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Simon Muenchd,e , Martin D. Hagerd,e , Ulrich S. Schubertd,e , Ingo Mankeb , Volker Schmidta
a

Institute of Stochastics, Ulm University, 89069 Ulm, Germany
Institute of Applied Materials, Helmholtz Center for Materials and Energy, 14109 Berlin, Germany
c
Institute of Materials Physics, Helmholtz Center Hereon, 21502 Geesthacht, Germany
d
Laboratory of Organic and Macromolecular Chemistry (IOMC), Friedrich-Schiller University Jena, 07743 Jena, Germany
e
Center for Energy and Environmental Chemistry Jena (CEEC Jena), Friedrich Schiller University Jena, 07743 Jena,
Germany
b

Abstract
Polymer-based batteries represent a promising concept for next-generation energy storage due to their
potentially higher power densities and smaller ecological footprint, compared to classical Li-ion batteries.
Since the microstructure of electrodes is a key factor for the performance of battery cells, a detailed
understanding of this microstructure is essential for the improvement of manufacturing processes. In the
present contribution, the 3D microstructure of electrodes for polymer-based batteries is quantitatively
characterized for the first time, where synchrotron X-ray tomography is combined with statistical image
analysis. In particular, 3D imaging is performed for two porous electrodes, which both consist of the
redox-active polymer PTMA as well as conductive additives, but differ regarding their binder materials.
The focus is put on local heterogeneity of volume fractions of the constituents, surface area per unit
volume of the polymer phase and the length of shortest transportation paths through both, polymer and
binder-additive phase. It is shown that using different binder materials leads to significant differences
regarding the 3D electrode microstructures. In this way, statistical analysis of image data helps to gain
further insight into the influence of manufacturing processes on electrode microstructures and thus, on
the performance of battery cells.
Keywords: 3D microstructure characterization, image analysis, polymer battery, PTMA electrode,
spatial statistics, synchrotron X-ray tomography.

