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Abstract

Graphite electrodes in the lithium-ion battery exhibit various particle shapes, including spherical
and platelet morphologies, which influence structural and electrochemical characteristics. It is
well established that porous structures exhibit spatial heterogeneity, and particle morphology can
influence transport properties. The impact of particle morphology on the heterogeneity and
anisotropy of geometric and transport properties has not been previously studied. This study
characterizes the spatial heterogeneities of eighteen graphite electrodes at multiple length scales
by calculating and comparing structural anisotropy, geometric quantities, and transport properties
(pore-scale tortuosity and electrical conductivity). We found that particle morphology and
structural anisotropy play an integral role in determining the spatial heterogeneity of directional
tortuosity and its dependency on pore-scale heterogeneity. Our analysis reveals that the
magnitude of in-plane and through-plane tortuosity difference influences the multiscale

heterogeneity in graphite electrodes.
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1. Introduction

Secondary battery technology is abundant in all aspects of our lives. Yet, it is paramount to
continue advancing the technology to satisfy the ever-increasing demand for energy, power
density, and long-range capabilities in electric vehicles!2. Graphite is the most widely used
anode material due to its low cost, abundance, and chemical stability. However, graphite
particles have varied particle shapes or morphologies, including platelet, spherical, flaky, and
many shapes in-between? that influence the electrode's structural characteristics, and therefore
the electrochemical performance of the electrode*>.

Due to the inability to fully control particle packing, particle morphologies can influence
structural characteristics in the electrode, such as tortuosity anisotropy and heterogeneity. Miiller
et al. studied electrode heterogeneity using sub-micron X-ray computed tomography (XCT). In
contrast, others have looked at various length scales using neutron diffraction and Raman
Spectroscopy®3. Compared to scanning electron microscopy (SEM)*19, the field of view (FOV)
for an XCT is magnitudes greater, though at the cost of resolution and the ability to differentiate
low atomic number materials. A large FOV is crucial when analyzing the effects of particle
morphology on the entire electrode; a larger FOV encapsulates trends at the electrode scale but
still has enough resolution to see possible influences of morphology at the particle scale.
Through imaging techniques, it is identified that the stochastic nature of particle packing during
manufacturing!! induces heterogeneity within the electrode structures. Such electrode
heterogeneity is prone to cause local transport and reaction kinetic limitations within the
electrode that could influence the performance, safety, and aging behavior of lithium-ion cells

significantly'>-'4.  Heterogenous packing of active material'>!® and varying particle



morphology!”-!%15:1% induce non-uniform performance, which results in localized lithium
deposition?® and electrode degradation?!.

Particle morphology is one of the main factors influencing particle orientation within an
electrode, leading to anisotropy in the resulting electrode properties. Physics simulations have
been executed on the electrode structures to explain how particle morphology influences
effective properties such as porosity, tortuosity, conductivity, and surface area®32226, These
packed particles' characteristics have been shown to directly influence anisotropies of effective
properties'®21-24 from the particles' morphological anisotropies. These properties have a direct
influence on the electrochemical performance of the cell>>272°, Not only do the particles'
morphological anisotropy influence structural anisotropy, but we also show that these directly
impact electrode heterogeneity. Therefore, it is essential to understand how these differing
particle morphologies will impact the cell's performance and safety.

With all the research performed on electrode microstructures, none have dived into the effect
of particle morphology on structural heterogeneity and anisotropy. We use eighteen commercial
electrodes to analyze an extensive range of graphite morphologies. We study the correlations
between particle morphology and electrode heterogeneity. Using a combination of mean
intercept length and finite volume physics simulations, we characterize the spatial
heterogeneities at multiple length scales from the effects of particle morphology. We calculate
the tortuosity and electrical conductivity of eighteen graphite electrodes imaged using XCT!830,
Using multiple subdomains arranged in a grid over the entire electrode domain, we capture
spatial variations in tortuosity, conductivity, and porosity over an electrode and between

numerous samples from the same electrode sheet. We also characterize the particle morphology



using the mean intercept length (MIL) to understand the connections between morphology and

heterogeneities.

