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Modeling the atomistic growth behavior of gold
nanoparticles in solution

C. Heath Turner,*a Yu Leib and Yuping Baoa

The properties of gold nanoparticles strongly depend on their three-dimensional atomic structure,

leading to an increased emphasis on controlling and predicting nanoparticle structural evolution during

the synthesis process. In order to provide this atomistic-level insight and establish a link to the experi-

mentally-observed growth behavior, a kinetic Monte Carlo simulation (KMC) approach is developed for

capturing Au nanoparticle growth characteristics. The advantage of this approach is that, compared to tra-

ditional molecular dynamics simulations, the atomistic nanoparticle structural evolution can be tracked

on time scales that approach the actual experiments. This has enabled several different comparisons

against experimental benchmarks, and it has helped transition the KMC simulations from a hypothetical

toy model into a more experimentally-relevant test-bed. The model is initially parameterized by perform-

ing a series of automated comparisons of Au nanoparticle growth curves versus the experimental obser-

vations, and then the refined model allows for detailed structural analysis of the nanoparticle growth

behavior. Although the Au nanoparticles are roughly spherical, the maximum/minimum dimensions

deviate from the average by approximately 12.5%, which is consistent with the corresponding experi-

ments. Also, a surface texture analysis highlights the changes in the surface structure as a function of

time. While the nanoparticles show similar surface structures throughout the growth process, there can

be some significant differences during the initial growth at different synthesis conditions.

1. Introduction

The current applications of gold nanoparticles span a broad
variety of technical platforms, ranging from optical and cata-
lytic systems1–6 to data storage and biomedical
applications.7–11 As the applications for nanomaterials con-
tinue to steadily expand, there has been an increased empha-
sis on controlling and predicting nanoparticle formation (size,
morphology, and composition). This fundamental interest is
motivated by the fact that many of the unique nanomaterial
properties are strongly correlated to subtle changes in the
nanoparticle structure and surface termination.12 Thus, there
is much to be gained by developing experimental protocols for
reliably producing specific nanoparticle morphologies. More-
over, developing larger-scale processes for generating the same
quality of nanomaterials is particularly important for translat-
ing these laboratory discoveries to commercial applications.
Here, we specifically focus on modeling the solution-phase
growth of Au nanoparticles, due to their diverse applications
and the availability of relevant experimental synthesis details.

In order to accelerate the field of Au nanoparticle pro-
duction and shape control, many experimental and modeling
studies have been performed to help clarify the underlying
nanoparticle formation mechanisms13–18 and expected
material properties.10,19,20 With a deeper fundamental under-
standing of these issues, progress in this field can be acceler-
ated and more rational synthesis recipes can be devised. In
terms of the modeling work, a diverse set of theoretical
approaches have been taken in the past, ranging in scale from
quantum mechanical investigations of detailed reaction
steps and energetics16,17,21–25 to continuum models18,26–30

for predicting dynamic growth behavior (consistent with
laboratory time and length scales). As with any modeling
approach, these examples from the literature represent
tradeoffs between model resolution and computational
efficiency. Studies conducted with density functional theory
(DFT) can provide quantitative estimates of isolated values,
such as Au–ligand surface binding or the relative thermo-
dynamic stability of small Au clusters.31,32 On the other
hand, continuum level models can be parameterized to fit
experimental growth behavior and rationalize different
trends, but this is obtained by sacrificing atomistic resolu-
tion. Overall, one of the most daunting, yet critically impor-
tant, challenges is to model nanoparticle growth behavior
with atomistic resolution on time scales that approach the
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experimental observations. This is a gap in the modeling
hierarchy that has not been adequately addressed.

In many examples from the literature, molecular dynamics
(MD) simulations are able to capture the necessary atomistic
features, but their inherently short timescales can limit their
range of applicability. In some situations, advanced sampling
methods can enhance the exploration of phase space in tra-
ditional MD simulations, and this includes methods such as
parallel tempering,33 umbrella sampling,34 or meta-
dynamics.35,36 For instance, Rossi and Baletto37 provide an
example of applying metadynamics to explore the structural
transitions of monometallic (Ag, Pt) and bimetallic (Ag/Pt)
clusters, and other MD-based examples have helped identify
the low-lying energy configurations of various metal clusters.38

However, the inability to track long-time kinetic behavior is
still a challenge.