1. Introduction
Technological advances, e.g., of consumer electronics and electric vehicles, continuously increase the requirements batteries have to fulfil. This led to the development of many different cell chemistries, optimized for specific applications. For next-generation batteries, one approach consists in using organic
polymers as active material of the electrodes. In particular, the electrodes of polymer-based batteries
are comprised of polymeric redox-active materials. These batteries gained much interest in recent years,
since critical inorganic raw materials (with, e.g., high toxicity, negative environmental impact, and limited
availability) can potentially be replaced by readily available polymeric active materials [1]. As circular
economy plays an increasingly important role, organic active materials might perspectively enable a closed
∗
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life cycle by the utilization of bio-based organic molecules/polymers [2]. Note that a large variety of different polymeric materials has been studied as cathode and anode materials, respectively [3]. Organic radical
batteries (ORBs), which are based on stable radicals, such as the 2,2,6,6-tetramethylpiperidinyl-N -oxyl
(TEMPO) radical as redox active moieties, have been established two decades ago [4]. Nowadays, the first
studied TEMPO-containing polymer poly(2,2,6,6-tetramethyl-4-piperinidyl-N -oxyl methacrylate) [5], abbreviated by PTMA, can still be considered as the benchmark material. Electrodes based on this material
feature very high power densities, allowing charging within minutes and even seconds [6]. In contrast to
conjugated polymers, PTMA-based electrodes require the addition of conductive additives (i.e., various
carbon materials) in order to achieve sufficient electronic conductivity [1]. Consequently, the typical composition of such polymer-based electrodes is as follows: ca. 40 to 60 wt% of PTMA, 35 to 55 wt% of
the conductive carbon material as well as 2 to 10 wt% binder. As the latter, various polymers have been
utilized ranging from standard binder polyvinylidenfluoride (PVDF) via water-soluble carboxymethylcellulose (CMC) to ionic polymers [3]. These complex mixtures will result in different morphologies of
the electrode microstructure. It is well-known that the 3D microstructure strongly influences macroscopic physical properties [7, 8] like, e.g., electric conductivity or the access of electrolyte within the
electrode. Although these properties depending on the microstructure are, in turn, crucial for the battery’s performance, there are only a few reports in the literature, which deal with the 3D microstructure
of polymer-based batteries. So far, the morphology of PTMA-based electrodes has been inspected only
qualitatively by means of 2D image data obtained by scanning electron microscopy (SEM), see, e.g., [9]
where such electrodes with carbon fibers as conductive additive have been studied.
In the present contribution, synchrotron X-ray tomography, a powerful tool to resolve the microstructure
of battery materials [10, 11, 12], is used to acquire 3D image data of PTMA-based electrodes for the
first time. Doing so, for two PTMA-based electrodes differing from each other regarding the utilized
binder material, the full thickness of the electrodes for an area of 1 mm × 4 mm in lateral direction has
been reconstructed at a resolution of 1 µm. After pre-processing of this 3D image data, tools of spatial
statistics and mathematical morphology [13, 14] are used for microstructure characterization. In particular, microstructure descriptors become accessible which can neither be determined experimentally
nor on the basis of 2D image data, such as, e.g., shortest-path lengths through a given material phase
being important for the quality of charge transport [15, 16]. Note however that this workflow for 3D microstructure characterization, i.e., X-ray tomography, image pre-processing followed by statistical image
analysis has already been applied for a variety of differently manufactured metal-based electrodes, see,
e.g., [17, 18, 19, 20]. Furthermore, X-ray tomography has also been used to characterize the microstructure of electrodes based on lithium-cobalt oxides (LiCoO2 ) and lithium-iron phosphate (LiFePO4 ), see,
e.g., [21] and [22], respectively. We now transfer the combination of X-ray tomography with statistical
image analysis to PTMA-based electrodes, where we put a particular emphasis on local heterogeneities
of the analyzed microstructures. This is a first step towards a systematic data-driven microstructure
optimization of materials used for polymer-based batteries.
The rest of the present paper is organized as follows. The preparation of the polymer-based cathodes
under consideration as well as 3D imaging is described in Section 2. Pre-processing and segmentation of
image data is presented in Section 2.4, which provides the basis for the microstructure characterization
by means of statistical image analysis in Section 3. Section 4 concludes.
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2. Materials and Methods
2.1. Description of polymer-based cathode materials
Two different polymer electrodes were prepared, denoted as Sample A and Sample B in the following. Both
electrodes contain cross-linked PTMA as active material, SuperP® as conductive additive, and differ with
respect to their binder materials. For Sample A, poly(vinylidene fluoride) (PVdF) was utilized as binder
and N -methyl pyrrolidone (NMP) was used as solvent for the electrode preparation, resulting in a ratio
of PTMA/SuperP® /PVdF 60/35/5 (wt/wt/wt). The mixture was dispersed in a lab dissolver and NMP
was added until a homogeneous viscous paste was formed. Subsequently, the paste was doctor bladed
on an aluminum current collector and dried overnight at 80 °C. For Sample B, carboxymethyl cellulose
(CMC) was utilized as binder and water was used as solvent for the electrode preparation, resulting in a
ratio of PTMA/SuperP® /CMC 60/35/5 (wt/wt/wt). The PTMA was prepared as described in [23]. The
mixture was stirred, swollen in water for one day, dispersed in a lab dissolver, and water was added until
a homogeneous viscous paste was formed. The aluminum foil was treated with an aqueous potassium
hydroxide (KOH) solution (5 wt%) for 1 min and rinsed with distilled water. Subsequently, the paste
was doctor bladed on the aluminum foil and dried overnight at 80 ◦ C. Due to the different solvents and
binders in both slurries, different amounts of solvent are required to achieve the same viscosity. Thus, the
content of solids in both slurries may vary, which results in different mass loadings for similar wet film
thicknesses in the doctor blading and, consequently, varying film thicknesses of the dried electrodes.
2.2. 3D imaging by synchrotron X-ray tomography
In this section, 3D imaging of the considered cathode materials is described. First, the samples are
prepared for synchrotron X-ray tomography, where pieces of the two different cathode materials are cut
from the center of each sample (Samples A and B), the size of which is 1 mm × 4 mm in lateral direction
(parallel to the aluminum foil) and contain the full thickness of the electrode (orthogonal to the aluminum
foil). Due to the application of force on the sample during the cutting process, stress induced deformations of the sample are possible. To account for these deformations that are visible in Figure 1, only the
central and less deformed parts of image data are used for statistical analysis (see flat cross section in
Figure 3). Furthermore, to assure a stable tomographic scan, both sample pieces are placed in individual
stacks between two supporting Plexiglas® rods. In addition, to improve stability, the rod preparation also
prevents the samples from getting into contact with glue or any other fluid, thereby avoiding a capillary
driven filling of the samples. This allows for re-preparations of the electrodes, which – in turn – enables
us to perform additional imaging by SEM, see Section 2.3. Since the latter provides image data with a
higher resolution, we obtain additional information supporting the segmentation of synchrotron data in
Section 2.4.
Sample A has been measured at the Petra III DESY synchrotron facility (Hamburg, Germany) at the P05
beamline [24, 25], operated by Helmholtz-Zentrum Hereon, using an X-ray energy of 15 keV. The transmission through the polymer sample is transformed into visible light by a CdWO4 scintillator, magnified
by a 10× optic and detected with a Ximea CB500MG camera. The whole setup yields a pixel size of
0.46 µm and a resolution of approximately 1.0 µm. Each of the 3001 radiograms is exposed for 0.3 seconds.
In addition, 210 flat fields and 20 dark fields are captured. The reconstruction was performed on site
using the P05 in-house MATLAB reconstruction software based on filtered back projection [26, 27].
Sample B has been measured similarly, at the BESSY II synchrotron facility (Berlin, Germany) [28] at
the BAMline with an X-ray energy of 16 keV. At BAMline, the sample transmission is also transformed
by a CdWO4 scintillator and magnified by a 10× optic but, in contrast to Sample A, detected with a
3

