What follows is the
dynamic cross-linking process during the constant temper-
ature/pressure MD simulation. In this process, we specify that
if an EPN reactive bead is within a 1.3σ radius of a BPA reactive
bead, there is a 1% chance that this EPN will form a bond with
the BPA. For every 10 MD steps, the system is checked for
potential bond formations. In this way, it typically takes 400
000−500 000 MD steps to reach 90% conversion. Because of
the 3D periodic nature of the simulation cell, the network
actually extends to infinity. In this work, two simulation cells
containing 7752 and 45 689 beads, respectively, were
constructed. The smaller cell was primarily used for optimizing
the parameters in the interbead potential. All material
properties were computed using the larger cell.

3. PARAMETER OPTIMIZATION

3.1. Particle Swarm Optimization. As described in the
previous sections, a total of seven adjustable parameters,
namely, M, ε, σ, rc, kθ

(1), kθ
(2), and kθ

(3), need to be determined for
the bond potential in the CG model. This task is accomplished
by the particle swarm optimization (PSO) method. The PSO is
a population-based stochastic optimization method developed
by Kennedy and Eberhart28 for simulating animal socialFigure 3. Bond potential curves for different bond extension cutoffs.
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behaviors, e.g., the flying formation of flock of birds or a school
of fish when seeking foods. Because of its simple algorithm and
fast convergence, the PSO method has been successfully used
in many other areas,29,30 including optimizing parameters in
interatomic potentials in lithium−silicon alloys.31,32

In the PSO method, a population (swarm) of candidate
solutions (particles) moves in the search space following some
simple mathematical formulas. Their movements are directed
by each particle’s and the entire swarm’s best known positions
in the search space. In essence, the method aims to find a
solution x0 that satisfies the condition of f(x0) ≤ f(x) for any
particle x in the search space. A typical PSO procedure includes
the following steps:
(1) Initialize the ith particle’s position xi and its own best

known position pi to xi; update the global best position g to pi if
f(pi) ≤ f(g) holds, where f is the objective function; initialize
the ith particle’s velocity vi.
(2) Update the ith particle’s velocity vi and its position xi (xi

← xi + vi) accordingly; set pi to xi if f(xi) ≤ f(pi) is satisfied and
g to pi if f(pi) is less than or equal to f(g).
(3) Repeat (2) until convergence criterion is met.
3.2. Implementation. In the current investigation, a

particle corresponds to a set of candidate parameters in our
CG potential, i.e., x = {M, ε, σ, rc, kθ

(1), kθ
(2), kθ

(3)}. The objective
function is defined as

∑= −
=
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where yi (i = 1, 2, ..., N) is a set of known physical properties of
the EPN−BPA epoxy system considered here, and gi(x) is the
same set of physical properties calculated by our CG model
using the potentials described by eqs 1−3 with the set of
parameters x. The goal of the optimization is to select a set x0
so that f(x0) ≤ f(x) for all x in the search space. In theory, the
larger the N, the more accurate the solution will be. Similarly,
the larger of the search space, the more global of the solution
will be. Both, of course, will result in more extensive
computations. In this study, we strike a balance between
accuracy and efficiency by using N = 8 parameters including the
glass transition temperature, room temperature density,
modulus, and Poisson’s ratio for the 90% cross-linked and
precured systems. For consistency, we used the values of these
properties calculated by the full MD simulations from our
previous work.10 In determining the size of the search space, we
used an empirical approach by conducting several parametric
studies to observe dependency of the physical properties on
these potential parameters, from which the range of values of
these potential parameters can be estimated, since the range of
values of these physical properties are known. The size of the
search space so selected is listed in Table 1.
To start the optimization, each parameter is given an initial

value randomly within its search space. Then, CG simulations
are conducted on two models; one is cross-linked, and the
other is not. The two models are first separately geometry-

optimized using energy minimization and equilibrated under
constant pressure CGMD simulation at elevated temperature.
Then a few CGMD simulations were conducted to obtain their
physical properties. The glass transition temperatures were
computed from the volume versus temperature data in cooling
simulations (shown in Figure 4a), as the intersection point of
the bilinear function used to fit the raw data. Figure 4b
illustrates the constant pressure simulation at room temper-
ature, from which the densities of the two models were
calculated. The elastic constants, including Young’s modulus
and Poisson’s ratio, were extracted from simulated uniaxial
tension (Figure 4c,d), using linear regression over the stress vs
strain and the axial strain vs lateral strain data within the linear
elastic regime. The computed physical properties are in the LJ
unit system, since the correct values of M, ε, and σ were yet
unknown at this stage. They are converted to real physical units
using the (guessed) values of M, ε, and σ:

ε σ

ε σ ν ν

= =

= =

T T k d d M

E E

/ , /

/ ,

g
real

g
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B
real LJ 3

real LJ 3 real LJ
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where the superscripts “real” and “LJ” are for real physical and
LJ units.
Once the physical properties were calculated from eq 5, the

objective function in eq 4 can be evaluated and used as criterion
for update of local and/or global best known positions of
particles. The above-described process repeats until a good set
of parameters are found, i.e., f(x0) ≤ 0.022. The actual process
was implemented and carried out using a code originally
developed by Cui et al.31,32 for the Li−Si systems and modified
to our problem, which consists of the LAMMPS software for
CG MD simulations, postprocessing of data to compute the
physical properties, and the PSO algorithm for optimization.
The optimized values of the potential parameters are listed in

Table 1. Table 2 provides the comparison between the physical
properties calculated using the CG potential parameters and
their targeted values from the MD simulations.10 We stopped
the optimization when the objective function reaches an
acceptable value, f(x0) ≤ 0.0216. This is a compromise between
accuracy and efficiency.
To close this section, we note that the bond potential given

by (2) was motivated by the earlier works in the subject such
as.24−26 As mentioned in section 1, these earlier works
proposed the functional form of the potential but did not
associate the parameters in the bond potential with any specific
material. Thus, their potentials cannot be used to simulate the
behavior of any realistic material. In this work, we proposed an
effective method to optimize these parameters for a given
material of interest. By using this method, optimal values of
these parameters were obtained for a commercial epoxy
molding compound. Such parametrized bond potential enables
the simulation of the properties and mechanical behavior of a
realistic epoxy mold compound. The proposed parametrization
method is rather general and can be used for other epoxy
systems. Another improvement over the earlier works, e.g. refs

Table 1. Range of the Search Space of the CG Potential Parameters and Their Optimized Valuesa

M (g/mol) ε (kcal/mol) σ (Å) rc kθ
(1) kθ

(2) kθ
(3)

min 50.0 1.50 4.0 1.25 1.25 1.6 0.2
max 65.0 1.75 5.0 1.4 1.70 2.0 0.5
optimized value 55.565 1.519 4.383 1.343 1.577 1.908 0.403

arc is given in the unit of σ, and kθ
(1), kθ

(2), and kθ
(3) are given in the units of ε/rad2.
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24−26, is the inclusion of angle bending terms (3) in the
overall interbead potential. The bending terms describe the
angular energy between a pair of neighboring beads. We found
that inclusion of such angle bending terms is essential to fully
describe the interactions among the beads.

4. RESULTS AND DISCUSSION
Using the CG model developed here together with the
optimized parameters shown in Table 1, we carried out
CGMD simulations on the epoxy system discussed in section
2.1 to obtain certain thermomechanical properties and their
dependence on the degree of cross-linking. The simulation cell
is a cube measured ∼152 Å in each direction and contains 45
689 beads. The precured system containing fluidic mixture of
monomers was first equilibrated under constant pressure
ensemble at 610 K for 106 steps with a time step of 5 fs.
During the subsequent 106 step NPT simulation, bonds were
form conditionally with a probability of 0.01 between reactive
beads on EPN and BPA monomers, provided they are within
the bond-formation cutoff of 5.7 Å (see the discussions in
section 2.4). The dynamic cross-linking process proceeded until
the desired rate of conversion was reached. In this work,
systems with 25%, 50%, 75%, and 90% were considered.

4.1. Glass Transition. The cross-linked epoxy molding
compound was further equilibrated under NPT ensemble at
high temperature (610 K) before cooling simulation started.
The CGMD cooling process decreases the temperature
continuously from 610 to 150 K within 4 × 106 steps. With
the time step of 5 fs, the cooling rate is 2.3 × 1010 K/s. In
Figure 5 we plotted the specific volume versus temperature
relationship for 90%, 50%, and 0% cross-linked epoxy systems.
The glass transition temperature Tg is defined as the
temperature at which the specific volume versus temperature
curve shows a kink. It is seen from Figure 5 that Tg for the 90%
and 0% cross-linked systems are 401 and 312 K, respectively.
These values are in good agreement with those obtained from
the full MD simulated results.10 This is not surprising because
Tg at these two conversion rates is one of the physical
parameters used in optimizing the CG potential parameters. To
verify that the validity of our CG model predictions at other
conversion rates, we plotted in Figure 6 the comparison
between our CG results and the MD results.10 The error bars
are associated with different choices of temperature ranges
while doing bilinear regression. It is seen that the Tg−
conversion relationship predicted by the newly developed
CGMD is very closed to that predicted by conventional full
MD simulations.10 This shows that our CG model and
potential can correctly capture the property transition with
the progress of cross-linking.

