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Abstract

Organic electrode-active materials (OAMs) enable a variety of charge and storage
mechanisms, and are advantageous compared with lithium-ion batteries in terms of
costs and safety. Cross-linked Poly(3)-vinyl- N-methylphenothiazine (X-PVMPT) is a
p-type OAM showing high performance and enabling fast and reversible energy stor-
age in different battery configurations. Beyond its molecular or polymer structure,
the performance of an OAM depends strongly on the structure of the composite elec-

trode. The porous nanostructure of an electrode composed of X-PVMPT, a conductive
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carbon additive and binder, is statistically investigated based on highly resolved 3D
image data. Univariate probability distributions of relevant morphological descriptors
and bivariate distributions of pairs of such descriptors are parametrically modeled. In
this way, local heterogeneities and spatial gradients are quantified. While the observed
short transportation paths through the solid phase are beneficial in terms of electri-
cal conductivity, the pathways through the pore phase influencing the effective ionic

diffusivity are comparatively long.

Introduction

Electrochemical energy storage is of increasing relevance in today’s technology-driven world
with an ever-rising global demand for batteries. This includes electromobility and con-
sumer electronics, but also stationary grid-storage, where low-cost and safer alternatives
to the lithium-ion battery might be future technologies. Organic electrode-active mate-
rials (OAMs) are attractive candidates for alternative battery concepts, made from more
abundant elements,! being potentially cheaper and safer, and enabling a variety of charge
(and concurrent ion) storage mechanisms.?# Functioning under uptake of electrolyte (metal)
cations (for n-type OAMs) or anions (p-type OAMs), OAMs can be used as a replacement
for metal oxides in classical metal-ion batteries,® but also function well with multivalent

68 as well as in anionic cell configurations.? Poly(3-vinyl- N-methylphenothiazine)

metal ions
(PVMPT) or its cross-linked form X-PVMPT are high-performance p-type OAMs that en-
able fast and reversible energy storage (under anion insertion) in batteries at high potential

12 effect of electrolyte type®® and

of 3.5 V vs Li/Li+.'° The charge storage mechanism,
conductive carbon additive were studied in detail for PVMPT.* Due to its diminished solu-
bility in liquid battery electrolytes, ! cross-linked X-PVMPT is a particularly relevant OAM
for full cells and showed exceptional performance in Al-based batteries, '® surpassing graphite

in specific capacity with high rate performance, as well as in an all-organic anion-rocking

chair battery.!” Structural engineering by changing the polymer backbone!® effects solubil-



19,20

ity 'Y and charge storage mechanism as well as rate capability, processing abilities?! and
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applicability of phenothiazine-based redox polymers.?

Decisive for the performance of an OAM is not only its molecular or polymer structure,
but to a large extent the morphology of the composite electrode used in the battery. The com-
posite electrode consists of the OAM as well as a conductive carbon additive and binder. Its
morphology strongly influences electron- as well as ion transport, effecting the charge-storage
performance. We herein investigate an X-PVMPT-based composite electrode with respect
to the 3D morphology of its nanopores. For this purpose, 3D imaging is combined with
methods from spatial statistics, mathematical morphology and machine learning in order to
quantify the nanostructure of the considered X-PVMPT-based composite electrode. This
allows us to locally evaluate porosity or surface area per unit volume as well as to determine
morphological descriptors, which are not accessible experimentally. For polymer-based bat-
tery electrodes, this approach has been used to elucidate morphological differences between
PTMA, i.e. poly(2,2,6,6-tetramethyl-4-piperinidyl- N-oxyl methacrylate)-based, electrodes
manufactured either with polyvinylidenfluoride (PVDF) or with water-soluble binder.? Re-
cently, this methodology also revealed the impact of cross-linking in PTMA-CMKS electrodes
on their morphology.?” In both studies, the morphology on the micrometre-scale was quan-
tified based on 3D-image data acquired by synchrotron-tomography. 282

