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Abstract. Macroscopic effective transport properties of battery materials are predominantly
influenced by the morphology of their microstructure. In order to bridge the gap between these
different length-scales, a stochastic 3D microstructure model is combined with physical simu-
lations on the electrode scale. More precisely, the stochastic model is used to generate virtual,
but realistic microstructures of cathodes in lithium-ion batteries. The model is calibrated to to-
mographic image data and validated with respect to various geometric descriptors and effective
transport properties. By systematically varying the parameters of the model, a data base of
artificial microstructures is created with varying volume fractions and size distributions of ac-
tive material particles. Furthermore, a resistor network method is used to quickly compute the
effective conductivity and effective diffusivity of these microstructures on the electrode scale,
where the microstructure is represented by a simplified graph structure. Subsequently, the
available data base is used to investigate quantitative structure-property relationships, which
link geometric descriptors of the microstructure to effective transport properties of the elec-
trode. Finally, the results are used to validate a previously established empirical formula that
uses geometric descriptors of the microstructure to predict the effective conductivity.
Keywords. Stochastic 3D modeling, structure-property relationship, effective transport prop-
erty, resistor network method, lithium-ion battery, synchrotron

1. Introduction

Lithium-ion batteries are one of the most dominating technologies for storing electrical energy
due to their high energy density and capacity retention, leading to a plethora of applications
ranging from electric vehicles to mobile devices [1]. However, due to the steadily increasing
requirements, further technological progress is required to improve the electrochemical perfor-
mance. In particular, it is well known that the 3D microstructure of electrodes in lithium-ion
transition metal oxide batteries has a strong impact on the resulting electrochemical proper-
ties. Moreover, the 3D microstructure is strongly dependent on the underlying manufacturing
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process. Thus, a deeper understanding of process-structure-property relationships is crucial in
order to further optimize the electrochemical behavior. However, the manufacturing and imag-
ing of a large number of electrode samples is expensive in time and costs, which means that
extensive testing of varying production parameters and assessing the quality of the resulting
electrodes is often an infeasible approach. These limitations can be overcome by an approach
called virtual materials testing, in which digital twins of physical material samples are gener-
ated by means of a parametric stochastic 3D microstructure model, using methods of stochastic
geometry [2, 3]. More precisely, tomographic image data of a small number of experimentally
measured samples is used to estimate the parameters of the stochastic geometry model, which
can then be used to generate virtual samples, where the morphology of their microstructure
is statistically similar to that of the original sample. This process is validated by comparing
various geometric descriptors between image data of experimentally measured electrodes and
realizations of the calibrated model, see [4–8] for previous examples of stochastic microstructure
modeling.

One of the main advantages of using a low-parametric stochastic geometry model is the ability
to generate a wide range of virtual but realistic 3D microstructures by adjusting individual
parameters of the model, just at the cost of computer simulations. In particular, it is possible
to easily adjust the size distribution of active material particles and the final packing density, and
thus to simulate virtual cathodes with markedly differing morphologies that can be physically
recreated by adjusting corresponding production parameters during the manufacturing process.
These virtually generated structures may then serve as geometry input for numerical simulations
of macroscopic properties to investigate structure-property relationships [9–12].

One key transport property for assessing the performance of battery electrodes is the effective
electronic conductivity, in case of the active material phase, or the effective ionic diffusivity, in
case of the electrolyte phase, which are used to quantify the impact of the microstructure on
the transport processes. Those are closely related to the M-factor [13] and the MacMullin
number [14]. Classical approaches for computing this quantity involve numerically solving
the Laplace equation on the discretized geometry, for which a variety of open-source software
packages such as TauFactor [15], PuMA [16] or pytrax [17], and commercial software packages,
such as GeoDict [18], Avizo [19] or Simpleware [20], are available. Another approach to quickly
compute effective conductivity and diffusivity is the resistor network method (RNM) [21, 22],
in which the microstructure is represented by a simplified graph structure. The RNM utilizes
the well-known node potential method of electrical engineering and defines the active material
particles or individual pore regions as potential nodes and the restriction to the respective
flux, such as particle contacts or bottlenecks, as the resistances. Given this graph structure
and specific resistances, one can efficiently compute the flux through the system and thus the
effective transport property.

In a previous study [22], this approach was used to investigate structure-property relationships
based on virtually generated assemblies of overlapping spheres. In the present paper, we aim
to extend this approach to tomographic image data of experimentally measured and virtually
generated cathodes in lithium-ion batteries. In particular, we estimate all necessary input
information for RNM from binarized image data and do not rely on analytical knowledge of
particle position and shape. The resulting values are compared to those obtained from classical
approaches that solve the Laplace equation on the discretized geometry. Moreover, we also assess
the quality of a previously established empirical regression formula [11], that uses geometric
descriptors of the microstructure to predict the effective conductivity or diffusivity. Finally, we
apply these approaches to the data base of virtually generated cathodes within the context of
a variation study to further investigate the robustness of their predictive power.