4.2. Elastic Constants. Using the CG model developed
here, we simulate the elastic constants and their dependence on
material microstructure and temperature in this section. To this
end, we will use the fluctuation formula for the stiffness
matrix33,34

σ ε ε ε= ⟨ ⟩⟨ ⟩−Cijkl ij mn mn kl
1

(6)

where the angle brackets represent assemble average, σij and εij
are respectively the virial stress and strain tensors given by

∑ ∑σ = − ∂
∂α

α α α
β α αβ

αβ αβ

αβ>

⎡
⎣
⎢⎢

⎤
⎦
⎥⎥V

m v v
U
r

r r

r
1

( ) ( )
( ) ( )

ij i j
i j

(7)

ε δ= ⟨ ⟩ ⟨ ⟩ −− −h h h h
1
2

[ ]ij ik
T

kl
T

lm mj ij
1

(8)

In eq 7, subscripts α and β stand for the αth and βth atoms; m,
v, r, and U are atomic mass, velocity, distance and system’s
potential energy, respectively. In eq 8, h is the scaling matrix h =

Figure 4. Physical properties of the two models (precured and cross-
linked with conversion of 90%). (a) Tg’s are obtained as the
intersection of bilinear functions used to fit volume versus temperature
curves. (b) Densities are obtained as the averaged value over the
duration from N = 50 000 to N = 100 000, where N is the number of
time steps. (c) Young’s moduli are obtained as the slope of the linear
portion of the stress−strain curve. (d) Poisson’s ratios are obtained as
the slope of the linear function fitting the lateral−axial strain data.
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{a ⃗,b ⃗,c}⃗ with a ⃗, b ⃗, and c ⃗ being the basis vectors of the simulation
cell.
In order to correctly calculate values of stiffness matrix and

the elastic constants, the linear elastic assumption needs to be
satisfied. That means the strains and their fluctuations should
be sufficiently small. Furthermore, it is well-known that
polymers become very soft when temperature goes above Tg
since the material transits into a rubbery phase. In the rubbery
phase, it is rather difficult to obtain the strain components
accurately. To solve this problem, we will adopt the elastic bath
method to constraint the material in the linear elastic state. The
method immerses the CGMD simulation cell into an elastic
bath with certain stiffness matrix Cijkl

b . The system’s
Hamiltonian is given by33

∑ ε ε=
⃗ ⃗

+ ⃗ + ⟨ ⟩
α

α α

α

−

H
p G p

m
U q G V C

2
( , )

1
2

T

ijkl
b

ij kl

1

(9)

where pα⃗ is the αth atom’s linear momentum, G = hTh is the
metric tensor, and V is the simulation cell’s volume. The
stiffness tensor for the cell/bath system is

σ ε ε ε ε σ ε ε ε= ⟨ + ⟩⟨ ⟩ = ⟨ ⟩⟨ ⟩

+

− −C C

C

( )ijkl
t
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1 1
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where Cijkl
b is elastic stiffness tensor of the elastic bath. Thus, the

stiffness matrix for the simulation cell is

σ ε ε ε= ⟨ ⟩⟨ ⟩ = −−C C Cijkl ij mn mn kl ijkl
t

ijkl
b1

(11)

In the Voigt notation, an isotropic elastic bath can be described
by its Lame ́ constants λb and μb

λ μ λ μ= + = = =C C C2 , , , others 0b b b b b b b
11 12 44 (12)

which can be arbitrarily chosen to ensure the strain
components in the simulation cell are small.
The above fluctuation method was implemented in our

CGMD model under NPT simulations using the Nose−́
Hoover thermostat, and the Parrinello−Rahman barostat,
which allow all 6 degrees of freedom of the simulation box to
be independently adjusted, was conducted for 5 × 108 steps.
The stress and strain tensors were extracted from the CGMD
runs every 100 steps. At temperatures lower than 400 K (Tg)
the elastic bath method was not invoked, since the material is
still glassy and strain was sufficiently small without additional
constraints. At 400 K and higher temperatures, elastic bath is
added to ensure all strain components are less than 1%. Figure
7a,b plots the variation of moduli and Poisson’s ratio with
temperature for the 90% cross-linked epoxy model.
Figure 7 clearly shows the transition of moduli and Poisson’s