In the present paper, we consider the 3D morphology of an X-PVMPT electrode on
the nanometer-scale. Thus, focused-ion beam scanning-electron microscopy (FIB-SEM)30:31
is used for image acquisition which allows for a voxel resolution of 10 nm. As in previ-
ous work,?” image segmentation, i.e. classification of pores based on greyscale images, is
performed by machine learning using the software ilastik.?? The focus of the subsequent
statistical image analysis is on the quantification of local heterogeneities. Going beyond de-

26,27 we use parametric statistics to model both the univariate distribution

scriptive analyses,
of local morphological descriptors as well as bivariate distributions of pairs of such descrip-

tors. Doing so, the heterogeneity of the complex nanoporous morphology is characterized



by a small number of model parameters. Moreover, by parametric modeling of the bivariate
distributions, we obtain analytical formulas for the corresponding conditional distributions,
such as, e.g., the distribution of the local surface area per unit volume conditioned on a
predefined value of local porosity. From the conditional distributions, in turn, one can easily
derive the corresponding expectations, variances or quantiles, which elucidate quantitative
relationships between pairs of local morphological descriptors. For this modeling approach
we build upon methodologies previously developed for quantifying the 3D morphology of
paper-based materials.3*3* Furthermore, structural gradients within the X-PVMPT-based

composite electrode considered in the present paper are revealed.

Materials and 3D Imaging

Description of electrode material The crosslinked X-PVMPT polymer with 10 mol% of the
crosslinker was synthesized using the same procedure as previously reported. %6 Composite
electrodes were prepared using 50 wt.% X-PVMPT, 45wt.% carbon additive (Super C65,
Timcal) and 5wt.% PVdF (Kynar HSV 900, Arkema). X-PVMPT and carbon black were
pre-dried in a vacuum oven (1073 mbar) at 60 °C for 24 h, then pre-mixed using a planetary
centrifugal mixer (1500 rpm, 15min, ARM 310, Thinky mixer). The binder was added
as a bwt.% PVDF in N-methyl-2-pyrrolidone (NMP, Acroseals, Thermo scientific, 99.5%,
stored over molecular sieves) solution, and the composite mixed. Finally, stepwise NMP
additions and mixing steps (1500 rpm, 15min) were performed until a honey-like viscosity
was obtained. The resulting paste was blade-coated onto KOH-etched aluminum foil (1235
aluminum foil, H18 hard state, 20 pm from Gelon LIB), with a wet-film thickness of 100 pm.
The coated foil was dried at ambient pressure at 60 °C for 24 h, and electrodes with a diameter
of 12 mm were punched out with an electrode-punching device (EL-Cut from EL-CELL). The
active material (X-PVMPT) mass loadings of the electrodes lay between 0.22 mg/cm~? and

0.24mg/cm~2. Note that the theoretical specific capacity of X-PVMPT for a one-electron



process is 112 mAh/g, while the practical capacity lies close to this value in Li-half cells.®

3D imaging by FIB-SEM tomography For 3D tomography using FIB-SEM, the polymer
sample was first mounted on a standard 12.5 mm aluminium SEM stub. For this purpose,
a 1 mm x 3 mm piece was cut out with a scalpel and glued to the SEM holder with the
aluminum conductor side using a carbon adhesive pad. A copper tape was glued over one
side of the sample to ensure good conductivity of the sample during SEM imaging. The sam-
ple was then inserted into the ZEISS Crossbeam 340 of the Corelab Correlative Microscopy
and Spectroscopy (CCMS) at Helmholtz-Zentrum Berlin (HZB). Using a gallium ion beam
current of 15 nA (at 30 keV), the polymer material and parts of the underlying aluminum
conductor were first removed in a 30 pm X 30 wm area in the centre of the polymer sample.
The cross-section exposed for imaging was polished with an ion current of 300 pA. A low
acceleration voltage of 1 keV was used for imaging to minimize the depth of electron pene-
tration into the sample. An image size of 2048 pixels x 1536 pixels was selected for imaging
with an acquisition time of 20.5 seconds per image. A chamber mounted SE2 detector was
used for serial imaging. With a field of view of 20.5 um, this resulted in a pixel size of 10 nm.
The ion beam was then used to remove a 10 nm layer of the sample between each image
using the 300 pA current at 30 keV, resulting in a 3D data set with an isotropic voxel edge

length of 10 nm.