PCO4000 camera. This setup yields a pixel size of 0.44 µm and a resolution of approximately 0.9 µm.
Each of the 2256 radiograms is exposed for 1.5 seconds and similarly to Sample A, 170 flat fields and
6 position references are captured. The reconstruction was performed live on site using the BAMline
in-house python reconstruction software based on filtered back projection [29].
In both cases, i.e., for the image data of Sample A and Sample B, a varying center of rotation position
measurement protocol is used, which allows for a significant reduction of the appearance of ring artifacts.
In addition, image data is further processed to remove noise by means of a total variation minimization [30]
and the so-called non-local means denoising [31].

(a)

(b)
Figure 1: 2D slices of grayscale images representing Sample A (top) and Sample B (bottom). On the left-hand side of
Sample B, a part of the electrode has detached from the aluminum foil.

2.3. Imaging by scanning electron microscopy
For a guidance of image segmentation and a better understanding of the electrode structure on the submicrometer-scale, a cross section with a resolution on the nanometer scale is required. The cross section
shown in Figure 2 was measured at Correlative Microscopy and Spectroscopy (CCMS) at HelmholtzZentrum Berlin (HZB). A ZEISS Crossbeam 340 was used. For the measurement, the sample previously
measured with synchrotron radiation is re-prepared. After disassembling the Plexiglas® rod sample holder,
the sample is glued with the aluminum foil facing down on a scanning electron microscopy (SEM) pin
holder. To prepare the cross section, a part of the sample is removed by means of gallium ion milling. The
cross section is then scanned with an electron beam and imaged with an angled chamber SE2-detector.
2.4. Image pre-processing and segmentation
In order to characterize the electrode microstructures by means of statistical image analysis, a phasebased segmentation of the grayscale images obtained by synchrotron X-ray microtomography has to be
performed. This means that each voxel in the grayscale images, which are visualized in Figure 1, is classified as aluminum foil, polymer, binder-additive phase or micropores. Note that the binder-additive phase
contains nanopores, visible in Figure 2, which can not be resolved by synchrotron X-ray microtomography.
Prior to segmentation, three steps of image pre-processing are performed. First, that part of Sample B,
where the electrode material has detached from the foil (see Figure 1), is removed. Second, a binary mask
of both samples is created. For this purpose, a global threshold is used which separates the cathode from
the aluminum foil and the background. The mask determined by global thresholding still contains some
holes, which are filled by morphological closing [32]. Third, based on the determined mask, the samples
are rotated such that they are aligned with the coordinate system. From a technical point of view, the
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Figure 2: Cross section of Sample A obtained by SEM showing the different phases of the layered electrode structure,
i.e. polymer, porous binder-additive and the alumnium foil, at a higher resolution compared to image data obtained by
synchrotron X-ray tomography

latter facilitates the microstructure characterization by statistical image analysis performed in Section 3.
After these pre-processing steps, the grayscale images are segmented. In the cross sections presented
in Figures 3a and 3c, a binary absorption distribution with bright and dark regions can be observed in
combination with mesopores pores and cracks. Considering the SEM cross section, it is clear that the
higher absorbing areas represent the polymer phase while the darker and thus less absorbing areas have
to represent the porous binder-additive. It turned out that global thresholding is appropriate for Sample
A, i.e., each voxel is classified according to globally defined ranges of grayscale values attributed to the
different phases. These ranges, given in Table 1, are manually chosen.
phase
Sample A
Sample B

micropores
1 – 21846
1 – 20531

binder-additive phase
21847 – 22427
local Otsu

polymer
22428 – 23170
local Otsu

aluminum foil
23171 – 65536
30200 – 65536

Table 1: Global ranges of grayscale values (in 16-bit format) used for segmentation. For Sample B, a local version of the
Otsu threshold is used to distinguish between binder-additive phase and polymer.