ratio around the glass transition temperature; namely, the
Young’s and shear moduli show drastic drop of 2 orders of
magnitude starting from approximately 400 K, indicating
significant softening of the epoxy molding compound in its
rubbery state. In the meantime, the Poisson’s ratio rises up to
approaching 0.5, indicating that the solid is transitioning into an
incompressible fluid. At the two highest temperatures simulated
(460 and 480 K), the Poisson’s ratio falls in the range of 0.49−
0.5, which is typical for the rubbery state of thermosetting
polymers. In contrast, the bulk modulus remains relatively
unchanged even at temperature much higher than 400 K which,
again, is typical for the rubbery-state thermosetting polymers.
We note that the glass transition temperature can also be

defined by the temperature at which the elastic moduli drop
significantly. Using this definition, the Tg for the epoxy at hand
would be about 400 K, which is consistent with the value
obtained in section 4.1 using the specific volume versus
temperature relationship.
To better understand the structure−property relationship,

the Young’s modulus (E) versus temperature curves for
different conversion rates are shown in Figure 8. It is seen
that Young’s modulus for epoxy systems with different
conversion rates all exhibit a drop of 2 orders of magnitude
around the glass transition temperature. The glass transition
temperatures obtained from Figure 8 are consistent with those
obtained in section 4.1 using the specific volume versus
temperature relationship. This further validated our CG model

Table 2. Comparison between Material Properties Calculated by the CG Model and MD Simulationsa

Tg
(90) Tg

(0) d(90) d(0) E(90) E(0) ν(90) ν(0)

MD results 404 304 1.172 1.111 2.517 1.836 0.375 0.382
CG results 402.8 317.6 1.183 1.156 2.489 1.868 0.412 0.416

aSuperscripts (90) and (0) stands for 90% cross-linked and non-cross-linked models, respectively. Units for temperature, density, and modulus are in
kelvin (K), g/cm3, and GPa, respectively.

Figure 5. Specific volume versus temperature relationships for systems
with different conversions using the optimized CG potential
parameters.

Figure 6. Glass transition temperature versus conversion relationships
obtained from CG and full MD simulations.10
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in terms of its capability to predict the correct thermomechan-
ical properties for epoxies with a wide range of cross-link
density.
4.3. Deformation and Failure Behavior. To investigate

the deformation and failure behavior of the epoxy molding
compound, CGMD simulations of uniaxial tension were
conducted. For these simulations, we used a bigger simulation
cell consisting 209 304 beads. The cubic cell measures 253 Å in
each direction. To simulate uniaxial tension, the cell was
stretched along one direction, while the pressure on the other
two perpendicular directions was kept zero using the Nose−́
Hoover barostat. Three different strain rates were used, 108/s, 5
× 108/s, and 109/s.
The simulated uniaxial stress−strain curves are presented in

Figure 9. It is seen that the general behavior of the stress−strain
curves is similar under different loading rates. They all show

four distinct stages. In the first stage, the stress is almost linearly
related to the strain up to the point of yielding, which will be
called the yield strength. We see that the yield strength varies
from 94 to 147 MPa when the strain rate increases from 108/s
to 109/s. From yielding to about 50% strain is the second stage,
where the material undergoes a slight strain softening. The
primary mechanism for such a phenomenon is the relaxation of
polymer conformations as well as the reorientation of polymer
strands, both intrinsically sluggish processes. During this stage,
the polymer strands seek a more energetically favorable
configuration in the conformational space that results in a
softening behavior.35 Following the strain softening is the third
stage, where the material experiences strain hardening. The
hardening process is accompanied by orientating the polymer
network strands along the loading direction. Strands are
successively pulled taut, and stress rises sharply until the
ultimate strength is reached. In the fourth and final stage, the
stress drops to zero almost instantaneously, indicating a brittle-
like failure.
To better understand mechanisms behind the stress−strain

behavior, we show in Figure 10 the fraction of broken bonds

(out of originally 217 457 bonds). It is clear that most of the
bonds remain intact until the strain is more than 150%. Since
the stress only experiences mild hardening before this strain,
one may conclude that the deformation over this strain range is
mainly due to reorientation of polymer strands from their initial
coiled state to a more linear state. After about 200% strain,
bonds start to break as the deformation increases. The number
of bonds rupture is almost linearly proportional to the strain

Figure 7. (a) Moduli and (b) Poisson’s ratio versus temperature
relationships for the 90% cross-linked epoxy using our CGMD model
and potential.

Figure 8. Young’s modulus versus temperature relationships for
epoxies with different conversion rates.

Figure 9. Stress−strain curves for the uniaxial tensile simulation using
different strain rates.

