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Preface
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advancing battery technologies that pave the road for future EV adoption.
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Influence of Cell Selection and Orientation within the Traction
Battery on the Crash Safety of Electric-Powered Two-Wheelers

Alessio Sevarin, Markus Fasching *, Marco Raffler and Christian Ellersdorfer *

Vehicle Safety Institute, Graz University of Technology, Inffeldgasse 23, 8010 Graz, Austria
* Correspondence: fasching@tugraz.at (M.F.); christian.ellersdorfer@tugraz.at (C.E.)

Abstract: The crash safety of lithium-ion traction batteries is a relevant concern for electric vehicles.
Current passive safety strategies of traction batteries usually come at the cost of their volumetric
or gravimetric energy density. This work analyses the influence of the variables cell selection and
orientation within the traction battery on the crash safety of an electric-powered two-wheeler. These
two variables do not negatively influence the traction battery’s volumetric or gravimetric energy
density in the design process. Metamodels and numerical simulations are used to evaluate the crash
safety of an electric-powered two-wheeler’s traction battery in a potentially dangerous crash scenario.
The influence of the variable’s cell selection and orientation is evaluated through the internal short
circuit risk of the integrated cells. The comparison of the metamodels shows that the cell orientation
reduces the internal short circuit risk by up to 51% on average in the analysed crash scenario. The cell
selection reduces it only up to 21% on average. The results show that crash safety can be increased
in the design process, and a combination with the current protection strategies can increase crash
safety further.

Keywords: Li-ion batteries; battery safety; integration of battery system; design of battery system;
crash safety of battery system

1. Introduction

Lithium-ion (Li-ion) represents nowadays the most common technology for the cells
of the traction batteries of electric vehicles (EVs), including electric-powered two-wheelers
(E-PTWs), thanks to its high volumetric and gravimetric energy density compared to other
technologies [1]. Li-ion cells are available in three main shapes: cylindrical, prismatic, and
pouch, which differ in construction [2]. Different formats (as an example for cylindrical cells
in 18650, 21700, 4680, etc.) [3] and different chemistries (e.g., LiCoO2, LiFePO4, LiMn2O4,
etc.) [4,5] are available for each shape.

Independent of the cell shape, relevant hazards, such as the venting of toxic gases,
the release of harmful liquids, or the combustion of the entire cell due to the uncontrolled
temperature rise called thermal runaway, can arise in case of abuse conditions due to
thermal, electrical, and mechanical loads, such as those acting on the cells in the case of a
crash [6,7].

The safety of Li-ion cells is commonly evaluated through experimental tests defined
in various norms and standards [8–10] to identify safe cells for vehicle integration. The
cells are subjected to abuse conditions representative of different load scenarios, inter alia
mechanical loading [11–13]. The experimental tests evaluate the safety of a cell based on
the cell reactions achieved during the test and categorise it through the EUCAR hazard
level table [14]. A maximal level of four is usually aimed for vehicle integration [15]. This
approach allows us to identify cells with potentially dangerous behaviour. However, it does
not allow us to forecast the safety performance of the cell on the crash safety of the traction
battery after integration into the vehicle. The effect of the cell is superimposed with other
variables (e.g., load introduction points or energy dissipation components) introduced in
the integration process.

Batteries 2023, 9, 195. https://doi.org/10.3390/batteries9040195 https://www.mdpi.com/journal/batteries1
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The design and integration of the traction battery in EVs play a relevant role in its
crash safety in case of a collision [16,17].

With the aim to reduce the risk of an internal short circuit (ISC) due to mechanical loads,
commonly the trigger of hazardous reactions under crash loads, several passive safety
strategies are present in the current state of the art. These strategies can be categorised into
three working principles: (1) increase the energy dissipation performance of the traction
battery, (2) reduce the intrusion into the traction battery, and 3) manipulate the load path In
case of a crash.

Energy dissipation components to improve the crashworthiness of the traction battery
can be applied to the traction battery housing [18,19], its connection to the frame [20], or
inside the modules [11]. In all approaches, the authors of the studies achieved a reduction in
the number of cells experiencing an ISC. However, these approaches decrease the traction
battery’s volumetric energy density or increase the traction battery’s mass due to the
volume and mass needed to integrate the energy dissipation components [19,21].

The intrusion in the traction battery, which can potentially damage the inner cells, can
be reduced using stiff traction battery housing. By stiffening the traction battery housing or
parts of it, a higher mechanical load is necessary to produce an intrusion and potentially
damage the traction battery cells [19]. Various approaches can be found in the current state
of the art using this principle. One research direction consists of optimising the geometry
of the traction battery housing by determining the optimal thickness of each part of the
traction battery enclosure [22] or optimising the geometry of the case itself [17].

In particular, Shui et al. [22] showed, by applying a multi-step optimisation process,
the possibility of reducing the deformation of the traction battery in case of crash with
similar loads by circa 22%, while also reducing the mass of the enclosure by circa 11%.

Further studies focus on the increase in the stiffness of the traction battery housing
using different materials, such as composite material [23,24] or high-strength alloys [16,25],
for the traction battery housing or part of it. Pan et al. [16] achieved a mass reduction of
circa 10% using high-strength steels for the traction battery housing while maintaining the
crash safety requisites for the integration of the traction battery into the vehicle.

Nevertheless, optimising the traction battery’s geometry or using high-strength mate-
rials does not always lead to a traction battery housing mass reduction, as shown by Szabo
et al. [17]. Furthermore, the modification of the stiffness of the structure [26], by means of
geometry or material modification can influence the response of the structure to external
vibrations and the dynamic response of the vehicle itself under driving conditions. There-
fore, the stiffness increase process is commonly conducted in combination with vibrational
analyses to ensure the achievement of a feasible structure for the vehicle integration, as in
the work of Shui et al. [22].

Faßbender et al. [27] proposed manipulating the traction battery load path in case of
a crash by adopting a damage-tolerant traction battery through a module design based
on a triangular shape. This allows a relative movement of the modules in the event of
traction battery deformation, thus increasing the intrusion into the traction battery needed
to damage the cells. Faßbender et al. [27] provide no information on the effects in terms
of cells’ protection or changes in the traction battery’s gravimetric and volumetric energy
density of the traction battery. However, such an effect can be expected due to the extra
volume of the module housings needed to allow their relative displacement.

The strategies presented in the aforementioned studies have been successfully verified
in a numerical environment. However, they can have a negative impact on the volumet-
ric or gravimetric energy density of the traction battery due to added components or
stiffening structures.

This study aims to investigate the use of mechanical capabilities of cells to absorb
deformation energy until ISC occurs in the case of a crash. Therefore, the influence of
the two variables, cell selection and orientation, on the crash safety of an E-PTW traction
battery is investigated. The cell selection and orientation within the traction battery are
two variables in the design process of a traction battery, which come at no volumetric
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or gravimetric energy density cost. The approach presented in this work represents an
innovation in the current state of the art as it uses the cells’ mechanical properties to
improve the traction battery’s crash safety without integrating further components into the
traction battery that reduce its gravimetric or volumetric energy density.

2. Materials and Methods

To achieve the goal of this study, a finite element (FE) model of the entire E-PTW is
built. The EPTW FE model is subjected to a potentially dangerous crash load condition
through FE simulations, analysing its crash safety with the traction battery cells’ internal
short circuit risk (ISCR).

With the FE model, the influence of the two variables is evaluated through:

1. The cell selection, by considering two 18650 cells from different manufacturers;
2. The cells orientation within the traction battery, by considering two different cell

orientations.

Additionally, a thickness range of two components of the traction battery housing
defining its mass and crashworthiness is analysed to evaluate the influence of cell selection
and orientation independent from the crashworthiness of a specific traction battery housing.
This measure ensures the overall validity of the study.

Metamodels of the ISCR as a function of the FE model variables are built to analyse
the influence of the cell selection and orientation on the crash safety of the traction battery
beyond the simulated cases, reducing the computational effort of the study.

The comparison of the ISCR trends of the traction battery of the E-PTW with different
integrated cells and cell orientation permits us to observe their influence on the crash safety
of the traction battery.

2.1. Reference E-PTW, Cells, and Crash Scenario

This work is based on an E-PTW concept of category L3e-A2 [28] for urban and
commuting purposes. The E-PTW concept can integrate two structural (i.e., substituting
the vehicle frame) traction battery concepts. Both integrated traction battery concepts
(Concept Y and Concept Z) are composed of three identical modules (216 cells per module)
connected in their series (see Figure 1) but differing in their orientation. Each module
consists of 18650 cells with a 24s9p configuration. The modules are oriented with the cells’
longitudinal axis in the yM direction in Concept Y (see Figure 1a) and with an angle of
25.5◦ relative to the zM direction in Concept Z (see Figure 1b). The traction battery concepts
integrate the connection to the steering head, motor, and swingarm. The volume of Concept
Y and Concept Z is the same; therefore, integrating the same cells results in an identical
volumetric energy density.

This study considers two commercial Li-ion cylindrical cells of the 18650 format with
the chemical composition Lithium-Nickel-Manganese-Cobalt-Oxide (commonly called
NMC). The two cells, referred to in this study as cell A and B, have the same format and
do have the same dimensions according to the datasheets, namely a nominal diameter of
18 mm and an axial length of 65 mm. The cells are from different manufacturers and differ
minimally in their electrical specifications. However, the electrical performance of both
cells, based on the data sheets, is comparable. Additionally, both cells have their protection
systems integrated (such as the current interrupt device, positive thermal coefficient switch,
or safety vent).

3
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(a) (b)

Figure 1. CAD models of the E-PTW with traction battery: (a) Concepts Y and (b) Concept Z.

The current literature [6,29,30] refers to the collision of an EPTW and a cylindrical
object as a worst-case crash scenario for E-PTWs; therefore, this scenario is selected in this
study. The cylindrical object has a diameter of 150 mm, as proposed in the SAE J2464 [31].
The impact speed is set to 8.9 m/s to represent a collision in urban areas, following the
collision speed defined by Matsuda [20] and Ellersdorfer [6]. The collision area is set
in the middle of the traction battery side to maximise the potential deformation of the
traction battery.

2.2. E-PTW, Traction Battery, Cells, and Crash Scenario FE Modelling

Data on the traction battery’s crash safety are obtained using the FE simulations
of the considered crash scenario. The cylindrical collision object is modelled with two-
dimensional (2D) elements and a rigid material model.

The E-PTW concept is simplified in the FE modelling to reduce the computational
effort of the analysis due to the high total number of cases that needed to be analysed
numerically for the metamodel building (see Figure 2). The components of the E-PTW not
part of the traction battery are modelled using 112 one-dimensional (1D) rigid elements.
The mass of the 1D elements is chosen to obtain a mass and a centre of gravity position for
the entire vehicle in the simplified model, as in the concept E-PTW.
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(a)

(b) (c)

Figure 2. Schematic top view representation of the collision configuration (a) and simplified FE
E-PTW model with traction battery: (b) Concepts Y and (c) Concept Z.

More details are present in the FE model of the traction battery to achieve a higher
accuracy in approximating its mechanical behaviour in the crash scenario. The FE model
of the traction battery consists of the following components (presented in Figure 3 using
Concept Y as reference):

• The traction battery housing is composed of two components: the external plates (EPs),
which define the external contour of the housing, and the longitudinal plates (LPs),
which are placed between the modules for their fixation and thermal management.
Both housing components are modelled with a total of 27,286 2D quadratic elements
(average side length of 5 mm) with Belytschko-Tsay formulation with 5 integration
points and using an elastoplastic aluminium material model without strain-rate hard-
ening behaviour and with an effective plastic strain-based failure criterion in tension.
The material model’s effective plastic strain at failure was calibrated using data re-
trieved from tensile tests executed with specimens of the same material. The thickness
range of the EPs and LPs is defined through variable parameters to be used as the
input in the analysis.

• The modules consist of the following subcomponents:

� The cell holders are responsible for holding the cells together and are mod-
elled with a total of 86,910 2D elements, combining quadratic and triangular
elements (average side length 5 mm), with Belytschko-Tsay formulation with
5 integration points using an elastic material model without strain-rate harden-
ing and with an effective plastic strain-based failure criterion resembling the
material behaviour of an acrylonitrile butadiene styrene thermoplastic.

� The cells are modelled using a combination of 544 2D and 1881 1D elements,
according to Raffler et al. [32]. Two-dimensional elements are used to geomet-
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rically model the outer surface of the cell, and one-dimensional elements are
used to represent the cell’s mechanical behaviour under load.

� The connection between the modules and traction battery housing (i.e., con-
nection screws) is modelled with 60 1D elements (average length 10 mm)
with Hughes-Liu formulation with cross-section integration formulation and a
steel elastic material model to simulate the screw connection needed to fix the
modules within the traction battery housing.

Figure 3. Schematic sketch of the traction battery of Concept Y with its components. The external
plates are semi-transparent to show the inner components of the traction battery [33].

The smallest time step of the undeformed model is 6 × 10−4 ms. Due to the defor-
mation in the load case, the smallest time step can drop up to 1 × 10−4 ms. The smallest
time step is limited to 1 × 10−4 ms by adding artificial mass to the elements to ensure the
simulation’s stability and reasonable calculation time. Nevertheless, the maximal mass
added was equal to 1.45 kg (less than 1% of the vehicle model mass).

A contact between all of the components of the FE model of the traction battery, except
the 1D elements of the FE model of the cells, and the impactor using an automatic formu-
lation are defined using the penalty method. The penalty method is used due to its good
convergence in different contact conditions [34] and its easiness of implementation [35].

The FE simulations are performed with the single precision solver version R 9.20 of LS-
DYNA® on the High-Performance Computing cluster of the Graz University of Technology,
running on a Red Hat Enterprise Linux 5.4 platform.

The experimental tests, subjecting the cells with a 100% state of charge to quasistatic
mechanical loads under three load configurations, as performed by Raffler et al. [33]
(see Figure 4), provided the data on the cells’ mechanical behaviour. Five repetitions are
conducted for every load configuration and cell.
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Global radial crush Global axial crush Indentation

(a) (b) (c)

Figure 4. Mechanical load configurations for data acquisition: (a) global radial crush, (b) global axial
crush and (c) indentation. The blue arrow indicates the acting force.

The experiment data (Tables A1 and A2) are used to calibrate the mechanical behaviour
of the cell FE model and to determine the short circuit criterion using the method by
Raffler et al. [33]. Previous studies [33,36,37] identified different ISC behaviours due to a
deformation in the radial and axial cell direction; therefore, an internal short circuit risk at
the cell level is defined for radial deformation (ISCRr cell) and axial deformation (ISCRa cell)
(Equations (1) and (2)) with the description in Table 1.

ISCRr cell =
εr

εr SC
(1)

ISCRa cell =
εp

εp SC
(2)

Table 1. Description of the acronyms for the ISCR at the cell level.

Acronym Description

εr Radial cell deformation. Calculated as proposed by Raffler et al. [32]

εr SC
Radial cell deformation

at ISC onset.

εp Pole cell deformation. Calculated as proposed by Raffler et al. [32]

εp SC
Pole cell deformation

at ISC onset.

The maximum between ISCRr cell and ISCRa cell defines the ISCR of a single cell
(ISCRcell), while the maximum between the ISCRcell of all of the cells of the traction battery
defines the ISCR at the traction battery level.

2.3. Assessment of FE Models

The correlation and analysis (CORA) method is used to assess the validity of the
mechanical behaviour of the FE models. Gehre et al. [38] first proposed the CORA method
as an objective comparison method to assess the quality of compliance of the two curves.
The method is used to compare different curves, including time-displacement [38], time-
force [38,39], and displacement-force curves [40]. The CORA method consists of four
independent procedures to separately evaluate the agreement for the size, phase, shape,
and corridor of the two curves [38]. Every procedure provides a score (R) between zero and
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one, where zero defines no agreement between the signals and one is a perfect agreement.
The four procedures are grouped into the “Corridor method”, including the corridor
agreement comparison; and the “Correlation method”, consisting of the size, phase, and
shape agreement comparison. The ISO/TR-9790 procedures [38,41], followed in this work,
suggest calculating an overall rating divided into five grades (see Table 2) related to the
agreement of the two curves by calculating the weighted average of the score of the
four procedures.

Table 2. Grades of the CORA method.

Grade Score Range

Excellent 0.86 ≤ R < 1.00

Good 0.65 ≤ R < 0.86

Fair 0.44 ≤ R < 0.65

Marginal 0.26 ≤ R < 0.44

Unacceptable 0.00 ≤ R < 0.26

The CORA method differs from other methods that also assess magnitude, shape, and
phase, such as the “Enhanced Error Assessment of Response Time Histories”
(EEARTHs) [42] or “The Normalized Integral Square Error” (NISE) [43] by the feature
of corridor assessment. Additionally, there are no disadvantages that CORA has to the
mentioned methods. The “Correlation of signals” method (CoSi) [44] assesses the same
metrics as the CORA but has the disadvantages of individual factors for each metric and
not supplying an overall rating. The minimum area discrepancy method (MADM) [45] is
developed especially to compare force-displacement curves and has the advantage of also
working for non-monotonic functions. However, the MADM does not directly evaluate the
size and shape. In the literature, there are also numerous other evaluation methods, such
as the “Sprague and Geers method” or “Cumulative standard deviation (CSD)”, but these
methods cannot identify the key features such as phase, magnitude, and slope [39,44,46].
Therefore, the CORA is extensively used and implemented in norms and standards and
is well-suited for use in this article because of the displacement-based data acquisition in
the experiments.

The used parameters are chosen according to recommended values from the liter-
ature [47]. The FE model is considered valid when the overall score of the three load
configurations achieved at least the grade of “Excellent”.

The CORA method is used to validate the FE models of the components for which
hardware specimens are available to generate experimental data, i.e., the cells integrated
into the traction battery and material models. Therefore, all components directly involved
in the area of contact between the vehicle and pole in the crash scenario are valid. The
remaining parts of the vehicle (wheels, swingarm, handlebar, . . . ) are only responsible
for reproducing the vehicle’s kinematics (kinetic energy, centre of gravity) and the load
introduction between the traction battery and connected components. For this reason, only
the centre of gravity and the vehicle mass are validated based on the CAD model of the
baseline vehicle.

The curves that are compared through the CORA method for the validation of the
FE cell model are the average force-displacement curve of the conducted experimental
tests and the force-displacement curve of the FE simulation subjected to the same load
configuration. All force-displacement curves of a load configuration are considered and
resampled with a displacement resolution of 0.05 mm. The force values of every curve for
the same displacement are averaged to obtain an average curve. The CORAplus tool [48] is
used to develop the CORA analysis.