Visual comparison of grayscale images with their segmentations shows that global thresholding leads to
good results for Sample A, see Figure 3. However, for Sample B, only the pore phase and the aluminum foil
can be appropriately determined by global thresholding. In order to classify the remaining voxels, a local
version of the Otsu threshold is used [33]. This means that for each single voxel, a cubic neighborhood
with an edge length of 21 voxel units (= 9.24 µm) is considered to determine Otsu’s threshold. Each of
the remaining, uncategorized voxels belongs to the polymer, provided that its grayscale value is larger
than the corresponding local threshold. Otherwise it is classified as part of the binder-additive phase.
Finally, some post-processing steps are required. First, note that a layer of one voxel thickness around the
aluminum foil is always assigned to the binder-additive phase. To remove this unrealistically segmented
layer, the foil is dilated by one voxel. Second, components which are not classified as pores, but are still
not connected to the aluminum foil or the electrode are removed. Moreover, connected components which
5

contain less than four voxels are considered as segmentation artifacts and are also removed. Examples of
2D slices of the segmented image data after post-processing are shown in Figure 3. Note that, whenever
global thresholds are determined in the present study, they are determined interactively based on visual
inspection, where we use the open-source software Fiji [34]. We provide 2D slices of grayscale images with
the boundaries of the active material and mesopores as supplementary material. These visualizations
show that the segmentation appropriately separates the different phases in Samples A and B.

(a)

(b)

(c)

(d)

Figure 3: 2D slices of the aligned grayscale images of Sample A (top left) and Sample B (bottom left). The corresponding
segmented images (after post-processing) are shown for Sample A (top right) and Sample B (bottom right). The colors
blue, red, gray, and white represent the polymer phase, the binder-additive phase, the aluminum foil, and the micropores,
respectively.

3. Results and discussion
The segmentation of 3D image data performed in Section 2.4 enables for a microstructure characterization
by means of statistical image analysis. In particular, the usage of tools from spatial statistics [13, 35]
reveals quantitative differences between the considered electrode materials in terms of microstructure descriptors, which are experimentally not accessible. In Section 3.1, these differences are investigated based
on globally aggregated microstructure descriptors, while the variability and interdependence of local microstructure descriptors are considered in Section 3.2. The latter give insight to the heterogeneity of the
electrode samples. Note that for this purpose, we only take the central and less deformed parts of the
complete image data into account in order to avoid edge effects arising from bending at the boundary of
the considered electrodes.
Before a quantitative microstructure characterization is performed, morphological differences between
Samples A and B can be assessed by visual inspection, see Figure 4. First, Sample A is thinner compared
to Sample B. Second, the polymer phase in Sample A forms large clusters, while in contrast to that,
the spatial distribution of the polymer phase in Sample B is more homogeneous. Recall that the main
difference in the preparation of the two electrodes is the usage of two different binders, the organo-soluble
PVDF for Sample A and the water-soluble CMC for Sample B. Consequently, the slurries for electrode
fabrication are processed by means of different solvents, using NMP for Sample A and water for Sample B. For Sample A, the usage of the organic solvent causes a stronger swelling of the active material
PTMA (which is crosslinked). This effect leads to the larger domain sizes of the polymer phase, which
can be observed in Figure 4. Third, the electrode material in Sample B seems to be less robust from a
mechanical point of view, since cracks propagating through the electrode material are visible. Even if –
in contrary to sample A – there is a slight bending downwards of Sample B leading to a certain tensile
state, see Figure 10, we strongly assume that occurrence of cracks can be attributed to the different
preparation procedures. The reason for this is that the above discussed swelling in the organic solvent
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(a)

(b)

Figure 4: 3D visualization and 2D slices parallel to the aluminum foil of Sample A (left) and Sample B (right). The colors
blue, red, gray, and white represent the polymer phase, the binder-additive phase, the aluminum foil, and the micropores,
respectively.

of Sample A leads to a much stronger connection/adhesion between the different material domains. In
contrast, PTMA is not water-soluble and therefore does not swell in the water utilized for the preparation of Sample B. Consequently, the adhesion between the different polymer particles is less pronounced
leading to the formation of cracks. Note that, despite the same weight fractions of the active material and
binder-additive, significant structural differences occur, which is also confirmed by the following quantitative microstructure characterization. One reason consists of the different nature of the applied binder
materials and solvents used for Sample A and Sample B as well as the differences in the manufacturing
process as detailed in Section 2.1. A further reason is that the following quantitative results refer to 3D
image data, where the nanopores within the binder-additive phase cannot be resolved. Thus, one has to
keep in mind that different nanoporosities of the utilized binder materials also influence these results.