2. Methodology

We studied eighteen graphite electrodes that were imaged by Wood and co-workers using
XCT!'830, We take their binarized data to not impose our subjectiveness in the segmentation
process’!. We classify these electrodes by using either a numbering scheme (I, II, III, and 1V),
where the subscripts a, b, and ¢ refer to electrodes taken from the same sheet at different
locations, or a naming scheme, which denotes that the electrodes are from a particular
manufacturer. These electrode identifications mirror those in the source papers!83°. We refer to
these sets of electrodes as numbered and named for the remainder of the paper. All electrodes
were taken from a commercial cylindrical cell and imaged, though the numbered samples do not
specify the manufacturer. The numbered electrodes have a voxel dimension of .325um % .325um
x .325um, while the named electrodes have a voxel dimension of .1625um x .1625um x
.1625um. All images have identical x and y dimensions of 357.5 micrometers and various z-
directional thicknesses. We used the provided binarized image stacks for all electrodes. Figure 1

shows a schematic of each analysis step, all described in the remainder of this section.
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Figure 1. Steps to obtain needed electrode information for analysis. (a) coarseness
approximation used to obtain an RVE size. (b)Bruggeman correlation for tortuosity for electrode
IVa. Each point shown represents and RVE and its directional tortuosity. Green, red, and black
represent z, X, and y directions, respectively. (c) heterogeneity index calculation. Comparing the
actual value to the predicted value through the Bruggeman correlation (d) Results from the mean
intercept length algorithm to get structural anisotropy.

2.1 Effective Properties

We calculate three effective properties to characterize electrochemical performance: porosity,
tortuosity, and electrical conductivity. Each one has an integral part in electrode performance at
the macroscale, influencing how lithium and electrons diffuse through phases and determine

electrode capacity’-2%2426,

Porosity is the volume fraction of the pore phase relative to the volume of the domain, shown

in equation 1:
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Where V.4 is the volume of the void phase, and v is the entire domain's volume. Porosity is
calculated computationally by summing the void voxels and dividing the result by the domain's
total voxels.

Tortuosity, which gives insight into the pore phase connectivity, is calculated by solving for

species diffusion within the pore phase:

V2C=0. (2)

Where C is the concentration, the boundary conditions in the x-direction for the normal faces

(x=0 and x = L, where L, , are the voxel length in the given direction) are:

C(x=0)=0 Cx=L)=1, 3)

Neumann boundary conditions of no-flux are applied to the remaining faces (z=0,y =0, z =

L,, y = Ly, and pore/particle boundaries). We solve these equations using the finite volume

Yo

method on the voxelated mesh. We find tortuosity by integrating the species flux over the pore

faces at x = L, giving J, shown in equation 4.

Je=—1%| dydz ()
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Jx 1s the species flux, 1y is the x-direction tortuosity, € is the porosity, and Ly is the voxel length
in the x-direction.
The calculation for electronic conductivity has a similar approach taken in finding tortuosity.

The governing equations occur throughout the particle phase.

V- (CVg) = 0. (6)

Where ¢ is the solid phase potential, the boundary conditions applied are identical to the

tortuosity calculations. The electronic flux is calculated by equation 7.

Jx= — ffx: 20

0 plane a

o dydz . (7)
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Finally, the effective conductivity is shown in equation 8, where oy is the effective solid-phase

electrical conductivity in the x-direction.

Ox= —Jx*Lyx. (3)

Calculating the tortuosity and electrical conductivity in the y and z dimensions uses the same
approach but with the boundary conditions specifying the applied gradient to the corresponding

faces.



2.2 Determination of simulation domain size

A representative volume element (RVE) is a subdomain of a structure representing the
statistics of the entire domain. However, when studying heterogeneities within an electrode, we
need to choose a simulation domain size, referred to as the local representative volume element
(LRVE), that is large enough to represent the local phenomena statistically while not masking a
larger-scale electrode heterogeneities.

