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For insertion-type lithium-ion batteries, the solid-state diffusion coefficient of Li+ in an active material is considered a key
parameter within the research community. The capabilities and limits of related parameter extraction methods are usually well-
established. However, there is a gap in understanding the influence of the applied measurement setup. In practice, many setups
unintentionally violate the assumptions of the extraction method. We apply the galvanostatic intermittent titration technique (GITT)
in virtual experiments using 3D microstructure-resolved simulations in varying model measurement setups. Diffusion coefficients
are extracted by applying a state-of-the-art Bayesian optimization approach which is particularly suitable for non-uniquely solvable
problems. The investigated parameters are within the typical literature range of LiNi0.8Mn0.1Co0.1O2 (NMC811). Because
experimental boundary conditions are precisely known within the simulation setups, the influence of microstructural features on the
extracted diffusion can be isolated and quantified. The investigation shows, that the applied monodisperse thin-electrode and single-
particle setup are capable of extracting the actual diffusivity with up to 4% and 17% point-estimate deviation, respectively. Particle
cracking proved to have the largest impact on extracted diffusion coefficients. Nevertheless, all predictions remained close to the
correct order of magnitude, i.e. point estimates deviated at most by factors in the range of 10±0.88.
© 2026 The Author(s). Published on behalf of The Electrochemical Society by IOP Publishing Limited. This is an open access
article distributed under the terms of the Creative Commons Attribution 4.0 License (CC BY, https://creativecommons.org/licenses/
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The active material (AM) plays a key role in determining the
energy density as well as performance of a battery. The theoretical
specific energy density of a material represents the thermodynamic
limit for a certain AM chemistry. However, the actual performance
of an AM in a full battery system is influenced by many more
factors. Particularly, the AM has to be able to provide certain
electrochemical performance metrics depending on the operating
conditions. Such requirements depend on the surrounding electrode
structure and application case of a battery. In contrast, the capabil-
ities of an AM are determined by the type of AM and its inherent
microstructure, which can be quantified by electrochemical char-
acterization. In order to compare the suitability and potential of
different AMs when designing a battery, the related characterization
methods need to be reliable and precise. This is also crucial for
enabling the tuning and optimization of AM microstructure to
intended application cases by means of particle design.1 Further,
most quantities used to characterize AM properties also directly
relate to input parameters required for battery modeling. Improving
the accuracy and reliability of parameters is therefore also intriguing
for enhancing the accuracy of model predictions and creating digital
twins of batteries.

Characteristic properties of AMs for Li-ion batteries (LIBs) are
typically the solid-state diffusion coefficient DLi of the charge
carriers, i.e. Li+, the electronic conductivity σs, and the charge-
transfer resistance RCT. The latter can be related to the exchange
current density i0. Together with the other two quantities it is
commonly used in order to describe AM-related transport in battery
modeling.2–5 This work will focus on the determination of DLi,
which is a key parameter for the rate-capability of an AM. Many
experimental methods are reported in the literature for its extraction.
They include the galvanostatic intermittent titration technique
(GITT),6 the potentiostatic intermittent titration technique (PITT),7

the intermittent current interruption (ICI) method,8 and electroche-
mical impedance spectroscopy (EIS).9 Fundamentally, these
methods all rely on the same principle by starting from global

equilibrium or steady-state. Then, the AM is perturbed out of its
equilibrium condition by a change of current or voltage while
measuring the other variable as a function of time. As a final step,
an appropriate model has to be applied to extract DLi from the data.

Electrode systems built for AM characterization are typically
designed to minimize influences of the electrode’s structure. This can
be achieved by thin electrode sheets with conductive additives which
can even go down to single-layer sheets.10 An alternative approach
measures single material particles via so-called single-particle
measurements (SPM).11,12 Models for the extraction of DLi from
the data have also been evolving since the first introduction of the
Weppner-Huggins (WH) formula for GITT.6 The method’s short-
comings have been analyzed and application standards established.13

Many flaws arising from strong model assumptions in the original
work have been tackled leading to more generally applicable and
accurate methods.14–18 Apart from improved accuracy, some ad-
vanced methods like ICI offer significant reduction of experiment
time.8,19 Among these methods, approaches based on Bayesian
optimization stand out.20 They are suitable for parameter extraction
as well as battery model parameterization in general. In particular,
these approaches are not bound to a specific experimental technique.
Furthermore, they are especially suitable for non-uniquely solvable
problems while offering the significant advantage of estimating the
precision of extracted parameters.18,20 Nevertheless, the combination
of GITT with the WH-formula, also known as four-point formula, is
still very common in literature due to its simplicity.13

Solid-state diffusion coefficients reported for a single type of AM
often span several orders of magnitude in the literature. For LIBs this
concerns popular negative as well as positive electrode materials. For
example, Wang et al.21 reported values in the range of 10−13 cm2/s
and 10−7 cm2/s for graphite and Günther et al.10 values ranging from
10−12 cm2/s to 10−8 cm2/s for NMC622. The usage of evaluation
methods with intrinsic model imprecisions is, however, only one
reason for the reported wide variance. There are several other
possible explanations for these deviations. On the one hand, this
comprises electrode designs or measurement procedures not suited
for the applied parameter extraction method. On the other hand, there
remain various unavoidable influencing factors. First, there is azE-mail: timo.danner@dlr.de
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remaining influence of any measurement setup even under optimal
conditions. Electrode-scale measurements are influenced by partial
surface coverage due to conductive additives as well as inter-particle
contact. Furthermore, AM particles commonly do not have a
monodisperse particle size distribution (PSD). Measurements in
SPM setups usually operate without conductive additives leading
to stronger influences of an AM’s electronic conductivity and
connectivity. Second, there is an influence of the microstructure of
the AM, which can be quite complex. For NMC-type materials,
many microstructural features can be tuned by advanced production
methods including the grain structure,22 porosity,23 and local
chemical composition.24 Understanding the precise effects of these
microstructural features on the electrochemical dynamics remains a
challenge of ongoing research. For practical AM classification, state-
of-the-art parameter extraction therefore typically assumes that the
AM is a homogeneous material. Microstructural effects are, thus,
compressed into a single diffusion constant DLi. Particle cracking is a
classical example demonstrating how these model assumptions break
down during the measurement procedure. It is typical for poly-
crystalline NMC-type materials.25 In this particular case active
surface area and electronic path length increase. Meanwhile, diffu-
sional pathways in the AM decrease since transport of Li toward the
particle center is improved by electrolyte invading the particle
cracks. Ruess et al.26 investigated this effect by performing GITT
measurements on electrodes of similar loading with both liquid and
solid electrolytes (SE). Compared to the solid case, they observed an
apparent increase in DLi in the liquid case exceeding one order of
magnitude. Nevertheless, distinguishing and quantifying effects of
microstructural electrode and particle features on the extracted solid-
state diffusion coefficient remains challenging. In experiments,
effects typically overlap with each other and are hard to quantify
precisely. Combining 3D electrochemical simulations with para-
meter extraction methods can aid in tackling these challenges. These
so-called virtual experiments have the distinct advantage, that the
microstructural and electrochemical conditions can be controlled
precisely. Nevertheless, there are only limited results utilizing the
approach in the literature so far. The method allows for example to
isolate microstructural electrode features and quantify the resulting
uncertainty in the extraction process. Performing virtual experiments
combined with the four-point formula, Chouchane et al.27 investi-
gated the effect of a carbon-binder domain (CBD) prohibiting
electrolyte transport.