3.1. Global microstructure descriptors
Besides visual comparison of Samples A and B, globally aggregated microstructure descriptors like the
volume fractions of polymer, binder-additive phase, and micropores, as well as the surface area per unit
volume, and various chord length distributions of the polymer phase are computed. The results obtained
for the volume fractions of the three phases mentioned above are shown in Figure 5a for both samples. It
turns out that Sample B exhibits a larger fraction of micropores and less binder-additive phase compared
to Sample A. This coincides with the observation of cracks in Sample B which form a non-negligible part of
those micropores. As detailed above, the crack formation and also the larger ratio of micropores correlates
with the missing swelling of the active material in the solvent utilized for the processing of electrodes. It is
important to note that these results refer to the micropores within the electrode and not to the complete
pore space present within the materials. For instance, the utilized carbon material SuperP also contains
nanopores; however, these can not be resolved by means of synchrotron X-ray microtomography. Due to
the presence of non-resolved nanopores, the ratio of volume fractions of the polymer and binder-additive
phase obtained from 3D image data (see Figure 7a) does not perfectly match the ratio of volume fractions
which are obtained based on the weight fractions of active and binder-additive material as described in
Section 2.1. This indicates that the formation of pores during the manufacturing process strongly influences the morphology of the considered cathodes.
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In contrast to the differences observed with respect to volume fractions, the surface area per unit volume
of the polymer phase is nearly identical for both samples. Note that for the computation of this quantity from discretized image data, we used the method described in [36], where we obtained the values of
0.458 µm−1 for Sample A and 0.456 µm−1 for Sample B. This indicates that the global surface area of
polymer is not influenced by choosing different materials for the binder-additive phase during the manufacturing process. However, we will see in Section 3.2 that differences between Samples A and B can be
observed with respect to the local behavior of surface area per unit volume.
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Figure 5: Global volume fractions of polymer, binder-additive-phase as well as pores of both samples are represented as a
bar plot (left). The chord length distributions of the polymer phase reveal clear differences between Sample A (middle) and
Sample B (right).

Furthermore, the agglomeration of the polymer phase observed in Sample A (but not in Sample B)
is quantified by means of chord-length distributions of the polymer phase. Note that the chord length
distribution for a predefined direction v is defined as distribution of the lengths of subsequent intersections
of a randomly chosen line in direction v with the considered phase [35]. In the present contribution, the
chord length distribution of polymer is computed for the three main axis directions, referred to as x-,y- and
z−direction. Note that the xy-plane is parallel and the z-direction is orthogonal to the aluminum foil. The
corresponding results, shown in Figures 5b and 5c, indicate –as expected considering the manufacturing
process of the electrodes described in Section 2.1–that the differences of chord length distributions in
x- and y-direction are negligible for both samples. However, for Sample A, chord lengths in x- and ydirection are much larger compared to those in z-direction. This coincides with the agglomeration of the
polymer phase, which is only visible in the xy-plane, see Figure 3. In Sample B, such an agglomeration
does not occur and, accordingly, no clear differences between the chord length distributions in xy-plane
and z-direction can be observed in this case. However, in Sample B, the chord length distributions of all
three main directions slightly differ from each other. This means that differences are also observed when
comparing x- and y-directions. The reason for that might be the cracks which lead to local anisotropy in
the microstructure.
3.2. Local microstructure descriptors
In order to quantify local heterogeneities of the 3D microstructure of the cathode materials considered in
this contribution, we proceed similarly as in [37, 38] and, additionally, determine various local microstructure descriptors. The latter are computed for non-overlapping cutouts of the 3D image data. Thus, for
both samples, we consider a square grid in xy-plane, where neighboring grid points have a distance of
50 µm (113 voxel) from each other. Each grid point is then the center of a cutout serving as sampling
window for the computation of local microstructure descriptors. The cutouts are squares in the xy-plane
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Figure 6: Distribution of local thickness for Sample A (left) and Sample B (middle). The mean value as well as the 5%- and
95%-quantiles of these distributions are shown in dependence on the considered cutout size (right).

