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Abstract

The stability of supported metal nanoparticles determines the activity and lifetime

of heterogeneous catalysts. Catalysts can destabilize through several thermodynamic

and kinetic pathways, and the competition between these mechanisms complicates

e↵orts to quantify and predict the overall evolution of supported nanoparticles in re-

active environments. Pairing in situ Transmission Electron Microscopy with unsuper-

vised machine learning, we quantify the destabilization of hundreds of supported Au

nanoparticles in real-time to develop a model describing the observed particle evolution

as a competition between evaporation and surface di↵usion. Data mining of particle

evolution statistics allows us to determine physically reasonable values for the model

parameters, quantify the particle size at which the Gibbs-Thompson pressure acceler-

ates the evaporation process, and explore how individual particle interactions deviate

from the mean-field model. This approach can be applied to a wide range of supported

nanoparticle systems, allowing quantitative insight into the mechanisms that control

their evolution in reactive environments.
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Supported metal nanoparticles represent an important class of heterogeneous catalysts.

While their high surface to volume ratio and under-coordinated surface sites allow high cat-

alytic activity, these same features lead to instability under common reaction conditions,

causing loss of catalytic activity by a variety of mechanisms.1,2 The decades-long study of

evolution processes of small particles has produced theoretical treatments which describe

the strong relationship between interfacial energy and particle stability at the nanoscale.

However, the di�culty in experimentally observing dynamic systems with su�ciently high

spatial and temporal resolution has limited our ability to validate proposed theories and to

develop a comprehensive understanding of how equilibrium particle size depends on factors

such as temperature, composition, ambient conditions, and local environments.3–7 More-

over, even with su�cient experimental capabilities, advanced data analysis methods are

needed to detect interactions between particles. In fact, nearly 50 years ago, Heinemann and

Poppa suggested that clarification of coarsening and mass transport mechanisms in systems

of supported nanoparticles would require ”...highly accurate, statistical, nearest neighbor

measurements and evaluations of individual particle changes at short time intervals...”8 Ad-

vancements in in situ Transmission Electron Microscopy (TEM) enable direct observation

of these complicated processes, but the extraction of quantitative information from images

remains challenging.9 Recent research has combined rapid automated image analysis using

machine learning with advanced microscopy techniques to study a variety of materials with

remarkable detail and precision.10–13 Here, we quantify the evolution of a model catalyst

system at high temperature using in situ TEM and automated image analysis. Developing

an analytical model for particle growth, we can ascertain the size-dependence of particle

growth rates in non-conservative systems and the influence of local and long-range particle

interactions.

In this experiment, we use gold nanoparticles supported on amorphous silicon nitride as a
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model supported catalyst. Particles were specially synthesized to have a narrow particle size

distribution, and were capped with dendrimer ligands to aid self-assembly with an ordered

structure and specified separation distances.14,15 Suspended nanoparticles were drop-cast and

self-assembled directly on DENSsolutions Wildfire in situ heating chips.16 Subsequently, the

sample chip was plasma cleaned at low power under oxygen to remove the ligand coatings,

after which the sample was loaded into a FEI Talos S/TEM operating at 200kV and heated

to 900�C under vacuum. A survey image of the nanoparticles is shown in Figure 1A.

Previous studies have shown that capping ligands dramatically decrease the temperature

required for sintering, so the fact that our nanoparticles retain their shape and position in an

ordered array at high temperature indicates that the organic coatings have been completely

removed.17,18 The initial particle size distribution after plasma cleaning is monodisperse, with

an average particle size of 4.27 ± 0.34 nm (Supplemental Figure 1). Once at temperature,

images were collected every five seconds over the course of an hour. Image segmentation was

performed using an unsupervised convolutional neural network to separate background and

foreground pixels using a method previously developed by the authors; background informa-

tion and all code necessary to perform image segmentation is provided in the references.19–21

Post processing allowed individual particles to be located and labeled, finally resulting in a

list of particle sizes and positions as a function of time.22

A CB

Figure 1: Overview of experimental data showing shrinking particles. A.) shows the as-
deposited array of gold nanoparticles. B.) shows the evolution of the particle size distribution
as a function of time, where the shade of red darkens as time progresses. C.) shows the
number of particles in the image as a function of time.
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From Figure 1B and C, it is immediately evident that both the average particle size

and the total number of particles decreases with time. Other studies have discussed the

evaporation of metallic particles at high temperature, and have described how the evapo-

ration rate depends on the particle size.23,24 Similarly, recent research has suggested that

evaporation and re-deposition of metal atoms is prevalent in oxidation/reduction cycling of

supported catalysts.25 Under our experimental conditions, where continuous pumping of the

TEM column creates a non-conservative system, evaporation from the surface of particles

is responsible for the observed decrease in particle size and the number of particles on the

support. However, we note that evaporation alone cannot be responsible for the observed

changes in particle sizes as a function of time. Evidence for this is seen in Figures 2A and 2B.