In this work, we conduct virtual GITT experiments on spherical
NMC811 AM via 3D microstructure-resolved simulations. By
creating virtual structures, the effect of specific microstructural
features can be isolated and observed. Thereby, we obtain virtual
GITT measurement data showing how the measured voltage curves
are expected to change due to certain features. This information is
complemented by 3D-resolved information on the dynamics al-
lowing for physics-based explanations of the observed voltage

curves. Further, we extract DLi from the virtual GITT measurement
data using a Bayesian optimization approach. By that, the resulting
deviations of the measured DLi can be quantified by comparing it to
the intrinsic value of the AM used as input to our simulations.

The applied methods are explained in the following section
starting with details on the virtual GITT experiments, including the
applied continuum modeling approach and virtual structures. Then,
the employed parameter extraction methods are explained. The main
part of this work starts by verifying the applied setup followed by
detailing the impact of various microstructural features including
AM connectivity, secondary particle structure, and electrode micro-
structure. To complete the picture, the employed parameter extrac-
tion method is compared to other evaluation methods including the
common extended WH-formula. Finally, the results are comple-
mented by a summary and conclusion.

Methods

The methods required for the complete workflow for virtual
active material testing depicted in Fig. 1 is detailed in the following.
Virtual GITT experiments are conducted on varying setups (Fig. 2)
with a known intrinsic DLi, which is combined with the parameter
extraction methods explained within this section. By this, the
observed errors in the determined effective chemical diffusion
coefficients can be linked to uncertainties introduced by the setup
and complemented with physical explanations.

Virtual GITT experiments.—For the conduction of virtual GITT
experiments in a SPM setup as well as different electrode config-
urations, we use the simulation framework BEST.28 Its finite volume
implementation of a microstructure-resolved electrochemical battery
model gives precise control over the microstructure in each virtual
measurement scenario. This includes the particle structure as well as
the connection of particles to their surrounding, that is the current
collector in the SPM setup as well as other AM particles in the
electrode configurations. The different measurement setups will be
explained in detail after first introducing the model.

Model description.—The transport model is based on a previously
established continuum modeling approach. The full system of PDEs
describing the model can be derived from general principles of non-
equilibrium thermodynamics, which is detailed in Refs. 3, 29. The
model describes the spatial and temporal evolution of temperature,
concentrations, and potentials. More precisely, the lithium-ion
concentration and electrical potential in the solid phases, as well as
lithium-ion concentrations and electrochemical potentials in the
electrolyte. Typically, GITT measurements are performed using
moderate currents. We therefore assume a constant temperature in
the simulations leading to the set of governing Equations detailed in
Table S3. Note, that the model allows to spatially resolve the current

Figure 1. The applied virtual active material testing workflow. The virtual measurement setup (1) requires a 3D microstructure and the parameters defining the
electrochemical conditions. A virtual GITT measurement (2) is performed on the setup by applying the continuum modeling approach detailed in the Methods
section. Based on the fully available microstructural information and the known intrinsic DLi, physical explanations for the observed errors and uncertainties in
the parameter extraction (3) can be given.
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collectors. For an accurate representation of electrodes which are
typical for GITT measurements, it is necessary to include the effects
of conductive additives and binders in the model. Therefore, we
assume that the two materials can be described as a homogeneous,
porous material filled with electrolyte. The intricate microstructure is
beyond the scale of resolution. Hence, the CBD is modeled using
mathematical homogenization approaches resulting in effective
transport parameters for ions and electrons. A complete list of all
parameters used in the virtual experiments is given in Table S4. The
parameters for the active material were varied to investigate their
impact on electrochemical measurements and particularly on ex-
tracted chemical diffusion coefficients. They are listed in Table I and
are in the typical range of literature values for NMC811.8,26,30,31 As
a consequence, the parameter variation also accounts for uncertain-
ties regarding the solid-state diffusion coefficient and electronic
conductivity of NMC811. Further information on the applied model
is provided in Section S1. The low sensitivity with respect to the
intercalation rate i0 was also checked and is discussed in Section S7.

Simulation geometries.—In order to discern the effects of specific
microstructural features in virtual GITT measurements, five different
electrode microstructures were investigated. The different setups are
depicted in Fig. 2. Additional statistical information like their
capacity and surface area are detailed in Fig. S3.

The setup in Fig. 2a (“SPM-reference case”) serves as a baseline
for the investigation. It allows a validation of the virtual experiment
as well as the parameter extraction methods for the solid-state
diffusion coefficient DLi. The spherical particle within the setup has a
diameter dP of 13 μm and is embedded into a highly porous and
conducting material. The structure has a Li-metal counter electrode
and a separator, which consists of pure electrolyte with a thickness of
400 μm. We want to emphasize, that the surrounding material for the
embedding is fictional and its whole purpose is to create a reference
setup. The setup emulates homogenized cell-scale models like the
Doyle-Fuller-Newman (DFN) model or single-particle models.2,5 As
these models make similar simplifying assumptions, the SPM-
reference case yields solutions that can be directly compared.
Furthermore, the applied extraction methods for DLi detailed below
can be validated. This is possible, since a variant of the single-
particle model was chosen in the approach based on Bayesian
optimization.

The setup in Fig. 2b (“SPM-ideal case”) also features a single
spherical particle with dP = 13 μm. The particle is partly embedded
(0.40625 μm) into the current collector (CC) relating to an angle of
45° between two opposite edges of the covered spherical cap. The
rest of the particle surface is exposed to the electrolyte. The separator

is the same as in the SPM-reference case. Thereby, the setup allows
the investigation of effects due to electrical particle contact and
connectivity. Moreover, the setup mimics typical conditions of a
single-particle measurement.11

Figure 2c (“SPM-fractured case”) is the same as the SPM-ideal
case except that the sphere in addition exhibits cracks. The randomly
distributed cracks align with the radial direction of the particle and
reach a depth of roughly 4 μm. They are filled with electrolyte and
their different color in Fig. 2c is only for illustrative purposes. The
crack structure is shown in detail in Fig. S3(b).