In order to provide additional atomistic-level insight and
establish a link to the experimentally-observed growth behav-
ior, we have implemented a kinetic Monte Carlo (KMC)39–43

approach for capturing Au nanoparticle growth characteristics.
There have been many previous applications of KMC to model
the kinetics of nanoscale phenomena, including crystal growth
of urea from solution,44 nanoparticle coalescence,45 electro-
chemical systems,46–50 and several examples in the area of thin
film deposition51–56 and heterogeneous catalysis.57–60 In brief,
the KMC method can provide an estimate of the time evolution
of Markovian processes,40 as long as there is an accurate set of
transition rates characterizing the simulated processes, which
are assumed to obey Poisson statistics.61 While additional
modeling details are provided in the next section, our current
KMC implementation should be viewed as semi-quantitative,
due to the inherent uncertainty of several of the system para-
meters and ambiguity about the exact steps in the underlying
Au nanoparticle growth mechanism. With additional appli-
cations of the model and further experimental benchmarking,
it is expected that more quantitative reliability can be obtained
and more fundamental insight can be gained.

There have only been a few previous attempts to use KMC
to model nanoparticle growth. Haldar and Chatterjee62 provide
a very recent example of modeling the dynamics of a small Ag
cluster on an Ag(001) surface, and their model was built
around a rigorous KMC rate database that was generated with
basin-constrained MD simulations.63 Also, Gorshkov et al.64,65

have previously used KMC to model the general growth behav-
ior of colloids, nanoparticles, and core–shell nanoparticles. A
range of different nanoparticle shapes were generated, and
interesting surface features were predicted (such as surface
clustering on core–shell systems). However, these examples are
referred to by the authors as “cartoons”, since arbitrary system
parameters were used (not intended to mimic a real system).
Regardless of some uncertainty in the parameterization
details, the KMC approach can provide an improvable model-
ing framework that can be used to directly connect the experi-
mental synthesis conditions (temperature, precursor
concentration, growth time, etc.) to the atomistic features of
the final nanoparticle structures.

Here, our goal is to extend the KMC technique to simulate
the growth dynamics of the solution-phase synthesis of Au
metal nanoparticles. Such a model can provide direct infor-
mation about the impact of individual system events on the
final atomic-scale structural features of the Au nanoparticles,
and this can help guide the experimental synthesis process. In
order to develop a reasonable set of model parameters, several
experimental benchmarks are taken from the literature and
used to train the KMC model, and this is followed by a sensi-
tivity analysis of the growth behavior on the underlying kinetic
parameters. While quantitative predictability is not expected at
this stage, we provide the first example of applying atomistic
KMC to mimic the experimental behavior of Au nanoparticle
growth from solution. With this model, we provide detailed
information about the Au nanoparticle structure as a function
of synthesis conditions, and this analysis includes an evalu-
ation of the nanoparticle geometry and atomic-level surface
features. Due to the inherent computational efficiency of our
approach, there are future opportunities to extend the KMC
model to include many other reaction steps or events in the
formation mechanism to capture additional experimental
influences on the final nanoparticle structure. Here, we report
the effects of synthesis temperature and precursor concen-
tration on the Au nanoparticle growth behavior, and we find
that our model can be trained to adequately reproduce the
experimental growth curves at the same conditions. With
detailed computational analysis of the nanoparticles, we are
able to track their morphological evolution as a function of
time, including max/min dimensions, surface area/volume,
and surface structural characteristics.

2. Computational methods and
model

In our KMC simulations, the conditions have been chosen to
follow a previous experimental study.14 Thus, the initial Au+

salt concentration is specified, and the reducing agent R
(t-butylamineborane) is initially present in the solution at a
concentration of 10× the Au+ concentration. In the experi-
ments, the synthesis temperature ranges from 23 to 45 °C, and
the solvent is toluene with a dodecanethiol stabilizer. Accord-
ing to these conditions, the reduction of Au+ is assumed to
occur in the bulk solution, followed by deposition to the nano-
cluster surface. The total amount of Au0 available for depo-
sition is dictated by the initial concentration of Au+ and the
volume of the effective bulk solvent bath. During the course of
the simulation, the total number of atoms is conserved:
Au+(bulk) + Au0(bulk) + AuN(nanoparticle). The bath volume is
assumed to be correlated to the average nanoparticle–nano-
particle separation distance in the experimental system, which
determines the local availability of adsorbates. In our systems,
the bath volume (corresponding to one Au cluster) ranges from
∼8 to 13 × 106 nm3, or a box length of 94 to 115 nm.