8
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2.4. Metamodel Building and Assessment

Within this study, a metamodel-based approach [49,50] is used to investigate the
influence of cell selection and orientation on the crash safety of the traction battery.

The metamodels are built using the response surface method (RSM) [51]. The method
is called the “response surface” as the response (i.e., output) values of the phenomena
investigated are interpolated using regression analysis to create a continuous surface [52]
with a reduced number of experiments needed and a high computational efficiency [53].
The response surface is calculated using a multiquadric (MQ) radial basis function network
(RBFN). These functions are commonly used to easily and accurately interpolate scattered
data [54].

The variables of the study are the selected cell and the cell orientation. Additionally,
the design parameters of the thickness of the LPs and thickness of the EPs are introduced.
The thickness of the traction battery housing plates defines the crashworthiness and mass
of the traction battery. The output responses are the ISCR of the traction battery in the
crash scenario and the mass of the traction battery housing, both retrieved from the
FE simulations.

To compare the ISCR of traction batteries with different cells integrated and different
cell orientations within the traction battery, a metamodel is built for each combination
of the selected cell and cell orientation. For each of these metamodels, only two design
parameters, the thickness of the EPs and LPs, are used to reduce the complexity of the
metamodel. The design space of the design parameters is limited between a minimal
thickness of 3 mm and a maximal thickness of 20 mm. The limits of the two parameters are
defined based on thickness manufacturing constraints for an aluminium moulding process.

The design points, i.e., combinations of the two design parameters of each metamodel
in the design space, are generated using a space-filling approach based on a “maximin”
method, i.e., maximising the pairwise minimum distance across the design points [49].
Sixty design points are used to build each response surface.

The results of each metamodel are validated by controlling that the ISCR of further ten
design points is in the tolerance range (TR) of the ISCR response surface with a confidence
interval of 95%. The design points are selected through simple random sampling and
are not used to build the response surface. After proving that the ISCR error distribution
between the observed ISCR in the FE simulations of the design points and the metamodel’s
one is normal through the chi-squared goodness-of-fit test, the TR of the ISCR response
surface is calculated, as in Equation (3), where:

• μ is the mean ISCR error between the FE simulations and the metamodel;
• σ is the standard deviation of the ISCR error.

TR = μ± 1.96σ (3)

The metamodels are built with LS-OPT® 6.0.

2.5. Evaluation of the Crash Safety

The ISCR at the traction battery level of the metamodels is used in this study as the
evaluation criteria for crash safety. Multiple ISCRs of the same mass point are possible
because of the combination of EPs and LPs with different thicknesses. To ensure an objective
comparison and evaluate the maximal influence of the cell selection and orientation, the
lowest ISCR of every mass value point is considered. The ISCR, as a function of the traction
battery housing mass, is further calculated for every combination of the investigated cell
and cell orientation within the traction battery design parameters.

Comparing these functions permits the calculation of the maximal difference in the
ISCR by substituting the integrated cell and changing the cell orientation for traction battery
housing with the same mass.
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3. Results

3.1. Influence of Cell Selection on ISCR—Concept Y

Due to the simple geometric construction, the response surface of the traction battery
housing mass of Concept Y for cell A and B can be approximated to the function presented
in Equation (4). The used variables are described in Table 3.

TBHm = ρ(THLP ∗ SLP + THEP ∗ SEP) (4)

Table 3. Description of the acronyms for the approximation of the traction battery housing mass.

Acronym Description and Units Value

TBHm Mass of the traction battery housing [kg] Output

ρ Density of the housing material [kg/mm3] 2.7 × 10−6

THLP Thickness of the longitudinal plates [mm] Variable

SLP Middle surface of the longitudinal plates [mm2] 171,7831

THEP Thickness of the external plates [mm] Variable

SEP Middle surface of the external plates [mm2] 515,192

The response surface of the ISCR of Concept Y with cell A achieves an ISCR of 100%
in the entire design space, i.e., due to the cell mechanical properties and their orientation,
every combination in the design space of EPs’ and LPs’ thicknesses cannot avoid the onset
of an ISC in the analysed crash scenario. The response surface of the ISCR of Concept Y
with cell A is, therefore, not presented graphically. The response surface of the ISCR as a
function of the EPs and LPs thickness of Concept Y with cell B is presented in Figure 5.

Figure 5. Response surfaces of the maximal ISCR in relation to the two traction battery housing
variables for Concept Y with cell B.

The global ISCR minimum in the response surface of Concept Y with cell B is 63% at
a thickness of 20 mm and 3 mm for the EPs and LPs, respectively, while the maximum is
100% in the design area near a thickness of the LPs equal to 20 mm. Every point of the
design space with a thickness of the EPs less than circa 10 mm achieves an ISCR higher
than 90%.

10
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As the thickness of the LPs increases, the ISCR increases. Analysing the load path
during impact can explain this phenomenon. The LPs of Concept Y are not directly
deformed during impact but limit the displacement of the cell in the yM direction. Therefore,
increasing the thickness of the LPs and, thus, their stiffness reduces their bending under
the load transmitted by the cells and increases the maximal deformation of the cells in the
impact zone (see Figure 6a,b). An increase in the thickness of the EPs produces a decrease
in the ISCR. The EPs deform directly upon contact. Therefore, increasing their thickness
increases the stiffness, and reduces the deformation of the cells in the impact zone with a
consequent reduction of the ISCR (see Figure 6a,c).

(a) (b) (c)

Figure 6. Traction battery deformation for Concept Y with cell B at 6.5 ms after impact for: (a) EPs’
thickness of 3 mm and LPs’ thickness of 3 mm, (b) EPs’ thickness of 3 mm and LPs’ thickness of 20 mm,
and (c) EPs’ thickness of 20 mm and LPs’ thickness of 3 mm. Note that the EPs are semi-transparent.

The error distributions in ISCR between the FE model of Concept Y with cells A and B
are proven to be normal.

The evaluation of error distributions in ISCR between the FE model of Concept Y with
cells A and B and their respective metamodel is presented in Table 4, where the used units
are the percentage points of the relative ISCR.

Table 4. Statistical analysis of the error distribution for Concept Y.

Cell
Integrated

Mean
Standard
Deviation

Upper
Tolerance Range

Lower
Tolerance Range

A 0 0 0 0

B −0.2 1.2 2.2 −2.6

3.2. Influence of Cell Selection on ISCR—Concept Z

The response surface of the traction battery housing mass for Concept Z, due to the
same geometry of Concept Y but a different orientation of the modules, follows the same
approximation presented in Equation (4).

Figure 7 shows the response surface of the ISCR as a function of the EPs’ and LPs’
thickness for Concept Z with cell A and B.

11
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(a) (b)

Figure 7. Response surfaces of the maximal ISCR in relation to the thickness of EPs and LPs for
(a) Concept Z with cell A and (b) Concept Z with cell B.

Based on the metamodel, the minimum and maximum ISCRs for Concept Z with cell
A are 39% for an EP thickness of circa 6.5 mm and an LP thickness of 3.0 mm, and are 100%
in the area for an EP thickness of 20 mm and an LP thickness of circa 10 mm, respectively.

In the case of Concept Z with cell B, the maximum and minimum ISCRs based on the
metamodel are 19% for an EP thickness of circa 8.7 mm and an LP thickness of 3.0 mm, and
are 46% for an EP thickness of 20.0 mm and LP thickness of 10.0 mm, respectively.

Increasing and decreasing the EP thickness of concept Z with cell A, starting from
the point of minimum ISCR, increases the ISCR. In particular, decreasing the EPs’ thick-
ness produces more intrusion in the traction battery, consequently increasing the ISCR.
Increasing the Eps’ thickness reduces the intrusion in the traction battery. Nevertheless, the
acceleration loads to which the cells are subjected to increase and lead to their deformation
due to the impact on the LPs, thus increasing the ISCR. Increasing the LPs’ thickness and
maintaining the EPs’ thickness constant produces the same effect. The effect is even more
pronounced because the LPs have an important stiffening function for the entire traction
battery housing due to the geometry of Concept Z.

The ISCR response surface for concept Z with cell B shows a striking resemblance
to that of Concept Z with cell A, despite the former exhibiting a lower ISCR throughout
the entire design space. This finding indicates that similar deformation modes of the
traction battery and the integrated cells upon impact occur. However, a higher impactor
displacement needed to trigger an ISC for cell B compared to cell A in all three tested
configurations (see also Table 5) leads to a reduction of the ISCR of the metamodel of
Concept Z with cell B.

Table 5. Comparison of the impactor displacement at ISCR onset for cell A and cell B in the three
tested configurations at cell level.

Cell
Impactor Displacement at ISC Onset [mm]

Global Radial Crush Global Axial Crush Indentation

A 5.5 3.5 4.5

B 6.7 5.6 5.6

The error distributions in ISCR between the FE model of Concept Z with cells A and B
were proven to be normal.

12
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The evaluation of error distributions in ISCR between the FE model of Concept Z with
cell A and B and their respective metamodel is presented in Table 6, where the used units
are the percentage points of the relative ISCR.

Table 6. Statistical analysis of the error distribution for Concept Z.

Cell
Integrated

Mean
Standard
Deviation

Upper
Tolerance Range

Lower
Tolerance Range

A 0.3 2.3 4.9 −4.2

B 0.0 0.9 1.8 −1.9

3.3. Influence of Cell Orientation on ISCR

The trends of the ISCR, inclusive tolerance range, as a function of the traction battery
housing mas for Concept Y and Z with cell A and B are presented in Figure 8.

0%

20%

40%

60%

80%

100%

5 10 15 20 25 30 35 40

IS
CR

Traction battery housing mass [kg]

Concept Y cell A Concept Y cell B Concept Z cell A Concept Z cell B

Figure 8. Comparison of ISCR and mass trends for Concepts Y and Z with cells A and B. The dotted
lines represent the upper and lower limit of the TR for each metamodel.

The ISCR trend of Concept Y with cell A is constant at 100%, as every design point in
the design area achieved an ISCR of 100%.

The same concept but with cell B shows an ISCR equal to or higher than 95%, up to a
traction battery housing mass of circa 13.5 kg. The ISCR monotonically decreases from a
traction battery housing mass of 9.4 kg up to circa 31 kg when the EPs achieve the upper
thickness limit of 20 mm. The ISCR then increases non-monotonically until reaching the
maximal traction battery housing mass of 39 kg due to the thickness increase in the LPs in
this traction battery housing mass range, due to the behaviour described in Section 3.2.

The ISCR for Concept Z with cell A ranges from a minimum of 39% to a maximum
of 96%. The ISCR decreases monotonically in the traction battery housing mass range of
5 to 11.3 kg. In this range, the thickness of the LPs is constant at the lower limit and the
thickness of the EPs increases. A further mass increase produces a non-monotonical rise in
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the ISCR. In particular, up to a traction battery housing mass of circa 31 kg, the thickness of
the EPs increases up to the upper limit, while the LPs’ thickness is constant at the lower
limit. For a traction battery housing mass of more than 31 kg, the combination of the
variables that minimise the ISCR for a fixed mass, due to the form of the response surface,
lays on a different area of the ISCR response surface, producing a leap in the curve trend.

The ISCR as a function of the mass for Concept Z with cell B shows a minimal ISCR
of circa 21% and a maximal ISCR of circa 48%. Starting from the minimal mass, the ISCR
increases to a traction battery housing mass of 7.9 kg and then decreases to the global
minimum at a traction battery housing mass of circa 15 kg. If the mass further increases,
a non-monotonical ISCR increase is produced. The same effect for Concept Z with cell A
produces the sudden rise of the ISCR at a traction battery housing mass of circa 31 kg.

4. Discussion

The results of this study show a relevant influence of both the cell selection and
orientation in the crash safety of an E-PTW traction battery.

In particular, the switch from cell A to cell B reduces the ISCR on average, in absolute
values, by 17% in the case of Concept Y and by 24% in the case of Concept Z, with a
maximal reduction of 38% for Concept Y and 48% for Concept Z. The differences in the
cell deformation of the ISC onset for the two analysed cells explain these results. Cell
B achieves an ISC at circa 60% higher deformation in global axial loading and circa 25%
higher deformation in global radial loading than cell A. Therefore, more deformation of
the traction battery housing is possible before achieving an ISCR of 100%. Consequently,
the crashworthiness of the traction battery housing structure can be better exploited with
cell B compared to cell A.

The cell orientation has an even stronger influence on the ISCR. Concept Z achieves
a reduction in the ISCR on average, in absolute value, by 44% with cell A and 51% with
cell B compared to Concept Y. Maximal ISCR reductions, in absolute values, up to 61% and
73%, respectively, for cell A and B are observed in Concept Z compared to Concept Y. The
first reason for this effect is based on the cell’s properties; the deformation that triggers
the ISC onset is up to 37% smaller in the case of global axial cell loading than in global
radial cell loading. Secondly, it can be explained by the influence of the LPs in the load path
of the traction battery housing; the main load path of Concept Z is oriented in the cells´
radial direction, while for Concept Y, it is in the cell´s axial direction. Therefore, Concept Z
leverages the cells’ anisotropic ISC behaviour, decreasing the ISCR compared to Concept Y.

Considering the influence of the LPs, they are directly loaded upon impact in Concept
Z, which is not the case in Concept Y, where only the EPs are mechanically directly loaded
in the crash phase. Therefore, an LP’s thickness increase does not reduce the ISCR in
Concept Y. In the case of Concept Z, a counterintuitive effect is present: an LP’s thickness
increase raises the ISCR. In Concept Z, an LP’s thickness increase decreases the intrusion in
the traction battery housing, but the stiffness increase produces higher acceleration pulses
upon impact. These dynamic loads oscillate the inner modules and their collision with the
traction battery housing. This provokes a local deformation of the cells, which increases
the ISCR.

5. Limitations

The results provided in this study are assessed for one vehicle type only. Due to differ-
ent boundary conditions and load scenarios, they can differ if applied to different EPTW
categories such as off-road motorcycles or different vehicle types such as four-wheelers.

Furthermore, this work analysed two cells of the same shape and format, namely
18650 cells. Comparing cells of the same shape but different formats (e.g., 18650 and
21700 cells) and different shapes (e.g., cylindrical and pouch cells) could identify new
insights to guide the selection of the optimal cell for the integration into EVs.

Finally, it should be considered that the cells’ FE models are validated under quasistatic
mechanical loads. Current studies observed differences in the mechanical behaviour of
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Li-ion cells between quasistatic and dynamic loads, as the ones that cells are subjected to in
the case of a crash [55,56]. These differences in mechanical behaviour can lead to different
ISCRs of the metamodels.

6. Conclusions

In this work, the influence of the cell selection and orientation within the traction
battery on the crash safety of the traction battery of an electric-powered two-wheeler
under a potentially dangerous crash scenario for the traction battery is analysed through
metamodels fitted to the numerical results provided by finite element simulations of the
crash scenario. The integrated traction battery cells evaluate crash safety by the internal
short circuit risk (ISCR). The following conclusions are obtained:

1. The cell orientation within the traction battery has the biggest influence on the crash
safety of the traction battery. In particular, changing only the cell orientation can
reduce the ISCR by 73%. This knowledge can be leveraged in the design phase of
the traction battery of an electric vehicle if a potentially dangerous crash scenario
is known by orienting the cell to obtain a loading in the cell radial direction during
the collision. Therefore, the gravimetric energy density of traction batteries can be
increased because fewer additional reinforcements are needed.

2. The cell selection can influence the crash safety of the traction battery of an electric-
powered two-wheeler but with a smaller contribution than the cell orientation. In
particular, switching from cell A to cell B can reduce the ISCR by 48%. Therefore, the
crash safety of a traction battery can be improved without structural reinforcements
or design changes in the traction battery housing or vehicle frame. Knowing this
aspect, the crash safety of already existing traction batteries can be improved with
small effort.

3. In a crash load condition, the longitudinal plates of the traction battery housing can
improve the crashworthiness of the entire traction battery housing, acting as energy-
absorbing structures while fulfilling their functional role for the traction battery
assembly. Therefore, their design should be subjected to a crashworthiness assessment
to avoid landing in an area of the design space with a high internal short circuit risk.

4. The investigation approach, using metamodels, has been proven as both computa-
tionally inexpensive and adequately precise (maximal absolute internal short circuit
risk error range of 9.1%) for investigating the internal short circuit risk of traction
battery concepts. The same approach can be used in a vehicle development phase
to identify optimal combinations of the thickness of traction battery housing compo-
nents, cell orientations, and selections to accelerate the development of crashworthy
traction batteries.

Finally, it should be considered that the analysed variables, cell selection and orien-
tation, can be combined with state-of-the -art passive protection strategies of the traction
battery, further improving the crash safety of electric-powered two-wheelers and electric
vehicles in general.
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Appendix A

The results of the FE cell model for cells A and B are presented in the following tables,
including the CORA analysis outputs. The curves are trimmed at the displacement at
which the first ISC onset in the experimental tests was observed.

Table A1. Comparison of the force-displacement curves of the FE model and experimental tests for
cell A and results of the CORA evaluation.
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The FE model of cell A achieves a total rating of 0.986 and a grade of “Excellent” and
is, therefore, assessed positively to be integrated into the FE model of the E-PTW concept
for the analysis of its crash safety.

Table A2. Comparison of the force-displacement curves of the FE model and experimental tests for
cell B and results of the CORA evaluation.
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The FE model of cell B achieves a total rating of 0.973 and a grade of “Excellent” and
is, therefore, assessed positively to be integrated into the FE model of the E-PTW concept
for the analysis of its crash safety.
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Abstract: This paper proposes a new model that predicts the cell voltage dynamics and capacity
degradation induced by lithium plating and stripping. The proposed model uses a single equilib-
rium reaction to describe the deposition and dissolution of metallic lithium, predicting the partial
reversibility of the plating/stripping reaction, the characteristic voltage plateau during relaxation,
and the capacity loss due to the Loss of Cyclable Lithium (LCL). The model is integrated with a
Doyle–Fuller–Newman (DFN) electrochemical model, calibrated and validated with experimental
data. The model has the potential to improve the accuracy of predicting the effects of lithium plating
in Li-ion cells and aid in the development of Extreme Fast Charging (XFC) technology for BEVs.