The electrode setup in Fig. 2d (“electrode-ideal case”) is
designed to exhibit ideal conditions for a GITT measurement on
an electrode. The monodisperse (dP = 13 μm) and approx. 20 μm
thick electrode has around 51.13 vol% active material and 14.75 vol
% CBD. For NMC811, this relates to a mass ratio of 90:5:5 (NMC:
carbon:binder) and a mass loading of 5.531 mg/cm2. The electrode
was generated by piling grains in a periodic structure until the target
volume fraction was reached using the software GeoDict.32

Subsequently, CBD was distributed within the electrode structure
by applying a standard morphological closing algorithm.33,34 The
electrode’s Li-metal counter electrode is placed on top of a 25 μm
thick separator of type Celgard 2325.35 The setup allows to analyze
the influence of conductive additives and binders as well as a
comparison between a SPM and an electrode consisting of many
particles.

Finally, the electrode setup depicted in Fig. 2e (“electrode-PSD
case”) is similar to Fig. 2d, but the particles were drawn from a
Gaussian distribution with mean diameter dP = 13 μm. It was created
by the same procedure as detailed for the electrode-ideal case,
but the particles in the piling algorithm were drawn randomly
from a distribution. Detailed information on the distribution and
particle sizes is provided in Fig. S4. The electrode contains around
49.49 vol% active material and 15.49 vol% CBD. For NMC811, this
relates to a mass ratio of 90:5:5 (NMC:carbon:binder) and a mass
loading of 5.400 mg/cm2.

GITT procedure.—The GITT measurement protocol applied in all
of the virtual experiments consisted of two phases. During the initial
pulse phase, a constant current of 0.1 C is applied for a duration of
600 s followed by a rest period at zero current for 6 hours. The initial
concentration of lithium in the active material at the beginning of the
procedure was set to 0.010312 mol/cm3. This concentration corre-
sponds to a degree of lithiation of 20.60% and an open-circuit
potential of 4.300 V. The C-rate was calculated based on the
maximum concentration of lithium cs,max = 0.05006 mol/cm3 as-
suming a utilization of 80%. Consequently, this results in a total
change of degree of lithiation equal to 1.333% for all setups and the
applied current corresponds to 27.55 mA/g for NMC811.

Parameter extraction methods.—Bayesian optimization ap-
proach.—For a precise extraction of solid-state diffusion coefficients
from GITT measurement data, we employ a Bayesian optimization
approach (“EP-BOLFI”). The previously established method extends

Figure 2. Model geometries used for the virtual GITT experiments. The CCs are depicted in black, the AM in blue, and the CBD in green. The void space is
occupied by the electrolyte. The Li-metal counter electrode (yellow) and separator (orange) are only shown in the back third of each illustration. Their actual
thickness in through-direction is rescaled for a better visualization. Similarly, the fictional embedding material in the SPM-reference case (purple) is only shown
in the back third. The cracks in the SPM-fractured case are filled with electrolyte and highlighted in red.

Table I. Parameters for the active material used in the simulation
study. Values are in the typical range of parameters for NMC811.

DLi (cm
2/s) 10−12, 10−11, 10−10

σs (S/cm) 10−5, 10−4, 10−3

i0 (A cm/mol) 0.23047 (Ref. 30)
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Bayesian Optimization (BOLFI) with Expectation Propagation (EP)
for likelihood-free inference to create an efficient black-box
optimizer.18 A key trait of this approach is, that the measurement
data is divided into physics-based features instead of fitting the data
as a whole. This allows to incorporate knowledge about the under-
lying physics of the process into the parameter extraction process
and speeds up the algorithm significantly. A cell-scale battery model
can hence be used by the algorithm and is fit directly to the features.
The battery simulations are carried out using the efficient open
source tool PyBaMM.36 While the method itself has been shown to
be capable of fitting a multitude of unknown parameters at once, it
will be used to only extract solid-state diffusion coefficients here. In
order to facilitate the fitting process, the intercalation rate of the
active material is used as a second free parameter. This additional
degree of freedom yields the advantage, that no previous knowledge
of the active surface area has to be assumed in the process. EP-
BOLFI was applied with a fixed optimizer setting to all configura-
tions, inserting the least amount of bias into the extraction process. In
order to realize this in conjunction with noise-free simulated data, EP
was disabled in the algorithm. It should be emphasized, however,
that this is only recommended for noise-free data and expectation
propagation is a key component of the algorithm when working with
noisy data.18 A single-particle model with a correction term
accounting for the electrolyte behavior (SPMe) was chosen as a
battery model for the fitting procedure.5 This model closely matches
the conditions in the SPM-reference case. Furthermore, the electrode
structures consist of only a thin electrode layer with a sufficient
amount of conductive additives for percolating electronic pathways,
such that transport limitations can be neglected. Hence, more
detailed cell-scale models like DFN do not improve accuracy of
the method in a noticeable way.37 For the choice of the physics-
based features, we incorporate five features following Kuhn et al.18

For the pulse phase, we chose the initial voltage UP(t0) by square-
root extrapolation as well as the square-root slope /U td dP together
with the exponential relaxation time τP. Similarly, UR(t0) and

/U td dR were selected for the relaxation phase. Note, that the
initial voltages incorporate information regarding the internal cell
resistance, intercalation rate, and concentration overpotential. Both
square-root slopes contain direct information on the solid-state
diffusion coefficient DLi. This becomes evident via Eq. 1, as the
formula also applies to the relaxation phase, where it is called the ICI
method.8 Finally, the relaxation time τP includes information on the
system during prolonged pulse times complementing the short-time
square-root fit. The functions used for the fits are given by

( ) = ( ) + /
( ) = ( ) + ( ( ))

f t U t U t t t

f t U t U t t

d d ,

exp ,

sqrt
0 0

exp
0

1
0

where t0 refers to the starting time of the pulse or rest phase. The cell
potential plotted over the square root of time in the SPM-reference
case exhibited approximately linear behavior for the first 180 s of the
pulse phase. The square-root fits were restricted accordingly to the first
180 s of each phase. The exponential fit was then restricted to the last
360 s of the total pulse time of 600 s, where the cell potential in the
SPM-reference case deviated clearly from the square-root-like beha-
vior. The prior 95% confidence intervals for the parameters in the
optimization algorithm were chosen to be DLi ∈ (8e-13, 5e-10) cm2/s
and i0 ∈ (0.01, 10) A cm/mol. These indicate the ranges where the
algorithm tries to find optimal parameter values. The ranges were
chosen to deliberately cover all real parameter combinations, i.e. the
a priori set values in the virtual experiments, with a clear margin.
Therefore, EP-BOLFI can be applied to all virtual GITT measurement
data with the same settings similar to real conditions for a parameter
extraction without previous knowledge of the true values. Fig. 3
depicts exemplary GITT measurement data and illustrates the various
chosen features together with the prior 95% confidence intervals. After
the application of the optimization algorithm, most-likely parameters
are obtained together with their 95% confidence intervals CI95. These

intervals reflect the posterior uncertainty from the optimizer providing
error bars for the extracted optimal parameters. Further information on
the settings of EP-BOLFI is provided in Section S2. A complete list of
the extracted optimal DLi with error bounds for the discussion within
this work is given in Table S7. The related features as well as the
features extracted from the GITT data, are stated in Table S8 and Table
S9, respectively.