To determine the LRVE, we chose five sub-domains origin locations from each electrode and
iteratively created 3D sub-domains sized from 13um to 45.5um in 6.5um increments. Then, we
calculated the porosity, tortuosity, and electrical conductivity for each sub-domain. An example
of these simulations for the tortuosity of electrode IVa is shown in Figure 1(a). As the sub-
domains grow, the calculated values converge within themselves. We considered the sub-
domains converged when all effective property values varied less than 10% for at least three
consecutive sub-domain increments. Tortuosity and electrical conductivity are the slowest to
converge and determine properties when choosing a domain size. The LRVE size of 39um x
39um x 39um was the smallest domain where all properties converged for all electrodes and are,
therefore, the sub-domain size used for all electrodes in the remainder of this work. We look only

at the localized regions individually rather than a holistic view used in a typical RVE.

2.3 Bruggeman Deviation

The ability to compare the potential influences of heterogeneity across several particle
morphologies is paramount to this study. Both tortuosity and conductivity in all three directions
are individually fit to a standard Bruggeman approximation shown in equations 8 and

08,24,29.30.34 " wwhere each direction has a unique exponential value. We use these exponent values



to probe for anisotropies by comparing the ratios of the averaged in-plane to the through-plane

exponents.

Tx,y,z = € Prvz, )

We take a similar approach to electrical conductivity shown in Figure 4b. The modified

Bruggeman approximation is shown as

Oxy,z = (1 — €)%=, (10)

Where (1 - ¢€) is the solidity (ratio of particle phase to the entire volume). Equations 9 and 10

are fit to all LRVE values for individual properties and their respective directions.

We obtain the Bruggeman deviation (d) by subtracting the Bruggeman curves' predicted value

at the LRVE's porosity from the LRVE value of tortuosity or conductivity. The difference is then

normalized with the Bruggeman predicted value, shown in equation 11.

TLRVE — TBruggeman

6LRVE = TBruggeman (1 1)
Where Opryg is the error of an individual LRVE, we can compare electrodes with various

magnitudes of tortuosity by normalizing the values. This procedure is performed on all

electrodes, properties, and their respective direction. By averaging the errors for a given property

10



and its direction, we get the Bruggeman deviation. The physical representation of the Bruggeman

deviation is the average LRVE internal variability.

We use the exponent values from the Bruggeman fit to find effective property anisotropies

with equation 12.

(p | Q)avg of x,y

anisotropyproperty = 1 — oo, (12)

We can describe effective property anisotropy by subtracting one from the ratio of the average
in-plane directions to the through-plane. Anisotropy equal to 0 represents an isotropic structure,
greater than 0 represents larger through-plane magnitude, and less than 0 represents larger in-

plane magnitude.

2.4 Structural Anisotropy

The most direct approach in describing structural anisotropies (os) in porous structures
analyzes the electrode's structure itself. We use the mean intercept length (MIL) algorithm from
the BonelJ plugin in FIJI?® to find structural anisotropies related to particle arrangements and
morphology. The MIL algorithm computes ellipsoids by projecting vectors from a randomly
selected point on a plane, which acts as an origin within the structure. We draw these projected
vectors throughout the sample, where we count phase changes for each vector. The mean
intercept length for each vector is determined by dividing the vector length by the number of
phase changes observed. We generate a point cloud from the large sum of vectors to fit an

ellipsoid to the data. We then use this ellipsoid to compare anisotropies across all electrodes. The
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structural anisotropy is a scalar output from BonelJ, one minus the smallest radii ratio to the
largest. Where smaller radii correlate to more significant phase changes in the given direction, in

equation 11, isotropic structures will tend to 0 while anisotropic structures will tend to 1.

3. Results and Discussion

In this section, we compare all electrodes from a holistic perspective. We use this view to
single out a few scenarios which highlight morphology and heterogeneity comparisons. We
explore the long-range effects and conductivity heterogeneity throughout the electrodes in this
study. It is necessary to take a deep dive into how heterogeneities, internal variation, and
anisotropies interact to assess in choosing electrode material to extract maximum performance

from the lithium-ion cell.