With such a complex experimental system, involving many
steps and sophisticated mechanisms, it is unrealistic to expect
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that the experimental growth process will be fully captured in
our model. For instance, we do not explicitly model features
such as the nanoparticle nucleation events, concentration gra-
dients in the solution, pH, or stabilizing ligands. While all of
these factors can have a strong influence on the nanoparticle
growth process, these factors often translate into contributions
to the growth kinetics. Thus, in the absence of a comprehen-
sive set of benchmark data over a wide range of different con-
ditions, we have adopted a minimal event database for
modeling the mechanism of the Au nanoparticle growth. As a
result, the individual rate parameters should be interpreted as
semi-empirical average values for a particular event (which
encompass the influence of the specific system conditions
mentioned above). Currently, the following events and rate
expressions shown in Table 1 are included in the KMC growth
mechanism, where the brackets indicate molar concentration.

Starting from an isolated Au nanoparticle seed and a given
set of simulation conditions (temperature, precursor concen-
tration, etc.), the system is propagated through time by imple-
menting a KMC algorithm, along with the pre-specified
database of energetic and rate information (Table 1). Thus,
starting from the initial system configuration on an FCC
lattice, the rate (Γn,site) of each event (n) is calculated at each
lattice site (x, y, z), which gives a net event rate of Γn, and the
total rate of all events in the system is Γtotal.

Γn ¼
X

x

X

y

X

z

X

z

Γn;siteðx; y; zÞ ð1Þ

Γtotal ¼
X

n

Γn ð2Þ

After the system configuration has been defined and the
initial rates have been calculated, the system clock is then
advanced according to the following equation, where Δt is the
time step and RN is a random number, evenly distributed
between 0 and 1.

Δt ¼ � lnðRNÞ
Γtotal

ð3Þ

After the clock has been incremented, the system configur-
ation is then updated by stochastically choosing an event to
occur, according to the probability shown in eqn (4). Once an
event is identified to occur, the system configuration is
updated, and the list of event rates is updated (according to

the new configuration). At each time step, an event is always
performed.

Pn;site ¼ Γn;site

Γtotal
ð4Þ

The dimensions of the simulation box are large enough to
prevent self-interactions during the growth of the Au nano-
particles generated in our study. Thus, our simulations do not
allow for particle–particle interactions, which may ultimately
lead to clustering behavior or ripening phenomenon. At the
growth conditions chosen, the corresponding experiments
have indicated that these interactions are insignificant,14 so
only isolated Au nanoparticles are considered in our current
modeling work.

In the simulations, several different basic KMC moves are
allowed (adsorption, surface diffusion, desorption), and the
moves on the growing cluster will depend upon the local ener-
getics. The energy of different configurations is approximated
by counting the local coordination of each atom (first-neigh-
bor and next-nearest-neighbor), and each neighbor contributes
a value of −4 kcal mol−1 to the total energy. While these
energy values are simple approximations, the total energy
values in the KMC simulations fall within typical ranges of Au
binding energies (∼48 kcal mol−1 in small clusters32 to
∼80 kcal mol−1 for Au on periodic Au(110) and Au(100) sur-
faces66). In future work, our energy values could be made more
quantitative by introducing a many-body potential energy func-
tion,67 or more accurately, by performing dedicated electronic
structure calculations specific to our system. In fact, previous
reports have indicated that many-body potentials (often fit to
bulk metal behavior) can produce significant errors, especially
when modeling nanoparticles or surfaces.68 Thus, due to the
highly corrugated surface of small nanoparticles, electronic
structure calculations would be the preferred route for generat-
ing reliable improvements to our estimated energy value. In
addition, this would potentially allow for a clearer accounting
of the role of surface ligands on the energetics.