Weppner-huggins approach.—For the complementary analysis
below by a comparison to other evaluation methods, we applied the
more general version of the well-known Weppner-Huggins formula,

= /
/

[ ]D
V

A

U t

U t

4
d d

. 1Li
0

P

P

2

Therein, V denotes the total volume of the electrode’s active material
and A the electrochemical active surface area of the electrode. ΔU0

describes the total change in open-circuit potential during the pulse
time ΔtP.6 For the results based on the measured surface areas (DLi

M),
the active surface areas of each setup were calculated directly from
the microstructures. For the extraction using approximated surface
areas (DLi

A), the surface-to-volume ratio of a perfect sphere of radius
rP was applied, i.e. A/V = 3/rP. The change in open-circuit potential
ΔU0 was calculated based on the total transferred charge. This
mirrors an idealized environment with infinite relaxation time
therefore neglecting uncertainties introduced by this factor.

Results and Discussion

In the main part of this section we will discuss the results of the
virtual GITT measurements and the subsequently extracted solid-
state diffusion coefficient by EP-BOLFI. In particular, we will
investigate how microstructural properties change the electroche-
mical response and determined effective chemical diffusion coeffi-
cients. Local changes in the active material’s lithiation dynamics can
be directly observed and linked to shifts in the measured cell voltage
of the virtual GITT experiment. Changes in the voltage in turn
translate to deviations in the extracted DLi from the true diffusivity of
the material. The discussion in this Section will focus on
DLi = 1e-10 cm2/s, but the results are also transferable to other
values for DLi. A complete discussion on DLi = 1e-11 cm2/s and
DLi = 1e-12 cm2/s is given in Section S6. The influence of the
intercalation rate was rather small which is argued in Section S7.
First, we will discuss the verification of the extraction workflow
which yields a reference for the accuracy of the workflow in other
measurement scenarios. Then, different microstructural features will

Figure 3. Feature-based parameter extraction via EP-BOLFI. The varying
features defined in the Methods section are depicted as dashed blue lines for
the exemplary data (red).
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be investigated. Finally, the results for DLi will be compared to other
parameter extraction methods in order to complete the picture.

Verification of workflow.—First, we demonstrate the validity of
the workflow using the SPM-reference case. This setup can be
compared directly to the SPMe model which serves as a cell-scale
simulator within the parameter extraction process via EP-BOLFI.
Importantly, this process also yields a reference that can be used for
comparison throughout the analysis of the varying microstructural
features in the following. Fig. 4a shows the lithium concentration
within the AM particle. As expected the lithiation shows a radially
symmetric pattern. The lithium concentrations are illustrated using
the change in degree of lithiation with respect to the initial
concentration at the start of the pulse. This quantity will be used
throughout the manuscript and is defined by

= ( ( ) ( = ))/c t c t cDoL 0 .s s s,max

Recall, that the average of the total change of ΔDoL equals
−1.333% for all setups. For better comparability of the results,
lithiation patterns and overpotential distributions will always be
depicted at t = 240 s.

The good agreement between the SPMe simulation and the SPM-
reference case with identical parameters can be seen in Fig. 4b. The cell
voltages deviate by at most 0.565 mV. The extracted DLi in Fig. 4d
shows a small point-estimate deviation of 1.6% from the intrinsic
diffusivity in the virtual experiments. This sets a reference for DLi and
quantifies the extent of the systematic error mostly due to the
voxelization of the spherical particle in the virtual experiment. While
it is not the focus of this work to analyze the differences between cell-
scale simulations like SPMe and the employed microstructure simula-
tion tool BEST in-depth, one needs to be highlighted in particular. Voxel
discretization of a perfect sphere, as intended in the SPM-reference case,
introduces a systematic local fluctuation of the particle surface regard-
less of resolution, i.e. voxel size. The sphere’s volume in turn can be
approximated to arbitrary precision. As can be seen in Fig. 4, this does
not lead to an incorrect prediction of the cell potential, lithiation pattern
or average overpotential. Instead, it introduces a wave-like shape to the
overpotential depicted in Fig. 4c as a slice-average going from CC to
separator. Additional information on the negligible influence of the
voxelized surfaces is provided in Fig. S7. The dependence of simulation
results on the applied resolution was investigated in Fig. S5 and found to
be minor. In general, the sensitivity of cell potentials with respect to
resolution increased with decreasing diffusivity. This resulted in a minor
but increasing setup error, which is discussed in Section S6. Further, the
influence of electrolyte transport and the lithium counter electrode was
investigated. The results are visualized in Fig. S6 showing that their
impact is negligible in all virtual setups.

Influence of connectivity.—Now, we will look at the influence of
connectivity by means of the SPM-ideal case. Changes compared to
the SPM-reference case originate from partial surface coverage on
the one hand and ohmic effects due to a limited electronic connection
on the other. By varying the conductivity in the virtual experiments,
these two effects can be discerned.

Effect of partial surface coverage.—Figure 5a shows the lithium
distribution within the particle for the highest electronic conductivity
σs = 1e-3 S/cm. The pattern is mostly radially symmetric similar to
the SPM-reference case except for the zone close to the contact with
the CC. The corresponding GITT measurement predicted by the
simulation is depicted in Fig. 5c and is almost identical to the SPM-
reference case with a deviation below 0.6 mV. The total surface
coverage of the particle covered by the CC is around only 3.093%.
Note, that this amount of surface coverage leads to a sufficient
electronic connection, which is argued in Section S3. Due to the high
electronic conductivity of the active material in this scenario, the
influence of ohmic effects is negligible. Differences in the measured
voltages by GITT between the SPM-ideal case and the SPM-
reference case are therefore governed by effects due to differing
intercalation surface areas. A reduced active surface leads to an
increase in the effective current density on the active surface in
contact with the electrolyte. This raises the average overpotential and
decreases the surface concentration of lithium.

The average overpotential is approximately inversely propor-
tional to the surface area exposed to the electrolyte. The exact
relation is discussed in Section S4 and requires sufficiently small
currents, which is a reasonable assumption for the applied GITT
procedure. This matches with the overpotentials, which are depicted
as vertical lines in Fig. 5e, where 6.4878e-4/6.2702e-4 ≈ 1.0347 is
close to the surface fraction (1 − 3.093%)−1 ≈ 1.0319. Nevertheless,
this is a minor effect as it accounts for only around 0.022 mV
deviation in measured voltage.

The second effect, i.e. a stronger decrease in surface concentra-
tion, translates to a faster shift of the open-circuit potential compared
to the SPM-reference case. The effect increases over the pulse
duration and mainly causes the voltage differences between the two
cases. It amounts already to roughly 0.45 mV after the 240 s pulse
duration depicted in Fig. 5. This is consistent with the approximate
upper bound, given by

( ) ( ( ) ( ))

[ ]

U t U1 0

0.0319 0.0437 V 1.4 mV. 2

A

A meas
P

meas
1

2

The derivation and exact assumptions of this approximation are
detailed in Section S5.