3.1 Tortuosity and Conductivity Anisotropies

Anisotropies were calculated for both tortuosity and conductivity directly from equation 12.
Figure 2 shows that conductivity and tortuosity-anisotropy increase at the same rate, exhibited by
the dashed line. Figure 2 also shows that as structural anisotropy increases, both effective
property anisotropy increases. The relation between structural and effective property anisotropy
is due to porous pathways increasing in the through-plane as anisotropic particles create
bottlenecks. These bottlenecks restrict potential pathways, creating detours that increase the
chord length. This change in chord length has a direct impact on the tortuosity and conductivity

calculations.
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Figure 2. Tortuosity anisotropy, conductivity anisotropy, and structural anisotropy increase
similarly for all 18 electrodes. Tortuosity and conductivity anisotropy were calculated using the
Bruggeman exponents (shown in equation 12), while structural anisotropy was found through the
MIL algorithm. The dashed line has a slope of one, representing that both properties anisotropies
would be equal and increase at the same rate.

Each electrode exhibits through-plane dominance in tortuosity, conductivity, and structural
anisotropy. Through-plane dominance comes from the exponents in the Bruggeman
approximation being larger in the z-direction than the x and y-directions; this occurs in the
electrode structure. The structural anisotropy directly correlates to particle anisotropy. The
lowest and highest structural anisotropies are .08 and .45, respectively, which directly correlate
to the lowest and highest effective property anisotropies. Electrodes with similar structural
anisotropy but different effective property anisotropy could result from porosity differences or

differences during the manufacturing process.
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3.2 Impact of Structural Anisotropy on Tortuosity

Figure 3(a) shows the variation of through-plane tortuosity for each LRVE within an electrode
due to its porosity and structural anisotropy. We chose the through-plane over in-plane directions
due to the dominant anisotropic behavior for all the electrodes, as discussed in section 3.1. We
then use the LRVE values to fit a surrogate model used to obtain the contours shown in Figure
3(a). The contours can give a more generalized view of data points not present in one of the
eighteen electrodes. The contours show, there are no linear relations between structural
anisotropy and tortuosity. Through the Bruggeman approximation, we also know tortuosity and

porosity do not have linear relations.
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Figure 3. Through-plane tortuosity is dependent on structural anisotropy and porosity. Two
electrodes with opposing structural anisotropy are chosen for comparison. (a) contour plot
obtained from a surrogate model, where the contours represent the through-plane tortuosity. The
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x-axis is the structural anisotropy obtained through the MIL algorithm, while the y-axis is the
porosity. The individual points are individual LRVE values. (b) shows the structure of
GCA2000, along with a slice that has particles identified to show particle shape. (c¢) shows
electrode IV’s structure, with a slice of segmented particles to show the shape of the particles.

Both GCA2000 and electrode IV electrodes lie on the two extreme ends of the structural
anisotropy spectrum. Figure 3(a) shows where these electrodes lie within the regime map. Both
electrodes show similar porosities, but electrode IV has greater tortuosity values. GCA2000 and
electrode IV have mean porosity values of 42 and 36, respectively, with mean tortuosity values
of approximately 3 and 10. The difference in tortuosity values is due to large structural
anisotropies in electrode IV. Figure 3(b,c) shows GCA2000 and electrode IV structures with
segmented slices from the electrodes. We can visually see the particle anisotropy through the
slices and structures is much greater in electrode IV compared to GCA2000.

When comparing the contour lines to the LRVE data in Figure 3(a), we see a tighter porosity
distribution in electrode IV. As structural anisotropy increases, tortuosity fluctuations among
LRVEs begin to become greater. These fluctuations can be captured through the Bruggeman
deviation described in equation 11, which captures the influence of particle arrangement.
Meaning, if an LRVE has a marginally higher porosity than another, it could result in a higher
tortuosity due to bottlenecks stemming from particle arrangement. The derivative of equation 9
can also describe this increase of sensitivity in porosity. The sensitivity is directly dependent on
the exponent value given the same porosity.

We can use this idea of sensitivity to predict heterogeneities for conductivity and tortuosity.
Using the Bruggeman approximation derivative at the mean porosity, we predict heterogeneity
by subtracting the two values found with local linearity of the interquartile ranges of porosity.
The difference results in larger predicted heterogeneity for large tortuosity values and can predict

large heterogeneities for large porosity heterogeneity.
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3.3 Structural Effect on Heterogeneity

Comparing electrodes with differing particle morphologies gives insight into how the
morphology influences heterogeneity, internal variation, and anisotropies. As mentioned before,
electrodes IV and GCA2000 represent the extremes in particle morphology and structural
anisotropy. Therefore, they are prime examples to help unveil particle morphology's influence on
heterogeneity and internal variation.