If particles were only subject to evaporation, they would shrink concentrically about their

center, with no shifts in particle shape or center of mass (Figure 2A). Our experimental

data show changes in center of mass with time, yet these shifts are not significant enough to

be consistent with evolution by particle migration and coalescence. Additionally, tracking

the growth of individual particles shows crossing growth trajectories even for particles of

the same starting size (Figure 2B). These incongruous observations signify the presence of

an additional degradation mechanism under our experimental conditions. To account for

the anisotropic evolution of particles and potential short range interactions, we developed a

model to describe nanoparticle evolution that combines evaporation from the particle surface

and mass exchange between particles by di↵usion on the support.

The interface velocity of an evaporating particle is given by v = M�(P � Pe).26 In-

tegrating over the surface of a supported particle yields an expression for the evaporation

component of particle growth rate:

dVevaporation

dt
= M(P � Pe)�(✓)R

2. (1)

Here, M = ↵⌦/(2⇡mkBT )1/2 is the emission rate of gold from the particle surface (for
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Figure 2: Depiction of changes in particle shape, size, and center of mass through the course
of the experiment. In A.) colors colored outlines represent particle boundaries as a function
of time, where time increases as color progresses from light to dark red. The particles shown
are found in the box outlined in Figure 1A. B.) shows particle size as a function of time for
all particles Figure 1A.

dimensionless coe�cient ↵ and atomic volume ⌦), P � Pe represents the change in Gibbs

Free Energy per unit volume for evaporation as a di↵erence between the ambient pressure P

and the equilibrium vapor pressure at the particle interface Pe, �(✓) gives the surface area

of a truncated sphere as a function of contact angle ✓, and R is the particle radius. Further,

Pe is modified to account for excess vapor pressure at a curved interface using the linearized

Gibbs-Thomson equation: Pe = P0(1 + 2�⌦/(kBTR)), where P0 represents the equilibrium

vapor pressure at a flat interface, ⌦ is the atomic volume, � is the solid-vapor surface energy,

kB Boltzmann’s constant, and T is the temperature.

To determine the contribution of mass transport on the degradation of the nanoparticles

a mean-field model was defined using a quasi-stationary solution to the di↵usion equation.

Using boundary conditions based on the Gibbs-Thomson equation for the concentration of

gold at the contact line of the particle-support interface, Ce, and a uniform surface concen-

tration far away from the particle, C1, the growth rate by di↵usion is

dVdiffusion

dt
=

2⇡⌦rpD

⇠

K1 (rp/⇠)

K0 (rp/⇠)

✓
C1 � Ce �

�

rp

◆
(2)
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as a function of the radius of the contact circle between the particle and support, rp =

R sin(✓). � = A0⌦�/kBT defines the capillary length and areal density of adatoms (A0). K1

andK0 are the modified Bessel functions of the second kind of order one and zero respectively,

and the screening length, ⇠ = (D/Q)1/2 is a characteristic distance from the particle-support

interface for which the mean field concentration is reached with evaporation rate Q, and

di↵usion coe�cient, D.

Finally, we apply assumptions to the model based on our experimental conditions. Namely,

as the experiment occurs under vacuum we assume that P << Pe so that evaporation always

results in a decrease in free energy (standard vacuum level in the TEM column is on the

order of 1⇥ 10�5 Pa). After applying these simplifications we come to the final model which

was used to understand experimental data (expressed in terms of particle radius R, and

where ↵ and � represent the volume and surface area, respectively, of a truncated sphere

with contact angle ✓):

dR

dt
=

2⇡⌦ sin(✓)D

3↵⇠R

K1 (rp/⇠)

K0 (rp/⇠)

✓
C1 � Ce �

�

R

◆
� M�

3↵
P0(1 +

2�⌦

kbTR
). (3)

Our analysis of experimental data, implementing automated image analysis to greatly

increase the available data from an in situ image set, allows us to simultaneously consider

growth rates of hundreds of particles to derive physically meaningful values for the parameters