Figure 4. Verification of workflow. Results depicted for the SPM-reference case with DLi = 1e-10 cm2/s. (a) Lithiation pattern within the particle at t = 240 s
with an average ΔDoL of −0.533%. (b) Resulting cell potential for the first 780 s of the GITT procedure. (c) Slice-averaged overpotentials over the through-
direction. Horizontal lines indicate global averages. (d) Extracted DLi and 95% confidence CI95.
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In summary, the deviation in measured potential during GITT
from the SPM-ideal case to the SPM-reference case for
σs = 1e-3 S/cm is governed mostly by the fraction of available
surface area leading to a shift in surface concentration. Since the
available surface area is reduced by less than 4%, the effects on the
potential curve are in the same order. It can be argued, that in a real
measurement environment this effect will be in the order of
magnitude of noise in the measurements or other uncertainties in
the experiment.

Effect of conductivity.—The single contact in the SPM setup
causes an offset in the cell voltage due to the bottleneck at the
contact area. Furthermore, it leads to a shift in the overpotential
distribution on the surface due to the variation of path lengths. These
effects become relevant at low conductivities and add to the ones
caused by partial surface coverage, which were discussed previously.
We will look at this by the means of the SPM-ideal case with
σs = 1e-5 S/cm. The related lithium distribution for t = 240 s is
depicted in Fig. 5b showing a shift in the lithiation pattern compared
to Fig. 5a. Intercalation occurs preferentially closer to the electronic
connection at the CC. This behavior can be explained by the
influence of the local electronic potential at the surface of the
particle on the intercalation current. The potential in turn directly
relates to the path length of points at the surface to the contact at the
CC. This is reflected by the overpotentials plotted as slice averages in
through-direction in Fig. 5e. The overpotentials of the SPM-ideal
case for high conductivity (solid blue line) always lie above the
SPM-reference case (dotted red line). Meanwhile, the case with
lower conductivity (dashed green line) is clearly tilted and lies below
the SPM-reference case up to roughly 8 μm. Recall, that the CC is
placed at around 12.6 μm. The overpotential average (6.5144e-4 V)
is almost identical to the case with high conductivity (6.4878e-4 V).
Interestingly, the slice-averaged overpotentials for both cases are
very close or below the ones related to the SPM-reference case
except for the region close to the CC. Then, comparably much higher
overpotential can be observed. The maxima are around 2.454 mV for
σs = 1e-3 S/cm and 4.483 mV for σs = 1e-5 S/cm, which is 3.77 and
6.88 times the average value, respectively. Finally, the measured
GITT potential depicted in Fig. 5c deviates significantly from the
SPM-reference case during the pulse phase by around 12.9 mV. The
shifted curves in Fig. 5d show that this is mostly a constant offset

caused by the bottleneck at the connection to the CC. In addition,
another small feature appears in the first couple of seconds during,
both, the pulse and relaxation phase, which is well visible in Fig. 5d.

Extracted diffusion.—The resulting extracted solid-state diffusion
coefficients and related confidence intervals are listed in Fig. 5f.
Impact on the extracted DLi is minor yet the error increases for
decreasing conductivity. This is expected, as the impact on the
concentration distribution increases for a decreasing conductivity.
The effect adds to the implications of surface coverage, which are
always present. For the case of high conductivity (1e-3 S/cm), the
point-estimate of DLi deviates by only 6% originating from the low
amount of covered reactive surface area. This is consistent with the
small overall deviation of the measured voltages from the SPM-
reference case. Increasing ohmic resistances intensify preferential
lithiation at the electronic connection. The resulting rapid increase of
voltage at the beginning of the pulse artificially increases the square-
root slope. At lower conductivities, the point-estimate difference in
DLi consequently increases up to 17% at 1e-5 S/cm. The features
extracted from the data, cf. Table S6, are consistent with this
physical intuition. The additional small feature at the beginning of
each GITT phase influences the extracted square-root slopes. At 1e-
5 S/cm, /U td dP and /U td dR and are both increased by 9.5% and
17.1%, respectively.

Influence of secondary particle structure.—Next, we want to
investigate the influence of particle cracking on the extracted
diffusion coefficient via the SPM-fractured case. Similar to the
investigation in the previous section, the microstructural influences
on the measured GITT curves can be partly separated. Again, this is
possible by comparing the results for high and low electronic
conductivities.

Effect of extended surface.—For the highest electronic conduc-
tivity (σs = 1e-3 S/cm), electron transport limitations become negli-
gible. Consequently, effects of an increased particle surface area in
conjunction with a reduction of diffusive path lengths for the lithium
inside the particle are isolated. Figure 6a depicts the related lithium
distribution inside the particle. The lithiation pattern obviously
differs from the SPM-reference case due to the different particle
structure. Nevertheless, the local concentration similarly depends on

Figure 5. Influence of connectivity. Results depicted for the SPM-ideal case with DLi = 1e-10 cm2/s. Lithiation pattern within the particle at t = 240 s with an
average ΔDoL of −0.533% for (a) σs = 1e-3 S/cm and (b) σs = 1e-5 S/cm. (c) Resulting cell potentials for the first 780 s of the GITT procedure. (d) Cell
potentials shifted by their respective maxima removing constant offsets during the pulse phase. (e) Slice-averaged overpotentials over the through-direction.
Horizontal lines indicate global averages. (f) Extracted DLi and 95% confidence CI95.
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the path length to the nearest surface. Reduction of the effective
diffusion length is reflected in the related GITT voltage curve in
Fig. 6c. Note, that the characteristic diffusion length cannot be
described by a single value anymore like in the SPM-reference case.
Instead, it is characterized by a distribution of values with a mean
value below the particle radius. Short diffusion pathways lead to a
better utilization of the particle resulting in an overall lower voltage.
This is reflected in the related cell voltage, which is depicted as the
full blue line in Fig. 6c. The overall deviation of the measured
voltage to the reference is at most 7.7 mV.

Similar to the SPM-ideal case, the overpotential has a minor
effect on the measured potential. It accounts for only around
0.37 mV of the deviation, but scales approximately linearly with
the active surface area following the relation discussed in Section S4.
At 240 s, the average value of 0.26007 mV is by a factor of 2.4110
lower compared to the SPM-reference case independently of con-
ductivity, cf.. Fig. 6e. The surface area is increased by a factor of
2.4670 in comparison.

The main deviation in measured potentials originates from
the increased surface concentration. It causes around 7.1 mV
of the 7.36 mV at the 240 s of pulse duration presented in
Fig. 6. Interestingly, the estimate for the deviation given by
Eq. 2 is still able to roughly approximate the influence. It predicts
(1 − 1/2.4670) · 0.0437 ≈ 26 mV, even though the assumptions for
the formula are mostly violated.

