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Abstract

Active-reactive coatings are indispensable in protecting metal appliances in

maritime and aerospace applications. Safety standards in aerospace industry

require extensive testing before introducing new chemical formulations. These

are however needed to replace toxic ones. Virtual design of new formulations

is challenging as leaching on the micro-structural scale is not yet fully under-

stood. Recently, the formation of an interconnected pore system allowing for

ion transport could be directly observed for the first time. Here, we report on

the first attempt to simulate this phenomenon numerically within realizations of

stochastic geometry models fitted to the observed model coating samples.

Keywords: nano computed tomography, Gibbs Laguerre tessellations, random
sequential adsorption
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Fig. 1: A schematic of our modelling approach. First, we image model coating sam-
ples – non-destructively and 3D. Second, we segment the inhibitor particles in the
resulting volume images and extract morphological characteristics. Third, a stochas-
tic geometry model is fitted to these characteristics, generating synthetic coatings.
Finally, leaching is numerically simulated within these synthetic coatings. Based on
the simulation result, the stochastic geometry model can be altered until the target
behavior is reached.

1 Introduction

Active-reactive coatings are a commonly applied means to counteract the ubiquitous
corrosion of metallic appliances. The idea is to ”pacify” surface defects by ions set free
from salt particles by exactly the substance causing the corrosion, in most applica-
tions water. These salt particles, called inhibitors, are mixed in a sophisticated way to
ensure the right amount of ions being transported to the defect region in the needed
time. The inhibitors are accompanied by a dozen of other particle types guarantee-
ing processability and longevity of the coating. Traditionally, hexavalent chromium
salts have been used as main inhibitors in active-reactive coatings. Alternatives are
needed, as these are toxic [1]. However, the search for new formulations for active-
reactive coatings is tedious, as it is still mainly driven by expert’s intuition. This is
because a systematic exploration of all possibilities is prohibitive due to the number
of parameters that can be varied.

The VIPCOAT project, funded by the European Union within the Horizon 2020
program, aimed at providing corrosion scientists tools for accelerating the development
of new active-reactive coatings in many ways: By training machine learning models to
predict promising candidates [2, 3] based on electrochemical data of inhibitor candi-
dates [4], by predicting the leaching on the meso-scale by FEM simulations [5, 6] or
by a surrogate model [7].

We follow the idea of (micro-)structure optimization based on stochastic geometry
modelling as publicized e.g. in [8–14]. That is, we observe the micro-structure of active-
reactive coatings, capture its main geometric features by a stochastic geometry model,
and numerically simulate the process of dissolution of the inhibitor particles and trans-
port of the ions to the defect region – the leaching process. Figure 1 summarizes the
main idea of micro-structural optimization for active-reactive coatings in a scheme.
Completing this program would allow to first design new coating formulations and
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to evaluate and optimize their leaching behavior virtually. Only promising candidates
identified that way would later be produced and costly experimentally tested.

For active-reactive coatings, this micro-structure optimization turns out to be
challenging in every step involved starting with imaging the micro-structure. Micro-
computed tomography (CT) allows to quantify the leaching front advancement in
ex-situ leaching experiments [15], but it is too coarse to follow individual particles. The
dissolution of individual inhibitor particles and formation of pores can be observed
by sub-micron or nano CT exploiting the phase contrast [16–21]. This requires how-
ever simplified coating formulations [20, 21] or additional information from destructive
electron microscopy based techniques (FIB-SEM, SBF-SEM, EDX) [16–19]. Bradley
et al. observed dissolution of strontium rich particles by ex-situ nano CT, supported
by EDX [16]. They also showed particles inside the sample, not directly exposed to
the solvent, to dissolve, and that way indirectly proved the formation of pathways
during leaching. Hughes et al. measured the size of strontium-chromate clusters in a
coating sample imaged by sub-µCT using synchrotron radiation and SBF-SEM [19].
Recently, we succeeded in observing the growth of interconnected pore clusters in
an in-situ leaching experiment imaged by synchrotron radiation nano CT [21]. How-
ever, the obtained sequences of 3D images at nano-scale resolution still do not reveal
completely, how exactly the leaching progresses into the material.

For the geometric modeling step, to the best of our knowledge, the work [20] is
the only attempt so far to fit a stochastic geometry model to inhibitor particles based
on particle characteristics observed in image data. All inhibitor particle species we
considered so far – barium sulfate, lithium sulfate, calcium sulfate, and zinc phosphate
– as well as the strontium rich particles imaged in [16] and [19] feature a polyhedral
shape. We observed very wide size distributions with a strong size-shape correlation.
The larger the particles the less spherical they are. This strong correlation induced
a very sophisticated and computationally demanding geometry model, namely Gibbs
Laguerre polyhedra [20].