D,P0, �, ✓, ⇠,� and C1 � Ce. Particle size as a function of time for each particle was fit to

a polynomial spline to aid in numerical di↵erentiation so that the rate of change, dR/dt can

be examined as a function of R. This data was then fit to our model using a simple least-

squares fitting algorithm. Minimal parameter constraints based on physical intuition were

applied to ensure convergence to meaningful values (constraints are listed in Supplemental

Table 1). Statistical optimization using a manual parameter grid search was used to optimize

initialization values while minimizing the rigidity of constraints to avoid biasing parameter

values. Python scripts used in the processing and analysis are available via github.27
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Figure 3: Equation 3 can be fit to the growth rate of individual particles, or all particles in
the system. A.) shows evaporation and di↵usion contributions based on the behavior of a
single particle. In (B), colored lines show mean parameter fits, and their comparison to all
particle timelines in the experiment, where the colored lines show mean parameter values for
the system. Extracted parameter values from these fits allow characterization of the system
with statistical confidence.

We find excellent agreement between experimental data and this model, as shown in

Figure 3A which demonstrates how our model is able to capture the unique behavior of an

individual particle. (Supplemental Figure 2 shows other examples of fits for randomly se-

lected particles) Further, Figure 3B shows the result of fitting our model to all experimental

data points; the red, blue, and green line show the average behavior extracted from mean

parameter values. With the immense amount of data extracted from experiment, we are

able to measure parameter values with statistical confidence and separately observe the im-

pact of each growth mechanism. Histograms of measured parameter values found by fitting

experimental data to our model can be found in Supplemental Figure 3. After removing

outliers (by measuring median absolute deviation for each parameter and using a modified

z -score threshold of 3.5) these parameter histograms appeared normally distributed around

a mean value (Supplemental Figure 4). As shown in Table 1, our estimation of the di↵u-

sion coe�cient for adatoms on the support, the solid-vapor surface energy, contact angle

(measured experimentally, Supplemental Figure 5), and vapor pressure closely match values
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either measured experimentally or found in the literature providing validation for our model

and data extraction method.

Table 1: Comparison between parameter values obtained from fitting our model to values
found in experiment or in the literature.

Parameter Fit Value Reference Value

D 2.7⇥ 103 nm
2

s 3.8⇥ 105 nm
2

s
28

P0 1.68⇥ 10�5Pa 4.9⇥ 10�4Pa29

� 1.51 J
m2 1.5 J

m2
30

✓ 115� 131� 120± 5�

Established research has studied the impact of surface e↵ects on properties of materials,

and shown that at the smallest scales the surface energy of many materials is expected to be

larger than that of the corresponding bulk materials.23 Moreover, studies have provided a

theoretical understanding of how the high surface energy of small particles can accelerate the

shrinking of particles.31,32 We find that the vapor pressure at the particle surface, determined

by P0 for bulk interfaces and modified by � according to the Gibbs-Thomson equation, is

clearly captured by our model. In agreement with other research, we contend that the

dominant size-dependency of particle growth comes from the di↵erence between the vapor

pressure at the particle surface and the surrounding environment.33,34

Figure 4 demonstrates the strong size-dependence on evaporation seen in our system,

as particle size alone serves as an accurate predictor of evaporation. Visualization of ex-

perimental data (Figure 1E, for example) shows that false positives (particles which were

expected to evaporate but did not) would have evaporated if the experiment had continued.

Interestingly, R = 1.5 nm, which predicts evaporation, corresponds closely with the mean

particle radius at the end of the experiment (dark red in Figue 1C) and the radius for which

the evaporation rate approaches 0 (Figure 3). Further analysis (Supplemental Figure 6)

suggests that this final particle size is stable and does not change significantly with time.

In addition to providing reliable estimates of physical parameters based on high-resolution

time resolved measurements, another major benefit to our data-rich approach to analyzing in

situ data is that it allows us to quantitatively compare the behavior of neighboring particles
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Figure 4: Particle size serves as a predictor for evaporation. Particles which reach a radius 
1.5 nm eventually evaporate. A confusion matrix, and standard accuracy metrics are shown.
High precision indicates few false positives, high recall indicates a high detection rate, and
F1 score gives general accuracy as a mean of precision and recall. TP, FP, FN, and TN stand
for true positive, false positive, false negative and true negative, respectively.

and observe actual di↵usional interactions between particles (Figure 5A and B). Comparison

between our model and the experimental data shows the small, but non-negligible, impact

of mass transport through surface di↵usion on the growth rate of supported nanoparticles

which would be impossible to observe without using advanced data extraction techniques.