Figure 10. Number fraction of broken bonds versus strain.
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(see Figure 10). In conjunction with the near linear stress−
strain relationship in the third stage of the uniaxial tension
shown in Figure 9, one may conclude that the load is primarily
carried by the stretching of the bonds.
In addition, since the bond “strength” between two beads is

characterized by the maximum distance between the beads, the
linear relationship between the number of bond ruptures, and
the applied strain means that the polymer strands continue to
realign themselves as the strain increases so that more and
more bonds are reaching their “strength”. To illustrate the
realignment of the polymer strands, snapshots of deformed
configurations, with beads colored by virial stress along the
loading direction, are presented in Figure 11. In the leftmost
snapshot, some of the highly aligned polymer strands are seen
as those chains with colors corresponding to the highest color-
map scales. These strands experience large stress and are the
most probable locations for bond ruptures. The accumulative
bond rupture process will eventually lead to localization, as can
be observed in the second snapshot of Figure 11. Roughly at
the same strain, the epoxy reaches its ultimate strength. In this
snapshot one can also find a bundle of deep colored, thus
highly stressed, strands concentrated near the failure site. This
stress concentration leads to rapid scission of a large number of
strands near the failure surface. To quantify the localization, we
plotted in Figure 12 the spatial distribution of percentage of
broken bonds at different strain levels. It is seen that at lower
strains the bond rupture is almost uniformly distributed
throughout the sample. As strain increases, localization occurs
as more and more bond rupture happens at a single location
(z/L ≈ 0.45), while bond rupture ceases elsewhere.

Comparison of Figure 10 with Figure 12 shows that the rate
of overall bond rapture remains almost constant in the strain
range of 200%−400%, but the increase occurs only locally near
the failure surface.
The predicted ultimate failure strength is about 1 GPa, which

is an order of magnitude higher than experimentally measured
strength of epoxy-based thermosetting polymers. This discrep-
ancy may come from several factors such as the pristine state of
the CGMD sample (defect free) and the high strain rate used in
the CGMD simulations. These drawbacks are intrinsic to such
fine scale simulations. For example, Gall et al.36 reported the
debonding strength of Al−Si bimaterial to be 20 GPa, which
much higher than the experimentally measured ultimate tensile

Figure 11. Snapshots of deformed configurations during the uniaxial tension for strains of (from left to right): 259%, 348%, 372%, and 394%. Beads
are colored according to their virial stress along the loading direction. The color bar is shown right to the last snapshot.

Figure 12. Spatial distribution of percentage of broken bonds at
different strain levels.
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strength (∼200 MPa) of cast Al−Si alloy.37,38 In the work by
Panico et al.,39 the authors also predicted very high ultimate
strength for cross-linked polymers, ∼5.5ε/σ3 in the LJ unit. In
the LJ unit, our simulated the strength is 8.5ε/σ3, consistent
with ref 39.

5. CONCLUSIONS
In the current investigation, we developed a coarse-grained
model for an epoxy molding compound. The coarse-grained
model is based on a bead−spring representation of the
constitutive monomers of the epoxy system. The interactions
between beads are represented by the interbead potentials
consisting of a Lennard-Jones potential, a quartic function to
capture bond stretch and strength, and harmonic functions to
describe angle bonds. By using the particle swarm optimization
technique,31,32 parameters in the interbead potential function
were optimized through fitting certain key thermomechanical
properties calculated from our previous atomistic MD studies.10

We demonstrated that the newly developed coarse-grained
model is able to reproduce, in good agreement with atomic MD
results, density, glass transition temperature, and elastic
constants as well as these properties’ temperature and structural
dependence.
One significant advantage of the newly developed coarse-

grained model is its ability to simulate bond breakage, which
enables the simulation of polymer failure. No interatomic
potential is currently available in the open literature that is
capable of predicting failure of polymer materials. Taking
advantage of the new capabilities, we simulated the uniaxial
tension behavior of the epoxy compound. We found that, under
the uniaxial stress condition, the polymer network experiences
continuous orientation and scission of epoxy network strands,
which eventually leads to localization of bond rupture and
failure.
Finally, it is important to point out that the coarse-grained

model significantly speeds up the simulation and allows us to
simulate material size that is not feasible in conventional MD
simulations. For example, for a simulation box of 250 × 250 ×
250 Å3, it takes our CG model about 1 min of CPU time on a
cluster of 108 Intel processors for each 104 time steps. On the
other hand, even for a much smaller simulation box of 100 ×
100 × 100 Å3, it would take a conventional MD model more
than 20 min of CPU to do the same.
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