Pre-processing and segmentation of image data

Using the results of the FIB-SEM measurements, the porous nanostructure of the X-PVMPT-
based electrode material was reconstructed from 3D-greyscale image data by a phase-based
segmentation. Prior to the segmentation, pre-processing of the greyscale image data was re-
quired. First, a drift correction was applied. This was done by registering the areas above the
current cross-section. These areas had not yet been cut by the gallium beam and therefore

contained image information about the surface of the unaltered sample. Therefore, features



detected in these areas had to be constantly moving towards the cutting edge of the for-
ward moving cross-section. Any non-constant motion was corrected using the scale-invariant
feature transform (SIFT) algorithm,® implemented in FIJI.3¢ Note that this correction has
been applied to the greyscale image data. Subsequently, the sample is aligned to the coor-
dinate system of the sampling window, as shown in Figure 1. The z-axis goes from left to
right, the z-axis from bottom to top, and the y-axis goes through the image slices starting

at the first image slice.

Figure 1: 2D Slice of greyscale image data obtained by FIB SEM tomography.

In the next step, to analyze the nanostructure of the electrode, a phase-based segmen-
tation of the underlying greyscale image data obtained by FIB-SEM tomography was per-
formed. This means that each voxel of the image is assigned to either solid, pores or back-
ground. Note, however, that the electrode material depicted in the image data has a large
diagonal crack, see Figure 1. This is not only problematic in terms of segmentation, but
also for the subsequent statistical analysis of the segmented nanostructure. Therefore, only
a cutout, visualized in Figure 2a, was used for statistical image analysis. To segment the
cutout into solid phase and the union of pores and background, a random forest classifier3”
was trained using the software ilastik.?? The training was performed based on hand-labeled
data. Two hand-labeled slices are shown in Figures 2c and 2d, where in the latter case a 2D
slice is depicted which is orthogonal to that shown in Figure 2¢c. The trained random forest
allows us to decide for each voxel whether it belongs to the solid phase. Details are provided

in the supplementary information.



Finally, to distinguish between background and pores in the complement of the solid
phase, a so-called rolling ball algorithm?3® with a radius of 20 voxels (0.2 um) has been used,
which was previously applied for PTMA-based battery electrodes.?%2” A 2D slice of the final

segmentation is shown in Figure 2b.

Figure 2: Cutout of FIB-SEM image data (a), corresponding 2D slice of segmentation into
solid-phase (white), pores (grey) and background (black) (b), hand-labeling of image data:
blue color represents background and pores, whereas yellow represents the solid phase (c,d),
3D rendering of the segmented image data (e)

Statistical analysis and modeling of segmented image data

Morphological descriptors Using tools of statistical image analysis, the segmentation of
image data into solid and pore phases allows for a quantitative characterization of electrode
nanostructures and, in particular, local heterogeneities thereof. For this purpose, morpholog-

ical descriptors of the nanostructure are globally and locally evaluated. The morphological



descriptors considered in the present paper are the thickness d, the porosity e, the surface
area between solid and pore phases per unit volume S as well as the mean geodesic tortuos-
ity of solid- and pore-phase, denoted by 7, and 7,, respectively. Mean geodesic tortuosity is
defined as the expected shortest path length from a predefined starting point at the bottom
of the electrode to the top of the electrode through the phase of interest, which is normal-
ized by the local thickness of the electrode at the starting point. Several types of tortuosity
are considered in the literature.?*! Even if the definition of mean geodesic tortuosity in the
present paper is a purely geometrical descriptor, it strongly correlates with effective transport
properties such as effective diffusivity, effective conductivity or permeability. 4243