Figure 4(a,b) shows the LRVE data with its respective Bruggeman fit for each electrode. Both
electrodes have relatively similar porosity values and, with in-plane tortuosity values being
similar within electrodes. We see that the through-plane tortuosity in electrode IV is much
greater due to the anisotropic nature. There is similar in-plane tortuosity across electrodes. Phase
changes from the MIL algorithm occurred at a similar rate for the x and y-directions in both
electrodes, which results in 2D isotropic morphologies. This helps explains why, given opposing
structural anisotropies, we see similar in-plane tortuosity values. Figure 4(a) shows that electrode
IV’s particles exhibit platelet-like characteristics. Even though electrode IV has a smaller
porosity heterogeneity, described by the interquartile range, the tortuosity values have a high
propensity to vary much more than GCA2000. We characterize this propensity through the
predicted heterogeneity, which is higher for electrode IV due to the magnitude of the tortuosity

values.

16



20

15

10
) >
= et
-] op
)] wn
e 5 o]
=] =
- Rl
= =
=] =]
- ~

b
1 | 1 1 1 1 1 1
30 35 40 45 35 40 45 50
porosity (%) porosity (%)

Figure 4. Higher through-plane tortuosity is seen in electrode IV. In-plane tortuosity is similar in
both electrodes. (a) tortuosity of electrode IV in x, y, and z directions shown in red, grey, and
green, respectively. The individual points are the LRVE values, while the solid lines are the
Bruggeman approximation which best fit the points. (b) tortuosity of GCA2000 in x, y, and z
directions shown in red, grey, and green, respectively. The individual points are the LRVE
values, while the solid lines are the Bruggeman approximation that best fit the points.

Figure 4 shows how the through-plane tortuosity has a greater heterogeneity in electrode IV
than GCA2000. Figure 5 shows the Bruggeman deviation of electrode IV and GCA2000. There
is a higher Bruggeman deviation for electrode IV than in GCA2000. The larger tortuosity seen in
electrode IV could be an explanation for larger deviation values. Also, how does structural

anisotropy interact with porosity heterogeneity and tortuosity heterogeneity, and deviation?

17



0.4

0.2

oT,

0.1 '|'
L1

IV. GCA2000
electrode

Figure 5. Higher Bruggeman deviation is seen in electrode IV and a greater interquartile range
among the LRVE’s. Bruggeman deviation of electrodes IV and GCA2000. The error bars are
the interquartile range of the individual errors (OLRVE).

Figure 6 shows that an electrode with high porosity heterogeneity does not correlate to high
predicted tortuosity heterogeneity. This disparity is seen in electrode IV’s subdomains having the
largest predicted tortuosity heterogeneity while still having relatively low porosity heterogeneity.
The discrepancy is because the Bruggeman approximation derivative influences the

heterogeneity more than the porosity heterogeneity.
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Figure 6. Loose relations between porosity heterogeneity and through-plane tortuosity
heterogeneity due to structural anisotropy. The x-axis is the predicted heterogeneity for each
electrode, the y-axis is the porosity heterogeneity of the LRVE’s, and the point color is the MIL
output.

Since the Bruggeman deviation is calculated at the local porosity for each LRVE, it explains
more than just the overall heterogeneity of the electrode. Even though the Bruggeman
approximation and porosity heterogeneity account partly for the predicted tortuosity
heterogeneity, it does not account for the local variations that the Bruggeman deviation
encapsulates. The Bruggeman approximation and porosity heterogeneity only account for
sensitivity on the fitted Bruggeman approximation curve. At the same time, the Bruggeman
deviation measures how much the LRVEs vary at local porosities. From Figure 5, the
Bruggeman deviation is larger where averaged through-plane tortuosity is larger. Though are

there any other factors that influence the deviation, and does this depend on anisotropies.