As the nanoparticle grows and as the Au atoms redistribute
on the nanoparticle surface, the local event rates are continu-
ally recalculated and updated. For diffusion events, the change
in total energy resulting from a move is used to calculate the
event rate, as well as a baseline activation barrier. According to
the expressions in Table 1, Ei is the energy at the initial posi-
tion, Ef is the energy at the final position, and Ea,diff is the
baseline activation energy. The value for Ea,diff is estimated at
35 kcal mol−1. Previous calculations had estimated the acti-
vation barrier to be ∼5 to 20 kcal mol−1 on smooth Au sur-
faces,66,69 so in the present work, the barrier was increased to
reflect the significant increase in roughness corresponding to
the dynamic nanoparticle surface. Consistent with many pre-
vious modeling studies,69–71 the pre-exponential factor for the
Au0 diffusion is estimated to be 1013 s−1.

The KMC adsorption/desorption of the Au atoms are
coupled to an implicit solution bath, which changes compo-
sition with time by synchronizing the differential equations
describing the reaction events in the bath (shown in Table 1)

Table 1 Summary of events and event rates included in the Au growth
mechanism

Event Rate expression

Au0 surface diffusion on
nanoparticle

rdiff = kdiff·exp((−Ea,diff − (Ei − Ef))/
(2kBT ))

Au0 desorption from
nanoparticle

rdes = kdiff·exp((−Ea,diff − Ei)/(2kBT ))

Au0 adsorption on nanoparticle rads = kads[Au
0]

R consumption in bulk d[R]/dt = −kred[Au+][R]
Au+ reduction to Au0 in bulk d[Au+]/dt = −kred[Au+][R]
Au0 concentration in bulk d[Au0]/dt = kred[Au

+][R] + rads − rdes
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with the KMC system clock. At each KMC step, the system
clock is incremented, and this small time step is used to
numerically integrate the differential equations forward in
time from the previous state. While the time steps in KMC are
variable, they are small enough that the integration is stable
and accurate. In the simulation, the implementation is a
simple accounting of the number of free Au atoms in the solu-
tion bath. According to the total size of the simulation box and
the initial Au concentration in the bulk solution, the time-
dependent number of Au atoms present in the bulk increases/
decreases with respect to each desorption/adsorption move
from/to the Au nanoparticle surface, and the bulk Au concen-
tration increases as the Au+ precursor is reduced (according to
the pre-defined rate equation). By coupling the composition of
the bulk solution to the Au nanoparticle growth kinetics, the
nanoparticle growth naturally attenuates as the bulk solution
becomes depleted of precursor species. Desorption of Au0

atoms occurs when an Au0 atom of the nanocluster is dis-
placed away from the nanocluster, resulting in the absence of
any nearest-neighbors. If an Au atom is detached from the
nanoparticle by a displacement move, its explicit identity and
location are lost and it is absorbed into the bulk fluid (with
the analytical bulk concentration adjusted accordingly).

3. Results and discussion

The overall mechanism adopted here is similar to the analyti-
cal model recently developed by Chen et al.,14 who compiled
theirs from various sources of experimental data. However, a
number of simplifications have been imposed (i.e., neglecting
an accounting of the solid–fluid interfacial tension, the initial
nucleation process, bulk diffusion limitations, etc.), and the
explicit treatment of Au atom diffusion on the nanoparticle
surface has been introduced in our model. As a result, in con-
trast to the previous study, our model is not limited to smooth
spherical Au nanoparticles. Instead, we preserve the atomistic
features of the Au nanoparticle growth (edges, corners, etc.),
including an accounting of individual Au atom displacements
and restructuring on the growing nanoparticle surface. While
not encountered in this work, this allows us to potentially model
the anisotropic growth of nanorods, tetrapods, cubes, etc.

In the Au formation mechanism adopted, the values of the
rate parameters corresponding to the reactions in Table 1 have
been adjusted from previous analytical models,14 in order to
match the available experimental growth data. As such, the
transferability of these parameters to different growth con-
ditions (solvent, pH, precursors, etc.) will certainly result in
quantitative errors, and likely, qualitative discrepancies. While
this is undesirable, the ability to make such comparisons is
important. By exploring additional experimental conditions,
there are excellent opportunities for expanding and improving
upon the basic mechanistic steps in the KMC simulations.
Thus, as additional experimental benchmarks become avail-
able, this allows a progressive and deeper fundamental under-

standing of the connections between experimental
phenomena and atomic-level nanoparticle synthesis.