The considered descriptors are crucial for battery electrodes, since thickness influences
the capacity of the electrode, electrochemical reactions take place at the surface area, while
porosity and mean geodesic tortuosities strongly influence effective transport properties such
as effective ionic diffusivity and effective electric conductivity. Quantitative relationships of
the latter are discussed in Holzer et al.3’

Global morphological descriptors are computed based on the complete image as sampling
window. For the computation of local descriptors we consider non-overlapping square-shaped
cutouts with side length of 1 um, the centers of which are arranged on a regular hexahe-
dral grid, in the plane parallel to the aluminum foil. For each of these cutouts the above

mentioned morphological descriptors are determined, where the full thickness is taken into

account. Doing so, we follow the previously used approach for investigating local hetero-

26,27 33,34

geneities in polymer-based batteries and paper-based materials. Then, we get em-
pirical distributions of local morphological descriptors, which are parametrically modeled.
Details on the computation of morphological descriptors are provided in the supplementary

information.

Parametric modeling of local morphological descriptors For fitting parametric probability

distributions to empirical distributions of the computed local descriptors, namely porosity ¢,



thickness ¢, surface area per unit volume S and mean geodesic tortuosity of solid-phase and
pore-phase 7, and 7, respectively, we proceed as follows. For each descriptor, we consider var-
ious families of parametric distributions as candidates. For each of these families, parameter
fitting is performed by maximum likelihood estimation. Finally, we choose the distribution
where the maximum likelihood is largest over all candidate families of distributions. At this,
the maximum likelihood is penalized by the numer of fitted parameters by means of Akaike’s
information criterion.** In this way, for the five local morphological descriptors mentioned
above, we selected a Maxwell-Boltzmann distribution MB(pas, o), Rayleigh distribution
R(pr,or) and shifted Gammma distribution I'(ar, or, ur), as well as mixtures of Gaussian
and beta distributions, denoted by N(u1, p2, 01,09, px) and Beta(ay, ag, 1, B2, pp) for pa-
rameters fing, g, fr, f1, 2 € R, o0, 0R, ar, or, 01,09, a1, 9, B, P2 > 0 and 0 < py,pp < 1.
The probability density functions of these distributions are provided in the supplementary
information. The fitted parameters are presented in Table 3 below.

The bivariate probability densities of descriptor pairs could simply be modeled as prod-
ucts of the corresponding univariate densities. However, this would require that the under-
lying local morphological descriptors would not be (or, at least be only weakly) correlated.

But, this is not the case, as can be seen in Table 1.

Table 1: Correlation matrix of local morphological descriptors ¢, 9, S, 75 and 7.

€ ) S Te Ty
e 1.0 055 0.86 -0.59 0.80
0 1.0 0.58 -0.48 0.46
S 1.0 -0.64 0.59
Ts 1.0  -0.46
Tp 1.0

Moreover, in most cases, the univariate densities are not Gaussian, see Figure 4. There-
fore, the bivariate probability densities of descriptor pairs are modelled by means of so-called
copulas.?® This approach is advantageous in a sense that the complexity of the model is

split into modeling the univariate marginal distributions and modeling the copula, where



the copula contains the information on the interdependence of the individual morphological
descriptors.

For modeling the bivariate probability densities of despriptor pairs consisting of local
porosity and one of the remaining four morphological descriptors, we consider one-parametric
Archimedean copulas’ as model type. It turned out that in all four cases the best fit was

obtained by a Frank copula C : [0,1]? — [0, 1], defined by

C(u,v) = —% log (1 - (e—HU — 1) (6_% — 1))

for any u,v € [0, 1], where 8 € R\ {0} is some model parameter. Plugging the parametric
distribution functions and probability densities of the univariate distributions as well as the
parametric copula into the formulas for conditional probability densities, we obtain analyt-
ical formulas for the latter ones. These analytical formulas fully quantify the relationship
between pairs of local morphological descriptors. In particular, they can be used to compute
conditional expectations and quantiles of a morphological descriptor for fixed porosity. The

latter can be used for predictions of local morphological descriptors based on local porosity.