3.4 Predicted Heterogeneity with Anisotropic Tortuosity
Structural anisotropy plays an essential factor in determining through-plane heterogeneity. The

comparison of electrode IV and GCA2000 gives rise to in-plane tortuosity similarities, it is a
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natural progression to see how in-plane properties compare across multiple electrodes. We chose
three electrodes, Tesla, III, and IV, to probe tortuosity anisotropy. Within these electrodes, two
of them show similar porosity values (III and IV), while a different two share similar structural
anisotropies (Tesla and III), which is shown in Figure 9(d). The comparisons of the tortuosity
anisotropies are shown in Figure 7.

Comparing Tesla and III, which have similar structural anisotropy values but different
porosities, Figure 7(a-d) shows Tesla’s smaller porosity results in higher tortuosity in all three
directions. The porosity heterogeneity is also greater in Tesla compared to electrode III. Both
the lower porosity and greater porous heterogeneity result in a greater Bruggeman deviation for
Tesla. The magnitude of tortuosity in all directions for Tesla results in a larger Bruggeman
deviation.

When comparing electrodes III and IV, which have similar porosity values but differing in
structural anisotropy, Figure 7(g) shows a much greater Bruggeman deviation in the through-
plane direction in electrode IV. The larger deviation is a similar result seen in section 3.3. Even
though we have a much greater structural anisotropy in electrode IV, the in-planes in both
electrodes show similar Bruggeman deviation values. This similarity reinforces our previous
knowledge that the Bruggeman deviations are proportional to the tortuosity values. The
similarities of values arise from similar in-plane phase changes seen in both electrodes, resulting
in similar in-plane tortuosity.

When comparing electrode IV and Tesla, which share neither porosity nor structural
anisotropy values, Figure 7(e and f) shows a much greater Bruggeman deviation occurring for
the in-plane direction of Tesla. However, the through-plane of Tesla is marginally larger even

though we see smaller tortuosity values. The larger deviation contrasts with what we have seen
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before, where the larger tortuosity values result in larger Bruggeman deviations. We see more
heterogeneity for LRVEs in electrode IV’s through-plane tortuosity, given by the error bars. Still,
the averaged value the LRVE’s deviate from the Bruggeman approximation is slightly larger for
Tesla. Upon further inspection, the much larger porosity heterogeneity plays a factor here. The
extreme quarters of tortuosity have the highest deviation values. Since Tesla has a broader

porosity distribution, these extreme quarters result in large errors, increasing the deviation.
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Figure 7. Higher tortuosity results in larger Bruggeman deviation regardless of the direction of
interest for tortuosity. (a-c) show the averaged tortuosity and porosity for all three electrodes,
with the error bars representing the standard deviation of all LVRE’s. Each electrode is labeled
for all three directions. (d—f) show the Bruggeman deviation where the error bars represent the

standard deviation of all LRVE errors (O rvg) for all three directions.

Figure 8 shows the x, y, and z-directions of the interactions with the predicted tortuosity
heterogeneity, actual tortuosity heterogeneity, and the Bruggeman deviation for all eighteen
electrodes. It is seen in all three directions that the actual heterogeneity is larger than the
predicted heterogeneity. While also, the deviation is proportional to the difference between the
two heterogeneities. Some outliers, such as Tesla seen in Figure 7, may have a higher

Bruggeman deviation with lower tortuosity values in the through-plane direction. Large
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tortuosities are more apparent for the through-plane direction due to the influence of structural
anisotropy mentioned in section 3.2. The reasoning for in-plane directions having nearly no
outliers is because each electrode exhibited 2D isotropic structure regarding the in-plane
direction, as mentioned in section 3.3. Having the predicted and actual heterogeneities differ
validates the intricacies that particle arrangement influences heterogeneity on a larger scale.
Since the deviation does increase with both heterogeneities, particle arrangement is influenced

more at high tortuosity values.
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Figure 8. Tortuosity heterogeneity is greater than predicted heterogeneity, where the difference
between the two is proportional to the Bruggeman deviation. The larger the predicted
heterogeneity, the larger Bruggeman deviation is observed. (a-c) shows the predicted v. actual
heterogeneity for through-plane tortuosity in each electrode. The color of each point is the
Bruggeman deviation for its respective direction. The dashed line, which has a slope of 1,
represents when the precited heterogeneity is equal to the actual heterogeneity.