The present paper is structured as follows. In Section 2, we describe the material as well
as the acquisition and postprocessing of 3D image data considered in this study. In Section 3,
the applied methods and the necessary concepts are stated. These consist of the stochastic
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3D model for the generation of virtual microstructures in Section 3.1, the geometric descriptors
used to characterize the morphology of the microstructures in Section 3.2, an introduction to the
M-factor in Section 3.3, and the resistor network method and its application to discrete image
data in Section 3.4. The results are presented in Section 4. In particular, we evaluate the fit of
the virtually generated structures to tomographic image data in Section 4.1 by comparing the
values of the above-mentioned geometric descriptors. In Section 4.2, we compare the estimates
for the M-factor obtained by solving the Laplace equation and using the RNM, first for an ideal-
ized geometry of packed spheres, where analytical particle positions and radii are available, and
second for experimentally measured tomographic image data of lithium-ion battery cathodes,
as well as for realizations drawn from the stochastic 3D model fitted to measured image data.
In Section 4.3, we use the parametric nature of the stochastic 3D model to vary the particle
size distribution and the packing density, thereby generating various virtual microstructures
that differ markedly in their morphology. Based on this database, structure-property relation-
ships that link geometric descriptors of the microstructure to macroscopic effective transport
properties are studied. In particular, we validate the previously established regression formula
from [11] using the results from the RNM. Section 5 concludes.

2. Material and Imaging

2.1. Material. Three different cathode slurries were coated onto both sides of an aluminum
substrate foil (15 µm thickness) using a doctor blade process. The difference between the three
corresponding recipes is a slight change in the amount of conductive carbon additives. Apart
from that, the cathode coatings consist of �97 w% lithium nickel manganese cobalt oxide
(NMC83), �2 w% carbon black, and �1 w% polyvinylidene fluoride binder. More detailed
information on the composition of additives is given in Table A1 of the Appendix. After the
coating step, the produced electrodes were compressed to three different target densities during
a calendering step, resulting in a total of 9 individual cathode coils. The achieved densities
were calculated using the measured mass loadings and total thicknesses of the electrodes after
calendering. Mass loadings were determined by weighing cut samples (40 mm2) and subtracting
the weight of the substrate foil. The thickness of the electrodes was measured with a dial gauge
by Mitutoyo. The resulting values are shown in Table A2.

2.2. Imaging. We give an overview of the sample preparation, image acquisition and image
processing techniques deployed in order to arrive at the data base of experimentally measured
cathodes that is used for the results obtained in this study.

2.2.1. Sample preparation. Nine double-coated NMC cathode samples were prepared at the
Helmholtz-Zentrum Berlin (HZB) following an identical protocol. Each electrode was cut into
snippets of size� 1�3 mm2 and fixed between plexiglas rods to ensure mechanical stability while
avoiding adhesive ingress into the porous structure. The mounted specimens were transferred
to the BAMline endstation [23, 24] at the BESSY II synchrotron of HZB for X-ray imaging.

2.2.2. Synchrotron tomography (BAMline, BESSY II). All measurements were performed at
30 keV using the BAMline’s double multilayer monochromator. Projections were acquired
in continuous-rotation (flyscan) mode over 180◦ with 2,500 projections per scan and 300 ms
exposure time per projection. The imaging chain consisted of a CdWO4 scintillator coupled to
an Optique Peter microscope and a PCO.edge 5.5 sCMOS camera (2560×2160 pixels), resulting
in an effective pixel size of 0:36 µm (field of view � 922 µm×778 µm).

2.2.3. Data pre-processing and reconstruction. Raw projection stacks were pre-processed prior
to tomographic reconstruction. Flat-field corrections were applied before a total variation (TV)
filter [25] was applied to the projection data for noise reduction. The parameters of the TV filter
were tuned to suppress high-frequency noise while preserving edges that are critical for sub-
sequent segmentation. Volume reconstruction was then performed with HZB in-house Python
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scripts based on the TomoPy framework [26] employing the gridrec filtered-backprojection al-
gorithm [27]. Images were slightly rotated in Fiji [28] such that the current collectors of the
measured cathodes are perpendicular to one of the main coordinate axes, as this is more con-
venient for selecting maximal cuboidal sampling windows and computing transport related
descriptors along the direction of transport. See Figure 1a for an exemplary 2D slice of the
grayscale image data.

(a) (b) (c)

Figure 1. Exemplary 2D slice of tomographic image data: Grayscale (a) and
binarized (b) image data, as well as a particle-discrete segmentation (c).