The spatial arrangement of inhibitor particles has not yet been analyzed. So for the
moment, random sequential adsorption (RSA, e. g. [22]) ensuring placement without
overlap is the most reasonable modeling approach. Consequently, the Gibbs Laguerre
polyhedra do not form large connected components. This is a major flaw as successive
dissolution of touching inhibitor particles is currently believed to be the major way how
the leaching progresses deeper into the coating [18, 21]. Much stronger connectivity
could be enforced e. g. as in [23], where particles are placed in cells of a Laguerre
tessellation to model the micro-structure of battery electrodes, but here this approach
seems neither backed by data nor otherwise justified.

The only previous attempt to simulate leaching on the scale of the inhibitor par-
ticles is Bonetti’s cellular automaton [24, 25]. Without any model fitting in the strict
sense, Bonetti et al. [25] generate random particle shapes by cutting spheres with ran-
dom planes, mix them with deterministic cylindrical shapes if needed, and place them
by RSA, too. In [25], the formation of connected particle clusters is observed at a
particle volume fraction of 22.5%. It is however, not clear, whether this is due to the
particle shape and size distributions or rather an effect of the coarse discretization by
voxels with edge lengths of 0.25 (in [24] only), 0.5, and 1.0µm [24, 25].
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Here, we simulate the dissolution of inhibitor particles within realizations of the
geometry models numerically in order to learn how variations of particle size and shape
distribution as well as their spatial arrangement alter the leaching behavior of the
virtual model coating. More precisely, for the lithium sulfate and the calcium sulfate
model coatings investigated in [21], we compare the Gibbs Laguerre polyhedra RSA
model fitted as described in [20] with an RSA model with a cuboidal typical grain
with the same size and aspect ratio distributions. Additionally, we study the impact
of mechanisms of enforcing stronger connectivity of the particles.

2 Methods

The onset of the leaching process is easily explained: The inhibitor salt particles at the
interface with the defect are in direct contact with water and thus directly dissolved.
The dissolution generates ions that are able to pacify the defect. That is, ions prevent
the defect from growing and eventually reach the metal surface to be protected. The
yet to be fully revealed question is: How exactly does this process of dissolution and
transport of ions to the defect region progress further into the coating?

2.1 Continuum percolation in germ-grain models

The most commonly accepted answer to the above question is: Via interconnected
pathways of pores that form exactly by successive dissolution of connected inhibitor
particles. This moves our leaching problem close to the classical continuum percolation
problem: Given a stochastic germ-grain model, for which parameters, in particular
for which intensity, do connected components of infinite volume occur at a certain
probability?

Note that continuum percolation is a vast research topic within the even vaster
general field of percolation theory. Alternative settings are cells of a tessellation [26]
and random graph based models – obviously closely related. For an overview and
further references, we refer to Torquato [26, Chapter 9]. Here, we stick to the germ-
grain model setting as thoroughly reviewed by Jeulin [27].

Analytical, and even many simulation based results are available for the Boolean
model. Typically, the distribution of the typical grain Ξ0 is fixed. Hence, the intensity
λ ą 0 remains the only free parameter. Hall [28] derived analytical results for the
classical Boolean model of spherical grains in R

d, d ě 2. We follow the summary and
notation in [22, Section 3.3.4]: Let p8 denote the probability that the typical grain
is part of a cluster formed by infinitely many grains and o8 the expected number of
grains in the cluster containing the typical grain. Then it holds [28] that

EpvoldpΞ0q2q ă 8 if and only if D0ăλ1

că8

#
λ ă λ1

c then o8pλq ă 8

λ ą λ1
c then o8pλq “ 8

and EpvoldpΞ0q2´1{dq ă 8 then D0ăλcă8

#
λ ă λc then p8pλq “ 0

λ ą λc then p8pλq ą 0
.
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Clearly, 0 ď λ1
c ď λc ď 8. In general, it is an open question, whether λ1

c “ λc. For
spherical grains with bounded radii distribution, λ1

c “ λc [29, 30]. Physicists derive a
lower bound for the critical intensity from the mean number of grains intersecting the
typical grain λEpvoldpΞ0 ‘ Ξ̌0qq [22, (3.106)]. The so-called excluded volume voldpΞ0 ‘
Ξ̌0q is the mean volume surrounding the typical grain that can not be occupied by
another grain without penetrating it. The approximation thrives on λ1

cEpvoldpΞ0 ‘
Ξ̌0qq “ 1 as – on average – each grain should be connected to one other grain, if
the system percolates. Let sV , sS, ĎM be the mean volume, surface area, and integral of
mean curvature of the typical grain. For isotropic germ-grain models in R

3, Steiner’s
formula yields

Epvol3pΞ0 ‘ Ξ̌0qq “ 2sV ` p sSĎMq{2π and thus pλ1
c “ 1{

`
2sV ` p sSĎMq{2π

˘
. (1)

A more precise approximation arises from a topological argument [22, 27]: Consider
the specific Euler number (or specific connectivity number)

χV pλq “ λ expp´λsV q

ˆ
1 ´

λ

4π
ĎM sS `

πλ2

384
sS3

˙
.