Keywords: fast charging; lithium plating; modeling

1. Introduction

Enabling Extreme Fast Charging (XFC) is a key priority for increasing the adoption
of Battery Electric Vehicles (BEVs) and decarbonizing the transportation sector. On the
other hand, lithium ion (Li-ion) cell technology is currently limited in terms of charge rate
capability by a side reaction known as lithium plating, in which solid metallic lithium forms
in the anode, where its local potential falls below the potential of solid lithium [1]. Lithium
plating has been shown to be favored at low temperatures, high State of Charge (SOC) and
high rates of charging, which leads to lower intercalation rates, larger overpotentials, values
of the anode Open Circuit Potential (OCP) close to 0V (vs. Li/Li+), and slower solid-phase
diffusion [2–5]. While the plating reaction can be partially reversible, irreversibly plated
lithium can form solid dendrites, leading to a loss in the accessible surface area of the
anode active material and a loss of cyclable lithium through formation of a Solid Electrolyte
Interface (SEI) [6–9].

Due to the practical challenges of measuring the onset of plating in a commercial cell
in situ during fast charging, modeling and simulation resources have received considerable
attention [10–12]. Methods to predict the lithium plating and its effects on capacity loss
have been created by postulating different mechanisms, rates, and locations of these
phenomena [1,13–18]. On the other hand, capturing the interactions between the side
reactions and the lithium intercalation in the anode during the cell charging and subsequent
relaxation is rather complex due to the dynamics and couplings inherent to this process. A
lack of fidelity in modeling these effects ultimately limits the ability of models to predict
the characteristic voltage response that can be observed from experimental tests when
plating occurs.
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This paper proposes a new model that predicts the cell voltage dynamics and capacity
degradation induced by lithium plating and stripping via a single side reaction. Most
plating models assume that the plating and stripping reaction kinetics are described by two
separate equations. However, this assumption contrasts with the principles of equilibrium
reactions, in that a cathodic and an anodic reaction are simultaneously present at the
same electrode/electrolyte interface. According to this assumption, the lithium plating
and stripping kinetics can be described using a single equation. In this study, a single
equilibrium reaction is used to describe the deposition and dissolution of metallic lithium.
The resulting model predicts the partial reversibility of the plating/stripping reaction,
the characteristic voltage plateau during relaxation, and the capacity loss due to the Loss of
Cyclable Lithium (LCL). The model is validated with experimental data to show the ability
to correctly represent the process.

The paper is organized as follows: Section 2 presents the experimental tests and
data analysis for lithium plating detection and capacity loss analysis. Section 3 illustrates
the plating/stripping model. Section 4 describes the integration of the model with a
Doyle–Fuller–Newman (DFN) electrochemical model, the calibration process, and verification.

2. Experimental Tests and Results

A small format, 1.6 Ah pouch cell with commercial-grade electrodes was selected for
the experimental study. The 50 × 50 mm cell contains a blended NMC811 and NMC111
cathode and a blended artificial and natural graphite anode and utilizes a 1M LiPF6
electrolyte with a ceramic coated separator.

The pouch cells were retrofitted by inserting a reference electrode, providing an in-situ,
non-destructive method to measure anode potential. After conducting initial tests for
baseline capacity and internal resistance, the cells were pierced in one of the lower corners,
and a 22 AWG copper wire was inserted into the cell. Prior to the insertion, the copper
wire was coated in solid lithium using electroplating to ensure proper electrical contact and
minimize noise in the measurements. After the insertion, electrolyte solvent was injected
into the cell, and the hole was sealed with an epoxy resin [19]. Figure 1 shows a schematic
of the reference electrode insertion.

Figure 1. Li-ion pouch cell setup with lateral reference electrode.

The retrofitted cells were then placed in an aluminum fixture to apply pressure
(34 kPa) and temperature control via Peltier junctions. The cells were cycled with a 0–5 V
Arbin Instruments LBT21044 eight-channel battery cycler, capable of a current range of
0-100/10/1/0.1A with 100 ppm precision.
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After a baseline characterization, a series of fast charge tests was performed at three
different temperatures (0 ◦C, 10 ◦C, 25 ◦C). In this protocol, a cell is charged starting from
a low SOC at a constant current (CC) until the terminal voltage of the cell reaches the
maximum cell voltage cutoff (4.2V), and then the charge mode is switched to constant
voltage (CV). As discussed in [18,20–27], one of the most accessible detection methods
in-situ for the presence of Li-plating in a charge cycle consists of a plateau in cell voltage
during relaxation. Figure 2 shows the difference in terminal voltage during cell relaxation
between typical settling behavior and a voltage plateau indicative of the Li-stripping side
reaction, which indirectly indicates that Li-plating has occurred during the preceding
cell charging.

Figure 2. Experiment cell terminal voltage during relaxation for a typical charge cycle vs. a cycle
indicating the presence of Li-stripping.

According to literature, plating can occur when the local anode potential falls below
0 V vs. Li/Li+ [1,18,23,26,28,29]. If charging ends while Li-plating is still occurring, or if
the overpotential is sufficiently small to cause the anode potential to rise above 0 V vs.
Li/Li+, the plating reaction will reverse (stripping), leading to a characteristic plateau in
the voltage [15,18,21,23,26,30,31].

It is noteworthy to observe that plating may extend through the early phase of the
CV portion during a CC-CV charging event. If charging ends while lithium is still plating,
the stripping reaction will begin as soon as the anode potential rises above 0 V. This
appears as a voltage plateau as the cell relaxes, as shown experimentally in Figure 3. This
figure (relative to a 5C charge with a 1C CV cutoff at 25 ◦C) indicates the occurrence of
Li-stripping by the presence of a peak in the rate change of the cell voltage profile (dV/dt)
during relaxation, which is equivalent to the characteristic voltage plateau.

On the other hand, if the anode potential rises above 0V vs Li/Li+ during the CV phase,
the stripping process will begin while the cell is still charged. Because the voltage is held
constant, the transition to stripping during the CV phase can be detected by monitoring the
rate of change in current (dI/dt), which displays a characteristic peak when the stripping
side reaction begins. Figure 4 illustrates this behavior for a CC-CV charge at 4.2 V with a
C/10 CV cutoff at 25 ◦C).
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It should be noted that while the plateau in the voltage profile during relaxation is
commonly assessed in the literature as an indicator of Li-stripping [22,28,32–34], the peak
in the applied current during the CV phase under very low currents is a novel indicator
of stripping in this study. The presence of a plating-to-stripping transition during CV
charging is strongly dependent on the parameters of the CC-CV charge profiles. For the
cells tested in this study, the transition occurred during the CV phase, when the target cell
voltage was 4.2 V and the cutoff current was set lower than C/2 at 25 ◦C.

Figure 3. Example of lithium stripping detection for CC−CV charging profile during rest.

Figure 4. Example of lithium stripping detection for CC−CV charging profile during CV phase.
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The magnitude of the CC current and the CV cutoff voltage were varied to explore
their effects on the onset of Li-plating in the cell. For each selected CC charge rate and CV
current cutoff, the cell was charged to its maximum cutoff voltage, charged at CV until the
set cutoff current, allowed to rest for 4 h, and then discharged at C/5 to its minimum cutoff
voltage to perform a capacity test.

For each tested condition, the rate change of the voltage profile was analyzed for
the indicative peak in the dV/dt profile. If a peak is present, this suggests that a voltage
plateau has occurred during the relaxation after the charge, which indicates the presence of
Li-stripping and, by consequence, of Li-plating. The current profile during the CV phase
was also analyzed to detect a localized increase in the current decay profile (or the peak
in the dI/dt profile), which may be indicative of an Li-stripping side reaction occurring
during CV charge. If no voltage plateau was present in the relaxation voltage data or peaks
present in the CV current profile, it was determined that there was no indicative sign of
Li-stripping in the reaction. This investigation was repeated for multiple C-rates and cutoff
currents for CV, and the presence of an Li-stripping plateau in each test is tabulated in
Table 1 for tests performed at 25 ◦C.

Table 1. Li-plating test conditions and results of Li-stripping plateau detection.

CV Current Cutoff
CC Charge Rate

None (CC Only) 1.5 A 0.1 A

4C Stripping during relaxation Stripping during relaxation Stripping during CV

5C Stripping during relaxation Stripping during relaxation Stripping during CV

6C No Stripping Stripping during relaxation Stripping during CV

A summary of the outcomes of all tests performed at the three chosen temperatures is
shown in Figure 5. Here, it can be seen that varying the C-rate for CC charging, the CV
cutoff current, and the cell temperature changes the lithium stripping behavior in the cell,
and that this behavior is sensitive to the charge conditions which include temperature,
charge current, and CV current cutoff.

Figure 5. Summary of all experimental charge results and occurrence of stripping plateau.
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As documented in the literature and verified in these experiments, Li-plating increases
with increased charge current and decreased temperature. At 0 ◦C, there were signs of
Li-stripping (and thus Li-plating) at charge rates as low as C/3, while Li-plating did not
occur in the same charge cycles at 10 ◦C until rates of 1C and at 25 ◦C until rates of 3C.

The CV cutoff, which has an impact when the Li-stripping plateau occurs (during CV
or during relaxation), can provide additional insight into the behavior of the anode during
the plating/stripping portion of the charge cycle. Figure 6 highlights how studying the
effects of the CV cutoff at one fixed CC charge rate can give insight into the behavior of the
anode potential in situ.

Figure 6. Example of various 4C charge profiles at 25◦C with various CV cutoffs and implications
on plating.

In the 4C charge test with no CV portion (CC only), there is a very small plateau
associated with the occurrence of Li-stripping during the rest phase. In the 4C charge with
a 1.5 A CV cutoff current, there is a more noticeable and distinct voltage plateau, which
lasts longer after charge is cut off in the cell. When the cell is charged at 4C with a 0.1 A CV
cutoff current, Li-stripping occurs during the CV phase.

From these conditions, it can be deduced that in all three charge conditions, the anode
reaches a potential of less than 0 V vs Li/Li+ during the CC charge portion. In fact, even
with the 4C charge with no CV, there are signs of Li-stripping, indicating that Li-plating
has occurred. The 4C charge with a 1.5A CV cutoff current exhibits a longer and more
distinct voltage plateau, indicating that more Li-stripping is occurring after this charge and
implying that this is caused by more Li-plating. Because the voltage plateau happens after
charge is stopped, the anode must be plating (at < 0V vs. Li/Li+) during the entire CV
mode in this charge cycle. This indicates that the Li-plating starts in the CC region (as seen
in the 4C charge with no CV) and continues through the CV region until the 1.5 A charge
current cutoff. In the longer CV test (at which the CV current is cut off at 0.1 A), the plateau
occurs around the point at which the cell is being charged at 0.5 A. Because the current peak
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indicates the occurrence of an Li-stripping side reaction, this represents the point at which
the anode potential rises above 0 V to transition from the Li-plating to Li-stripping reaction.

These sequential charges at different rates, exemplified in Figure 6, can shed further
light on the anode behavior during different portions of the charge phase and can lend
understanding to both the onset and stop of the Li-plating and allow the charge region to
be broken into the regions shown in Figure 7.

Figure 7. Understanding of charge regions from 4C charge profiles at 25 ◦C with various CV cutoffs
and implications on plating.

In region (a), the anode reaches the Li-plating favored potential lower than 0 V vs
Li/Li+ and maintains this condition through region (b). Region (c) indicates the final
portions of the Li-plating condition being favored before the cell transitions into conditions
of Li-stripping, when the anode rises to a potential greater than 0 V vs Li/Li+. This
methodology of mapping various charge profiles to indicators of anode behavior can
help to give insight into the underlying mechanisms and conditions favoring Li-plating.
Additionally, this provides a useful data set for the model calibration explored in this work.

3. Modeling

The lithium plating side reaction is a local phenomenon that can occur in parallel with
the intercalation and other degradation mechanisms. As pointed out in the literature—see
for instance [28]—plating often occurs in conjunction with other side reactions, such as SEI
layer growth. On the other hand, for a low number of consecutive charge cycles at high
C-rate conditions, as performed in the experiments described in this paper, it is reasonable
to assume that the amount of capacity loss due to SEI layer growth is minimal compared to
plating. This allows us to simplify the integration of the plating/stripping model into an
electrochemical model.
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If the local potential of the anode drops below the potential of solid Li (<0V vs.
Li/Li+), the lithium plating side reaction is favored [1,18,23,28]. The process of deposition
and dissolution of the solid lithium can be implemented as a side reaction occurring at each
location within the anode thickness. The reference reaction can be written as

Li+ + e− −−⇀↽−− Li0 (1)

The deposition and dissolution of metallic lithium is described by a single Butler–
Volmer equation:

jLi = i0,Li

[
cLi

cep
Li

exp
(

αa,LiF
RT

ηLi

)
− ce

cep
e

exp
(−αc,LiF

RT
ηLi

)]
(2)

where jLi is the side reaction current density, i0,Li is the exchange current density, αa,Li and
αc,Li are the respective anodic and cathodic transfer coefficients for the plating/stripping
reaction, cLi is the concentration of Li metal, ce is the concentration of Li+ in the electrolyte,
ceq

Li and ceq
e are the bulk concentrations of Li metal and ions in the electrolyte respectively, R

is the universal gas constant, T is the temperature, and F is Faraday’s constant.
The lithium overpotential ηLi is defined as

ηLi = φs − φe −ULi (3)

where φs is the local solid phase potential, φe is the local electrolyte potential, and ULi is
the equilibrium potential of metallic lithium.

The exchange current density for the side reaction is calculated by

i0,Li = Fk0,Li(c
eq
Li)

αc,Li (ceq
e )αa,Li (4)

where k0,Li is the reaction rate constant of the plating/stripping reaction. Since the de-
position/dissolution reaction is modeled as homogeneous along the surface, the lithium
concentration is set to 1 when plated lithium is present, causing the amount of plated
lithium to not affect the reaction rate. When plated lithium is not present, the concen-
tration is set to 0 so that stripping does not occur. A correction term

(
βnLi,rev

1+βnLi,rev

)
on the

anodic branch replaces this plated lithium concentration to bulk concentration ratio ( cLi
ceq

Li
) to

compute the stripping side reaction within the Butler–Volmer equation [28].

jLi = i0,Li

[(
βnLi,rev

1 + βnLi,rev

)
exp

(
αa,LiF

RT
ηLi

)
− ce

cep
e

exp
(−αc,LiF

RT
ηLi

)]
(5)

where nLi,rev is the quantity of reversibly plated lithium, and β is a large value to effectively

make the
(

βnLi,rev
1+βnLi,rev

)
term equal 1 when nLi,rev >> 1, and 0 when nLi,rev = 0. The

inclusion of this term in Equation (5) allows us to compute the current density for the
stripping reaction while reversibly plated lithium is present and restricts stripping when
the reversibly plated lithium is not present.

At each node, the amount of plated lithium is calculated by integrating the side
reaction current:

dnLi
dt

= − an

F
· jLi (6)

where nLi is the quantity of plated lithium, and an is the surface area of the anode. It is
assumed that a portion of the plated lithium becomes electrically inactive and no longer
participates in the reaction. The reversibility of the plating reaction is governed by

dnLi,rev

dt
= −ηr

an

F
· jLi (7)
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dnLi,irr

dt
= −(1− ηr)

an

F
· jLi (8)

which introduces a “reversibility factor” ηr as a function of current sign:

ηr = α + 0.5(1− α)

(
1 +

arctan(kjLi)

90

)
(9)

where α is the reversible fraction of plated lithium (tunable parameter), and k is a large number.
During plating (jLi < 0), the side reaction current leads to the accumulation of both

irreversible and reversible plated lithium. When stripping is favored (jLi ≥ 0), the side
reaction current contributes to removing only the reversibly plated lithium. The total
quantity of plated lithium at each location within the anode thickness is the sum of the
reversible and irreversible parts:

nLi,tot(x, t) = nLi,irr(x, t) + nLi,rev(x, t) (10)

4. Integration with P2D Model

The plating and stripping model can be integrated into any electrochemical Li-ion
cell model as a side reaction. In this work, the Doyle–Fuller–Newman (or Pseudo Two
Dimensional, P2D) model was utilized as the source model due to its ability to predict
the distribution of lithium concentration and potential through the thickness of the elec-
trodes [35,36].

The P2D model assumes uniform use of the electrodes in the planar direction (i.e.,
uniform intercalation across anode surface). For this reason, this work assumes the same
uniform Li plating/stripping on the anode surface.

The side reaction current density jLi represents both the forward lithium plating
and reverse Li-stripping reactions. The lithium plating side reaction occurs in parallel
with the intercalation/deintercalation of graphite. At each location within the anode,
the net current density (jn) is split between the side reaction current density (jLi) and the
intercalation/deintercalation current density (jint):

jn(x, t) = jLi(x, t) + jint(x, t) (11)

Figure 8 illustrates the concept. When any location in the anode reaches a potential fa-
voring the plating side reaction, the amount of plated lithium nLi grows due to Equation (6).
This process occurs in parallel with the intercalation reaction, described by jint. This net
current density is the same magnitude of the current density that is subtracted from the
electrolyte solution at each location through the electrode thickness.

When the local potential no longer favors the Li-plating side reaction and there is
reversible plated lithium present on the particle (nLi,rev ≥ 0), the amount of plated lithium
decreases as described by Equations (5) and (7). The side reaction current density that
dissolves the reversible lithium results in an increased local concentration of ionic lithium
in the electrolyte solution, with successive intercalation into the graphite.

Since the magnitude of the plating reaction is dependent on the local value of the
anode potential in both location and time, there can be different amounts of plated lithium
at different locations within the anode domain as the cell is charged.

The model was integrated within PyBaMM, an open-source Python implementation
of the P2D model [36]. Figure 9 illustrates the essential equations of the P2D model and its
interaction with the plating and stripping model, via block diagram representation.
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Figure 8. Mechanism of plating and stripping reactions integrated in P2D model.
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Figure 9. Block Diagram of P2D Model with Integrated Plating/Stripping Model.

5. Calibration and Verification

The plating and stripping model has two parameters for calibration, namely the
reaction rate constant k0,Li and the degree of reversibility α. The reaction rate parameter
affects the exchange current density for the plating and stripping reaction and is the main
fitting parameter. The model behaviors for different k0,Li values are presented in Figure 10.