With validation from the other parameters of our model, for which we have expected values

from the literature and experiment, we can characterize the mean-field concentration gra-

dient at the particle-support interface. Our data indicate that, on average, there is a net

flux of mass into the particle causing growth from a small concentration of adsorbed gold

on the support. Again comparing to Figure 5B, where the green particle clearly grows as

a result of additional mass from its neighbors, this is justified. The concentration gradi-

ent on the support should also be considered with respect to the method for nanoparticle

9



deposition. As particles were synthesized ex situ and then drop-cast onto the surface we

expect that very little gold will be adsorbed on the support away from a particle. Therefore,

the nearly-zero concentration of gold adatoms on the support is not surprising. We expect

that any adsorbed gold atoms which contribute to di↵usion are left behind during the final

stages of evaporation. Correspondingly, since di↵usion fields are closely tied to evaporation

events, adatoms contribute most strongly to local di↵usion and do not develop into a uni-

form mean-field concentration. This is consistent with the growth trends shown in Figure 5

(individual fits presented in Supplemental Figure 7 and Supplemental Table 2). Though the

concentration gradient near all particles is found to be similar and in agreement with the

mean value (+5⇥10�4�1⇥10�3[atoms/nm2] ), the capillary lengths (�) for the red and blue

particles are orders of magnitude larger than that of the green particle. This trend continues

when applied to all measured particles (bottom two rows of Supplemental Table 2), where we

find that capillary lengths of evaporating particles are larger than those of non-evaporating

particles by a statistically significant margin (p = 0.0005). This confirms our understanding

of concentration gradients driven by high interfacial concentrations at small particles due

to the Gibbs-Thomson E↵ect. Moreover, we can see the impact of particle size on di↵usion

behavior by observing the di↵usion component of the growth rate for shrinking particles.

There is clearly a critical radius at which capillary e↵ects overcome the positive concentra-

tion gradient and cause small particles to rapidly shrink (Supplemental Figure 7). Though

a mean-field model cannot be expected to describe the evolution of individual particles in

detail, our ability to compare the behavior of many di↵erent particles in unique conditions

allows us to reconcile intuitive physical models with random nanoscale fluctuations, and to

understand the origin of unexpected behaviors.

Applied experiments have clearly shown the impact of particle spacing on catalytic activ-

ity and stability of supported metal catalysts.35,36 Research has given conflicting reports on

whether particle spacing positively or negatively a↵ects performance and stability.37 Elec-

trostatic shielding, which leads to a modified reaction potential, of close-packed particles
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Figure 5: Additional analysis shows unique interactions between particles. A.) shows how
the center of mass of three neighboring particles shift with time (colors darken as time
progresses). The same color scheme is used in B.) to show particle radii change. A calculated
radial distribution function for particle centers in the first frame of the experiment is shown
in C.) to display the distances between neighboring particles. The dashed line corresponds
to the mode of the fit screening length, while the dotted line shows the overall mean.

has been suggested as the reason for exceptionally high catalytic activity for supported Pt

nanoparticles in fuel cell membranes.38 Additionally, it is well known that particle loading,

especially for very small particles, leads to instability and catalyst degradation by Ostwald

ripening or particle migration and coalescence.39,40 Still, fundamental mechanisms for inter-

action between supported particles, and the influence of particle spacing are not well studied,

and available results depend strongly on the specific conditions of the experiment or theory.

One approach for estimating the interaction between supported particles relies on solving

the di↵usion equation for a basis of randomly spaced particles which can be translated in

space to approximate an infinite system of randomly distributed particles. Analytical results

can be obtained for small systems of just two particles to describe the di↵usional interac-

tions between particles, and systems of large particles can be solved numerically to elucidate

the impact of longer range interactions.41,42 These theoretical results suggest that particle

interactions are not limited to nearest-neighbors, and that even interactions between parti-

cles in di↵erent basis cells can be quantified to show divergence from mean-field depictions.