Remember that the Euler number in 3D is roughly the alternating sum of the numbers
of connected components, tunnels, and holes. Consequently, χV is positive for small
intensities with many isolated grains and eventually turns negative when the Boolean
model features less connected components but a lot more tunnels. Thus, the intensity
at which the specific Euler number turns zero first, is taken as estimate for λ1

c:

pλ1
c “

48ĎM
π2 sS2

ˆ
1 ´

´
1 ´

π3 sS
6ĎM2

¯1{2
˙
. (2)

The second zero yields the critical intensity for the complement [31].
The first application of continuum percolation was described by Gilbert [32] who

modeled wireless networks by the connected components of a random graph formed
by connecting all R-close points of a 2D Poisson point field. Applications to materials
structures and properties are plenty, see [26, Chapter 9] for a wide overview. In appli-
cations, usually, the percolation threshold of the volume fraction is used instead of the
critical intensity. For Boolean models, it is just the volume fraction reached at the
critical intensity 0 ď VV,c “ 1 ´ expp´λ1

c
sV q ď 1. Examples with percolation thresh-

olds arbitrarily close to the minimum 0 as well as approaching the maximum at 1 can
be constructed by nesting and iteration [26].

For Boolean models of equal sized disks and spheres and equal sized and oriented
rectangles and cubes [33], and for cylinders [34], percolation thresholds have been esti-
mated by (1). Both estimators, (1) and (2), indicate, that the critical intensity depends
strongly on the size and the shape of the typical grain with particular emphasis on the
shape. And indeed, extremely low thresholds are e. g. reached for prolate cylinders with
high aspect ratios modeling carbon nano-tubes. As a consequence, carbon nano-tubes
can make a composite electrically conducting at very low volume fractions. Jeulin [27]
cites the impressive example of the isotropic Boolean model of sphero-cylinders with
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aspect ratio 100 having a percolation threshold ă 2% whereas the percolation thresh-
old for a Boolean model of spherical grains is ą 28%. A second example of percolation
at extremely low volume fractions are Boolean models of 2D geometric shapes like
rectangles or ellipses modeling 3D fracture systems in soil or rocks [35–37]. Xu and
coauthors find in their simulation studies percolation thresholds varying strongly with
changing aspect ratio for isotropic Boolean models of sphero-cylinders, congruent reg-
ular polyhedra, and prolate and oblate spheroids, too [38–40]. For the finite systems
we are interested in here, particle size polydispersity has a strong influence as well, as
e. g. shown for cylinders [41].

Simulation is the only option as soon as the germ-grain model features attractive
or repulsive interaction of the grains, a complex grain shape distribution, or a grain
orientation distribution different from constant or isotropic. Obviously, simulation
studies are rather difficult, too, in particular for wide spread grain size distributions
and grain shapes deviating strongly from spherical. For interacting grains, there are
some percolation results for attractively or repulsively interacting spheres [26] and
for cherry pit models of cylinders [41]. Jeulin and Moreaud [42] describe and fit Cox-
Boolean models of spheres and sphero-cylinders featuring 2-3 scales in a sequence of
papers [43]. The percolation behavior of cylinders or sphero-cylinders explains the
extreme variety in electrical conductivity that can be achieved by them, in particular
for the cherry pit cylinder model [41] and [27]. The use case maybe the closest to
ours is the plasma spray modeling by flat cylinders mimicking the droplets. Shape
and orientation of all droplets are the same, all lie in the coating plane. Jeulin and
Moreaud [43] find percolation thresholds close to 15% both in the coating plane and
orthogonal to it, with the threshold in the latter case varying slightly stronger with
the cylinders’ aspect ratio.

Our setting is not a percolation problem in the strict sense as we are not interested
in the occurrence of truly infinite pore systems. The question is rather, how many
of the pacifying ions will be transported to the defect in which time. So maybe, the
tortuosities measured by Xu and Jiao [38] are more revealing at the end. Neverthe-
less, we learned that the particle volume concentrations of 20-30% that are typical for
active-protective coatings can very well allow for percolation already and that we have
to expect strong particle shape dependence. Emad et al. [44] derived from measure-
ments supported by microscopic imaging the hypothesis of a change in the leaching
behavior at the critical particle volume fraction (particle volume concentration, PVC).
Bonetti [24] simulated the leaching process during the first 216 hours for the coating
formulation from [45] featuring lithium carbonate as active component accompanied
by magnesium dioxide, barium sulfate, and titanium dioxide, originally treated as
pure fillers but later allowed to dissolve, too. Volume ratios of chemical constituents
were kept constant, while the PVC varied between 7.5 and 37.5%. Bonetti’s findings
[24] are well in line with the purely geometric results summarized in this section: The
amount of reachable inhibitor particles changes significantly close to the critical PVC
which varies according to the exact settings. More elongated or smaller particles as
well as the introduction of local small defects in the polymer matrix by switching 5%
of the matrix voxels to be ”pores” decrease the critical PVC.
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Fig. 2: Top: slices through the original, reconstructed SR nano CT images of model
coatings. Left: calcium sulfate. Right: lithium sulfate. Bottom: Rendering of the cal-
cium sulfate example. Diameter «160µm, thickness «30µm. Inhibitor particles appear
dark.