2.3. Binarization. The grayscale images described in Section 2.2 are further processed to
obtain binary images, where the foreground phase corresponds to the active material particles.
This is achieved by using a global thresholding on the 3D grayscale images, so that a desired
volume fraction of the active material is reached. The desired volume fraction is determined
based on knowledge of the slurry recipe and the measured calendering density of each of the
cathodes, along with an estimate for the bulk density of the NMC83 active material particles.
More precisely, the volume fraction of active material VAM is given by

VAM = MAM
d

dAM
; (1)

where MAM is the mass weighted fraction of active material, known from the slurry recipe, d
is the measured density of the cathode, see Table A2 of the Appendix, and dAM is the bulk
density of the active material, estimated to be equal to 4:95 g cm−3. Note that the mass weighted
fraction of active material is equal to the mass weighted fraction of active material within the
slurry, as the pore space has no mass. The mass weighted recipes along with the measured
densities of each cathode are given in the Appendix. Based on Eq. (1), the volume fraction
of active material is determined for each cathode. Using the histogram of grayscale values, we
can determine the appropriate threshold such that the resulting binary images have the desired
volume fraction of active material, see Figure 1b.

2.4. Particle-discrete segmentation. The binary image data is processed again in order to
achieve a particle-discrete segmentation, which assigns a label to all voxels in D based on which
particle they belong to. Voxels with the same label belong to the same particle, whereas voxels
that do not belong to any particle receive the label 0, indicating a background voxel.

Let B : D ! f0; 1g be a binary image defined over some domain D � Z3, with Z =
f: : : ;�1; 0; 1; : : :g, where voxels with the value 0 and 1 correspond to background and active
material voxels, respectively. At first, we apply a morphological closing [29] to the foreground
phase of the image B to close small holes or cracks in the active material particles, as these
can negatively affect the further segmentation procedure and lead to over segmentation. The
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structuring element for this morphological closing was chosen to be a sphere with a radius
of 2 voxels (0:72 µm). We now employ a marker-based watershed algorithm [30] to receive a
particle-discrete segmentation of the closed image. In particular, we use an adaptation of this
algorithm as proposed in [31] in order to reduce over-segmentation. Here, morphological re-
construction [32, 33] is applied to the Euclidean distance transform [34] of the binary image
to reduce the amount of local maxima. The severity of this reduction is controlled by a pa-
rameter � > 0, for which a value of � = 0:12 was chosen. The remaining local maxima of the
reconstructed distance transform are used as markers for the watershed algorithm.

The resulting particle-discrete segmentation assigns each voxel to a particle and contains no
more information about the background. Therefore, it is multiplied voxel-wise with the original
binary image B in order to re-classify background voxels and ensure that they retain a value of
0. Subsequently, labels containing less than 100 voxels (� 4:67 µm3) are discarded (the labels
of these voxels are set to 0), as they do not resemble regions that are meaningful to our analysis
and are likely due to remaining over-segmentation.

We are now left with an image S : D ! f0; 1; 2; : : :g that assigns the value 0 to background
voxels and a positive integer to active material voxels that is unique to the particle to which they
belong. However, this segmentation still contains so-called watershed lines. That is, wherever
two regions are connected in the original binary image B, the voxels along the boundary of the
two regions are assigned as background voxels. Thus, we assign each boundary voxel to one of
its neighboring particles as follows. The final label of a voxel v 2 D at a watershed line, where
two neighboring particles meet, is determined based on the neighboring voxels of v, where we
always consider voxel connectivity with respect to the 26-neighborhood. More precisely, all
non-background voxels which are connected to v and their corresponding shortest distances to
the background are computed. The final label of v is given by the label of the particle that has
the largest shortest distance to the set of background voxels. An exemplary 2D slice of the final
particle-discrete segmentation is shown in Figure 1c.

3. Methods

3.1. Stochastic 3D microstructure model. The general framework for the stochastic 3D
model of systems of active material particles deployed in this study has been proposed in [35],
while the specific implementation used in the present paper follows [36]. The complement of the
thereby generated active material phase will then represent the union set of binder-additives and
pores, which we loosely refer to as the pore phase. Since the model has already been described
in detail in [35, 36], we only give a brief summary of some necessary information.

Periodic boundary conditions are respected during all parts of the model construction de-
scribed in Sections 3.1.1 to 3.1.3 below. The values of estimated model parameters are given
in Section A.2 of the Appendix. Furthermore, in the context of a virtual scenario analysis, the
size distribution and the packing density of the active material particles will be systematically
varied, see Section 4.3. Figure 2 shows 3D-renderings of both tomographically measured image
data and simulated image data drawn from the fitted stochastic microstructure model.

3.1.1. Placeholder sphere system. In a first step, a spatial arrangement of placeholder spheres
is constructed that indicates the position and size of active material particles, which are later
replaced by realistic particle shapes. Let W � R3 denote a cuboidal sampling window and let
P : (0;1) ! (0;1) denote the probability density function of the sphere radii. Additionally,
let p 2 (0; 1) denote the targeted packing density, i.e., the targeted volume fraction of active
material within the sampling windowW . The placeholder sphere system is generated by drawing
radii repeatedly from the probability density P until the total volume of all spheres exceeds the
value of the product p�3(W ), where �3(W ) denotes the volume of W . The spheres generated
in this way are spatially arranged within W placing their centers according to the uniform
distribution on W . This initial (overlapping) configuration of spheres is then rearranged by