Results and discussion

Results From visual inspection of the cutout shown in Figure 2a it seems that the porosity
of the sample depends on the height, i.e., the z-value of the location we look at. This
is confirmed by the results of statistical image analysis, when we determine porosity and
boundary length of the interface between pores and solid at a given height z € [0,4]um,
see Figure 3. Note that for this purpose, we consider the complete sample in the zy-plane.
Here we can see that both characteristics strongly depend on the z-position as porosity and
boundary length increase approaching the top part of the electrode.

Furthermore, the spatial gradient of the boundary length presented in Figure 3 shows

that the surface area per unit volume in 3D is increasing with an increasing distance to the
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Figure 3: Porosity (a) and boundary length (b) in dependence on the height z within the
electrode.

aluminum foil. This observation is in good accordance with the spatial gradient observed
for porosity as—depending on the shape of the phases—the surface area typically takes its
maximum when both phases, pores and solid, have nearly the same volume fraction. For
certain PTMA-based electrodes, e.g., the surface area per unit volume on the micro-scale
takes its maximum at a volume fraction of PTMA at 60%.2° The values of global morpho-
logical descriptors for the X-PVMPT-based composite electrode considered in the present
paper, which have been obtained by averaging over results for all sampling windows, are

given in Table 2.

Table 2: Global morphological descriptors, obtained by averaging over results for all sampling
windows.

£ ‘ o ‘ S ‘ Ts ‘ T
37 % | 4.02 um | 882 um™' | 1.04 | 1.24

To investigate local heterogeneities of the X-PVMPT-based composite electrode we first
computed the values of €, §, S, 75 and 7, for each of the non-overlapping square-shaped
cutouts with side length of 1 pm. The corresponding empirical distributions were obtained
by kernel density estimation using a Gaussian kernel. The fitted parametric families of
distributions and the corresponding parameter values are summarized in Table 3. Note

that in the following figures the empirical distributions are referred to as “data”; the fitted
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parametric univariate distributions as “model”.

Table 3: Morphological descriptors, fitted parametric distribution types, and parameter
values

descriptor  distribution type parameter values
€ Beta mixture a1 = 109.43, ap = 125.79, B = 65.44, By = 47.74, pg = 0.59
) Maxwell-Boltzmann oy = 3.46, oy = 0.35
S Gaussian mixture = 13.1, ps = 10.46, o1 = 0.87, 05 = 1.06, py = 0.56
Ts Rayleigh pr = 1.01, o = 0.024
T Gamma ar = 2.97 pur = 1.14, or = 0.037

We first consider the empirical probability density of the local thickness ¢, which is
shown in Figure 4a. There is only little variability visible for ¢, being almost symmetrically
distributed around the mean. As parametric model, a Maxwell-Boltzmann distribution was
fitted. Looking at the results obtained for porosity e, see Figure 4b, a bimodal density
can be observed. The modes are located at 23% and 35%, where the distribution is less
concentrated at the latter one. The values of & vary from 15% up to 50%, which shows
a strong heterogeneity of local porosity. Considering the porosity € as volume fraction, it
takes values between 0 and 1. Thus, having in mind that the kernel density estimate of ¢ is
bimodal, a mixture of two Beta distributions has been chosen as a parametric model.

A further important morphological descriptor of battery electrodes is the surface area of
the solid phase, because it heavily influences the electrochemical processes in the electrode.
A larger surface area per unit volume, denoted by S, can be advantageous, as it corresponds
to the amount of interface at which electrolyte and solid phase can interact. The shape of
the density of S, visible in Figure 4c, results from the correlation between volume fraction
and surface area per unit volume, also discussed in the context of the spatial gradients shown
in Figure 3. The surface area per unit volume tends to take its maximum in case that the
fraction of solid and pores are nearly identical. Because of this interdependence of local
porosity € and local specific surface area S and in view of the bimodality of the density of

g, a bimodal parametric model, namely a mixture of two Gaussian distributions, was chosen
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Figure 4: Empirical probability density (data) and fitted parametric density (model) of local
thickness d (a), local porosity € (b), local surface area per unit volume (c), mean geodesic
tortuosities, 75 and 7,, in the solid (d) and pore phase (e), respectively S.