3.4 Particle Packing and Sensitivity

Figure 6 shows that an increase in porosity heterogeneity does not mean an increase in
tortuosity heterogeneity. We show that electrodes with platelets like particle morphology and
densely packed spherical morphology result in sensitive structures. This sensitivity is shown with
electrodes IV and Tesla, respectively. These structures resulted in high tortuosity electrodes,
which yield a more sensitive arrangement. Figure 9 gives a simplified explanation of why this
phenomenon is happening. In electrode IV, represented by Figure 9(a,b), the tortuous path is
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increased dramatically by cutting off one pathway in the platelet-like particle. Compared to
electrode III, illustrated by Figure 9(e,f), electrode IV is more likely to have tortuosity changes
given a similar porosity range. We can expect platelet particles to show more variability within
the structure if choosing between platelet and spherical particles.

The same trend happens when comparing similar structural anisotropies such as Tesla, shown
in Figure 9(c,d), and electrode III. When you pack the structure denser, pathways quickly
become bottlenecked. We see that lower porosity ranges will significantly influence the in-plane
directions, which also holds for through-plane values given similar structural anisotropies. When
comparing through-plane directions, structural anisotropies have a more significant effect on
tortuous heterogeneity and Bruggeman deviation. The critical takeaway is that one can observe
more significant tortuousity heterogeneity and internal variation in highly anisotropic structures
for identical porosity ranges. When we look at a densely packed isotropic structure to a loosely
packed anisotropic structure, the in-plane directions dominate the tortuous heterogeneity and
internal variation.

Whether packing a structure tightly to get more capacity or choosing platelet-like particles to
get more surface area, each choice comes with consequences. It is up to the electrode's creator to

choose wisely and weigh the odds to the cell's primary objective.
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Figure 9. Tortuous pathways can be heavily restricted by small particle movement in low
porosity or high structural anisotropy structures resulting in higher sensitive structures. (a,b)
represents electrode IV, which has a high structural anisotropy. (c,d) represents the Tesla
electrode, which has low porosity but a more spherical shape. (e,f) represents electrode III, which
has similar porosity to IV and a similar structural anisotropy to Tesla. (g) shows where each of
these electrodes lies on the regime map.

3.5 Long-Range Effects

In the previous results sections, we focused on heterogeneities within a single image sample of
an electrode, exploring heterogeneities over 357.5 microns. However, the numbered electrodes
have three image sub-domains (a, b, ¢) taken from a single electrode sheet allowing us to explore
heterogeneity at larger length scales. We chose electrodes II and IV due to their opposing
structural anisotropy but similar porosity ranges. Figure 10 shows the tortuosity heterogeneity
and porosity heterogeneity as error bars where the points are averaged among all three
subdomains. Electrode IV has a much heterogeneity of tortuosity values. There is also a greater

porosity heterogeneity in electrode I'V.
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When comparing the three subdomains for electrode II and IV, Figure 10 shows a large
difference in one of electrode IV’s subdomains (IVa). One subdomain from electrode IV showed
greater structural anisotropy, lower porosity, and higher tortuosity. Compared to electrode II you
see some variation between the subdomains, but they are grouped relatively similar. The
differences in electrode IVb could allude to anisotropic particles having more heterogenous
packing over the range of an electrode. The heterogeneity may explain the porosity differences,

as well as the structural anisotropy differences in electrode IVa.

—
(9]
T

IVa

Ile
IIa IIb

29 31 33 35 37

avg

Figure 10. Electrode IV has a greater difference between the three sub-domains compared to
electrode II. Each point represents the mean value of all LRVEs, while the error bars represent
the standard deviation. Electrode II has a structural anisotropy of ~0.21, while electrode IV has a
structural anisotropy of ~0.43.

Table 1 shows the p-scores from a two-sample Kolmogorov—Smirnov test for every three
combinations for through-plane tortuosity. Electrode IVa,b shows extreme similarity, with a p-
score of .86. With electrode IVc we can reject the null hypothesis due to low p-scores. Meaning

electrode IVc is of a different distribution statistically. Electrodes Ila,b, and c all lie within the
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same distribution if we consider p-scores >0.01. The similarities between subdomains with lower

tortuosity values or lower structural anisotropy could result in an electrode sheet with less

heterogeneity.