and encompass the entire (local) extend of the sample in z-direction, where the side length of the squareshaped cutouts in the xy-plane is varied between 10 µm (23 voxel), 20 µm (45 voxel), . . ., 50 µm (113 voxel).
Then, for each of these cutouts their mean thickness, as well as the volume fraction and mean geodesic
tortuosity of the polymer phase and binder-additive-pore phase (briefly called bap-phase) are computed,
where the mean geodesic tortuosity is a measure for the lengths of shortest transportation paths within
the considered phase. Furthermore, note that the bap-phase is the union of the binder-additive phase
with the pore space or, in other words, the complement of the polymer phase. As a result, we obtain
samples and, in this way, empirical distributions of local microstructure descriptors for each cutout size.
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The distributions of local thickness are shown in Figures 6a and 6b. It can be seen that Sample B is
approximately 20 µm thicker compared to Sample A and, more interestingly, that for both samples, there
is a strong variability of local thickness. The local thicknesses of Sample A vary by more than 15 µm.
There are some regions with a local thickness of less than 5 µm, while others are more than 20 µm thick.
This variability of local thickness is even more pronounced in Sample B, where we observe a right-skewed
distribution. More precisely, there is a significant amount of regions, where the cathode is 5 µm to 10 µm
thicker than the mean of local thickness, see Figure 6c.
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Figure 7: Distribution of local volume fractions of the polymer phase for Sample A (left) and Sample B (middle). The
mean value as well as the 5%- and 95%-quantiles of these distributions are shown in dependence on the considered cutout
size (right).

In Figures 7a and 7b, the distributions of local volume fractions of the polymer phase in Samples A and
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B are shown for all cutout sizes. As expected, the variance decreases from smaller to larger cutouts, but
further differences between these distributions for Samples A and B become clearly visible. First, while
the volume fractions of the polymer phase in Sample B are concentrated between 40% and 50%, Sample A
exhibits a larger variability, with values mostly between 20% and 60%. This observation is related to the
thickness of the cathodes. Sample A is much thinner than Sample B (see Figure 6) and thus the averaging
effect in z-direction (orthogonal to the aluminum foil) is stronger in Sample B. This explains the lower
variability of local volume fractions in Sample B. Second, in contrast to Sample B, the distributions of
local volume fractions of the polymer phase in Sample A are right-skewed, i.e., more outliers towards large
volume fractions are observed. This effect is more pronounced for small cutout sizes, which is in good
accordance with the formation of polymer agglomerations quantified by the chord length distributions in
Section 3.1. If a cutout intersects such an agglomeration of the polymer phase, the corresponding local
volume fraction increases, where the influence is stronger for small cutout sizes. Figure 7c shows the mean
values, 5% and 95%-quantiles of the distributions displayed in Figures 7a and 7b. Here one can observe
that the mean volume fraction does not change when passing to larger cutout sizes, while the interval in
which 90% of local volume fractions of the polymer phase are located becomes smaller with increasing
cutout size.
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Figure 8: Distribution of local surface area per unit volume of the polymer phase for Sample A (left) and Sample B (middle).
The mean value as well as the 5%- and 95%-quantiles of these distributions are shown in dependence on the considered cutout
size (right).