Figure 10. Plating/stripping behavior for different values of k0,Li (5C CC fast charge).
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While the parameter k0,Li dictates the amount of lithium plating that occurs, the dura-
tion of the plating/stripping process is mainly dependent on the overpotential ηLi. For this
reason, accurate prediction of the anode potential (which requires use of reference electrode
data) during fast charging is critical to correctly capture the intercalation and plating reactions.

The voltage plateau associated with the stripping reaction during cell relaxation is
commonly used to calibrate the reaction rate constant. When stripping induces a voltage
plateau, the magnitude of the peak in the differential voltage is an indication of the quantity
of lithium being stripped away, so the reaction rate constant can be tuned to match this peak.
Figure 11 shows how the voltage and differential voltage profiles during relaxation are
affected by changes in the reaction rates for the formation/dissolution of metallic lithium.

Figure 11. Effects of k0,Li parameter on voltage derivative during relaxation (5C CC fast charge).

One single fast charging test (5C CC fast charge) was used to calibrate the parameter
k0,Li. The differential voltage profiles in Figure 12 and 13 show good agreement between
the model and the data for other test conditions.

Figure 12. Verification of calibrated k0,Li parameter for CC fast charge tests.
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Figure 13. Verification of calibrated k0,Li parameter for CC−CV fast charge tests.

In Figure 12, the modeled 4C CC relaxation dV/dt has an early peak occurring at 90 s
that is not observed in the data. This peak is caused by a characteristic cathode OCP slope
change and is not related to the lithium stripping side reaction.

In Figure 13, the model presents errors in capturing the relaxation dV/dt curves at
4C and 6C for the CC-CV test. The errors might be the result of an imperfect model
calibration at Beginning of Life (BOL), rather than issues with the stripping model. In fact,
although the predicted dV/dt profile does not exactly match the data, the time of occurrence
of the stripping peak matches quite well, which indirectly proves that the model is correctly
predicting the onset of the stripping behavior.

The reversibility parameter α governs the fraction of reversible and irreversible plated
lithium and can be calibrated to match capacity test data following a fast charging cycle.
To this extent, the C/20 discharge test data were used to compute the capacity reduction
after each fast charge cycle. Since severe capacity fade is observed within just a few charge
cycles, it can be assumed that the main aging mechanism causing this degradation is
lithium plating.

Simulations of consecutive fast charge cycles (4C, 5C, then 6C) were conducted to
predict the quantity of irreversibly plated lithium, from which the capacity loss was
computed via Faraday’s law:

Qpl =
nLiF
3600

(12)

The reversibility parameter α was tuned to match the capacity fade experienced due
to CC fast charging (Figure 14).

Note that changing the reversibility of the side reaction impacts the accuracy of the
voltage plateau prediction, requiring further tuning after capacity loss data are matched.
The final calibrated lithium plating parameters are provided in Table 2. As previously
mentioned, once the reaction rate parameter k0,Li is tuned to match the relaxation profile,
the reversibility parameter α can be calibrated to match the capacity loss, which is measured
in the C/20 discharge experiments. Figure 14 shows how the model can match the capacity
loss from lithium plating by calibrating the α parameter.
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Figure 14. Modeled capacity agreement with RPT measured capacity loss.

Table 2. Calibrated plating model parameters.

Plating Parameters Value

Rate Constant k0,Li 5.5 × 10−8 [m/s]

Reversibility α 0.65 [-]

6. Simulation and Analysis

The model predictions can be further analyzed to understand the behavior of the
cell during Li-plating and Li-stripping conditions. Figure 15 illustrates the phenomenon
of Li-stripping during relaxation, namely how the profile of plated lithium through the
anode thickness changes as it is oxidized and returns to the electrolyte solution during the
rest period.

Figure 15. Investigation of plated lithium quantity through the anode thickness after relaxation with
the DFN model.

The individual points in the Li-stripping plateau in time show that the amount of
plated lithium decreases at each time step, with the peak of plated lithium located at the
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interface with the separator. As the stripping process continues, each location in the cell
where plated lithium exists becomes progressively depleted.

Investigation of the net anodic current density (jn = jint + jLi) in Figure 16 during
Li-stripping shows a location-dependent net current. At the interface between the anode
and separator, the net anodic current is positive, meaning the oxidation reaction is favored.
This means that there is a positive contribution of lithium from the stripping reaction, since
there is a larger quantity of accumulated lithium in these regions as confirmed in Figure 15.
Closer to the current collector, the net anodic current density is negative, meaning that
the reduction reaction is favored. Here, the net reaction is the charge of the graphite from
stripped Li intercalating back into the anode. Because lithium stripping is favored near the
separator side of the anode but lithium intercalation is favored on the current collector side,
this implies the net movement of lithium ions from the separator to current collector side
of the anode as the stripping reaction occurs.

Figure 16. Investigation of anodic current density through the anode thickness after relaxation with
the DFN model.

Figure 17 confirms that as lithium strips from the surface of the graphite particles, it
moves towards the current collector side of the anode to re-intercalate back into the graphite
material. As the concentration of lithium in the electrolyte increases, ionic diffusion drives
the movement of lithium towards the current collector, where less lithium is in solution
due to the lack of stripping in this region of the anode. Additionally, the potential gradient
in the electrolyte solution after charge favors the migration of Lithium towards the current
collector, as there is a higher potential in the liquid phase on the separator side of the anode.
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Figure 17. Concentration and potential gradients in the electrolyte solution.

7. Conclusions

This paper proposes a new model that predicts the cell voltage dynamics and capacity
degradation induced by lithium plating and stripping. Unlike most models that utilize
multiple reactions to describe the process, a single equilibrium reaction is here derived to
describe the deposition and dissolution of metallic lithium. The resulting model predicts
the partial reversibility of the plating/stripping reaction, the characteristic voltage plateau
during relaxation, and the capacity loss due to the Loss of Cyclable Lithium (LCL).

The plating and stripping model was integrated with a Doyle–Fuller–Newman (DFN)
electrochemical model, calibrated and validated with experimental data to show the ability
to correctly represent the process. The model described in this paper can be utilized to
analyze the physical phenomena occurring in the cell during fast charging, giving better
insight into the cell’s behavior during this undesirable side reaction. If the behavior can be
better predicted and understood and the the root causes and dynamics of the Li-plating and
Li-stripping reactions can be quantified, these models can be used for design studies for
cell construction and applied current profiles to avoid Li-plating and enable fast charging
in BEVs.

Ongoing work focuses on extending this modeling effort to predict the effects of den-
drite formation on impedance growth and loss of active material. Furthermore, teardown
and post-mortem analysis will be utilized to prove the occurrence of plating and stripping.
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Abstract: Battery aging of electrified vehicles is a key parameter to be controlled in order to ensure
sufficient energy efficiency and driving range across the whole vehicle lifespan. The United Nations
Economic Commission for Europe has recently adopted a new regulatory framework, the Global
Technical Regulation No. 22, prescribing minimum performance requirements for in-vehicle battery
durability. With the implementation of this new GTR, monitors of the battery state of certified
energy and range will be available in every production vehicle, the accuracy of which will be tested
statistically by applying an in-use verification procedure (Part A). Once the monitors’ correctness is
checked, the battery durability performances are controlled in Part B against the defined limit values
by a fleet monitoring procedure. This work presents the results of a testing campaign executed at the
Joint Research Centre testing facilities on an aged pure electric vehicle to measure its capacity and
range fade. The aim is to explore the applicability of GTR No. 22, assessing the in-vehicle battery
performance fade of an aged electric vehicle, illustrating the several steps of the developed regulation
and experimental methodology.

Keywords: electric vehicles; battery durability; battery aging; state of health; vehicle testing; UN
GTR No. 22

1. Introduction

The transport sector is contributing significantly to greenhouse gas (GHG) emissions
and global warming and has the highest dependence on fossil fuels of any sector, globally
accounting for 37% of CO2 emissions from end-use sectors [1,2]. Despite being one of the
sectors heavily impacted by the COVID-19 pandemic, emissions are on the rise due to
growing demands, and the adoption of alternative fuels remains partial. That growth is
most prominent in developing and emerging economies. European country policies and
vehicle manufacturers need to put concrete measures into practice to respect commitments
of the Paris Agreement during COP21 [3] and the European Green Deal [4], targeting a
90% cut in GHG production in the European Union by 2050 [5,6].

The electrification of the powertrain seems to be the most attractive solution, especially
if cleaner assortments of energy production are employed in the future, and customer
acceptance is growing significantly [7]. In the last decade, huge improvements have
been reached, ensuring affordable batteries with higher and higher specific energy and
power. Extensive research and development activities are pushing battery cathode, anode,
and electrolyte chemistries to increase the specific energy content of batteries [8,9], and
the adoption of modern battery generations is contributing to increased electro-mobility,
reducing range anxiety, allowing shorter charging times with high power chargers and
making battery electric vehicles (BEVs) an economically feasible choice.

An important aspect of BEVs is the topic of aging; in fact, battery performance char-
acteristics are worsening over the battery’s lifetime, influenced by the storage and usage
conditions and depending on complex physical and chemical processes occurring in the
cells. Battery aging is due to several secondary reactions happening in the battery com-
ponents and manifests mainly in capacity and power fading [10,11]. Battery aging is a
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complex phenomenon influenced by many operating variables, such as calendar time and
Ah throughput during cycling, but also Depth of Discharge (DoD), C-rate and tempera-
ture [12,13].

The results of this work contributed to inform the discussion within the United Nations
Economic Commission for Europe (UN ECE) Electric Vehicles and Environment Informal
Working Group (EVE IWG). This group is among the IWGs of the Working Party on
Pollution and Energy (GRPE) [14] subsidiary body of the World Forum for Harmonization
of Vehicle Regulations (WP.29) preparing regulatory proposals on vehicle emission and
energy consumption. One recent development of the EVE IWG has been the GTR No.
22 [15] regulating in-vehicle battery aging within electrified vehicles. The discussion
group addressed both the electric range and energy efficiency decrease during the vehicle
lifetime due to battery aging. A loss of driving range might lead to diminished utility,
resulting in decreased electric vehicle usage and a corresponding decrease in displaced
travel distance that might then be covered with a different means of transport; it can also
influence electrification and electric vehicle sales. A decrease in vehicle efficiency could
impact the upstream emissions by increasing the amount of energy needed per unit of
vehicle distance covered. Both efficiency and range have the potential to influence not only
the utility but also the environmental performance of the vehicle. Furthermore, alongside
changes in range and energy consumption, hybrid electric vehicles frequently incorporate
both a conventional and electric powertrain. In the case of these vehicles, the criteria
pollutant emissions from the conventional powertrain could potentially be influenced by
the degradation of the battery over time [16].

GTR No. 22 [15] prescribes that modern off-vehicle charging hybrid electric vehicles
(OVC-HEVs), i.e., plug-in hybrid vehicles and pure electric vehicles (PEVs), should have
vehicle-specific monitors on the actual state of health (SOH) of the battery pack, expressed
in terms of state of certified energy (SOCE) and state of certified range (SOCR), available
for the customers. These values will then be checked against minimum performance
requirements, as set in GTR No. 22 for the SOCE for categories 1–1 and 1–2 [17]. The
mentioned limits on energy capacity fading foresee a minimum SOCE of 80% over 5 years
or 100,000 km, whichever comes first, and 70% up to 8 years or 160,000 km, whichever
comes first, for the light-duty vehicles.

This work is presenting the results of a test campaign carried out in the European
Commission Joint Research Centre (JRC) Vehicle Emission Laboratory (VELA) on an aged
mid-sized BEV. The vehicle was tested with the applicable test cycle [18] to derive the
measured SOH. Comparing it with the SOH indication retrieved from the CAN bus of the
vehicle, we are approximating a first application of what would happen in Part A of GTR
No. 22.

Details on GTR No. 22 and the results of the test campaign, considerations about the
aging of the vehicle, and an application of pass/fail statistics foreseen in Part A of the
GTR [15] are reported in the following chapters.

2. Materials and Methods

2.1. In-Vehicle Battery Durability GTR Overview

In Part A of GTR No. 22 [15], the accuracy of the monitors on the actual state of
health (SOH) of the battery pack, expressed in terms of SOCE and SOCR, is verified for
each vehicle family by experimentally measuring the usable battery energy (UBE) and the
electric driving range by applying the Worldwide Harmonized Light-duty Test Procedure
(WLTP) on some vehicle samples [18]. By dividing the measured UBE and range by the
respective values from the certification, it is possible to calculate the measured SOCE/SOCR
values to be compared with the onboard metrics read from the monitors of the vehicles to
verify that their accuracy falls within a predetermined tolerance range.

A pass-or-fail decision about the correctness of the monitors will be reached through
a statistical method on a sample of a minimum of 3 up to a maximum of 16 vehicles,
evaluating the deviation of the monitor from the measured value according to a statistical
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formula reported in the GTR No. 22 [15]. More precisely, the initial foreseen sample size is
3 vehicles. If the average deviation of the read and measured values falls below a defined
limit, the monitor is accepted; if it is over the higher boundary limit, it is rejected; if the
average deviation falls in between the acceptance and rejection limit, the sample size is
increased progressively by 1 vehicle up to a maximum of 16 (see Appendix A for the
tabulated parameters of Part A of GTR No. 22 [15]).

In Part B of GTR No. 22 [15], the battery durability is checked against the MPRs:
since the accuracy of the monitors has been statistically proofed in the previous phase, it
is possible to verify the battery durability of aged vehicles through a remote collection
of the onboard SOCE/SOCR values for a statistically adequate sample of vehicles within
the same battery durability family, as defined in the same GTR No. 22 [15], together with
additional information such as the age of the vehicle, the distance traveled, and eventual
V2X applications. A battery durability family shall pass if equal to or more than 90 percent
of the monitor values read from the vehicle sample is above the MPR. Figure 1 shows a
graphical representation of the GTR No. 22 [15] steps for the case of SOCE.

Figure 1. Graphical representation of the GTR No. 22 [15] steps for the case of SOCE.

2.2. Tested Vehicle and the Laboratory

The tested BEV is a JRC property vehicle used for service purposes. It is a mid-size
5-seat vehicle, having an empty mass of 1520 kg and powered with an 80 kW/280 Nm
synchronous electric motor at the front axle. The vehicle’s main characteristics are reported
in Table 1.

Table 1. Main characteristics of the tested vehicle.

Architecture Battery Electric Vehicle

Propulsion Synchronous electric motor
Drive Type FWD

Max. Power (kW) 80
Max. Torque (Nm) 280
Empty mass (kg) 1520

Battery 24 kWh
192 Li-ion cells (96S-2P)

F/R tire and wheel size 205/55 R16
Length (mm) 4440
Width (mm) 1770
Height (mm) 1549

Wheelbase (mm) 2700
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The battery is composed of 192 Lithium-Ion cells (96S-2P architecture) for a 24 kWh
nominal capacity and circa 360 V nominal voltage.

The tested vehicle was registered on 29 April 2015. The experimental tests reported
here were performed in December 2021, with an odometer reading of 9050 km. As evident,
this is a special-purpose vehicle, only used inside the JRC premises, and the total distance
covered by the vehicle is quite low if compared to its age (6 years and 8 months). The vehicle
has been used for normal driving in urban environments and exceptionally in extra urban
and highway conditions; it has been used for interoperability tests with charging stations,
including high-power ones, and kept parked both externally exposed to weather conditions
and internally in temperature-controlled environments. Despite being a company vehicle,
its usage seems similar to a low mileage user operation with both cycle and calendar
aging effects.

The experimental tests were performed at the JRC VELA in Ispra (Italy) [19,20], pre-
cisely in the VeLA-8 test cell, equipped with a 4 × 4 independent roller benches chassis
dynamometer that has a nominal power per axle of 300 kW for full-road simulations with
a maximum speed and maximum acceleration, respectively, of 260 km/h and 10 m/s2 and
an inertia range of 250–4500 kg. The chassis dyno wheelbase can be adjusted depending on
the tested vehicle from 1800 mm up to 4600 mm. The laboratory test cell is designed for
testing light-duty and small commercial vehicles with internal combustion engines (ICEs)
or full-electric and hybrid vehicles.

Environmental conditions can be established using a robust climatization system,
allowing the control of the ambient temperature from −30 ◦C to 50 ◦C and humidity.
The VeLA-8 emission measurement system is also customized to allow hybrid vehicles
to be tested properly during the phases when the combustion engine is switched off. A
description of the testing facility is reported in [21,22].

2.3. Driving Cycles

The tests were performed in a chassis dyno test cell conditioned at 23 ◦C and with con-
trolled humidity, applying the WLTP testing procedures and calculations for PEVs [18,23,24].

In detail, the two following driving cycles were applied [18,23,24] as shown in Figure 2:

• The Worldwide Harmonized Light-duty Test Cycle (WLTC);
• The Worldwide Harmonized Light-duty Shorten Test Procedure (WLTP STP).

The WLTC is the European certification driving cycle for the light-duty vehicles
(LDVs) [18,23,24]. It was designed to reproduce the real-world operating conditions of
LDVs more closely than the earlier NEDC cycle. The cycle is comprised of four phases,
created to reproduce the urban, the rural, the extra-urban and the highway conditions,
respectively, with a duration in time and driven distance of (Figure 2a): low speed (589 s
and 3.09 km), medium speed (433 s and 4.76 km), high speed (455 s and 7.16 km), and extra
high speed (323 s and 8.25 km).

According to the WLTP Consecutive Cycle Test (CCT), the driving range is derived
by driving continually during the WLTC starting with a fully charged battery until the
break-off criterion is achieved. This occurs when the driver can no longer adhere to the
driving trace because of the vehicle power reduction; the vehicle shall be brought to a
standstill, and the driving shall be interrupted.

The WLTP STP is foreseen for high energy capacity, pure electric vehicles in order
to shorten the testing duration for the driving range determination [18,23,24]. The cycle
consists of two dynamic segments (DS1 and DS2) and two constant speed segments selected
to be at 100 km/h (CSSM and CSSE) (Figure 2b). The dynamic segments DS1 and DS2 are
needed to calculate the energy consumption of the specific phase. The duration of the
constant speed segments CSSM and CSSE are calculated for each specific tested vehicle
characteristic and are designed to cut the test duration by discharging the battery quicker
than with the CCT test. The calculated length of the 100 km/h sequences depends on the
vehicle’s available battery capacity.
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(a) 

 
(b) 

Figure 2. Driving cycles adopted: (a) WLTC; (b) WLTP STP [18,19,23,24].

After each driving range test, the fully depleted battery is recharged with a 6.6 kW
AC charger.