Last but not least, we look at a morphological descriptor which quantifies the lengths
of shortest pathways through a given material phase, namely the so-called mean geodesic
tortuosity. The empirical density of the mean geodesic tortuosity 7, in the solid phase
is shown in Figure 4d. For large parts of the electrode, straight pathways in the solid-
phase with almost no obstruction from the top- to the bottom-face of the electrode can be
found. This results in a distribution, which is mainly concentrated at small tortuosity values
of about 1.04. Note that for PTMA-CMKS electrodes comparably short—or even shorter—
transportation pathways are observed in the solid phase at the microscale.?” Compared to
nanostructured LiNi;sMn; 3Co0;/3C0, (NMC) active material particles, 1.04 is rather low.
For differently manufactured nanostructured NMC particles, the mean geodesic tortuosity

of solid and pores exceeds 1.04.%% Nevertheless, in the present paper, 7, still locally reaches
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values up to 1.1. This could be explained by the higher porosity in certain areas, which leads
to less pathways in the solid phase and, therefore, to larger values of 7,. Thus, a Rayleigh
distribution“® was used for the fitting of a parametric model. Moreover, the empirical density
of mean geodesic tortuosity of pore phase 7,, depicted in Figure 4e, was analyzed. This
descriptor is of even higher importance than the mean geodesic tortuosity in the solid phase
Ts, since the supply of electrons in the solid phase is rarely a limiting factor regarding the
electrochemical performance of electrodes. The values of 7, range from 1.15 up to 1.5 with
highest concentration at about 1.22. This effect can again be explained by the local behavior
of porosity, since there are in general much fewer possible pathways in the pore space,
increasing the shortest path length and, therefore, increasing the mean geodesic tortuosity
7p. It turned out that a gamma distribution fits the empirical density of 7, quite well, see
Figure 4d.

After having considered the fitting of univariate probability densities for single morpho-
logical descriptors, we now explain which bivariate parametric densities were selected for
descriptor pairs, consisting of € and one of the remaining four descriptors d, S, 7, and 7,.
In particular, using bivariate kernel density estimates we fitted one-parametric Archimedean

copulas, see Table 4.

Table 4: Fitted parameters of the Frank copula for descriptor pairs, where the first descriptor
is the porosity ¢.

2nd descriptor fitted parameter of Frank copula

) 0 =4.09
S 0=9.77
Ts 0 = 8.89
Tp 0 = —4.96

In the next step, using the copula-based representation formula for bivariate probability
densities, two-dimensional density plots for descriptor pairs were determined, where a nice
coincidence between empirical and fitted parametric densities can be observed for all four

pairs of local microstructure descriptors, see Figure 5. Note that black contour lines in the
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plots resemble the 75%—, 50%— and 25% — quantiles, white lines represent the conditional

mean values for given porosities.

Data

30 40 30 40
Porosity / % Porosity / %

() (h)

Figure 5: Bivariate empirical densities (top row) and fitted parametric densities (bottom row)
of pairs of local microstructure descriptors. The bivariate probability densities are visualized
as heat maps, where the white lines represent the (conditional) mean values for given local
porosities. The black contour lines are the 25%-, 50%- and 75%-quantiles, respectively.

By visual inspection of the bivariate densities shown in Figure 5, it becomes evident
that the local porosity € is correlated with the remaining four descriptors 4, S, 7, and 7,.
Regarding the pair (¢, ) of thickness and porosity, considered in Figures 5a and 5e, we can
see that these two descriptors are positively correlated, see also Table 1. This behaviour
is sensible in a way that the electrode seems to be thicker in the center of the image data
cutout, where we also observed large porous regions compared to other parts of the data, see
Figure 2b.