Though our model describes the interaction of a single particle with a mean-field concentra-

tion, we can use the screening length, ⇠, derived from our model to characterize the length
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over which particles interact. In contrast to all other parameters, for which fit values are

normally-distributed such that outlying parameter values could be attributed to numerical

errors in the fitting code, model fits for ⇠ exhibited a mode of 5.7 nm, and a broad distri-

bution of measurements at larger values (mean of 76.1nm, see Supplemental Figures 3 and

4). Interestingly, these values closely correspond with physically meaningful distances in

the experimental system. As shown in Figure 5C, the short distance (dashed line) closely

approximates the nearest-neighbor distance for periodically arranged nanoparticles. Alter-

natively, the larger distance (dotted line in Figure 5C) coincides with the distance over which

the array of nanoparticles becomes considerably disordered. Here, where self-assembly al-

lows nanoparticles to assume a periodic arrangement, this distance is on the order of the

size of the isolated group of nanoparticles shown in Figure 1A. Based on these correlations

we interpret the data to show that di↵usional interactions, overall, are strongest between

neighboring particles and that growth by di↵usion is coupled with the evaporation of nearby

particles. Still, as evidenced by the secondary value of ⇠ and as proposed in theory, long range

interactions contribute significantly to the global evolution of the evaporating nanoparticles.

In summary, we demonstrate a method for detailed quantification of data collected us-

ing in situ TEM. Aided by unsupervised machine learning, positions and size of hundreds

of particles are extracted as a function of time to yield an experimental description of a

dynamically evolving system of a model supported catalyst. After developing a model to un-

derstand the competition between evaporation and surface di↵usion, statistically-validated

parameter values were extracted to verify our understanding of the physics behind particle

growth, and characterize the system in terms of variables such as local concentration gra-

dients and screening lengths which are impossible to directly measure in experiment. We

discuss the applicability of mean-field models to capture dynamic changes in nanoscale sys-

tems, and show that, with the help of modern data analysis, deviations from our theoretical

understanding can be attributed to local changes in the system. Using our method, we

quantify the interaction distance in an array of supported nanoparticles to elucidate how
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surface di↵usion impacts particle growth over a variety of length scales.

Supporting Information

Supplemental Figures 1-7

Supplemental Tables 1 and 2
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Supplemental Figure 1.  Particle size distribution at t = 0.  Red line and figure 
title show the mean particles size: R = 2.14nm 
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!! = 2$Ω&/3 [nm3/s] 0 ∞ 
!" = 	+# − +$  [nm-2] −∞ ∞ 

!% = 		Γ [nm-1] −∞ 0 
!& = ./'/3 [nm/s] −∞ ∞ 
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Supplemental Table 1. List of parameters and constraints used to 
fit experimental data to the model described in Equation 3. 



  
Supplemental Figure 2. Demonstration of model fits to a randomly selected 
set of particles.  Correspondingly colored points and lines represent the 
experimental data and fit for an individual particle, respectively.  Note the 
up-turn predicted by the fit at small radius in the purple particle – this is not 
physical and is likely a result of not having enough measurements at small R 
to properly represent the data. 



 
 

 
 
 
 
 
 
 

Supplemental Figure 3. Histogram of raw parameter values taken from fitting 125 
particles to Equation 3. 



 
 
 
 
 
 
 
 
 

 
 

 

Supplemental Figure 4. Histograms of parameter values after removing outliers.  
Outliers were defined by calculating the median absolute deviation of each 
value, and then using a modified z-score of 3.5 as a threshold. 
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Supplemental Figure 5.  Image showing the measurement of contact angle form 
an experimental TEM image.  Gold particles were drop cast onto SiO2 Stöber 
Spheres, plasma cleaned via the method described in the text, and imaged.  The 
contact angle could be directly observed for particles deposited perpendicular to 
the imaging direction. 



 
 

 
 
 
 
 
 
 
 
 
 

Supplemental Figure 6. Mean particle size a function of time.  The plot shows that the 
decrease in particle size slows down as time progresses, signifying that a stable particle size is 
reached after a transient period of evaporation. 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Supplemental Figure 7.  Individual fits to the diffusion component of the red and blue 
particles in Figure 3.  The diffusion curve reaches a maximum near 0.5nm.  Particles 
larger than this grow due to the relatively large concentration of adatoms on the 
support.  In contrast, small particles rapidly shrink as the Gibbs-Thomson effect drives 
their interfacial concentration to become larger than the adatom concentration.  



 
 

 5# − 5* 	 6
7

89+: ;	 6 789: 
 7.6 e -4 3.6 e -9 
 9.5 e -4 1.16 e -4 
 8.5 e -4 8.5 e -5 

All that shrink 8.7 e -4 1 e -4 
Don’t shrink 7 e -4 1e-6 

Supplemental Table 2.  Fit values for particles shown in Figure 3 of the main text.  Colors 
correspond to the colored particles in the figure.  A capillary length (G) for the green 
particle cannot be accurately calculated since it does not shrink significantly 
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