2.2 Stochastic geometry models for inhibitor pigments

We consider two different coating configurations in terms of pigments and PVC: a
lithium sulfate coating with PVC 20%, and a more sparsely packed calcium sulfate
coating with PVC 11%. These two pigments have very different shape-size distribu-
tions, which we study and explain in more detail in [20]. One of the original images
used is visualized in Figure 2. Briefly, lithium sulfate particles are on average smaller,
while calcium sulfate features several very large, elongated particles.

A Gibbs Laguerre model [46] was fitted to the shape-size distribution retrieved from
3D images of coatings loaded with these inhibitors. In a nutshell, we start with a 3D
Laguerre tessellation where the number of cells fits the number of particles observed
in the real coatings. The target joint shape-size distribution of the particles is given as
a 2D histogram. More precisely, we capture size by the mean width roughly estimated
by the mean of the diameters measured in the 13 discrete direction given by the image
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[47] while shape is described by the aspect ratio derived from length and thickness
of the minimal volume bounding cuboid [48, 49]. These choices are motivated by the
demand to compare particles segmented from the images with very rough surfaces to
simulated polyhedra.

The polyhedral cells in the tessellation are our particle sample. Iteratively, genera-
tor points are added, moved or removed, and the change is accepted only if it brings us
closer to the target distribution. The final cells provide us with a collection of particles
that are subsequently placed in space by RSA. That is, particles are placed sequen-
tially. The location for the current particle is drawn uniformly randomly within the
field of view, and discarded if it would cause collision with previously placed parti-
cles. In the latter case, a new location is drawn for the same particle. For more details
about the Gibbs Laguerre model, we refer to [20].

The choice to model inhibitor particles by polyhedra fits the observed shapes [16,
19–21] and using cells of a tessellation yields a large sample at once without the need to
fit excessively many parameters. Particle systems fitting an observed size distribution
can be generated in seconds that way [50]. However, our particle size distributions are
very wide and – more importantly – due to the strong size-shape correlation, both
quantities must be fitted jointly [20]. As a consequence of fitting to the 2D size-shape
histogram, currently, our Gibbs Laguerre modelling is too slow for interactive use. Yet,
this is a prerequisite for rendering it a viable tool for coating design.

One way to cut the computational costs is to replace the polyhedral particles by
simple cuboids that can be generated one by one, still according to the observed
empirical size-shape distribution. Switching to a cuboid model reduces the runtime
from the scale of days to just minutes, depending on the size of the synthetic sample.
So far, it is not known how this simplification affects the connectivity, and thus the
leaching process. Hence, we investigate this question here.

We generate coatings according to the Gibbs Laguerre models fit to the pure
lithium sulfate and calcium sulfate model coatings observed by SR-nano-CT in [20].
For each synthetic coating with polyhedral particles, a ”twin” cuboid sample is cre-
ated. To preserve shape, the minimal volume bounding cuboid of each polyhedron is
used. To preserve particle size, this bounding cuboid is scaled such that its volume
matches the one of the polyhedron. The RSA process is run independently for polyhe-
dra and cuboids. The resulting discrete samples are finally represented as cubic 5503

voxel images with voxel size 45 nm and thus side length of 25µm. This size was cho-
sen because typical active-reactive primers are applied in layers of 15 ´ 25 µm, with
airplane coatings typically at the thicker end of this range. Unless explicitly noted
otherwise, we stick to this sample size throughout. Figure 3 shows one realization of
each model – Gibbs Laguerre and cuboids, for lithium sulfate and calcium sulfate.

2.3 Leaching on the micro-scale

Leaching is understood as a three-stage process, comprising first direct dissolution of
the exposed particles, followed by so-called Fickian diffusion [51] where water travels to
particles in contact with the exposed ones, and finally diffusion through interconnected
pathways that have developed during the first two stages [19, 24, 52, 53].
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Fig. 3: Examples of synthetic coatings. Left: lithium sulfate. Right: calcium sulfate.
Top row: polyhedral particles. Bottom row: cuboid particles. The cubic observation
window has side length 25 µm.

The main transport paths for water are cavities left by dissolving particles. It has
been speculated [19], and finally demonstrated [21], that these cavities get connected
by tunnels and coalesce into pore clusters over time. Thus, modeling the particle
contact correctly is crucial when attempting to simulate leaching.

There are several concurrent theories about possible modes of ion transport in the
literature. Here, we briefly summarize them, a more comprehensive overview of the
different theories is given in [21] and [15]. First, the particle-matrix interface has been
shown to permit water and ion transport [54, 55]. It is however not yet known how
permeable the interface is and up to which size ions can pass through.