Furthermore, looking at the bivariate density of (¢,.5), i.e. local porosity and surface area
per unit volume, presented in Figures 5b and 5f, we also observe a positive correlation. On
the other hand, the bivariate density of (e, 7,), i.e. porosity and mean geodesic tortuosity
of the pore phase, shown in Figures 5c¢ and 5g, indicates a negative correlation. This is not

surprising, since decreasing the porosity means less pore space and, therefore, fewer pathways
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that can be traversed, which results in longer pathways and, consequently, increases the
mean geodesic tortuosity of the pore space. With similar arguments as above, the positive
correlation of € and 7, i.e. local porosity and mean geodesic tortuosity of the solid phase,
can be explained. Decreasing porosity increases the volume fraction of solid phase and, thus,
the number of possible pathways through the solid phase, which decreases the average length

of shortest pathways in this phase.

Discussion The 3D morphology of the X-PVMPT-based composite electrode investigated
in this paper shows two different types of structural heterogeneity. On the one hand, we ob-
served that the porosity of the sample is highly dependent on the z-position in the electrode,
meaning that the electrode material is more porous near the top face. These porous regions
at the top also have coarser surfaces, since the boundary area of the solid phase is larger at
the top face of the electrode, see Figure 3. These spatial gradients might presumably arise
during the drying process. In order to support this conjecture and to achieve a detailed
understanding of the relationships between process parameters and the gradient of porosity,
further research is required including 3D imaging of differently manufactured X-PVMPT
electrodes.

On the other hand, we observed considerable local heterogeneities of the electrode mate-
rial for different 3D cutouts along the (z,y)-plane. This can be seen by the high variances of
the univariate distributions of the local morphological descriptors fitted to segmented image
data. Furthermore, we observed a positive correlation between local porosity € and thickness
0 as well as between ¢ and surface area per unit volume S. However, note that the values
of local thickness 0 of the electrode material show relatively little variation and are pretty
closely grouped around their mean value, see Figure 4a. The mean geodesic tortuosity of the
solid phase 7, showed values close to 1, which implicates short transportation paths trough
the solid phase. In contrast we have seen that the mean geodesic tortuosity of the pore phase

7, exhibits larger values, which tells us that the paths through the porous phase are much
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more winded.

Conclusion

Our analysis of the X-PVMPT-based composite electrodes provides valuable insights into the
nanostructural properties and local heterogeneities of its 3D morphology. The combination of
FIB-SEM tomography, which achieved a voxel resolution of 10 nm, and image-segmentation
techniques allowed for a detailed morphological characterization of the electrode. The inves-
tigations performed in this study focused on key morphological descriptors such as thickness,
porosity, surface area per unit volume, and mean geodesic tortuosity for both, solid and pore
phases. These descriptors are crucial for the performance of the electrode. In particular,
the porosity was observed to be highly variable and dependent on the z-position within the
electrode, with higher porosity and coarser surfaces towards the top. This heterogeneity
was further supported by the distributions of local descriptors, which were modeled using
parametric probability distributions. The bivariate densities, modeled with Frank copulas,
revealed quantitative relationships between descriptors, especially the correlations between
porosity and the remaining four morphological descriptors. Notably, the values obtained
for the local mean geodesic tortuosities 75 and 7, indicated that pathways through the solid
phase were relatively straight, whereas those through the pore phase were more winded,
impacting the overall charge-transport properties through these two phases. These insights
emphasize the critical role of the nanostructure with respect to the performance of organic
electrode-active materials (OAMs). Understanding and controlling these morphological fea-
tures can pave the way for optimizing battery design for X-PVMPT electrodes and enhancing
the efficiency of polymer-based batteries, as it was already done for NMC-based electrodes. 4’
The results obtained in the present paper provide a foundation for future research on the
morphological optimization of OAM-based electrodes, contributing to the advancement of

safer, more efficient, and cost-effective battery technologies.
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