The surface area of active material is a further important microstructure descriptor of battery electrodes,
since it plays a major role for the charge transfer in an electrode. Thus, in addition to the computation
of the global surface area per unit volume in Section 3.1, we also consider the local surface area per unit
volume of the polymer phase. The results are presented in Figure 8. Even if the global values of the
surface area per unit volume are nearly identical for both samples (see Section 3.1), we observe clearly
visible differences between both samples when considering the surface area per unit volume as a local
characteristic. The distribution of this quantity for Sample A has a larger variance compared to Sample B. This goes in line with the stronger variability of local volume fractions of the polymer phase in
Sample A.
Finally, a microstructure descriptor quantifying the lengths of shortest transportation paths through a
material’s phase is considered, namely the local mean geodesic tortuosity. For this purpose, we consider
transportation paths through the polymer phase and the bap-phase, respectively. For a given cutout,
the corresponding local mean geodesic tortuosity is defined as the mean length of shortest transportation
paths starting from the aluminum foil intersected with this cutout and going to the opposite boundary of
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the cathode through the considered material phase. Note that these paths are allowed to leave the cutout
serving as sampling window. For a mathematically rigorous definition of mean geodesic tortuosity, we
refer to [39]. If the local mean geodesic tortuosity is close to one, most paths in the corresponding cutout
go nearly straight through the transport phase. The larger this value the more tortuous those paths are.
The results of our analysis regarding local mean geodesic tortuosity are shown in Figure 9. The shortest
path lengths in the polymer phase of Sample B tend to be a bit larger and their distribution is slightly
skewed to the right, compared to those of the bap-phase. A reason for this might be the cracks observed in
Sample B, see Figure 4b. For Sample A, however, there is a more pronounced difference between polymer
and bap-phase. The local mean geodesic tortuosities of the polymer phase of Sample A are on average
smaller than those of Sample B. This is reasonable, considering the larger polymer clusters in Sample A.
On the other hand, the local mean geodesic tortuosities of the bap-phase of Sample A are on average
considerably larger and exhibit a strong variability compared to Sample B. This is due to the fact that
those paths have to circumvent large agglomerations of the polymer phase in Sample A. Because of that,
some paths are up to three times longer than the thickness of the sample. Moreover, considering the mean
values of local mean geodesic tortuosity of the polymer phase, we observe a critical point when increasing
the cutout size from 20 to 30 µm. For a cutout size of 20 µm the mean value for Sample A is still between
the 5% and 95%-quantiles of Sample B, while this is not the case for cutout sizes greater or equal than
20 µm. In other words, cutouts with a size larger than 30 µm allow us to reliably distinguish between both
samples in terms of local mean geodesic tortuosity of the polymer phase.
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Figure 9: Distribution of local mean geodesic tortuosity of both, polymer and bap-phase for Sample A (Subfigures 4a and
4d) and Sample B (Subfigures 4b and 4e). The mean value as well as the 5%- and 95%-quantiles of these distributions are
shown in dependence on the considered cutout size for the polymer (Subfigure 4c) and bap-phase (Subfigure 4e). Note that
different scales are used for the plots due to the pronounced difference between Samples A and B.
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3.3. Bivariate distributions of microstructure descriptors
So far, we have considered single local microstructure descriptors and their (univariate) probability distributions to investigate the heterogeneity of the cathode materials. Going beyond univariate distributions,
we can quantify the interdependence between pairs of local microstructure characteristics by means of
bivariate distributions. In Figure 10, for each of the microstructure descriptors considered in Section 3.2,
the (joint) bivariate distribution as well as the corresponding 25%-, 50%-, 75%-quantiles2 , of this descriptor and the local volume fraction of the polymer phase are shown.
It turns out that the bivariate distributions computed for Sample B do not seem to indicate any significant
correlation between the local volume fraction of the polymer phase and any of the other previously
discussed local descriptors. Interestingly, even between local volume fraction and local mean geodesic
tortuosity of the polymer phase (denoted by τpolymer in Figure 10), there is, at most, only a slight
correlation. A reason for this might be the fact that for Sample B the range of observed local volume
fractions of the polymer phase between 40% and 50% is too small to indicate correlations. In general,
higher polymer volume fractions, which lead to an increase of the number of possible pathways through
the polymer, would cause a decrease of mean geodesic tortuosity. However, the additional paths, which
could be created by increasing the volume fractions within the range of observed volume fractions, e.g.
from 40% to 45%, would lead only to a slight decrease of local mean geodesic tortuosity. For Sample A,
however, the local volume fraction of the polymer phase strongly influences the other local microstructure
descriptors. First, we observe that for local volume fractions of polymer below 60%, this volume fraction is
positively correlated with the local surface area per unit volume. For volume fractions greater than 60%,
the correlation becomes negative. Even if the latter observation has to be treated carefully, since there
are only a few cutouts with volume fractions greater than 60%, a negative correlation for high volume
fraction is reasonable. Interestingly, for the Boolean model of stochastic geometry [13, 14, 41], which is a
classical tool for mathematical modeling the microstructure of two-phase materials, the surface area per
unit volume takes its maximum in the same range of volume fractions, i.e., at 63%.3 Note that it is well
known that the performance of the electrodes is getting worse if the polymer content is too high [42]. In
this case, the limitation of conduction processes in the bap-phase is too strong. Moreover, coming along
with a decrease of surface area, this leads to the unfavorable effect that not the complete active material
in the composite can be charged/discharged due to isolating polymer layers on the conductive additive.
In this sense, the morphology of Sample B is preferable compared to Sample A, since there are less regions
with a high local volume fraction of the polymer phase in Sample B.
Furthermore, a positive correlation between the local volume fraction of the polymer phase and the local
mean geodesic tortuosity in the bap-phase (denoted by τbap−phase in Figure 10) is observed. A larger
amount of polymer reduces the number of possible pathways in the bap-phase, thereby increasing the
length of the shortest transportation paths through the bap-phase. This strong influence of the volume
fraction of the polymer phase on the mean geodesic tortuosity (also present for volume fractions between
40% and 50%) in Sample A reveals significant morphological differences compared to Sample B. The
2
Note that there is no unique definition for quantiles of bivariate distributions [40]. In our case, the q-quantiles of the
considered bivariate distributions are determined based on the estimated probability density functions as follows. We define
the q-quantile Qq of a bivariate probability density function f by Qq = {u ∈ R2 : f (u) = tq }, where
(
)
Z

tq = sup s ≥ 0 :

f (x) dx ≥ q

.