Table 1. Kolmogorov-Smirnov p-score values between inter-electrode subdomains.

Electrode alb p-score blc p-score cla p-score
II 0.0203 0.015 0.2662
v 0.8613 6.37e-8 9.95¢-8

3.6 Conductivity Heterogeneity

Figure 11(a-c) shows the predictive conductivity heterogeneity, actual conductivity
heterogeneity, and Bruggeman deviation. Predictive conductivity heterogeneity is higher in most
cases than actual conductivity heterogeneity. Unlike tortuosity, the deviation is not proportional
to the difference between the two. The deviation is loosely proportional to the predicted
conductivity heterogeneity in the in-plane directions but not for the through-plane direction. The
higher predicted heterogeneity means fewer particle connections is resulting in larger slopes
from the derivative. These larger slopes, like tortuosity, can be representative of the sensitivity of
the structure. Some of the differences in heterogeneity trends comparing tortuosity and
conductivity could result from the phase of interest related to the quantity of interest. One
explanation could be the lack of pore phase compared to particle phase, resulting in pathways
easily being restricted for tortuosity. Another hypothesis could be attributed to the pore phase
being amorphous while particles retain their shape. The amorphous nature of the pore phase

could mean a higher likely hood of pathway restriction.
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Figure 11. Actual conductivity heterogeneity is greater than predicted heterogeneity in most
cases. The larger the predicted heterogeneity, the larger Bruggeman deviation is observed. (a-c)
shows the predicted v. actual heterogeneity for through-plane tortuosity in each electrode. The
color of each point is the Bruggeman deviation for its respective direction. The dashed line,
which has a slope of 1, represents when the precited heterogeneity is equal to the actual
heterogeneity.

4. Conclusion

In this present study, we studied particle morphology and its influence on electrode
heterogeneity and anisotropy. We were able to identify multiscale features that impact the
sensitivity of effective properties in electrodes that range in particle morphologies. We probed
the influence of particle packing on internal variations that result in macroscale heterogeneity.
This analysis accounted for eighteen open-source tomograms for commercial electrodes.

Our analysis reveals that all eighteen electrodes exhibited anisotropy in tortuosity and
conductivity, which changed at the same rate. This trend was matched by structural anisotropy,
which is heavily influenced by particle morphology. Tortuosity, conductivity, and structural
anisotropy were through-plane dominant in every electrode. We elucidated particle morphology
influences internal variation by showing that platelet-like particles gave more significant internal
variation within the LRVEs. This particle morphology also resulted in larger through-plane

tortuosity, but in-plane directions were similar because of similar porosity values.
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A regime map was created using individual LRVEs of all eighteen electrodes. This regime
captured physical phenomena seen in our electrodes and known phenomena seen in the literature.
The regime map allowed for easy comparison and helped elucidate ideas on the sensitivity of an
electrode's structure. Using the regime map can be helpful when choosing electrode parameters
during manufacturing. We see that platelet-like particles for long-range effects gave more
significant variation and heterogeneity than a calendared spherical particle. This long-range
effect results from the regime in which the platelet structure resides, lending to a more sensitive
arrangement. The particle arrangement led to showing that porosity heterogeneity does not
correlate to tortuous heterogeneity.

A structure may be homogenous regarding porosity, but due to particle packing, tortuosity can
remain heterogeneous. An electrode with platelet-like particle morphology will exhibit more
significant internal variation and heterogeneity for a given porosity, but overall tortuosity values
in all directions are a greater influence. This influence is due to the in-plane directions
dominating the resulting variability significantly. The in-plane directions are essential due to
electrochemical interactions occurring in all cartesian directions upon cell cycling. Structures
with highly tortuous paths will lend to more sensitive electrode structures. This sensitivity relates
directly to internal wvariations and heterogeneities' ability to arise, making electrode

manufacturers perform a cost-benefit analysis to create safer, more reliable electrodes.
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