3.1 Experimental benchmarking

In order to refine the rate constants adopted in our KMC
model, we performed simulations of nanoparticle growth rate
versus time and compared our results to the corresponding
experimental data.14 Several different sets of conditions were
explored (shown in Table 2), and the rate constants were
adjusted to minimize the error between the predicted and
experimental curves. Since the initial nanoparticle nucleation
process was not captured in our model, the size of the initial
Au nanopaticle seed was chosen to best match the experi-
mental data at the various conditions. Due to the inherent
computational efficiency of our KMC simulations, the Au
nanoparticle growth process and simultaneous shape analysis
can typically be completed within a few minutes on a single
computer processor core. This allows for a wide range of con-
ditions and parameters to be rapidly explored, and in particu-
lar, it highlights the opportunity for an automated feedback
comparison loop with respect to the experimentally-observed
nanoparticle growth data. Thus, these simulations were fed
the experimental growth curves as the target, and the simu-
lations automatically iterated through a process of nano-
particle growth, error analysis, and parameter adjustment until
satisfactory convergence was obtained.

During our optimization procedure, three different para-
meters (kads, kred, and solvent volume) were adjusted, in order
to minimize the standard deviation between the experimental
and computed nanoparticle growth curves at different con-
ditions. Although the final solutions may not be unique, the
parameter values are well-bounded, and multiple optimization
attempts led to similar convergence after approximately 10–20
individual perturbations of each parameter. The growth curves
resulting from the optimization are shown in Fig. 1 and 2,
with the corresponding parameter values listed in Table 2.

In theory, it would be ideal to obtain a unique set of para-
meters that can capture the Au nanoparticle growth behavior
over a wide range of conditions. However, with our current
model, the parameters adopt different values at different con-
ditions. This variability was also found when an analytical
model was used to describe the growth behavior of this same
system.14 With respect to the growth behavior at different
temperatures (Fig. 1), the model results are actually very con-

Table 2 Optimized parameter values corresponding to different
experimental conditions

Reaction conditions
kads
[L (mol s)−1]

kred
[L2 (mol2 s)−1]

Volume
[nm3]

T = 23 °C, [Au+]0 = 12.5 mM 0.272 2.822 × 10−3 8.329 × 105

T = 33 °C, [Au+]0 = 12.5 mM 1.108 3.586 × 10−3 1.096 × 106

T = 45 °C, [Au+]0 = 12.5 mM 3.529 4.729 × 10−3 1.540 × 106

T = 23 °C, [Au+]0 = 10.0 mM 0.272 2.822 × 10−3 8.254 × 105

T = 23 °C, [Au+]0 = 7.5 mM 0.382 4.220 × 10−3 8.403 × 105

T = 23 °C, [Au+]0 = 5.5 mM 0.302 2.323 × 10−3 1.368 × 106
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Fig. 1 Comparison of KMC simulation of Au nanoparticle growth with previous experiments at three different temperatures: (a) T = 45 °C; (b) T =
33 °C; (c) T = 23 °C. In all cases, the [Au+]0 precursor concentration is 12.5 mM. The solid curves are the simulations and the black circles are the
experiments.

Fig. 2 Comparison of KMC simulation of Au nanoparticle growth with previous experiments at three different [Au+]0 precursor concentrations: (a)
10.0 mM; (b) 7.5 mM; (c) 5.0 mM. In all cases, the temperature is 23 °C. The solid curves are the simulations and the black circles are the
experiments.
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sistent. As expected, the reaction rate values increase signifi-
cantly with respect to temperature, leading to a general Arrhe-
nius expression for the rate constant. Although only 3 different
temperatures are explored, both rate constants (kads and kred)
can be fit to an Arrhenius plot, with a correlation coefficient of
over 0.99. This leads to predicted activation energies of
21.7 kcal mol−1 for kads and 4.4 kcal mol−1 for kred. The value
of kads is in very good agreement with the previous analytical
modeling result of 20.3 kcal mol−1. Also, it is consistent with
the binding energy of long-chain thiols to Au nanoparticles of
20.4 kcal mol−1,72 which is assumed to correspond to the ener-
getics of nanoparticle growth. The value of kred is somewhat
lower than other related literature values for the reduction of
Au3+ with a borohydride BH4

− complex (12.4 kcal mol−1),73 di-
methylamine borane (9.5 kcal mol−1),74 or NaHSO3