2.4. Measurement Points

During the driving cycle tests, the voltages and the currents were measured at different
component levels in the vehicle to calculate the electric power consumption and efficiencies.
A complete depiction of the measurement points is presented in Figure 3 and Table 2.

Figure 3. Schematic representation of the vehicle systems and measurement points [19].
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Table 2. Detail of measurement locations [21,22] (see Figure 3).

Measurement Point Marker Explanation

M1
Electrical energy from the mains to the high-voltage battery (Wh)

(acquired directly at the recharging station)

M2

Current (A) and Voltage (V) from the high-voltage battery to the inverter, the low-voltage
auxiliary systems and the HVAC systems;

(acquired both by CAN bus and current clamp measurements)

M3
Rotational speed (rpm) and torque (N·m) of the electric motor;

(acquired by CAN bus)

M4
Mechanical energy at the wheel (Wh);

(acquired by the dyno)

M5
12V battery electrical energy measurement

(acquired both by CAN bus and current clamp measurements)

3. Results

The results of the testing campaign on the aged vehicle are discussed in this chapter.
Section 3.1. presents the energy and driving range measurement and the derived energy
consumption. Section 3.2. compares the aged vehicle performances with the initial figures
obtained during certification and an estimate of the SOH is derived. Section 3.3. compares
the obtained measured SOH value with the value read from the CAN, and finally, the GTR
No. 22 Part A statistics is applied as an example, assuming the tested vehicle to be one of
the vehicles sampled for the SOCE/SOCR monitor validation.

3.1. Usable Battery Energy, Driving Range and Energy Consumption

The WLTP CCT and STP procedures [18,23,24] have been applied at 23 ◦C to determine
the aged vehicle UBE, energy consumption, and driving range. During the CCT procedure,
the break-off is reached in the fourth phase of the fifth repeated WLTC; instead, during
the STP, the break-off occurs during the second CSS, as prescribed, corresponding to
approximately the same driven distance and lower test time with respect to the standard
CCT procedure.

The UBE measured according to WLTP calculations [18,23,24] is approximately
17,607 Wh for the CCT test and 17,385 Wh for the STP, while the driving range is, respectively,
113.06 km and 114.00 km. The resulting WLTP energy consumption values are 155.74 Wh/km
for the CCT test and 152.51 Wh/km for the STP procedure.

Table 3 is reporting the details of the specific energy consumption for each cycle
repetition; a higher value is measured in the first cycle both for CCT and STP.

Table 3. Details of specific energy consumption expressed in Wh/km for the different parts of the
cycles: CCT procedure on the left and STP procedure on the right.

WLTC Cycle n. WLTP CCT ◦ WLTP STP

1 158.16 WLTC cycle 1 155.58
2 153.66 WLTC cycle 2 151.71
3 152.50 DS1 147.43
4 159.15 DS2 144.06

Tot. up to break-off 158.31 Tot. up to break-off 156.19

WLTP post processed energy consumption 155.74 WLTP post processed energy consumption 152.51

Table 4 below is a further split of the results, reporting energy consumption values for
the CCT and STP procedures phase by phase. The energy consumption decreases while
driving the cycles, and it is also evident how the specific energy consumption is higher for
the fourth phase of each repeated WLTC cycle, reproducing highway driving conditions
up to over 130 km/h, with respect to other phases corresponding to a lower speed.
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Table 4. Details of specific energy consumption expressed in Wh/km for each phase of the cycles:
CCT procedure on the left and STP procedure on the right.

WLTC Cycle n. Phase n. WLTP CCT WLTC Cycle n. Phase n. WLTP STP

1

1 145.57

DS1

1 138.16
2 142.99 2 137.69
3 145.20 3 143.12
4 191.06 4 190.22

2

1 138.02 1 126.69
2 131.58 2 127.80

3 143.54 CSS1 167.02

4 190.73

DS2

1 124.61

3

1 136.10 2 129.20
2 129.69 3 140.85
3 142.44 4 191.31
4 190.50 1 123.49

4

1 138.10 2 127.46

2 129.65 CSS2 210.14

3 158.12 WLTP post-processed
energy consumption 152.51

4 194.84

5

1 144.54
2 155.82
3 152.02
4 234.80

WLTP post-processed
energy consumption 155.74

3.2. Calculate the SOCE/SOCR Monitor

The measured UBE and ranges during the tests have been divided by the values of
certification to obtain the measured SOCE and SOCR, an indication of the in-vehicle battery
aging at this specific point in its lifetime. The values are reported in Table 5 for both the
CCT and the STP procedure.

Table 5. Measured SOCE and SOCR values for the aged vehicle being tested.

SOCEmeas= UBEmeas
UBEcert

(%) SOCRmeas=
Rangemeas
Rangecert

(%)

CCT 73.4 70.7
STP 72.4 71.2

The aged vehicle (6 years and 8 months), despite the low accumulated mileage, is
quite close to the MPR enforced for 8 years or 160,000 km (30%). The company service
vehicle has been used for testing fast charging stations and has been kept parked outside
the JRC buildings both in summer and in winter conditions, with a significant contribution
expected from calendar aging. The battery SOH from the CAN bus is estimated to have
a value of 78%, underestimating the aging with respect to the measured value, but it has
to be noted that this value does not reflect the new global technical regulation provisions
since the vehicle was registered in 2015.

3.3. Applying the GTR No. 22 Part A Statistics

The accuracy of the SOCE monitors will be verified by GTR No. 22 Part A, according
to which the acceptance or rejection of the monitor value will be checked with a statistical
analysis based on confidence intervals. An initial sample of three aged vehicles will be taken
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from the market and tested with the same procedure applied in this work; the difference
between the value read from the SOCE/SOCR monitor and the one measured during tests
will be evaluated, and the average and standard deviation will be calculated for the sample
together with the limit values, as tabulated in GTR No. 22, to verify the correctness of the
monitors even if statistically dispersed. If the average value of the difference between the
read value and the measured value is sufficiently low, the monitor is accepted. If the value
is too high, the monitor value is rejected. If the difference is in the middle, an additional
vehicle should be tested. Limit values are set to certainly obtain a pass-or-fail decision
with a maximum sample size of 16 values. Details about the calculation and limit values
tabulated in GTR No. 22 are reported in Appendix A.

For simplification, it is assumed that the three sampled vehicles are identical to the
vehicles tested at the JRC. We are assuming as reference the measured state of certified
energy over the CCT procedure, SOCEmeasured = 73.4%, and the read value from the CAN
variable SOCEread = 78%. By applying the formulas in GTR No. 22 [15] (see Appendix A),
the difference xi between the read and measured values is 4.6%, and in this particular case,
the standard deviation becomes zero. According to the statistical criterion prescribed in
the GTR No. 22, this would result in a pass decision, and the monitor reading would be
considered correct and within the tolerance defined in the GTR No. 22. (A = 5%). Table 6
resumes the calculation steps and the obtained result.

Table 6. GTO No. 22 calculation steps and the obtained result.

Vehicle Tested SOCEread (%) SOCEmeas (%) xi (%)
Pass Boundary

(%)
Fail

Boundary (%)
Xtest (%) Decision

1 78 73.4 4.6 4.6
2 78 73.4 4.6 4.6
3 78 73.4 4.6 5 5 4.6 PASS

This is just an example case that oversimplifies the situation since the vehicles sampled
from the field that will be encountered during the verification of the SOCE/SOCR monitor
will be statistically dispersed. In order to also take into consideration this aspect, another
example is reported here where two normal distributions are created around the SOCEmeas
and SOCEread values with a standard deviation of sd = 1.56. Figure 4 shows the normalized
probability histograms of the generated distributions, where it is noted that they are only
partially overlapping (shaded area) and the average of the SOCEmeas distribution is below
the SOCEread one. In Table 7, additional information on the distribution quantiles is
reported. Iterations of a random sampling over the two distributions are then performed to
obtain SOCEmeas and SOCEread couples. The GTR statistic was applied for each iteration,
and the pass-or-fail decision was recorded for each given sample size.

Table 7. Additional information on generated SOCEmeas and SOCEread distributions.

Minimum (%) 1st Quarter (%) Median (%) Mean (%) 3rd Quarter (%) Maximum (%) Std. Deviation (%)

SOCEmeas 67.086 72.356 73.428 73.415 74.488 79.005 1.56
SOCEread 72.061 76.937 77.992 77.986 79.048 83.448 1.56

In Figure 5, the cumulative pass curve obtained as a function of the sample size is plot-
ted for this sampling. Table 8 shows the corresponding numerical values for completeness.
About 5% of the samples reached a pass decision with an accepted monitor value with a
sample size of three. The cumulative percentage of acceptance grew to about 65%, which is
the acceptance probability with a sample size of up to 16 vehicles. Since the two generated
distributions are not completely overlapping, not all the iterations gave a pass decision;
this is due to the characteristic of the developed method aiming at avoiding false passes.
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Figure 4. Normalized probability histograms of the generated SOCEmeas (blue) and SOCEread

(orange) normal distributions.

0%

20%

40%

60%

80%

100%

3 4 5 6 7 8 9 10 11 12 13 14 15 16

C
um

ul
at

iv
e 

Pa
ss

Sample Size

(SOCEmeas) = 73.4; (SOCEread) = 78;  = 1 56

Difference A = 5%

Figure 5. Cumulative pass curve as a function of sample size after iterative sampling SOCEread and
dSOCEmeas from generated normal distributions and applying the GTR No. 22 Part A statistics.
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Table 8. Cumulative pass values.

Sample Size 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Pass rate (%) 5.25 3.30 1.75 1.75 2.05 3.00 4.20 4.85 5.25 7.20 7.80 7.70 7.35 3.95

Cumulative Pass
rate (%) 5.25 8.55 10.30 12.05 14.10 17.10 21.30 26.15 31.40 38.60 46.40 54.10 61.45 65.40

4. Discussion and Conclusions

The present work introduces the testing procedures for the in-vehicle battery durability
assessment outlined in the new UN ECE GTR No. 22., aiming to verify its applicability on
an electric vehicle and illustrating the results obtained with a testing campaign on a JRC
property aged battery electric vehicle.

According to GTR No. 22, future off-vehicle charging hybrid electric vehicles and pure
electric vehicles will have monitors indicating the actual state of health of the battery pack
to the customers, expressed in terms of state of certified energy and state of certified range.
The accuracy of these monitors will be confirmed by testing up to 16 vehicles for each
vehicle family and applying a statistical procedure (Part A of the GTR 22), while the battery
aging at specific years and kilometers will be controlled against minimum performance
requirements by remotely collecting the available monitor values from a large number of
vehicles within a family (Part B of the GTR No. 22).

To measure the remaining usable battery energy and driving range of the tested vehicle,
the WLTP procedure has been applied. The measured SOCE and SOCR values have been
calculated, and the results were compared with certification values. In Section 3.3, an
exercise was performed to apply the GTR No. 22 Part A statistics, used to validate the
accuracy of the SOCE/SOCR monitor values. Since the vehicle was registered in 2015, and
the new GTR No. 22 is still not enforced, the value of the monitor has been approximated
with a SOH channel retrieved from the vehicle CAN bus.

Moreover, it was possible to test only one aged vehicle.
Despite the assumptions, the test campaign proved the applicability of the testing

method and statistical analysis, as described in Part A of GTR No. 22.
The study can be extended in the future by collecting experimental data points for more

aging steps of the same vehicle over the course of many years or for different aged vehicles.
For what concerns the UN GTR, future developments will foresee the extension of

the in-vehicle battery durability regulation to other classes of vehicles, such as heavy-duty
electrified vehicles, guaranteeing that battery performance will be controlled over time and
usage for this important market share of vehicles as well. Making sure each vehicle battery
lasts longer would also help ease the pressure on in-demand critical raw materials needed
for their production and reduce waste from used batteries [25].
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Abbreviations

BEV Battery electric vehicle
CAN Controller area network
CCT Consecutive Cycle Test
CSS Constant speed segment
EVE Electric Vehicles and Environment
GTR Global Technical Regulation
HVAC Heating, Venting, and Air Conditioning
ICE Internal combustion engine
IWG Informal Working Group
JRC Joint Research Centre
MPR Minimum performance requirement
NEDC New European Driving Cycle
OVC-HEV Off-vehicle charging hybrid electric vehicle
SOH State of health
SOCE State of certified energy
SOCR State of certified range
STP Shortened test procedure
UBE Usable battery energy
UN ECE United Nations Economic Commission for Europe
V2X Vehicle to Everything
VELA Vehicle emission laboratories
WLTP Worldwide Harmonized Light-duty Test Procedure

Appendix A

The calculations and tabulated parameters of GTR No. 22 [15] used in Part A to make a
decision on the accuracy of SOCE/SOCR monitor values based on confidence intervals are
reported in this Appendix. Distinct statistics shall be considered for the SOCR and the SOCE
monitor, here named indefinitely as SOC. A sufficient number of vehicles (at least 3 and
not more than 16) shall be sampled from the same monitor family for testing, following a
vehicle survey containing information designed to ensure that the vehicle has been correctly
used and maintained according to the manufacturer’s specifications [15]. For evaluating
the SOCE/SOCR monitors, normalized values shall be calculated for each sample:

xi = SOCread,i − SOCmeasured,i

where SOCread,i is the onboard SOCE/SOCR read, and SOCmeasured,i is the measured
SOCE/SOCR of the vehicle i.

For the total number of N tests and the normalized values of the tested vehicles, x1, x2,
. . . xN, the average Xtests and the standard deviation s shall be determined:

Xtests =
(x1 + x2 + x3 + . . . + xN)

N

s =

√
(x1 − Xtests)

2 + (x2 − Xtests)
2 + . . . + (xN − Xtests)

2

N − 1

For each N tests 3 ≤ N ≤ 16, one of the three following decisions can be reached,
where the factor A shall be set at 5 percent:

(a) Pass the family if Xtests ≤ A− (tP1,N + tP2,N)·s;
(b) Fail the family if Xtests > A + (tF1,N − tF2)·s;
(c) Take another measurement if:

A− (tP1,N + tP2,N)·s < Xtests ≤ A + (tF1,N − tF2)·s
where the parameters tP1,N, tP2,N, tF1,N, and tF2 are taken from Table A1 [15].
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Table A1. Pass/fail decision criteria for the sample size [15].

PASS FAIL
Tests (N) tP1,N tP2,N tF1,N tF2

3 1.686 0.438 1.686 0.438
4 1.125 0.425 1.177 0.438
5 0.850 0.401 0.953 0.438
6 0.673 0.370 0.823 0.438
7 0.544 0.335 0.734 0.438
8 0.443 0.299 0.670 0.438
9 0.361 0.263 0.620 0.438

10 0.292 0.226 0.580 0.438
11 0.232 0.190 0.546 0.438
12 0.178 0.153 0.518 0.438
13 0.129 0.116 0.494 0.438
14 0.083 0.078 0.473 0.438
15 0.040 0.038 0.455 0.438
16 0.000 0.000 0.438 0.438
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Abstract: The Li intercalation reaction exhibits non-uniform behavior along the thickness direction of
the electrode in a Li-ion battery. This non-uniformity, or intra-layer inhomogeneity (ILIH), becomes
more serious as the charging and discharging speed increases. Substantial ILIH can lead to Li plating
and the emergence of inhomogeneous inner stress, resulting in a decrease in battery service life and
an increase in battery safety risks. In this study, an operando optical observation was conducted
based on the color change reaction during Li intercalation in the anode. Subsequently, we introduce
a novel quantitative method to assess ILIH in commercial Li-ion batteries. A specific ILIH value
(KILIH) is first used in this article for ILIH characterization. An analysis of KILIH at different charging
and discharging rates was conducted, alongside the exploration of KILIH-SOC trends and their
underlying mechanisms. The proposed method exhibits favorable mathematical convergence and
physical interpretability, as supported by the results and mechanism analysis. By enabling the
assessment of ILIH evolution in response to SOC and (dis)charging rate variations, the proposed
method holds significant potential for optimizing fast charging protocols in commercial batteries and
contributing to the development of refined electrochemical battery models in future research.

Keywords: Li-ion battery; electric vehicle; battery safety; inhomogeneity; operando observation

1. Introduction

Lithium-ion batteries (LIBs) have already become the dominant power source for
consumer electric devices [1–3]. Since the widespread use of LIBs in electric vehicles (EVs),
the ever-increasing market has led to even higher demands for commercial LIBs. To address
the requirements of the automobile industry and to alleviate “drive-range anxiety” among
consumers, extensive efforts have been made to research and develop LIBs with higher
energy density and higher charging rates [4,5]. Other efforts have also been made in the
pursuit of LIBs with better cycling performance, higher thermal stability, better safety, and
reduced cost [2,6,7].

In the study of LIBs, the potential for fast charging is limited by issues such as
reaction inhomogeneity and Li plating. Graphite is commonly used in commercial battery
anodes due to its low cost, high Li diffusivity, and low delithiation potential characteristics,
but the low-voltage plateau in the charge–discharge profiles of graphite may inevitably
increase the risk of Li plating during the fast charging process [8,9]. Li plating and the
localized abuse caused by inhomogeneity are recognized as crucial factors leading to
reduced lifetime and increased safety risks under abusive operating conditions [10–14]. For
example, inhomogeneity-induced local overuse and overcharge can result in internal short
circuits under mechanical load, potentially culminating in thermal runaways.

The inhomogeneity of reactions in commercial LIBs can be categorized into three
types: in-plane, which refers to inhomogeneity on the surface parallel to the current
collector; inter-layer, which represents the variation among electrode layers in full cells;
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and intra-layer, which describes the inhomogeneity along the thickness direction of the
electrode coating. Numerous studies have investigated inhomogeneity in the in-plane
directions [15–18] and the inter-layer dimension [19–21]. However, limited attention has
been given to inhomogeneity in the intra-layer direction [11]. Figure 1 shows typical
cathode and anode configurations in commercial LIBs, in which the vertical direction of
the SEM images and the schematic diagram represents the intra-layer direction mentioned
above. Previous studies by Harris et al. [22], Hogrefe et al. [23], and Kuwabara et al. [24]
have examined microscopic electrochemical behaviors, the dendrite growth of deposited
Li, and contaminated Cu on the cross-section of LIBs, respectively. Although these studies
have demonstrated the significance of intra-layer inhomogeneity (ILIH in short), more
complex experimental methods, such as operando or in situ techniques, are required for
the detailed and quantitative characterization of ILIH.