Effect of conductivity.—The additional influence of conductivity
is getting evident for the lowest conductivity σs = 1e-5 S/cm. The
lithiation pattern depicted in Fig. 6b shows a shift of the lithiation
toward the current collector similar to the SPM-ideal case. However,
the effect is much more pronounced. This can be explained by the
electronic pathways which become much more tortuous due to the
fractures. The related GITT voltage curve in Fig. 6c deviates
strongly from the SPM-reference case. Nevertheless, it is mostly a
constant offset due to ohmic losses as seen in the relaxation phase of
the measurement as well as in Fig. 6d during the pulse. Figure 6d
also reveals, that in comparison to the SPM-ideal case, this has a
much more pronounced effect on the short-term behavior. In fact, it
counteracts the effect of the shortened diffusive pathways and even
dominates the voltage response.

Extracted diffusion.—The influence on the extracted diffusion
coefficients is determined by two opposing trends, which can be
explained by Fig. 6d. The increased surface area and shortened
diffusion pathways lead to a lower square-root slope in the short-
term behavior at the start of each phase of the GITT measurement.
This strongly increases the extracted point-estimates of DLi to about
3.9 times the reference value for σs = 1e-3 S/cm, cf. Fig. 6f. The
corresponding features extracted from the measurement are stated in
Table S6. The related decrease in square-root slope is a factor of
about 1.7 for the pulse phase and 3.4 for the relaxation phase. The
decrease in the square-root slope is counteracted by conductive
effects, which scale with the electronic conductivity. Compared to
the reference, the decrease of the fitted square-root slope amounts to
factors of 1.6 and 3.1 for σs = 1e-4 S/cm and 0.65 and 0.35 for
σs = 1e-5 S/cm for the pulse and relaxation phase, respectively. This
is consequently reflected in the extracted DLi lowering the point-
estimates to 3.8 and 0.23 times the reference for 1e-4 S/cm and 1e-
5 S/cm, respectively. Note, that these values were extracted by a fit
using the same time interval of 180 s. This could lead to an
underestimation of these effects as a shorter time interval would
emphasize the short-term behavior, even though it might not follow
an ideal square-root-like behavior. This ambiguity when working
with actual data was omitted in this analysis by using a unified fit
interval for all virtual GITT measurement data.

Influence of electrode microstructure.—For the analysis of
transport on the electrode level we focus on two different setups.
The electrode-ideal case shows effects of an accumulation of many
particles of exactly the same size connected by a CBD matrix. The
electrode-PSD case combines these effects together with particles
drawn from a Gaussian random distribution. Details on the particle
distribution and sizes are provided in Fig. S4.

Effect of electrode transport.—Due to the high amount of
conductive additives, major parts of the particle surfaces in both
electrodes are covered by CBD. 10% of the total mass of the
electrodes were carbon additives and binders corresponding to
around 15 vol% CBD. This leads to 71.45% and 72.91% of the
surface being covered by CBD voxels for the electrode-ideal case
and electrode-PSD case, respectively. Due to the model assumption

Figure 6. Influence of secondary particle structure. Results depicted for the SPM-fractured case with DLi = 1e-10 cm2/s. Lithiation pattern within the particle at t
= 240 s with an average ΔDoL of −0.533% for (a) σs = 1e-3 S/cm and (b) σs = 1e-5 S/cm. (c) Resulting cell potentials for the first 780 s of the GITT procedure.
(d) Cell potentials shifted by their respective maxima removing constant offsets during the pulse phase. (e) Slice-averaged overpotentials over the through-
direction. Horizontal lines indicate global averages. (f) Extracted DLi and 95% confidence CI95.
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on the CBD having 50% nanoporosity, the active surface area is
reduced by half of that, which means around 36%. In contrast to the
SPM-ideal case, the CBD does not obstruct diffusional pathways in
the AM by completely blocking off parts of the particles’ active
surface area on the scale considered in this work. The lithiation
patterns therefore follow the radially symmetric pattern. Figure 7a
illustrates this by depicting exemplary 2D slices through particle
centers of the electrode-PSD case. The conductive additives improve
the overall electrode conductivity to a point, where the influence of
the AM conductivity becomes negligible. This can be seen in Fig. 7b
as the dashed lines for the low conductivity lie on top of the solid
lines representing the high conductivity data. The deviation in cell
voltage between the electrode-ideal case and the SPM-reference case
in Fig. 7b during the pulse phase is approximately a constant offset.
This becomes evident by the almost perfect overlay of the corre-
sponding voltage curves in Fig. 7c. As a consequence, the SPM-
reference case shows the same offset in the relaxation phase in
Fig. 7c. The magnitude of the constant offset in measured voltages
for the electrode-ideal case is about 3.58 mV compared to the SPM-
reference case. It can be explained by the reduced active surface area
due to the CBD coverage. The reduced surface area leads to an
increase in average overpotential on the one hand and a stronger
decrease in surface concentration underneath CBD-covered surfaces
on the other.

The average overpotential, indicated by the vertical lines in
Fig. 7d, is increased by a factor of 1.7410 and 2.0941 for the
electrode-ideal case and electrode-PSD case, respectively. Note, that
this is slightly higher than the fractions of the volumetric surface
areas, which are 1.5737 and 1.9006. This is due to the dependency of
the intercalation rate on the surface concentration, whose influence
scales with the amount of covered surface. A more detailed
discussion on this is given in Section S4. The deviation in average
overpotentials accounts for 0.464 mV in the electrode-ideal case.

The remaining main part of the deviation can be explained by a
stronger decrease in surface concentrations at covered areas. Such
areas require a higher overpotential to sustain the same average
current as uncovered ones. This causes a stronger decrease in surface
concentration in turn further shifting the open-circuit potential. The
effect can be seen qualitatively in the slice-averaged overpotentials
in Fig. 7d, which show higher variances for the electrode cases

compared to the reference. Particles close to the separator are
covered less by CBD as they have less contact points to other
particles. Consequently, this results in lower overpotentials in the
first 10 μm of both electrodes.

Effect of particle size distribution.—The effect of a PSD can be
seen qualitatively in Fig. 7a. Shorter diffusion lengths of smaller
particles lead to a faster increase in their average concentration. The
distribution of diffusion lengths results in a changed shape of the
measured cell potential throughout the whole measurement proce-
dure which is shown in Fig. 7b. The measured cell potential further
reveals that, both, its long- and short-term behavior are altered
compared to the reference. Consequently, a noticeable influence on
the extracted diffusion constants is expected. Interestingly, all other
microstructural phenomena investigated so far only affected the
short-term behavior or resulted in an approximately constant offset.
Therefore, the effect of a PSD has a unique effect on the measured
potential curve making it distinguishable from the other phenomena.