(7.4–9.1 kcal mol−1).75

The nanoparticle growth curves with the different initial
precursor concentrations (Fig. 2) demonstrate more unpredict-
ability. The rate parameter values are all within 10% of each
other over this range of conditions, except for the experiments
performed at an [Au+]0 value of 7.5 mM. There are several
different possible sources for the anomalous behavior, given
the complex reaction environment in the experiments and the
simplified mechanism adopted in our model. At different con-
centrations, there can be shifts in the competition between
nanoparticle growth and nucleation events, there can be
inherent changes in the mechanism (i.e., promoting Au+

reduction at the nanoparticle surface versus in the bulk
solvent), and there could be unexpected nanoparticle aggrega-
tion or dissolution events. While the interplay of these
different factors is currently unknown for our particular
system, these steps could be explicitly included in our future
KMC modeling work in order to identify the roles of these
competing mechanisms.

3.2 Geometrical analysis

During the course of the simulation, several different instan-
taneous metrics are evaluated, in order to quantify the geo-
metric details of the Au nanoparticle shape evolution.
Although we do not have experimental benchmarks with
which to compare, these features can play important roles in
the final material performance (catalytic, optical, etc.). In our
analysis, we track the time evolution of the maximum/
minimum particle dimensions, total volume, surface area, and
the local coordination of the surface atoms.

In Fig. 3, we illustrate the maximum and minimum shape
dimensions relative to the average diameter, as a function of
time. The average diameter value is simply calculated by using
the total nanoparticle volume and assuming a spherical
shaped particle. In the graph, three different temperatures are
shown, and all three reach the same average value after
approximately 20 minutes of growth. The higher temperature
converges more quickly than the lower temperatures, but when
the [Au+]0 precursor concentration is varied, there is no notice-
able change in convergence (data not shown). Interestingly,
the final average value of ∼12.5% in the KMC simulations is

very close to the range of polydispersity observed in the experi-
ments of ∼10–13%.14

Fig. 4 presents related structural information. In the plot,
we compare the surface area/volume ratio of one of the Au
nanoparticles (T = 23 °C and [Au+]0 = 12.5 mM) to an ideal
sphere of the same volume. This provides an estimate of devi-
ations in the surface structure, which might include aspheri-
city, surface roughness, etc. Although our Au nanoparticles are
approximately spherical, this analysis highlights the presence
of geometrical deviations, which are also reflected in Fig. 3. In
particular, this analysis can be especially useful for computa-
tionally searching for growth conditions that produce
branched nanoparticles (possessing very high surface to
volume ratios).

Next, a more detailed analysis of the nanoparticle surface
was performed, in order to develop a more quantitative
description of the surface structure. In the KMC simulations,
the instantaneous nanoparticle configurations were analyzed
by performing a neighbor analysis of each surface atoms, and
each atom was classified according to its local coordination.
The primary classifications identified are (100) sites, (111)

Fig. 3 Range of diameter values calculated from simulation, taken as
the deviation of the maximum and minimum shape dimensions relative
to the average diameter. The lines correspond to three different tem-
peratures, as indicated, all with a [Au+]0 of 12.5 mM.

Fig. 4 Comparison of the evolution of the surface/volume ratio for a
simulated Au nanoparticle (T = 23 °C and [Au+]0 = 12.5 mM) versus and
ideal sphere of the same volume.
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sites, and steps/edges. This analysis is illustrated in Fig. 5,
which shows an instantaneous snapshot of one of the growing
Au nanoparticles corresponding to a synthesis temperature of
23 °C and an initial [Au+]0 of 12.5 mM. In Fig. 6, the time evol-
ution of the surface sites is illustrated. While different syn-
thesis conditions lead to similar site populations, there are
some clear distinctions at early stages in the synthesis process.
For instance, Fig. 7 compares the results at two different syn-
thesis conditions (45 °C and 12.5 mM of [Au+]0 versus 23 °C
and 5.0 mM of [Au+]0). Near the end of the synthesis process,
the surface characteristics of these two nanoparticles begin to
converge. However, in the first 60 minutes, there are signifi-
cant differences in the surface coordination, and these differ-
ences are repeatable when comparing multiple simulation
runs.