Second, large particles account for most of the inhibitor volume fraction, but are by
far outnumbered by the small particles. Tiny particles that are below the observation
range of both SR-nano-CT and FIB-SEM are spread throughout the polymer matrix.
The particles are milled to the desired size distribution. Therefore, it would not be
surprising if the dust was concentrated close to the larger particles, as it consists of
fragments of them. It is possible that these very small particles are responsible for the
formation of the tunnels.
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Third, the epoxy binder that encases the particles is made of polymer chains which,
in theory, are not permeable. However, the epoxy is not always homogeneous and can
have areas of lower density [56]. These areas may be permeable and therefore offer
another transport path. This is, however, the hypothesis that is least supported in the
literature.

2.4 Geometric model alterations

As explained above, connectivity of the particle system is crucial. Nevertheless, we have
neither reliable information of the initial connectivity before the exposure to water,
nor do corrosion experts fully agree on how the interconnected pore system observed
later on forms. We can therefore only try to capture these effects phenomenologically.

Clearly, if there is little to no contact, as is likely to result from particle placement
by RSA, leaching will stop right after the direct dissolution stage. We will therefore
investigate the connectivity of the discretized particle systems before attempting to
simulate any leaching. Interpreting voxels as small cubes, we consider discrete connec-
tivity via voxel faces only (6-neighborhood) as well as via faces, edges, and corners
(26-neighborhood).

Several geometric alterations would enhance connectivity of the original RSA par-
ticle system, the most intuitive being to relax the criterion for two particles to be
connected to R-closeness for a suitable distance R. Sub-resolution particles, shrinkage
cracks, or pores as well as the particle interfaces could be integrated explicitly into the
geometric models. To limit the experimental effort and due to lacking evidence, we
subsume these effects into an additional phase to capture not finally disclosed ways to
”connect” particles. Details of these alterations are explained in the following.

2.4.1 Connecting particles by morphological closure

A morphological closure is a dilation followed by an erosion [47]. Space between objects
in the foreground is closed; we have control over how close objects have to be for this
to happen. We can use a closure to introduce anything from very thin tunnels to entire
interstitial zones. In Figure 4, we see how a closure can be used to imitate tunnels
between particles. The cavities in the images are left by dissolved particles. While the
leaching continues, they grow together into a small pore cluster. We can gain more
control over how delicate the tunnels are by implementing the morphological closure
with a Euclidean distance transform (EDT) as illustrated in Figure 5. The threshold
t determines how strongly we close the particle system. We can think of it as the
distance (in voxels) at which we consider the particles to be touching. We start by
applying the EDT on the background yielding for each background voxel its distance
to the foreground. Thresholding by t returns the dilated particle system as foreground.
Applying the EDT once more, but now on the foreground, then thresholding again,
we erode the dilated particle system resulting in the closed image.

2.4.2 An additional synthetic phase

Figure 6 shows a sub-volume of a model realization of the calcium sulfate with polyhe-
dral particles, with multiple alterations introduced to increase connectivity: dissolving
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Fig. 4: Real observations of tunnels forming between cavities from our in-situ imag-
ing campaign [21] next to artificial tunnels created via a morphological closure. The
coating considered here was loaded with lithium sulfate particles.

Fig. 5: Morphological closure via EDT. The transformations are applied on the full
size 3D image. 2D cutouts are shown for illustration, only. bg refers to background, fg
to foreground.

tunnels, particle dust, permeable interface. For the particle polymer interface, erring
on the side of caution, we introduce a one-voxel-thin layer around the particles using
a dilation via EDT. This very thin layer acts as the interface and permits fluid flow.

Very fine dust (ă 50 nm) can just be added by independently sprinkling in tiny,
i. e. one voxel particles. Note that coarser dust (500 nm´1 µm), could be incorporated
by generating a second sample of small particles and placing them together with the
already drawn particle sample by RSA.

2.5 Dissolution simulation

Leaching in active-reactive coatings boils down to two key physicochemical phenom-
ena: dissolution of soluble pigments, and diffusion of the water/solvent. Dissolution is
more or less straightforward - when pigments come in direct contact with water, they
release ions at a rate determined by the material’s solubility and the concentration of
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the solution. When modeling diffusion, complexity arises from the transport paths, not
from chemical processes. As discussed in Section 2.3, transport seems to be possible
along the particle-polymer interface and through lower density epoxy. In-situ obser-
vations of a model coating have demonstrated the emergence of tunnels, connecting
cavities into pore clusters, the process generating these tunnels still being not fully
understood.

Fig. 6: Sub-volume (side length 9.12µm) of a simulated calcium sulfate sample with
polyhedral particles featuring several alterations. First column: a central slice. Second
column: 3D volume renderings of the changes – tunnels (reddish, first row), dust
distributed throughout the entire sample, a bit more concentrated in interstitial areas
(second row), and finally, the particle-polymer interface – particles (blue) wrapped
with a very thin interface layer (magenta, third row).
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2.5.1 Bonetti’s cellular automaton

So far, the only model of leaching in active-reactive coatings using a 3D digital twin
of a coating is Bonetti’s [25] cellular automaton. He models coating samples of the
size 200µmˆ200µmˆ30µm, with cell sizes of 0.25, 0.5, or 1µm. Each cell is assigned
one of five different states: salt, polymer, liquid, dissolved, pore. The chemical com-
position of the coating is a realistic one containing four different salts – one corrosion
inhibitor and three fillers. Salts behave according to their chemical properties – the
inhibitor dissolves quickly, whereas only the cells on the surface of filler particles dis-
solve sufficiently fast to generate a path. The polymer is in general impermeable to
water, but pore cells are scattered throughout to mimic defects.