Extracted diffusion.—The resulting extracted solid-state diffusion
constants listed in Fig. 7e follow the trends expected from the
previous discussion. CBD coverage did not obstruct lithium diffu-
sion in a meaningful way. The reduced reactive surface area
consequently lead to an approximately constant offset in measured
voltage for the electrode-ideal case. Therefore, the extracted DLi also
only shows a small point-estimate deviation by less than 4% with a
minor variation due to the electronic conductivity. The electrode-
PSD case influenced, both, the short- and long-term behavior. The
distribution of diffusion lengths originating from varying particle
radii resulted in an overall bigger slope of the voltage curve.
Consequently, the square-root slope increased by around 17.5%
(Table S6) reducing the point-estimates of the extracted diffusion by
approximately 29%.

Comparison to other evaluation methods.—The previous ana-
lysis aimed at establishing links between microstructural features of
virtual measurement setups and the resulting DLi. For a more holistic
picture, we also want to compare the results to other parameter
extraction methods. This will be separated into two parts starting
with a general discussion including various selected methods from

Figure 7. Influence of electrode microstructure. Results depicted for the electrode-ideal case and electrode-PSD case with DLi = 1e-10 cm2/s. (a) Lithiation
pattern within the electrode-PSD case at t = 240 s with an average ΔDoL of −0.533% for σs = 1e-4 S/cm. The top part (z = 44.4 μm) cuts through the center of
the small particle and the bottom part (z = 41.4 μm) cuts through the center of the big particle. (b) Resulting cell potentials for the first 780 s of the GITT
procedure. (c) Cell potentials shifted by their respective maxima removing constant offsets during the pulse phase. (d) Slice-averaged overpotentials over the
through-direction. Horizontal lines indicate global averages. (e) Extracted DLi and 95% confidence CI95.
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literature. Then, the results obtained by EP-BOLFI are compared to
ones obtained by applying the extended WH-formula Eq. 1.

General discussion.—For a comparison between different para-
meter extraction methods, it is important to understand the assump-
tions and simplifications that they are based on. For clearness, the
discussion will be limited to the EP-BOLFI method in conjunction
with the herein applied cell-scale simulations via PyBaMM. It should
be noted, however, that the method is in general not bound to any
particular battery model or simulation tool.

The EP-BOLFI method applied within this work uses simulations
of a homogenized cell-scale battery model at its core. That is why the
method can account for any details resolved by the model assuming

the features were chosen accordingly. This includes effects of the
electrolyte, counter electrode and electrode tortuosity. In contrast,
the model does not account for the microstructural factors investi-
gated within this analysis, but this also extends to other effects like
aspherical particles or anisotropic diffusive transport. It is hence
important to understand the limitations of the model when applying
the method to experimental data.

The extended WH-formula Eq. 1 is based on an analytical
solution to the diffusion equation within a spherical particle. It
assumes semi-infinite diffusion as well as a constant intercalation
current without considering the impact of the local environment on
the surface. The exact assumptions and derivation are detailed in
Weppner et al.6 Standard cell-scale models including the SPMe

Figure 8. Comparison of the extracted diffusion for an intrinsic diffusivity in the virtual experiment of DLi = 1e-10 cm2/s. Results for a parameter extraction via
(a) EP-BOLFI, (b) the WH-formula with measured active surface areas, and (c) the WH-formula with approximated active surface areas. The intrinsic error εsetup
of each method is given by the fraction of the true diffusivity of the material over the extracted DLi for the SPM-reference case.
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which was applied here solve the diffusion equation for spherical
particles as well. As a consequence, cell-scale models predict the
same concentration profile during the pulse phase, if the conditions
required by the extended WH-formula are met. The extended WH-
formula can therefore be interpreted as a simplified approach
compared to EP-BOLFI.

The standard WH-formula, also known as 4-point-formula, is a
simplification of the extended WH-formula.6 It additionally assumes,
that the cel potential is linear with respect to the square root of time
over the whole pulse duration, which in particular requres linearity of
the open-circuit potential U0. The application of the formula is
therefore especially critical in regions with significant variations of
the slope of U0.

The ICI method, which was introduced by Chien et al.8, extracts
DLi from short relaxation phases during an otherwise constant
applied current. It is based on similar assumptions as the extended
WH-formula as well as the same analytical solution to the diffusion
equation within a spherical particle. Cell-scale models are thus able
to predict matching concentration profiles during a relaxation phase
given the conditions for the ICI formula hold. Therefore, the method
can also be interpreted as a simplified approach compared to EP-
BOLFI.

In summary, the applied EP-BOLFI method can be seen as the
most general and flexible approach of the discussed methods. The
ICI and extended WH-approach can be considered as simpler
approaches and, finally, the 4-point-formula is the most simple
method. Note, that also other methods could achieve the same
quality of results as EP-BOLFI, given they are based on battery
models with a similar level of detail. Naturally, increased accuracy
comes with certain expenses as well. Methods based on forward
simulations of battery models are computationally more intense,
even though this is usually manageable. Further, more precise
methods typically become increasingly sophisticated in their appli-
cation. Note, that this can also be seen as an advantage. The
increased complexity requires the user to actively account for the
many factors set by experimental boundary conditions and decide on
their relevance. For example, determining the square-root slope in
order to apply the extended WH-formula would automatically reveal
if the measured relation remained linear throughout the whole pulse
duration. Hence, it would become directly evident whether an
application of the simpler 4-point-formula is justified or not.
Conversely, mere application of the 4-point-formula could easily
miss a violation of this assumption.

Quantitative comparison of extraction methods.—In this section,
we will compare the results for the extraction of DLi based on the
extended WH-formula Eq. 1 to the ones obtained by the herein
applied EP-BOLFI method. The evaluations are based on the square-
root slopes extracted by EP-BOLFI, cf. Table S6, and the results are
illustrated in Fig. 8. The exact values of the extracted DLi are listed in
Table S9.

The results for measured (DLi
M) and approximated (DLi

A) surface
areas are in good agreement for the SPM-reference case, but show a
higher deviation of the reference compared to EP-BOLFI of around
27%. This deviation originates from two assumptions of the WH-
formula. Firstly, the assumed linearity of the open-circuit potential
introduces an error in combination with the long pulsing phase of
600 s. Secondly, the approximation requires semi-infinite diffusion
for the square-root-like behavior. Chien et al.8 have shown, that this
approximation holds within 5% error for < · /t r D0.0032 13.5P

2
Li s

for DLi = 1e-10 cm2/s. The applied fit over the first 180 s is therefore
not optimized for the approximation. Here lies an important
difference to the EP-BOLFI approach. In the Weppner-Huggins
formula, a too long time span for the square-root fit will directly
result in a less accurate prediction of DLi. With EP-BOLFI, the
simulations by the optimizer should in theory reflect the same
mismatch between measurement and fit, if the real measurement
conditions are sufficiently matched by the model. Therefore, EP-

BOLFI is still able to accurately recover DLi under such conditions,
which is reflected in more accurate values for the SPM-reference
case.