3.3 Sensitivity and model analysis

As mentioned earlier, while the parameter optimization is
stable and converges to reasonable values, it is unlikely that
the values are truly unique. In lieu of obtaining the exact
underlying mechanism and a wide range of experimental
benchmarks, this uncertainty will always remain. However, our
KMC simulations serve as an excellent test-bed for making pro-
gress towards a robust and predictive nanoparticle growth
model, especially as more comparisons are made with experi-
ments. At this point, we can gage the sensitivity of the growth
predictions with respect to uncertainty in the kinetic rate para-
meters. Thus, a sensitivity analysis was performed by changing
the rate constants in the model (kads and kred) by ±20% and
comparing the resulting growth curves to the curve corres-
ponding to the default parameters.

From the results in Fig. 8, it is apparent that there is some
flexibility in the parameter fitting. For instance, in Fig. 8(c) a
change of kads −20% and kred +20% leads to very similar
growth behavior. While this reveals some of the uncertainty in
these parameters, the optimization is aided by the availability
of multiple sets of experimental growth curves. The different
conditions (temperature and initial Au+ precursor concen-
tration) allow for a more methodical optimization, such that
the rate constants should follow Arrhenius-like behavior as a
function of temperature and there should be some consistency
maintained when different precursor concentrations are used.
This added some soft constraints to the optimization, and
future comparisons at other conditions are expected to provide
additional value to the fitting procedure.

Since there is obviously some flexibility in the parameter
fitting, it is important to evaluate the impact on the predicted
structural properties. Thus, the surface structure was evaluated
when an essentially interchangeable parameter set is used:
kads = −20% and kred = +20%, as shown in Fig. 8(c). The struc-
tural comparison is shown in Fig. 9, which includes results
using the original fitting and using the alternate parameter

Fig. 7 The temporal evolution of the surface sites corresponding to
growth conditions of 45 °C and 12.5 mM of [Au+]0 versus 23 °C and
5.0 mM of [Au+]0. The colors of the curves are consistent with those of
Fig. 6.

Fig. 5 Illustration of the local coordination analysis of the Au nano-
particles. This nanoparticle corresponds to a temperature of 23 °C and
an initial [Au+]0 of 12.5 mM. The Au sites are colored according to their
classification as: blue (111), pink (100), white (steps/edges), and lavender
(indeterminate).

Fig. 6 The time evolution of the surface structure of a growing Au
nanoparticle, corresponding to a temperature of 23 °C and an initial
[Au+]0 of 12.5 mM. The curves correspond to the different classifications
(as shown), with lavender indicating indeterminate sites.
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set. Although there is some inherent uncertainty in the data,
the results are very similar (and distinct from the other growth
conditions), indicating that moderate uncertainty in the para-
meter fitting should still yield consistent structural
predictions.

With any modeling approach, it is valuable to be able to
make predictions at unknown conditions. In our model, the
thermal behavior seems to be accurately captured. For
instance, we can use the parameter fits at the two lowest tem-
peratures to make a prediction at the highest temperature by
assuming Arrhenius-type scaling behavior. Results from the
optimized parameter set (Table 2) and the predicted parameter
set are show in Fig. 10(a), and the comparison is excellent.
However, if we attempt the same comparison with respect to
changes in the initial precursor concentration, there are large
deviations observed (Fig. 10(b)). In this comparison, we simply
assume that the underlying rate constants should not be sig-
nificantly affected by the different initial precursor concen-
trations. Thus, we use the average parameter values at the
highest three concentrations to predict the growth at the
lowest concentration.

While the discrepancy is unfortunate, it raises several
important issues. First, the experimental growth behavior at
the lowest two concentrations displays some anomalous fea-
tures. There is a noticeable dip in the growth curve corres-
ponding to the lowest concentration ([Au+]0 = 5.0 mM), and the
two lowest concentration growth curves merge after approxi-
mately 250 min. Along with this behavior, these two growth
conditions also have particularly high polydispersity in the
experiments. Thus, it is possible that there are some deviations
in the growth mechanism that are occurring at the lower con-

Fig. 8 Deviations in the simulated Au nanoparticle growth behavior with respect to variations in the kinetic parameters. The solid black line rep-
resents the default parameters. (a) kads = ±20% (filled circles/hollow circles); (b) kred = ±20% (filled circles/hollow circles); (c) kads = −20% and kred =
+20% (filled circles), kads = +20% and kred = −20% (hollow circles); (d) kads = +20% and kred = +20% (filled circles), kads = −20% and kred = −20%
(hollow circles).