Figure 1. SEM images and a schematic illustration of the electrode structure of LIBs: (a,b) the SEM
images of the cross-sections of the cathode and anode in LIBs [25]; and (c) schematic diagram of the
electrode structure of LIBs [26].

Compared to ex situ observation and characterization techniques, in situ techniques
provide a precise and reliable analysis of battery cells under different conditions (SOCs,
etc.). Furthermore, operando techniques make it even more possible to observe and detect
batteries during the charging and discharging processes [27]. Consequently, operando or
in situ techniques have emerged as a research hotspot in LIBs since the 2010s [28].

Researchers have employed operando or in situ techniques to conduct numerous
studies, including investigating Li dendrite growth [29], observing cracks on electrode
particles [30], and characterizing Li concentration and current densities in electrodes or
electrolytes [31–33], etc. However, there is a relative scarcity of studies focusing on the cross-
section of batteries, which require operando techniques and transverse-type samples [28].
Most existing studies have only concentrated on the observation of Li plating and Li
dendrite growth [22,29,31,34]. Although Li plating is crucial for studying battery failure,
inhomogeneity may be more important for maintaining battery durability from an integrity
perspective [10].

To investigate inhomogeneity via the operando approach, optical characterization
methods have been developed. For instance, Marie et al. employed an “in situ colorimetry
method”, utilizing optical observation to quantify the SOC or potential of graphite elec-
trodes [18,35]. Hogrefe et al. adopted the method to estimate the speed of lithiation by
analyzing the colorimetric area of LiC12 and LiC6 in the cross-section of battery cells [36].
Even though the colorimetric method has been employed in relevant studies, the limitations
of this method when applied to particles in commercial batteries with poor consistency
remain unsolved.

In summary, thorough studies on ILIH and its quantitative characterization are crucial
for enhancing the durability and safety of LIBs. Nevertheless, to the best of the authors’
knowledge, there have been very few studies that have successfully characterized ILIH dur-
ing the (dis)charging process, let alone established a quantitative ILIH measuring method.
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In this research, an operando optical microscopic approach was used to obtain simul-
taneous electrical and chromatic image data. Furthermore, a new data analysis method is
proposed to characterize the Li intercalation level of anode graphite particles in commercial
batteries, enabling the quantitative characterization of ILIH. The robustness of the method
was verified via the results obtained from multiple battery cells subjected to different
charging and discharging rates. Additionally, based on the relationship between ILIH and
the SOC, the electrochemical mechanism underlying the trend of ILIH along the SOC is
further discussed.

The remainder of this article is organized as follows: In Section 2, the sample prepa-
ration and experimental settings are introduced. In Section 3, the newly proposed ILIH
assessment method is detailed, and its necessity is briefly explained through a preliminary
analysis of the optical signal. The results of the ILIH assessment are shown in Section 4.
Finally, the conclusions and outlooks of this study are provided in Section 5.

2. Experiments

In this section, the experimental details for preparing the battery samples and conduct-
ing optical observations are provided. Also, the experimental settings for the operando
optical observations are illustrated.

2.1. Preparation of Battery Samples

As introduced in Section 1, the observations in this study focus on commercial batteries,
which are unsuitable for optical observation. Consequently, specific battery samples were
prepared beforehand. The flow chart of the sample preparation process is shown in
Figure 2. For this study, the objects of investigation were pouch cell batteries with lithium-
ion phosphate (LFP) as the cathode material and graphite as the anode material. As
Figure 2a shows, the batteries were cut with insulated tools. Subsequently, the cathodes,
anodes, and separators were peeled off layer-by-layer and cut into specific sizes. Due to the
impracticality of performing the heat pressing process inside a glove box, the configuration
of the electrodes and separators had to be fixed by other means. Therefore, the pouch cells
were designed to be reassembled into the “G-shape” shown in Figure 2b. As Figure 2c
shows, electrolyte injection, encapsulation, and the necessary inspections for leak-proofness
and capacity maintenance of the pouch cells were conducted. In order to avoid atmospheric
interference, the disassembly and reassembly process described above took place in the
glovebox filled with argon gas. Finally, three cycles of low-rate charging and discharging
were performed on each battery to ensure the electrical reliability of the battery sample for
subsequent observation.

 

Figure 2. Flow chart of the sample preparation process based on the commercial pouch cell battery:
(a) decomposition of the commercial pouch cell battery; (b) reassembly of the single-piece electrode
pair pouch cell battery sample; and (c) re-injection of the electrolyte, encapsulation of the battery
sample package, and electrical reliability testing of the battery sample.
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The cathodes and anodes were cut into sizes of 25 mm × 30 mm and 30 mm × 35 mm,
respectively. The samples had an approximate capacity of 20 mAh, with a cut-off voltage
range from 2.5 V to 3.65 V.

The optical observation was conducted using the battery sample prepared as described
in Figure 2. The operando observation was carried out in a confocal optical microscope
(Lasertec Corp., Yokohama, Tokyo, ECCS). The cross-section of the prepared battery sample
was continuously illuminated by an independent light source from the microscope, and
the reflected light was used to generate confocal chromatic images. The schematic diagram
of the sample’s cross-section is shown in Figure 2b.

To obtain a high-quality cross-section, the pouch cell sample was cut using a special
cutter. The cross-section of the sample was exposed in an anhydrous air environment to
protect the electrolytes. Subsequently, the sample was installed in a specially designed
airtight fixture. The anhydrous air environment inside the fixture was then replaced with
argon gas via a vacuum pump. The exposed cross-section was utilized for the following
observations. The operation mentioned above (shown in Figure 3) was vital for maintaining
the chemical stability of the exposed battery throughout long-term testing.

 

Figure 3. Flow chart of the optical observation based on confocal optical microscopy: (a) exposure of
the cross-section of the sample; (b) schematic of sample installation and the gas replacement process;
and (c) schematic of optical observation.

2.2. Experimental Settings

In this article, the experiments were conducted at room temperature (25 ◦C). The
confocal microscope was utilized for the operando observation, enabling the acquisition
of a series of high-resolution photochromes synchronized with the electrical data in the
(dis)charging process.

The following protocol was adopted for this study: (1) constant current (CC) charging
to 3.65V at 1/8C and then constant voltage (CV) charging at 3.65 V until the current is
reduced to 1/20C; (2) rest for 5 min; (3) CC discharging to 2.5 V at 1/8C; (4) rest for 5 min;
(5) repeat steps (1) through (4) three times, changing the CC charging and discharging rate
to 1/4C, 1/2C, and 1C.

As discussed in Section 1, inhomogeneous Li intercalation occurs during high-rate charg-
ing/discharging processes, whereas the inhomogeneity in slow charging/discharging pro-
cesses can be neglected. Therefore, for the sake of comparison, low-rate charging/discharging
(1/8C) was set as the homogeneous baseline. Further discussions and hypotheses are
introduced in the following analysis.

3. Methods

Based on the optical and electrical data obtained in the experiments, a series of data
analysis processes were conducted. The corresponding methods are fully illustrated in this
section. The section begins by presenting an intuitive analysis of the optical signal from the
cross-sections of the batteries, highlighting the necessity of the ILIH assessment method,
which is further introduced in this section.
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3.1. Preliminary Analysis of the Optical Signal

In this subsection, we illustrate that the color response of the cross-sections on the
anode side is highly sensitive to changes in battery SOC, and significant inhomogeneity in
the intra-layer direction can be observed. However, owing to the inherent randomness of
commercial batteries, the statistical results exhibit the limitation of the colorimetric method
in identifying the SOCs of local regions and characterizing the ILIH values.

In this study, three battery samples were tested and observed. One sample was selected
to demonstrate the characteristics of the operando optical response. Figure 4 presents the
representative electrical signal of the battery in the tests, whereas Figure 5a illustrates
the color reaction of the graphite lithiation process captured by optical microscopy. As
the lithiation process progresses, the Lithium–Carbon composite in the anode undergoes
a color change reaction, transitioning from grey to blue, orange, and gold [35,36]. This
physicochemical phenomenon is a consequence of the transition between different phases
within the Lithium–Carbon composite during lithiation and delithiation processes, which
can be readily discerned through optical observation. At room temperature, the phases
correspond to Li0.04C6-Li0.33C6-Li0.5C6-LiC6, correlating with a color transition from grey
to dark blue to orange (or dark red) to gold [22,37]. Moreover, distinctive differences in the
graphite color in the cross-section were observed at different charging rates. The arrows
in Figure 5a indicate that higher charging rates result in a larger golden area near the
separator and a larger blue area further away from the separator, which can be classified as
an ILIH phenomenon. On the other hand, previous studies [23] and the observations in
Figure 5a indicate that the LFP cathode material exhibited insignificant optical variation
throughout the lithiation and delithiation processes. Additionally, variations in the size
and distribution of anode graphite particles were observed in commercial battery coatings,
primarily due to the manufacturing process.

In previous studies, the colorimetric method has been employed to determine the SOC
of the particles. However, due to the inherent randomness resulting from the experimental
settings, sample preparation, anode material systems, etc., the colorimetric method was
not suitable for evaluating the Li intercalation status of the local area of interest.

Figure 4. Original voltage–current–time data and the calculated electric charge quantity (to demon-
strate the data clearly, the electric charge quantity value in the discharging process was set as negative,
so the absolute value represents the battery’s discharge capability).
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Figure 5. The image capture and preliminary analysis results: (a) operando in situ image captures of
the cross-sections with different SOCs and charging rates (The blue arrows emphasize the noticeable
inhomogeneity at higher charging rates); (b) primary color ratio analysis of part 1©; and (c) primary
color ratio analysis of part 2©.

The primary color ratio analysis in two parts of the same battery sample is shown
in Figure 5. The local image captures of part 1© and 2© (Figure 5a) at 30% SOC and 60%
SOC are respectively zoomed in and shown in Figure 5b,c. The primary color ratios of
these two parts were calculated throughout the 0.125C charging process, and the results are
presented in curve graphs. In these graphs, the short-dashed lines indicate the positions
of 30% and 60% SOC. The inconsistent color ratio trends of the primary colors indicate
variations in the color reaction at different local areas. The differences between part 1©
and 2© are also obvious intuitively: at the same 30% SOC condition, they exhibit a similar
blueish color, whereas at the same 60% SOC condition, the particles in part 2© turn orange
to a similar extent. Furthermore, in part 1©, some particles become bright gold, whereas
others remain blue.

From the preliminary analysis, it is evident that there are variations in the color change
among different parts of the cross-section. Therefore, a single absolute criterion is not
suitable for quantitatively analyzing the intricate information obtained from the image.
This introduces non-negligible interference in the absolute colorimetric analysis process and
may bring limitations to the existing colorimetric methods. Hence, in order to evaluate the
real-time ILIH value of the battery, a new method is introduced (in the following section).

3.2. ILIH Assessment Method

In this subsection, the ILIH assessment method is explained in detail. The method
was based on the color change of the Lithium–Carbon composite in the anode during its
Li intercalation: a grey–blue–red–gold color reaction along with the intercalation reaction
of Li0.04C6-Li0.33C6-Li0.5C6-LiC6 [35–37]. However, to overcome the inherent randomness
mentioned above, the assessment could not rely on absolute criteria. Therefore, this
paper has established a relative criterion using the optical data obtained during low-rate
(dis)charging processes. Through a series of data processing operations, the quantitative
assessment of ILIH was achieved.
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Specifically, the data processing operations included: characterization of the Origi-
nal Relative Illuminance, which managed to normalize the data in a positional sense, as
introduced in Section 3.2.1; calculation of the Normalized Relative Illuminance, which
normalizes the data in terms of illuminance, as introduced in Section 3.2.2; and character-
ization of the ILIH value, which included a linear simplification process and an angular
decomposition process aimed at eliminating systematic inhomogeneity noise, as introduced
in Section 3.2.3.

3.2.1. Characterization of the Original Relative Illuminance

As mentioned before, the randomness in battery electrode manufacturing leads to
different sizes and non-uniform distribution of the anode graphite particles. Moreover,
the thickness and position of the electrode coating also changes during charging and
discharging processes, which can be seen in Supplementary Video S1. This is mainly
due to the volume change of electrode particles in the (de)lithiation process and other
environmental disturbances. Thus, the absolute position of the anode coating (the object of
this study) cannot be guaranteed.

In order to carry out an operando comparison of the same sample under different SOCs,
charging rates, battery cells, etc., it is necessary to eliminate the influence of component
deformation and position shifting on image data. As a result, to obtain robust quantitative
results from the image analysis of the battery samples, the following operation is required.

The Original Relative Illuminance (ORI) is calculated by analyzing the color infor-
mation of the photochrome captured in optical microscopy. Figure 6a shows a typical
part of the image capture when Battery-A (one of the studied battery samples) was fully
charged. In this image, 1© 4© 6© represent the anode and 2© 5© 7© represent the cathode. Only
4© 1© 2© 3© 5© and the external circuit form a complete loop.

Figure 6. Data analyzing process of ORI: (a) Original image capture in ECCS: 1© Anode Coating
(in loop); 2© Cathode Coating (in loop); 3© Separator; 4© Anode Current Collector (Cu); 5© Cathode
Current Collector (Al); 6© Anode Coating (out of loop); and 7© Cathode Coating (out of loop); (b)
ORI directly extracted from the original image capture; (c) the result of position normalization for the
ORI.

Figure 6b presents the ORI extracted from the original image (Figure 6a) by summing
up the primary color values of pixels on the same row (perpendicular to the anode coating
thickness direction). The upper and lower boundaries of the anode coating were iden-
tified according to the optical characteristics of the separator ( 3©) and current collector
( 4©), respectively. Then, the pixels boxed in the identified area were isolated and charac-
terized in terms of their relative position (ranging from 0 to 1) along the anode coating
thickness direction.

Figure 6c shows the result of position normalization for the ORI. This process helps
to eliminate interference caused by the volume change of the battery or any wobbling of
the microscope.
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3.2.2. Calculation of the Normalized Relative Illuminance

As mentioned earlier, non-uniformity in graphite particle size, distribution, and physic-
ochemical characteristics can arise due to experimental settings, sample preparation, the
manufacture of anode coatings, anode material systems, etc. Non-uniformity may cause
inconsistent color reactions and incomparable illuminance changes, posing challenges in
evaluating the Li intercalation status of the local area of interest.

In order to address the challenges posed by the inherent randomness mentioned
above, this article proposed a method: normalizing the ORI of one of the primary colors to
establish consistent “Color–Li intercalation” relationships across different local areas. The
normalized ORI is referred to as the Normalized Relative Illuminance (NRI) throughout
the rest of this article.

The formula for calculating NRI is as follows:

NRI(x, t; Color) =
ORI(x, t; Color)−min

t
ORI(x, t; Color)

max
t

ORI(x, t; Color)−min
t

ORI(x, t; Color)
(1)

where, x is the relative position along the thickness in the anode coating (ranging from 0 to
1); t denotes the time history; Color represents the RGB primary colors. Using the formula,
the minimum and maximum values of ORI were calculated at each x0 point with respect
to t. Consequently, NRI serves as a rational characterization parameter for the Relative
Lithium Insertion Amount (RLI) of the anode. Figure 7 illustrates the calculation process of
NRI(x, t; Red), wherein the following equations are satisfied:

ORImin(x) = ORI(x, tmin; Red) = min
t

ORI(x, t; Red), (2)

ORImax(x) = ORI(x, tmax; Red) = max
t

ORI(x, t; Red), (3)

where any x0 ∈ [0, 1].

Figure 7. Schematic diagram of the NRI calculation process (the blue and purple vertical lines in the
two subplots have the same proportions): (a) an ORI curve at time t (solid line), and the maximum
and minimum curves of ORI(x, tmax; Red) and ORI(x, tmin; Red); and (b) the NRI curve derived
from (a).

By normalizing the local illuminance of ORI, the inherent difference among the par-
ticles at different relative positions can be reduced to an acceptable extent. As a result,
real-time evaluation of ILIH in the battery sample can be further achieved using NRI data.

3.2.3. Characterization of the Intra-Layer Inhomogeneity (ILIH) Value

The ILIH is specifically represented by the degree of SOC deviation at different
positions along the thickness direction. In this study, the authors tried to describe ILIH
with a specific “ILIH value”, represented by KILIH . In the practical analysis process, the
determination of this slope is based on the fitting of NRI at different positions along the
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thickness direction. However, it should be emphasized that the NRI value at a particular
location cannot directly represent the local SOC. As mentioned before, the manufacturing
of commercial batteries and the preparation of samples in the laboratory may introduce
systematic deviations to the relationship between NRI and SOC. To overcome this deviation,
KILIH during low-rate (dis)charging processes (1/8C in this case) is considered zero, i.e., it
is considered homogeneous. Consequently, the NRI slope values in the low-rate process
represent the systematic noise of the sample at specific SOCs. Therefore, the following
operation is required to eliminate systematic deviations and to obtain the assessed ILIH
value (KILIH).

Figure 8 presents the schematic diagrams related to NRI fitting and the ILIH character-
ization process. Time t1 corresponds to medium/high-rate conditions (1/4C, 1/2C, or 1C in
this case), whereas time t0 corresponds to low-rate conditions (1/8C in this case). Notably,
the battery sample is at the same SOC at both moments. As mentioned before, KILIH in
low-rate conditions is considered systematic noise. So, as Figure 8a illustrates, a comparison
between t1 and t0 can derive KILIH with a specified SOC and charging/discharging rate.

Figure 8. Schematic diagrams related to the characterization of KILIH . (a) Schematic diagram of the
original inhomogeneity noise in the slow charging process when SOC(t0) = SOC(t1), KILIH(t0) ≡ 0;
and (b) schematic diagram of the NRI fitting process.

Figure 8b illustrates the NRI fitting process, in which the estimation of KILIH is made.
Systematic noise needs to be excluded from the image analysis results at t1, so an angular
decomposition formula was derived as follows:

tan
(

θkt0

)
= kt0 (4)

tan
(

θkt1

)
= kt1 (5)

SOC(t0) = SOC(t1) (6)

KILIH(t1) tan θIH = tan
(

θkt1
− θkt0

)
=

kt1 − kt0

1 + kt1 kt0

(7)

in which case, as t0 is in the low-rate charging process, KILIH(t0) is considered to be zero.
To summarize, the ILIH value assessment process is outlined in a flow chart, as shown

in Figure 9. The nominalization of position and illuminance ensures reliability at both the
position and color levels, respectively. This process converts the qualitative and unstable
image results into quantitative and robust KILIH results.