The SPM-ideal case shows the same trend as EP-BOLFI with a
very minor deviation from the reference.

For the SPM-fractured case, the results depend strongly on the
utilized surface area, which is obvious from the strong mismatch
between the model assumptions and actual fractured microstructure.
Interestingly, while DLi

M is more precise for high conductivities
compared to DLi

A, the prediction for low conductivities has the
highest deviation of all considered cases. For σs = 1e-3 S/cm, DLi

M

underpredicts DLi by a factor of 2.18 compared to an overprediction
by a factor of 3.19 for the approximated surface area. The lowest
conductivity of σs = 1e-5 S/cm leads to an underprediction by a
factor of 2.06 and 14.35 for DLi

A and DLi
M, respectively. This can be

explained by the harsh increase of the square-root slope due to the
additional artificial feature introduced by low conductivities for short
times. The increase is in turn directly reflected in a proportional
reduction of the extracted DLi, as the WH-formula is strongly
influenced by the square-root slope. The extreme discrepancy
between the different approaches for the surface areas results from
the underprediction of surface area in part canceling out some of the
overprediction of the square-root slope in the case of DLi

A.
The electrode-ideal case and electrode-PSD case behave very

similar to the point-estimates by EP-BOLFI in the case of approxi-
mated surface areas. The approximations deviate by less than 1%
from the reference for the monodisperse electrode. In contrast, the
results for DLi

M predict a 2.52 and 2.67 times higher diffusion for the
electrode-ideal case and electrode-PSD case, respectively. The
overprediction originates from the CBD-coverage within the elec-
trodes, as it still allows intercalation at covered surface regions. The
current density within the electrolyte at the particle surface increases
proportional to the surface coverage due to CBD. At the same time,
the effective current density within the particle remains similar to a
non-covered particle. This results in a wrong prediction of the local
ionic current density at the particle surface, which is basis for the
surface-area factor within the WH-formula.

In summary, the extendedWH-formula leads to overall less accurate
predictions of DLi compared to EP-BOLFI. However, the approxima-
tions remain close to the correct order of magnitude except for the case
of fractured particles. That is,DLi obtained by the WH-formula deviated
at most by factors in the range of 10±0.43, if the SPM-fractured case is
excluded. In comparison, the point-estimates of EP-BOLFI deviated at
most by factors in the range of 10±0.16. In the case of particle cracking, an
accumulation of errors leads to particularly high inaccuracies in the
results when measured surface areas are used in the WH-formula.
Consequently, it is particularly important to check to which extent
particle cracking could occur when working with real experimental data.
Only then, high accuracy of results can be ensured. In cases where it is
not possible to exclude particle cracking, a robust extraction method like
EP-BOLFI is recommended. Nevertheless, even then only a reliable
estimate on the order of magnitude ofDLi can be expected. Note, that the
WH-formula with approximated surface areas also yielded acceptable
results with a precision similar to EP-BOLFI in the considered scenarios.
As setup errors were a relevant factor for this method, its precision could
be further improved though. This could be achieved by a cycling
protocol with shorter pulse durations and optimized intervals for the
square-root fit following the approach of Kang et al.15

Conclusions

The main results can be summarized as follows. The influence of
connectivity by means of the SPM-ideal case proved to be minor
overall. On the one hand, the implicated partial surface coverage of
the particle at the connection area had a negligible influence on the
measured voltage. This could be reasoned by the low fraction of
covered surface area, which was shown to be the main scaling factor
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for the differences in the measured voltage. On the other hand, the
effects due to a low electronic conductivity lead to the main
deviations. Then, a constant offset in the measured voltage as well
as an additional feature at the beginning of the pulse phase was
introduced. The extracted point-estimates of the solid-state diffusion
coefficient DLi deviated by at most 17% in the considered SPM-ideal
case for the lowest electronic conductivity of 1e-5 S/cm.

Particle cracking lead to the most extreme deviations in measured
voltages and extracted DLi. For high conductivities, the extended
surface area exposed to the electrolyte combines with a reduced
diffusive path lengths for the lithium inside the particle. This lead to
a prediction of DLi, whose point-estimate was 3.9 times higher than
the reference. The effect of electronic pathways being much more
tortuous due to the fractures becomes evident with a decreasing
conductivity. This causes similar changes in the measured voltage as
the ones originating from the effect of connectivity, but much more
pronounced. While the applied parameter extraction method was not
affected by the constant offset, the feature at the beginning of the
pulse phase reduces the predicted diffusion constant. The magnitude
of this effect scales with decreasing conductivity. For the lowest
considered conductivity of 1e-5 S/cm, it became a dominating factor
in the parameter extraction reducing the point-estimate of DLi to 0.23
times the reference.

The electrode-ideal case showed that the virtual measurement on
a thin electrode with a high amount of conductive additives is able to
predict DLi with a small point-estimate deviation by less than 4%.
The prediction was this precise independently of the AM’s electronic
conductivity as well as in spite of a high surface coverage of the
particles reducing their active surface area by around 36%. The
implications of a particle size distribution were considered by means
of the electrode-PSD case. In contrast to the other considered
phenomena, the distribution of diffusion lengths resulted in devia-
tions of the measured voltage throughout the whole pulse phase. The
extracted point-estimate of DLi decreased by approximately 29%
compared to the reference making it the second highest error source.

Overall, the investigation showed that the applied thin electrode
and single particle setup are capable of extracting the real diffusivity
with only 4% and 17% point-estimate deviation, respectively. This
makes the thin electrode the seemingly best choice to extract the
solid-state diffusion constant. It has to be noted though, that effects
due to calendering were not considered. This includes possible
additional surface coverage of particles at the CC or due to inter-
particle contact. In addition, calendering could cause deformation of
particles or even particle cracking. Especially the latter could
increase the deviation significantly as discussed above. These
possible downsides can be avoided by using a SPM setup for the
measurement. In theory, this can give SPM an edge over measure-
ments on electrodes, especially for materials with a high electronic
conductivity as this increases the accuracy of the setup. In the case of
σs = 1e-3 S/cm, the extracted DLi deviated by only 6% from the
reference for the considered SPM-ideal case.

The comparison to other extraction methods showed that the
application of the extended WH-formula yielded results with an
only slightly lower precision for most cases. The case of particle
cracking, i.e. the SPM-fractured case, combined with measured
surface areas was an exception underpredicting DLi by a factor of
14.35. Nevertheless, an awareness of the inherent conditions of the
experimental setup as well as the applied parameter extraction
method is key in obtaining precise and trustworthy results. This
favors more general and complex extraction methods, as most
state-of-the-art approaches do not quantify their uncertainty.
Consequently, an application to data whose experimental condi-
tions are not fully covered by the method can easily go unnoticed
falsifying the extracted material property to an unknown extent.
For cases with a known discrepancy between the experiment and
the extraction method, application of the workflow presented
within this work can help quantifying and reducing such unavoid-
able errors.
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