Fig. 9 Comparison of nanoparticle surface structure predictions: (solid
lines) fitted parameters (Table 2); and (dashed lines) perturbed para-
meters of kads = −20% and kred = +20% (corresponding to the filled
circles in Fig. 8(c)).
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centrations. For instance, there could be deviations in the rela-
tive amount of precursors that are feeding nanoparticle growth
versus leading to the nucleation of new nanoparticles.
However, without further experimental investigation, the
underlying cause for the behavior is unknown.

These initial sensitivity tests indicate that some of the free
parameter fitting may be reduced, especially with respect to
the behavior at the different temperatures. In terms of the
growth at the different initial precursor concentrations, the
parameters are almost identical at the highest concentrations,
but then deviate by up to 40% at the lower concentrations. If
more information about the behavior at the lower two concen-
trations can be obtained, it may be possible to incorporate
additional events in the KMC database, providing more robust
predictions with a minimal amount of parameter fitting.

A sensitivity analysis to the value of Ea,diff has also been
explored, since there is definitely some uncertainty in the exact
value of this parameter. We have probed values of 35 ± 10 kcal
mol−1. As expected, there is no difference in the predicted
growth curves (since the growth is primarily controlled by kads
and kred). With respect to the structure, lower values of Ea,diff
tend to reduce scatter in the data (surface features can more
easily relax), while larger values increase scatter in the data
(enabling longer-lived defect structures). More specifically,
values from 30–40 kcal mol−1 result in standard deviations of
±10%, while values nearing 45 kcal mol−1 and above can yield
standard deviations of almost 50%. Values lower than 30 kcal
mol−1 do not have much additional influence on the surface
features, as the diffusion rates become so large that almost all
of the moves are diffusion events. The surface atoms just fluc-
tuate among different (yet essentially identical) surface struc-
tures, as additional atoms attach to the surface.

Our default value of 35 kcal mol−1 was judged to be a
reasonable estimate based on other known values in the lit-
erature, and this specific value also demonstrated a good
tradeoff in the predicted structural relaxation. In other
words, the surfaces are never able to completely relax, but
at the same time, significant structural defects are not artifi-
cially preserved.

4. Summary

In this work, we have adopted a KMC simulation approach for
modeling the atomistic growth behavior of Au nanoparticles.
The advantage of our approach is that, compared to traditional
MD simulations or DFT calculations, we can track the atomis-
tic nanoparticle structural evolution on time scales that
approach the actual experiments. This has allowed us to
perform several different comparisons against experimental
benchmarks, and it has helped transition our KMC simu-
lations from a hypothetical toy model into a more experi-
mentally-relevant test-bed. In addition, while previous
theoretical models have been used for predicting nanoparticle
growth, the KMC approach can track atomistic-scale details
and account for neighbor–neighbor interactions, structural
defects, and structural heterogeneity. These aspects can be
particularly influential during nanoparticle growth, leading to
a wide variety of interesting nanoparticle geometries.

Our KMC model was refined by performing a series of auto-
mated comparisons of Au nanoparticle growth curves versus
the experimental observations at different temperatures and
initial [Au+]0 seed concentrations. The fitting procedure results
in reasonable parameter values, including activation energy
barriers that are consistent with related experimental measure-
ments. While the nanoparticle formation mechanism in the
KMC simulations is simple, there are opportunities for adding
more steps in the future and for testing against different
experimental conditions.

Since our KMC simulations preserve the atomistic details of
our growing Au nanoparticle, this allows for detailed structural
analyses. Although our nanoparticles are roughly spherical, the
maximum/minimum dimensions deviate from the average by
approximately 12.5%, which is consistent with the corres-
ponding experiments. Also, our surface texture analysis high-
lights the changes in the surface structure as a function of time.
While the nanoparticles show similar surface structures
throughout the growth process, there can be some significant
differences during the initial growth at different synthesis con-
ditions. In the future, we intend to perform additional bench-

Fig. 10 Estimated growth curves based on model parameter values predicted from other growth conditions. (a) T = 45 °C, [Au+]0 = 12.5 mM; and
(b) T = 23 °C, [Au+]0 = 5.0 mM.
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marking of more atomistic growth features, including an exten-
sion of our model to capture anisotropic nanoparticle growth.
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