To model leaching, Bonetti applies two automaton rules alternately, namely disso-
lution of soluble pigments and diffusion of the resulting solution. Two main parameters
are introduced: Csolid and Cdiss. Roughly speaking, Csolid controls the dissolution rate
of a salt cell, while Cdiss controls the diffusion rate of a dissolved cell. Figure 7 sketches
this model’s mechanism.

Salt cells are initially assigned an integer value Csolid, effectively a counter of
liquid neighbors the cell needs to interact with to fully dissolve. Different species are
assigned different values – the soluble lithium carbonate was assigned a Csolid orders
of magnitude lower than the filler salts. In every dissolution step, the rate of release
is determined by the number of liquid neighbors. The adjacent liquid cells are flipped
to state ”dissolved” and the cell’s counter Csolid is reduced by the number of liquid
neighbors. When Csolid of the salt cell hits 0, the cell is considered fully dissolved and
its state is flipped to ”liquid”.

Every dissolution step is followed by Cdiss diffusion steps. In each diffusion step,
every dissolved cell chooses a neighbor at random. If it selects a liquid neighbor, the
two cells swap states. If it selects a solid neighbor, nothing happens. This way, the
dissolved cells travel deeper into the coating or exit the coating. Only dissolved cells
that leave the coating are counted as ”leached”.
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Fig. 7: Bonetti’s cellular automaton for leaching for parameters Cdiss “ 5 and Csolid “
15, with the latter enforcing a salt cell to interact with a total of 15 liquid/water
cells to fully dissolve. Salt cells are marked green, and dissolving and dissolved cells
by lighter shades of green. The amount that dissolves in each step is determined by
the cell’s number of liquid neighbors. As the cell dissolves, it releases a concentrated
solution into the adjacent liquid cells, which then travels through the material by a
random walk. With this parameter configuration, there are 5 diffusion steps for every
dissolution step. Some dissolved cells will exit the coating and should – provided proper
calibration – coincide with the leached mass captured by measurements.

14



2.5.2 Our dissolution model

We choose to model dissolution only for the moment. Rather than trying to match the
complete physicochemical process as closely as possible, our main aim at present is
to use a phenomenological model and to understand how geometric micro-structural
differences affect the leaching behavior. Diffusion is of course indispensable to model
realistic leaching kinetics. However, for simulating the opening of pathways and water-
salt contact, dissolution suffices.

The dissolution of inhibitor particles is simulated similarly to the dissolution of
crystals in rock physics. The change in concentration, or, more generally, a material
indicator, is described by the distribution of the surrounding fluid and the identifi-
cation of the surface itself. The model presented in [57] is adjusted to the setup at
hand. In contrast to [25], the model uses a time-continuous description instead of the
discrete cellular automaton model. More precisely, the dissolution is described by an
ordinary differential equation and therefore modeled continuous in time. It is based on
the identification of dissolution rates, which are parametrized to specific surface sites
of the inhibitor particles. In general, a complete rate spectrum describes the dissolu-
tion process [58]. Additionally, the dissolving fluid needs to be present at the specific
surface sites, i.e., its concentration needs to be larger than zero.

We simulate in the voxel image representation of our geometric model realizations.
That means, our voxels play the same role as Bonetti’s cells. Each voxel is assigned
an ID specifying whether it belongs to the fluid (water), a solid component, or the
pore phase. Over the course of leaching, the ID can change. The salt particles, dust,
and tunnels are treated as solid material components that can turn into a pore. The
particle-polymer interface and lower-density epoxy are treated as another solid compo-
nent which allows for limited water flow. Each component is assigned a set of reaction
rates based on the desired behavior.

First, we focus on the solid components. Let ϕ denote the solid volume fraction of
a voxel. That is, the ratio of the volume of the solid component in that voxel to the
volume of the voxel. At the beginning, all salt voxels are supposed to be completely
filled, thus ϕ “ 1. As salt dissolves, the voxel’s solid volume fraction decreases and
finally the voxel is labeled porous. The change of the volume fraction is described by
dϕ
dt

“ ´r, where r denotes the reaction rate. When ϕ hits 0, the formerly solid salt
voxel turns into fluid.

For each component and phase, we specify three reaction rates based on the number
of liquid neighbors (see Table 1). Based on their 6-neighbors, voxels are divided into
three categories: a face voxel has one liquid neighbor, an edge voxel has two, and a
corner voxel has three or more. We introduce corresponding reaction rates (face, edge,
corner), proportional to the number of liquid neighbors (rf ă re ă rc). Note that
these rates are not intended to account for the chemical properties and reactions of
the components. The aim here is rather to match their relationships.