Significantly, because the images, ORI, NRI, and KILIH are time series data, a data-
navigating video can be generated during processing. Furthermore, the data-navigating
video can assist in error checking during the data analysis process. An example of a data-
navigating video is provided in Supplementary Video S2, and a brief introduction and
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analysis of the video can be found in the Supplementary Material. A detailed analysis of
the KILIH results will be discussed in the next section.

 
Figure 9. Flow chart of the ILIH assessment process: 1© nominalization of position; 2© nominalization
of illuminance; 3© linear simplification; and 4© elimination of inhomogeneity noise.

4. Results and Discussions

By applying the ILIH assessment method demonstrated above, a series of KILIH results
were obtained, all of which are illustrated and discussed in this section. In Section 4.1, the
KILIH results are presented and discussed, and the robustness of the introduced method
is verified for different battery samples with different charging rates. In Section 4.2, the
KILIH trend and its underlying physicochemical mechanism are illustrated and discussed
in detail, providing support to the interpretability of the ILIH assessment method.

4.1. Results of ILIH Value Assessment

As shown in Figure 5 and Supplementary Video S2, the Red Channel exhibits the
most significant changes during the (dis)charging process. Therefore, processing the Red
Channel data would be highly beneficial in characterizing ILIH. Consequently, a series of
KILIH-SOC data (via the Red Channel) from different batteries and charge/discharge rates
are sorted out.

Figure 10 illustrates the KILIH-SOC plot during the charging process of the three
batteries, whereas Figure 11 shows the plot during the discharging process. Due to slight
electrochemical instability in Battery-C, the charging/discharging rates did not precisely
match the pre-set values in the tests, and the 1C rate was not properly executed. However,
because the three cycles were still comparable (0.172C is close to 0.125C, and 0.345C
and 0.69C are two times and four times the 0.172C baseline), Battery-C was still worth
analyzing. For the sake of clarity, the three different charging rates are uniformly expressed
as “0.125C”, “0.25C”, and “0.5C” throughout this study. Additionally, the cross-section of
the Battery-B sample exhibited lower reflectance in the ECCS, resulting in dimmer original
photochromatic captures that were more easily affected by systematic noise, leading to
greater fluctuations in its KILIH-SOC plot.

In the charging process, KILIH has negative values because the zero point of position
along the thickness is defined on the separator side. It is important to note that the
positive and negative values of KILIH represent the direction of inhomogeneity, whereas
the absolute value refers to the extent of inhomogeneity. Figure 10 shows a similar KILIH
trend, including a near-zero plateau at low SOCs, a rapid change at medium–high SOCs,
and restoration at high SOCs.

During the discharging process, shown in Figure 11, KILIH returns to zero as the
SOC decreases. Battery-A and Battery-B exhibit similar trends, whereas Battery-C behaves
differently, with barely any change in KILIH during the discharging process. The divergent
trend is attributed to the different end points of KILIH-SOC in the charging process, where
Battery-C has large positive end points instead of negative ones. In the experiments,
Battery-C undergoes an extremely short CV charging process compared to Battery-A and
Battery-B, which may result in abnormal charging end points. The authors believe that
the abnormal behavior of Battery-C in this case may also result from the sample’s slight
electrochemical instability.
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Figure 10. KILIH-SOC plot of the charging process: (a) Battery-A; (b) Battery-B; and (c) Battery-C.

Figure 11. KILIH-SOC plot of the discharging process: (a) Battery-A; (b) Battery-B; and (c) Battery-C.

By combining the KILIH-SOC curves obtained at the same charging rates, as shown in
Figure 12a–c, a comparison between different battery cells can be made. The peak KILIH
(in the negative domain) was −0.24± 0.06 at 0.25C and −0.41± 0.05 at 0.5C, whereas in
the 1C condition (excluding Battery-C), the peak value was approximately −0.55. The peak
KILIH results are summarized in Figure 12d. The relationship exhibits an increasing trend
with increasing charging rate. In conclusion, the quantitative ILIH characterization method
demonstrates robustness across different battery cells and charging rates.

Figure 12. Results of peak KILIH in the charging process: (a) KILIH at 1/4C charging rate; (b) KILIH

at 1/2C charging rate; (c) KILIH at 1C charging rate; and (d) the relationship between peak KILIH and
the charging rates.
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4.2. ILIH Value Trend Analysis

To provide a detailed analysis of the charging KILIH-SOC curve trend, a specific curve
is singled out in Figure 13. By focusing on the 0.5C single CC–CV–CC cycle of Battery-
A as an example, the KILIH-SOC curve can be divided into six parts. For each part, a
Relative Lithium Insertion Amount vs. Position graph is shown in Figure 13 to illustrate
the underlying mechanism. The Relative Lithium Insertion Amount (RLI) represents the
relative insertion amount at each position along the thickness based on the assessment
approach proposed in this study. It is important to note that the rectangular dashed frame
in Figure 13 represents the fully charged status in the real-world low-rate charging process,
which is not equivalent to the theoretical fully inserted state of Li.

Figure 13. KILIH-SOC plot from the experiment of Battery-A, with a 0.5C charging process, and Rela-
tive Lithium Insertion Amount (RLI) vs. Position schematic diagrams are shown from the concept.

The six parts and the underlying mechanism are as follows:
1©: Only anode particles near the separator start Li insertion, but because the fitting of

NRI covers the entire anode, KILIH (or the fitted NRI slope) changes minimally.
2©: Li inserts into particles evenly, resulting in a rapid change in KILIH towards a

significant negative value within a narrow SOC range.
3©: Anode particles near the separator reach the maximum insertion amount, whereas

the insertion of particles near the current collector continues, causing KILIH to decrease.
4©: In the CV charging process, KILIH continues to decrease.
5© and 6©: In the CC discharging process, Li begins to take off from the separator

side particle. So, KILIH decreases in the negative domain until it reaches zero, and then it
continues to increase.

Based on the underlying mechanism, it becomes evident that enhancing anode ma-
terials and refining the manufacturing process through parameter optimization, such as
microstructure and material system adjustments, may elevate the diffusion rate within the
anode coating layer. These improvements hold the promise of mitigating ILIH during the
reaction process and, consequently, improving the stability of fast-charging battery systems.

Although no literature strictly supports the mechanism of the demonstrated KILIH-
SOC trend, the mechanism proposed in this paper was inspired by Guo et al. [38] and
Krachkovskiy et al. [32]. Nevertheless, the KILIH trend and its underlying mechanism
effectively support the interpretability of the ILIH assessment method.

5. Conclusions and Outlooks

5.1. Conclusions

This study successfully conducted an operando observation and characterization of
the cross-section of commercial battery anodes. The newly introduced analysis method
enables the quantification of intra-layer inhomogeneity in operating cells. A detailed
analysis of the relationship between the ILIH value (KILIH) and SOC was performed. The
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peak inhomogeneity values between different cells and charging rates exhibit a great degree
of convergence. Thus, the new method has been demonstrated to be robust in different
conditions and overcomes the limitations of the colorimetric method.

5.2. Outlooks

The proposed method holds great potential for future studies, with the following
possibilities:

(1) Adoption of the new method for graphite anodes (or various cathodes) in various
battery material systems.

(2) Conducting large-scale factorial experiments to establish functional relationships
between the trend of ILIH values, SOCs, charging rates, and the current ILIH value.
Then, the relationship functions can be used as guidance for setting fast charging
protocols. The newly guided protocols may result in a longer lifespan and better
health conditions of commercial batteries compared to protocols solely scaled from Li
plating limits.

(3) By combining the new method for characterizing ILIH with Digital Image Correlation
(DIC) techniques for electrode strain measurement, the relationships between strain
and Li intercalation inhomogeneity can be studied extensively. Furthermore, by using
nanoindentation to measure the mechanical properties of particles and other materials
in the cross-section, an inner stress study can be conducted to further elucidate
the relationships between particle cracking, stress (or strain) distribution, and the
inhomogeneity of Li intercalation.
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Abstract: One of the major concerns in ensuring lithium-ion battery (LIB) safety in abuse scenarios is
the structural integrity of the battery separator. This paper presents a coupled viscoelastic–viscoplastic
model for predicting the thermomechanical response of polymeric battery separators in abuse
scenarios under combined mechanical and thermal loadings. The viscoplastic model is developed
based on a rheological framework that considers the mechanisms involved in the initial yielding,
change in viscosity, strain softening and strain hardening of polymeric separators. The viscoplastic
model is then coupled with a previously developed orthotropic nonlinear thermoviscoelastic model
to predict the thermomechanical response of polymeric separators before the onset of failure. The
model parameters are determined for Celgard®2400, a polypropylene (PP) separator, and the model
is implemented in the LS-DYNA® finite element (FE) package as a user-defined subroutine. Punch
test simulations are employed to verify the model predictions under biaxial stress states. Simulations
of uniaxial tensile stress–strain responses at different strain rates and temperatures are compared
with experimental data to validate the model predictions. The model predictions of the material
anisotropy, rate and temperature dependence agree well with experimental observations.

Keywords: lithium-ion batteries; battery separator; viscoelasticity; viscoplasticity; constitutive modeling;
simulation

1. Introduction

The advancement and commercialization of lithium-ion batteries (LIBs) have enabled
a new generation of electrical vehicles and high-density energy storage systems. However,
ensuring the safe operation of these high-energy-density batteries has been a key challenge
that hinders the large-scale application and deployment of LIBs for future e-mobility
and battery energy storage systems (BESSs). Therefore, understanding battery failure
mechanisms and reducing safety risks is critical. One of the major mechanisms that lead
to thermal runaway in LIBs is an internal short circuit (ISC) [1–4]. In LIBs, the failure of
the battery separator creates a pathway for the electrodes to come in contact with each
other, and this triggers an ISC. The separator failure can be caused by abusive loadings
such as crash or impact, natural expansion during intercalation, or piercing by deposited
lithium dendrites [1–4]. To improve the safety of LIBs and prevent thermal runaway
scenarios due to ISC, it is necessary to develop accurate models to predict the response of
battery separators in their entire range of deformation and under combined mechanical
and thermal loadings.

Although the mechanical and thermal responses of commonly used microporous
polymeric membranous battery separators have been explored in recent years [5–15], there
are still some challenges associated with developing accurate models for predicting the
response of such separators. These are due to the complexities involved in the thermome-
chanical behaviors of these separators. For example, commonly used polymer separators
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are dry-processed. This process results in strong anisotropy in materials. These separa-
tors have two in-plane principal directions known as the machine direction (MD) and
the transverse direction (TD) [5–11]. As polymers, they are rate-dependent [5–7] and
temperature-dependent [6,8]. However, unlike typical polymers, dry-processed separators
have a unique thermal expansion/shrinkage behavior [12,13]. Additionally, in the working
condition of LIBs, separators are immersed in electrolyte solutions that are known to act as
plasticizers and weaken their mechanical response [7,14–16].

In previous works, we have developed orthotropic viscoelastic models for predicting
the response of separators within the linear range [17], with the effects of temperature
and electrolyte [18], and in the nonlinear viscoelastic range [19]. In the literature, a few
works have attempted to develop models for simulating the separator responses under
large deformations. Zhao et al. presented a constitutive model based on the Rich–Hill
elastoplastic theory for large deformations of a polypropylene (PP) separator [20]. The load–
displacement response of a polyethylene (PE) separator was modeled by Zhang et al. using
the anisotropic crushable foam model in LS-DYNA [21]. Furthermore, a representative
volumetric element modeling method was proposed by Xie et al. [22] to predict the tensile
properties of PP separators. Recently, an elastic–hyperelastic–viscoplastic model was
developed by Makki et al. [23] for predicting the mechanical response of battery separators
under large deformations. The model considered the rate dependence in the plastic range
through a damage rate sensitivity parameter. However, no rate-dependent results were
presented. In summary, although the above models can represent the large deformation
behavior of the separators and some with rate dependency, they did not address the
temperature dependence and the thermal expansion/shrinkage of the materials, which
are critical for simulations of the separator response under combined mechanical and
thermal loadings.

The stress–strain response of polymeric materials beyond the deformation recoverable
limit (yield point) can be described by the viscoplasticity (or rate-dependent plasticity)
model. In the literature, various viscoplastic models have been developed for polymeric
materials. An elasto-viscoelastic–viscoplastic model was developed by Findlay et al. [24] to
model the stress–strain response of polymeric materials. A nonlinear elasto-viscoelastic–
viscoplastic model was developed from the thermodynamic principles by Schapery [25,26]
to model the response of fiber-reinforced and unreinforced plastics, as well as semicrys-
talline polymers. Lai and Bakker [27] proposed an elasto-viscoelastic–viscoplastic integral
model for polymeric materials. The developed model was validated using creep and
recovery tests for high-density PP. Coupled elasto-viscoelastic–viscoplastic models based
on rheological frameworks have been developed and implemented for predicting the
stress–strain response of various polymers in their entire deformation range [28–33]. Also,
a group of consistency viscoplasticity models that incorporate the time-dependent response
in the large strain deformation region in a rate-dependent yield surface was introduced
by Wang et al. [34] and has been studied extensively by others [35–38]. Another group of
viscoplastic models is the overstress model based on the ideas presented by Perzyna [39].
The main postulate of these models is that the current stress state can be outside the yield
surface. The Perzyna model [39] and the Duvaut–Lions model [40] are the most commonly
used formulations. Both models have been widely implemented in small strain [41–49] as
well as finite strain problems [50–53].

Finally, phenomenological constitutive models have been developed to predict the
flow stress of polymeric materials. G’sell and Jonas [54] developed a constitutive relation-
ship to predict the flow stress behavior of polymeric materials at different constant strain
rates. This model has been implemented in its original and modified forms in different
works to predict the stress–strain response of polymeric materials at different strain rates
and temperatures [55–58]. The Johnson–Cook model [59] and its variations have also been
applied in the literature to describe the tensile and compressive response of polymeric
materials [60,61]. Furthermore, a flow stress model was proposed by Nasraoui et al. [62] for
the strain rate and the temperature-dependent response of polymeric materials. The model
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was validated against uniaxial compression tests for PMMA (polymethylmethacrylate)
under quasi-static and dynamic loadings. Another flow stress model known as the DSGZ
model was developed by Duan et al. [63] to predict the response of glassy and semicrys-
talline polymers. Recently, a phenomenological model for predicting the flow stress of
thermoplastics was developed by Zhu et al. [64]. The model was validated against uniaxial
tensile and compression tests for PEEK and PC.

The above constitutive models form a foundation for modeling the thermomechanical
behavior of polymeric separators under large deformation.

This work presents a phenomenological flow stress-based viscoplastic model. The
viscoplastic model is coupled with the orthotropic nonlinear thermoviscoelastic model
developed in our previous work [19] to accurately predict the stress–strain response of
polymeric battery separators from small strain to the onset of failure. The model parameters
were calibrated for Celgard®2400 PP separators. The model’s predictions of the material
anisotropy, rate and temperature dependences are compared with experimental data.

2. Theoretical Background

2.1. Viscoelasticity

The stress–strain response of viscoelastic materials under small deformations is for-
mulated through the hereditary representation of the Boltzmann superposition principle,
whose stiffness-based form is mathematically expressed as [65–69]:

σ(t) =
∫ t

0
G(t− τ)

dε(τ)

dτ
dτ (1)

where σ is the stress, ε is the strain and G(t) is the stress relaxation stiffness function.
Furthermore, when the applied loading exceeds the linear viscoelastic limit, material

nonlinearities arise in the mechanical response of viscoelastic materials. Beyond the linear
viscoelastic limit, the creep or stress relaxation responses become functions of both time
and the applied constant stress or strain. The stress–strain response of viscoelastic materials
beyond the limit of linear viscoelasticity is commonly represented by the Schapery hered-
itary integral formulation [70]. For uniaxial loading, the Schapery model in its stiffness
form is represented as:

σ(t) = h∞(ε)·G∞·ε(t) + h1(ε)·
t∫

0

ΔG[ρ(t)− ρ(τ)]
dh2(ε)ε(τ)

dτ
dτ (2)

where G∞ and ΔG(t) are the equilibrium and linear viscoelastic transient relaxation mod-
ulus. h∞, h1, h2, are strain-dependent nonlinearity parameters, and ρ is the reduced time
defined as:

ρ(t) =
∫ t

0

dt′

aε[ε(t′)]
(3)

ρ(τ) =
∫ τ

0

dt′

aε[ε(t′)]
(4)

In Equations (3) and (4), aε is the strain-dependent time–strain shifting factor. It is vital
to note that when the applied deformation is within the linear viscoelastic range, the values
of the nonlinearity parameters h∞, h1, h2, and aε become equal to 1, and Equation (2) reduces
to the hereditary integral representation for linear viscoelastic materials (Equation (1)).

In previous works [17–19], we have developed orthotropic linear and nonlinear ther-
moviscoelastic models to predict the thermomechanical response of polymeric battery
separators accounting for their constitutive behaviors using Equations (1) and (2) as the
basis of the constitutive models. In these works, the stress–strain response of the separator
was expressed in a rheological framework using the generalized Maxwell model (Figure 1).
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Figure 1. Generalized Maxwell Model.

The stress relaxation response of the generalized Maxwell model is generally expressed
as a Prony series represented as:

G(t) = G∞ +
n

∑
i=1

Gi·exp
[
− t

τi

]
(5)

where G∞ is the equilibrium or fully relaxed modulus, Gi is the stress relaxation constant
and τi is the relaxation time. However, for the nonlinear model, it was assumed that
the components of the rheological network are nonlinear springs and dashpots whose
nonlinearities are introduced through the strain-dependent nonlinearity parameters of the
Schapery model.

To introduce material orthotropy in the models, the stress relaxation function was
expressed as a viscoelastic analog of the elastic stiffness matrix [71]. This was achievable by
applying the elastic–viscoelastic correspondence principle [68,69]. A symmetric stiffness
matrix (Equation (6)) was assumed in the linear model [17,18]. The non-symmetric stiffness
matrix (Equation (7)) was introduced in the nonlinear viscoelastic model [19]. From a
previous study [5], it was observed that at strain values well beyond the linear viscoelastic
limit, the condition of symmetry in the viscoelastic response breaks down.