{u∈R2 :f (u)≥s}
3
This result is obtained by Mile’s formulas given in Equations (3.45) and (3.46) of [13]. Furthermore, the maximum of
surface area per unit volume does not depend on the choice of the distribution of grains in the Boolean model.
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Figure 10: Bivariate distributions of pairs of local microstructure descriptors of Sample A (top row) and Sample B (bottom
row) computed from cutouts with a size of 50 µm. The bivariate probability density functions are visualized as heat maps,
where the white lines represent the (conditional) mean value for a given local volume fraction of the polymer phase. The
black contour lines are the 25%-, 50%- and 75%-quantiles, respectively.

results shown in Figure 10h let us suppose that in Sample B a higher local polymer volume fraction
implicates additional small polymer clusters, which have only a small effect on the length of shortest
transportation paths. In Sample A however, the polymer tends to form larger, layer-like clusters, thereby
blocking considerably more possible paths than the small clusters of Sample B. The local mean geodesic
tortuosity of the polymer phase, on the other hand, is concentrated in a range between 1.01 and 1.05 in
Sample A. This means that the morphology of the polymer phase allows for short transportation paths
and–due to the minor variation of tortuosity values–we suggest not to read too much into the slightly
positive (and, from a geometrical point of view, counterintuitive) correlation observed in Figure 10c. An
additional result of the investigation of bivariate distributions is that, as also visible in Figure 3, the
thin parts of Sample A seem to be mainly composed of polymer. This impression is supported by the
results shown in Figure 10b, which indicate a negative correlation between the local volume fraction of
the polymer phase and the local thickness of the cathode.
4. Conclusion
For the first time, this study presents a detailed 3D microstructure characterization of polymer-based
electrodes for organic radical batteries. Statistical analysis of image data gained by synchrotron X-ray
tomography revealed the 3D microstructures of two polymer-based electrodes consisting of the redoxactive polymer PTMA, the conductive additive SuperP and binder. The considered electrodes differ with
respect to their binder materials, i.e., one electrode is manufactured with PVDF and the other one with
CMC. The utilization of different binder materials as well as the corresponding differences of fabrication
processes led to pronounced differences of the 3D electrode microstructures. Already by visual inspection
it becomes clear that manufacturing with PVDF as binder material leads to polymer clusters parallel
to the aluminum foil. This electrode is more stable compared to the electrode with CMC, where–in the
absence of polymer clusters–a formation of microporous cracks is observed. Moreover, statistical image
13

analysis allows for a quantification of these differences. While the amount of micropores in the electrode
with CMC is about twice as high compared to the electrode with PVDF, the surface area per unit
volume of the polymer phase is nearly identical in both electrodes. Besides a quantification of anisotropy
effects in the electrode with PVDF, which are induced by the polymer clusters, local heterogeneities of the
electrodes have been investigated. The results of this analysis enable us to conclude that, compared to the
electrode with CMC, the electrode with PVDF is much more heterogenous and the transportation paths
through the binder-additive phase are not only significantly longer on average, but local transportation
paths are highly tortuous, i.e., there is a non-neglilible amount of paths which are twice as long as the
electrode thickness. Moreover, due to the morphological differences of both electrodes, the interdependence
between local volume fractions and the length of local transportation paths, is much more pronounced
in the electrode with PVDF. These findings give a better understanding of the 3D microstructure of
PTMA-based electrodes. They are a first step towards the optimization of polymer-based electrodes since
they “bring light into the dark” and elucidate the 3D microstructure of such electrodes by a combination
of experiments, 3D imaging and statistical image analysis.
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Supplementary material
As an extension of Figure 3, the same 2D slices of aligned grayscale images are shown in Figures 11 and 12
for Samples A and B, respectively, where the boundary of the polymer phase as well as the boundary
of the mesopores are additionally visualized. Thereby, we provide a further visual underpinning of the
quality of the segmentation described in Section 2.4.

(a)

(b)

(c)

(d)
Figure 11: 2D slice of the aligned grayscale image data of Sample A highlighting the contrast differences between active
material, binder-additive and pore phase. The images shown in (b) and (c) are the grayscale image from (a) with the
boundaries of the active material (b) and background/mesopores (c) shown as white lines. The final segmentation is shown
in (d) with blue representing the active material, red the binder-additive phase, gray the aluminum foil and white the
background/mesopores.
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(a)

(b)

(c)

(d)
Figure 12: 2D slice of the aligned grayscale image data of Sample B highlighting the contrast differences between active
material, binder-additive and pore phase. The images shown in (b) and (c) are the grayscale image from (a) with the
boundaries of the active material (b) and background/mesopores (c) shown as white lines. The final segmentation is shown
in (d) with blue representing the active material, red the binder-additive phase, gray the aluminum foil and white the
background/mesopores.
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