Figure 8 illustrates several iterations for a set of example parameters. The voxels
are color-coded according to their category in the next iteration. The update rule for
each voxel is obtained by considering an explicit Euler discretization of the underlying
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salt tunnels interface
rf 1 0.5 0.1
re 2 1 0.2
rc 5 2.5 0.5

Table 1: Leaching rates for different phases. The salt is assumed to dissolve at the
highest rate. Therefore, in each category, the highest value is assigned to salt. The
tunnels are assumed to give more resistance to fluid movement, as we cannot know
how much soluble matter there is. The effective difference in solubility (lithium sulfate
dissolves two orders of magnitude faster than calcium sulfate) is accounted for by
selecting different time scales for the two salts (1{time for lithium sulfate and 2{time
for calcium sulfate) - although they have the same numerical value, their reaction
speeds will be different.

differential equation. Choosing a time step ∆t, the n-th time step reads

ϕn`1 “ ϕn ` ∆tp´rnq, (3)

where rn is determined by the category of the voxel at time step n. The initial value
ϕ0 is given by the initial distribution described above. As the dissolution plays out, the
surroundings of a salt voxel will change, and its category will adjust accordingly. Once
a voxel is fully dissolved (ϕ “ 0), it flips into a fluid state. Diffusion is not modeled, so
the reaction rate is not affected by the concentration of the fluid. It is also not possible
to track directly how much mass exited the coating; we therefore treat everything
dissolved as leached. The total leached mass mleached is the difference between the
initial (time step 0) and the final (time step N) mass of salt. It is computed as

mleached “ ρsaltVvoxel

Nvoxelÿ

i“1

pϕ0

i ´ ϕN
i q, (4)

where ϕi denotes the solid volume fraction in voxel i, Vvoxel the volume of a single
voxel, and ρsalt the density of the salt. Since we consider the dimensionless solid volume
fraction for describing the status of the voxel, the reaction rate r has the unit 1{time.
It can be converted to a classical dissolution rate, with mass per time as a unit, by
multiplying with the voxel volume and the density of the component the voxel belongs
to.
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Fig. 8: A demonstration of our leaching model for the following dissolution rates:
rc “ 0.25, re “ 0.2, and rf “ 0.1. Only dissolution is modeled. In each iteration, salt
voxels dissolve at a rate determined by the number of faces in contact with water. The
color-coding of each voxel indicates its category in the next step.

3 Results

3.1 Connectivity

The point of altering our initial particle systems was to introduce and study contact
between particles. Some of the questions we are trying to study are the following:
How does particle shape influence contact behavior? What volume and depth do the
emerging particle clusters have? How do the alterations suggested in Section 2.4 influ-
ence the simulation results? When analyzing the connectivity, we look for percolating
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inhibitor particle # particles N6/ # clusters maximal cluster mean cluster
type shape N26 vol frac vol diam vol diam

[µm3] [%] [µm] [µm3] [µm]

Li2SO4

polyh 7 395
6 6 805 9.15 0.30 4.76 0.46 1.27

26 5 866 10.97 0.35 5.94 0.53 1.36

cuboidal 7 329
6 6 816 8.04 0.26 4.49 0.45 1.14

26 5 909 8.84 0.29 5.61 0.52 1.22

CaSO4

polyh 572
6 573 80.46 5.32 6.60 2.65 2.12

26 551 86.18 5.68 7.09 2.76 2.17

cuboidal 551
6 543 74.77 4.78 7.09 2.86 1.90

26 533 77.55 4.94 7.78 2.92 1.91

Table 2: Initial connectivity of model coatings. ”Frac vol” is the fraction of the total par-
ticle system volume comprised by the maximal cluster. The number of clusters exceeding
the number of particles for the calcium sulfate Gibbs Laguerre polyhedra system is an
artifact of the 6-connectivity.

clusters (in our case, clusters spanning the entire observation window) or any large
clusters of particles. The shape of the clusters is interesting, too: Are they compact
and concentrated in one place, or do they stretch deeply into the sample? We also
want to track changes in the number of connected components.

3.1.1 Initial connectivity

Table 2 summarizes the connectivity of the initial model particle systems. For the
lithium sulfate model with PVC 20%, a couple of smaller clusters are present right
from the beginning while the calcium sulfate with PVC 11% is essentially discon-
nected. All values reported are averages over 10 realizations of the respective model.

3.1.2 Connectivity after morphological closure

In Figures 9 and 10, we show how the maximal cluster develops when increasing
particle connectivity by morphological closure as described in Section 2.4.1. We observe
the fraction of the total particle system volume comprised by the maximal volume
cluster as well as the maximal diameter of the maximal volume cluster as a function
of the distance at which two particles are connected. Note that the cluster of maximal
volume is not necessarily the one featuring the maximal diameter. This explains the
non-monotonicity of some of the curves in Figures 9 and 10. Figures 13 yields examples
of percolating clusters in synthetic lithium and calcium sulfate samples.

3.1.3 Leaching simulation

Results of the leaching simulation are summarized in Table 3. Figure 14 yields a visual
comparison of the simulated leaching behavior of the two inhibitor species. Finally,
Figures 15 and 16 depict some special cases of pore cluster growth.

The alterations suggested have surprisingly little impact on the connectivity/the
simulated leachingbehavir.
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Fig. 9: Connectivity in the simulated lithium sulfate samples induced by morpho-
logical closure. Left: fraction of the total particle system volume comprised by the
maximal cluster. Right: maximal diameter of the cluster of maximal volume.

4 Discussion

We follow up on our recent breakthroughs in 3D imaging, analyzing, and geomet-
rically modeling the micro-structure of active-reactive coatings. Here, we report on
the next step towards micro-structural optimization: A study on the connectivity and
the dissolution behavior of synthetic coating models fitted to two of the previously

inhibitor particle depth of leaching front fraction of inhibitor volume
type shape min mean max min mean max

[µm] [%]

Li2SO4

polyh 11.30 13.40 15.00 20.85 34.40 54.32
cuboidal 12.81 14.45 15.00 34.51 53.90 71.61

CaSO4

polyh 2.70 2.70 2.70 5.88 15.89 30.16
cuboidal 2.70 2.70 2.70 6.40 12.67 25.39

Table 3: Results of the dissolution simulation. Depth of ingress into
the material in flow direction (x). All experiments done on (15µm)3

subvolumes.
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Fig. 10: Connectivity in the simulated calcium sulfate samples induced by morpho-
logical closure. Left: fraction of the total particle system volume comprised by the
maximal cluster. Right: maximal diameter of the cluster of maximal volume.

Fig. 11: A closed lithium sulfate (left) and closed calcium sulfate (right) sample.
Both observation windows have a side length of 25µm. Particles systems light blue,
tunnels generated by morphological closure pink. Due to the different volume fraction
and particle size distribution, the two species require vastly different tunnel sizes to
connect them.
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Fig. 12: The samples from Figure 11 with swapped thresholds for generating the
tunnels by morphological closure (rendered pink). The generous threshold needed for
calcium sulfate will completely encase the lithium sulfate particles in the new phase.
The low threshold that suffices to connect lithium sulfate leads to a calcium sulfate
coating with little-to-no connections (colors indicate connected components). The cor-
responding samples with cuboid particles behave similarly.

Fig. 13: Examples of percolating clusters (purple) in a closed lithium sulfate (left) and
calcium sulfate (right) sample. Lithium sulfate was closed with a threshold of t “ 2.5
voxels (114 nm); calcium sulfate with t “ 15 (684 nm). Both observation windows
have a side length of 25µm.

investigated inhibitor particle types – lithium sulfate and calcium sulfate. The vivid
research field of continuum percolation deals with very similar problems, does however
not cover our case: Polyhedral grains of widely varying sizes and with shapes strongly
correlated with the sizes.

We observe strong differences for 6- and 26-connectivity underlining that the
scale/resolution critically impacts connectivity. This is an additional strong argument
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Fig. 14: Front and side view of effects of leaching on two synthetic coatings with
polyhedral particles. Left: lithium sulfate (yellow) reacts rapidly and the leaching front
reaches deep into the structure. Right: calcium sulfate (red) dissolves slowly – in the
same time frame, only surface particles manage to dissolve. The pore networks (blue)
are highlighted in the bottom row.

for introducing tunnels by morphological closure as this allows to control the distance
at which particles are treated as being connected independently of the chosen voxel
size. On the other hand, our two examples show interesting behavior only at rather
different distance thresholds t as illustrated in Figures 11 and 12. How to choose the
distance at which particles should be treated as being connected should thus be inves-
tigated in the future. Beyond distance, the spatial arrangement of the particles could
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Fig. 15: In general, the trends observed in samples with polyhedral particles apply
to samples with cuboids as well. Here, we highlight an example of a synthetic lithium
sulfate coating where the cluster reaches the other end of the volume, eating up 50%
of total particles. The color coding is the same as in Figure 14.

of course be altered, too. Incorporating the approach from [59] is subject of further
research, too.

As suggested by the continuum percolation literature, shape matters. Even the
cuboids with same volume and aspect ratio as the polyhedra do behave differently wrt
cluster formation.
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Fig. 16: The alterations discussed in 2.4, i.e. the interface layer and dust, were added
to a lithium sulfate particle system. The leaching front did not progress deeper into
the sample due to a lack of 6-connectivity.

5 Conclusion

This is just a very first step towards simulating micro-scale leaching. The effects of
varying size or shape distributions of the same inhibitor particle species could never-
theless be studied this way already. The biggest challenges to overcome before getting
closer to realistic active-reactive coatings are proper calibration by choosing experi-
mentally determined values for the leaching rates in Table 1 and to migrate to model
coatings featuring multiple particle types.
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