G =
1

[1− v12v21]
·
⎡
⎣ G11(t) v12G22(t) 0

v12G22(t) G22(t) 0
0 0 [1− v12v21]G66(t)

⎤
⎦ (6)

G =
1

[1− v12v21]
·
⎡
⎣ G11(t) v12G22(t) 0

v21G11(t) G22(t) 0
0 0 [1− v12v21]G66(t)

⎤
⎦ (7)

In Equations (6) and (7), G11, G22 and G66 are the relaxation moduli in the MD, TD
and in-plane shear, respectively. v12 and v21 are the major and minor Poison’s ratios.

The time–temperature superposition principle (TTSP) [65,72] was employed to account
for the temperature effect within the range of 20–110 ◦C in the linear model and the range of
20–60 ◦C in the nonlinear model. Furthermore, a time–temperature–solvent superposition
method was developed as an extension of the TTSP to account for the plasticization effect
of electrolyte solutions in the linear thermoviscoelastic model [18]. Consequently, to
implement Equations (1) and (2) in finite element modeling for loadings with arbitrary
stress, strain and temperature histories, the hereditary integrals were evaluated using
a developed discretization algorithm that uses the Prony series representation of the
generalized Maxwell model as a kernel function [17,19].

The model parameters for the orthotropic linear and nonlinear viscoelastic models
were calibrated for the Celgard®2400 PP separator, and the models were implemented as
user-defined subroutines in the LS-DYNA® FE package, verified and validated against
experimental data.
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2.2. Viscoplasticity

The formulation of the viscoplastic flow stress model is based on the rheological frame-
work as shown in Figure 2. Beyond the initial yield threshold, the governing relationship
is simplified using a rheological system, which consists of a sliding frictional element, a
dashpot and two nonlinear springs. The sliding frictional element represents the initial
yield threshold, the dashpot accounts for the changes in the viscosity of the material due
to the accumulation of plastic strains and changes in the strain rate, and the two springs
account for the strain-softening and strain-hardening mechanisms.

Figure 2. Rheological framework for viscoplastic model.

The elements in the rheological model are arranged in such a way that the total stress
can be determined by a summation of the stresses in the individual elements. Hence, after
the initial yield threshold is exceeded, the stress as a function of the accumulated plastic
strain and the constant strain rate at a constant temperature is expressed as:

σ
(
εp,

.
ε
)
= σy0

( .
ε
)
+ μvp

( .
ε
)·{1− exp

(−k
( .
ε
)·εp

)}
+ H1

( .
ε
)·εp + H2

( .
ε
)·εm

p (8)

where σy0 is the initial yield stress. With an increase in the strain rate and a decrease in
temperature, σy0 increases in value and vice versa. μvp and k are the first and second
viscosity parameters, respectively. μvp accounts for the effect of the rate of change in the
viscosity of the material under permanent deformations on the flow stress due to changes
in the strain rate and temperature, while k regulates the rate at which softening and or
hardening occurs after the initial yield stress has been exceeded. H1 is the strain-rate- and
temperature-dependent softening coefficient that accounts for the decrease in flow stress
with an increase in strain. H2 and m are the hardening coefficients that combine to depict
the increase in flow stress under a further increase in strain.

The viscoplastic model parameters were obtained through experimental calibration,
which is presented next.

3. Experimental Procedure

Uniaxial tensile tests were carried out with Celgard®2400 samples at strain rates of
0.1/s, 0.01/s, 0.001/s and 0.0001/s. The tests were also carried out at constant temperatures
ranging from 20 ◦C to 50 ◦C. The in-plan dimensions of each specimen were 45× 5 mm [17].
The tests were carried out using an RSA G2 rheometer as shown in Figure 3. For tests
carried out below ambient conditions (20 ◦C), a liquified nitrogen (LN2) tank (Figure 3b)
was connected to the rheometer to cool each tested sample to the desired temperature. The
experimentally determined stress–strain curves for the samples cut along the MD and TD
are presented in Figures 4 and 5, respectively. Furthermore, the typical post-test geometry
of the MD and TD samples are presented in Figure 6 to show the deformation mechanisms
the samples undergo under uniaxial tension.
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(a) (b) 

Figure 3. Experimental setup for uniaxial tensile tests: (a) sample fixture; (b) liquified nitrogen tank
connected to the rheometer.

 
(a) (b) 

 
(c) (d) 

Figure 4. Uniaxial tensile stress–strain curves for samples cut along the MD carried out at different
strain rates and temperatures of (a) 20 ◦C, (b) 30 ◦C, (c) 40 ◦C and (d) 50 ◦C.
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(a) (b) 

 

(c) (d) 

Figure 5. Uniaxial tensile stress–strain curves for samples cut along the TD carried out at different
strain rates and temperatures of (a) 20 ◦C, (b) 30 ◦C, (c) 40 ◦C and (d) 50 ◦C.

  
(a) (b) 

Figure 6. Typical post-test geometry of samples under tension in the (a) MD and (b) TD.
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From the results, the effects of the strain rate and temperature are manifested in the
stress–strain response of the separator in the MD and TD. With the increasing strain rate,
there is an observed increase in the stiffness of the material and vice versa. Also, with
increasing temperature, the material softens, and there is an observed reduction in its
stiffness. The results also show that the stress–strain curves for the samples cut along the
TD are that of a typical semicrystalline polymer with five major phases in its deformation
process. The first phase consists of fully recoverable linear viscoelastic deformation. In
the second phase, the material transitions into a nonlinear viscoelastic deformation region.
Phase three involves the evolution of the yield mechanism, after which deformations
become irrecoverable. Phases four and five constitute the strain-softening and strain-
hardening mechanisms, respectively. For semicrystalline polymers, strain softening is
attributed to broken crystallization, and strain hardening is related to recrystallization [64].
Also, a neck formation is observed during the TD sample deformation process. The necking
region is characterized by a rapid decrease in the cross-sectional area at a particular point
along the gage length of the specimen. This necking phenomenon is expressed in the post-
test sample geometry (Figure 6b). However, the material response in the MD is different
from that of a typical semicrystalline material in the sense that there is no clearly identifiable
yield point following phases one and two of its deformation history. Furthermore, in the
MD, there is an observed continuous hardening in the material response under very large
strains. These distinct differences in the uniaxial stress–strain response of the material in
the MD and TD introduce complexities that have to be accounted for in the constitutive
modeling of polymeric separators under large strains. The uniaxial tensile test results
give us an understanding of the total stress–strain behavior of the separator material in its
different orientations and present a good case for model calibration and validation.

4. Model Parameter Identification

4.1. Strain-Rate-Dependent Model Parameters at the Reference Temperature

The strain-rate-dependent viscoplastic model parameters are calibrated using the
uniaxial tensile test results carried out at different strain rates at the reference temperature
(20 ◦C). This temperature value is selected intentionally as it is the reference temperature
for the viscoelastic model that will be coupled with the viscoplastic model. The parameters
to be determined are the initial yield stress (σy0), first and second viscosity parameters (μvp
and k), strain-hardening and strain-softening coefficients (H1, H2 and m). The initial yield
stress was determined based on the need to identify it within the boundaries of the range
of prediction of the nonlinear viscoelastic model (0–5% strain) [19]. Also, identifying the
initial yield point of polymeric materials is not as straightforward as it is with metallic
materials. Hence, the offset method was employed to identify the initial yield stresses in
the MD and TD of the polymeric separator at different strain rates. From the test results for
samples cut along the MD, the yield stresses were identified by taking a 1% offset, while
the yield stresses for samples cut along the TD were determined by taking a 0.3% offset.
The rationale behind taking a larger offset in the MD than in the TD is supported by the
superiority in the mechanical response of the material in the MD compared to that in the
TD. Hence, it is expected that the material will yield lower stress and strain values in the
TD than in the MD.

To determine the other model parameters (μvp, k, H1, H2 and m), a scripted optimiza-
tion fitting method that minimizes the error between the fitted results and experimental
data to generate the model parameters for each constant strain rate value was used. The ob-
tained model parameters for the MD and TD are summarized in Tables 1 and 2, respectively.
Comparisons between the experimental and the fitted curves are presented in Figure 7.
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Table 1. Viscoplastic model parameters for MD response.

Strain Rate(
s−1

) σy0

(MPa)
μvp

(MPa)
k H1

(MPa)
H2

(MPa)
m

0.0001 19.33 22.19 25.21 0 228.77 1

0.001 21.20 18.11 34.44 0 281.24 1

0.01 25.61 16.84 41.29 0 307.71 1

0.1 34.45 9.70 115.36 0 343.93 1

Table 2. Viscoplastic model parameters for TD response.

Strain Rate(
s−1

) σy0

(MPa)
μvp

(MPa)
k H1

(MPa)
H2

(MPa)
m

0.0001 7.39 6.06 51.25 −4.79 2.76 2

0.001 8.61 6.13 52.74 −5.98 4.24 2

0.01 9.83 6.74 63.94 −8.06 7.85 2

0.1 10.33 7.35 77.86 −8.74 8.49 2

 
(a) (b) 

Figure 7. Curve fitting for identifying viscoplastic model parameters at 20 ◦C in the (a) MD and
(b) TD.

Figure 7 shows that the fitted curves overlap with the experimental curves nicely. This
verifies the accuracy in the determination of the model parameters given in Tables 1 and 2.
However, from Tables 1 and 2, we have unique sets of values for each viscoplastic model
parameter at different strain rate values. To implement the viscoplastic model in predictive
modeling, given arbitrary strain rate values within the considered range, simple equations
relating the viscoplastic parameters as functions of strain rate have to be defined. From
the current data generated, we have to define five sets of equations for the TD model
parameters and four sets of equations for the MD model parameters. To reduce the number
of equations needed and the number of input parameters for the model implementation
overall, a parameter reduction method is applied. A strain-rate-scaling factor (a .

ε

( .
ε
)
) is

introduced to modify Equation (8) such that the stress evolution after the yield threshold is
exceeded at the reference temperature is expressed as:

σ
(
εp,

.
ε
)
= σy0

( .
ε
)
+

{
μ0

vp ·
{

1− exp
(−k

( .
ε
)·εp

)}
+ H0

1 ·εp + H0
2 ·εm

p

}
· a .

ε

( .
ε
)

(9)

where μ0
vp, H0

1 and H0
2 are the first viscosity parameter and strain-softening and strain-

hardening coefficients at the reference strain rate value set as 0.0001/s, respectively. The
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reduced viscoplastic model parameters for the MD and TD responses are summarized in
Tables 3 and 4, respectively.

Table 3. Reduced viscoplastic model parameters for MD response.

Strain Rate(
s−1

) σy0

(MPa)
μvp

(MPa)
k H1

(MPa)
H2

(MPa)
m a .

ε

0.0001 19.33 22.19 25.21 0 228.77 1 1

0.001 21.20 22.19 25.21 0 228.77 1 1.09

0.01 25.61 22.19 25.21 0 228.77 1 1.16

0.1 34.45 22.19 25.21 0 228.77 1 1.12

Table 4. Reduced viscoplastic model parameters for TD response.

Strain Rate(
s−1

) σy0

(MPa)
μvp

(MPa)
k H1

(MPa)
H2

(MPa)
m a .

ε

0.0001 7.39 6.06 51.25 −4.79 2.76 2 1

0.001 8.61 6.06 52.74 −4.79 2.76 2 0.98

0.01 9.83 6.06 63.94 −4.79 2.76 2 1.06

0.1 10.33 6.06 77.86 −4.79 2.76 2 1.16

Figure 8 compares the fitted curves using the reduced model parameters with the
experimental data. The model provided good representations for most of the experimental
curves with the exception of MD at 0.1/s and 0.01/s conditions. As shown in Figure 8a, the
model deviated from the experimental curves over the plastic strain range of 0.05 to 0.15
for these two conditions. This local deviation is due to a reduced number of parameters.
Overall, the model is adequate for representing the experimental curves.

 
(a) (b) 

Figure 8. Curve fitting for reduced viscoplastic model parameters at 20 ◦C in the (a) MD and (b) TD.

Comparing Tables 3 and 4, it is important to note that the second viscosity parameter
(k) has a constant value in the MD but a variable one in the TD. This is due to the difference
in the stress–strain responses in the MD and TD. The TD stress–strain curves (Figure 5)
show that the rate of initiation of the softening and hardening mechanisms after the initial
yield stress has been exceeded is not constant for the material response at different strain
rates. Hence, keeping this value constant will lead to the divergence of the fitted curves
from the experimental data.
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The strain-rate-dependent parameters are plotted vs. the logarithm of the strain
rate and fitted using the least-squares regression method to generate simple linear and
polynomial relationships that can be introduced into the constitutive model to span out the
values of the parameters within the considered range of strain rates. These fittings as well
as their mathematical expressions are presented in Figures 9 and 10 for the MD and TD
parameters, respectively.

 
(a) (b) 

Figure 9. Least-squares regression fittings for viscoplastic parameters: (a) initial yield stress and
(b) strain-rate-scaling factor for MD response.

 
(a) (b) 

 

 

(c)  

Figure 10. Least-squares regression fittings for viscoplastic parameters: (a) initial yield stress,
(b) strain-rate-scaling factor and (c) viscosity coefficient for TD response.
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4.2. Temperature Dependence and Parameter Identification

To account for temperature dependence in the developed viscoplastic model, a decay-
ing term h(T), modified from the G’sell–Jonas model [54], is introduced into Equation (9)
such that:

σ
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)
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ε
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+
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}
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ε
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ε
) }

· h(T) (10)

h(T) = exp
[

a·
(

1
T
− 1

T0

)]
(11)

where a is a material parameter that accounts for the effect of temperature on the flow
stress of the material, and T and T0 are the current and reference temperatures, respectively.
The modified term in Equation (10) is different from the original term used in the G’sell–
Jonas model [54] in the sense that it introduces the reference temperature to give a clearer
meaning to h(T). At the reference temperature, h(T) becomes equal to 1 and Equation (10)
reduces to Equation (9), which only accounts for the post-yield response at the reference
temperature.

To implement the fully developed model, the values of the parameter a have to be
determined for the material response in the MD and TD. At the same strain value (ε), the
value of the flow stress (σ) is related to the strain rate and current temperature (T). To
determine parameter a at a constant large strain value and strain rate, some points on
the stress–strain curves are selected as (ε, σ1), (ε, σ2), and (ε, σi) at different temperatures
T1, T2 and Ti, respectively, where i is the maximum number of constant temperature values
considered. At the reference temperature, the reference flow stress value is obtained by
using Equation (9). Therefore, the stress at the current temperature can be expressed as:

σ
(
εp,

.
ε, T

)
= σ

(
εp,

.
ε, T0

)· h(T) (12)

In this case, the reference temperature was selected as 20 ◦C (293 K), and the reference
stress is already known. Hence, parameter a can be determined by fitting the relationship
between the flow stress and temperature with Equation (12). A similar methodology for
determining the parameter a was applied by Zhu et al. [64] in the constitutive modeling
of thermoplastics. The analysis for the determination of parameter a was carried out at
different large strain values. For MD samples, the analysis was carried out at 20% constant
strain, and the determined parameter a values were different at different strain rates.
However, for the TD samples, the analysis was carried out at 20%, 30% and 40% constant
strain values, and the values of parameter a determined were similar for the different strain
values and the different strain rates. Hence, the average value of 1100.64 was selected as
parameter a to calibrate the material response in the TD. Figure 11 presents an example
of the fitting procedure for the determination of parameter a for the MD response. The
determined values of parameter a for the MD response showed a linear relationship with
the strain rate as shown in Figure 12. The determined values of parameter a for the material
response in the MD and TD are summarized in Table 5.

With parameters presented in Tables 3–5, the viscoplatic model for Celgard®2400 has
been established. It should be noted that the parameter values determined here are for
Celgard®2400 only. They are not valid for other types of separators. Nevertheless, these
values can be treated as reference values to determine the likely range of these parameters.

At this stage, the viscoplastic model parameters are only determined for the MD and
TD directions. The parameters for the shear direction can be determined with the off-axis
tensile test following the method presented above.
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(a) (b) 

 

(c) (d) 

Figure 11. Least-squares regression analysis at 20% strain for the determination of parameter a for
MD response at (a) 0.0001/s, (b) 0.001/s, (c) 0.01/s and (d) 0.1/s strain rates.

Figure 12. Linear least-squares regression fitting of parameter a for MD response.
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Table 5. Determined parameter a values.

Strain Rate
(
s−1

)
MD 20% TD 20% TD 30% TD 40% TD Average

0.0001 1581.70 1298.60 1293.60 1305.6 1299.27

0.001 1156.40 918.87 910.48 908.12 912.49

0.01 763.02 1144.5 1144.50 1154.30 1149.47

0.1 632.76 965.24 1063.4 1095.4 1041.35

5. Results and Discussions

5.1. Model Implementation

The fully developed model was implemented as a user-defined material model for
shell element simulations in LS-DYNA®. To couple the orthotropic nonlinear viscoelastic
model with the viscoplastic model, a uniaxial von Mises yield criterion was introduced to
indicate the onset of the yielding mechanism. The uniaxial yield function is expressed as:

Φ = σTrial − σy0 (13)

where σTrial is the viscoelastic trial stress. The onset of yielding is marked when the value
of the yield function is equal to zero. Once the yield threshold is exceeded, the flow stress
evolution becomes governed by the viscoplastic mechanism.

5.2. Biaxial Punch Simulations

Among various forms of biaxial loadings, the punch test has been identified as the
most appropriate form of representing the out-of-plane deformation of a battery in crash
scenarios [73]. In our previous work [17], punch simulations have been used to validate the
orthotropic linear viscoelastic model against experimental results up to a 0.5% strain level.
Unfortunately, the experimental results are unavailable at larger strains. In the current
work, we compare the punch simulation results using the nonlinear viscoelastic model
with the results generated using the linear model.

The FE model for the punch test is presented in Figure 13. In experiments, the separator
was contained with a pair of annulus flanges with an inner opening of a 33.8 mm diameter
(R = 16.9 mm). The separator was modeled with an outer radius of 40mm, the nodes at a
radial distance in the interval 16.9 mm < R < 40 mm were constrained in the z-direction
only, and the nodes at R = 40 mm were fully constrained. The punch was modeled as a
rigid semi-sphere with a radius of 25.4 mm and given a prescribed velocity of 0.2 mm/s in
the z-direction. The simulations were scaled so that 1ms corresponds to 1s in real time. The
static coefficient of friction was chosen as 0.4, and the dynamic coefficient of friction was
set as 0.2. The simulations were carried out at a constant temperature of 20 ◦C.

Figure 14 compares the force–displacement curves predicted by the two models.
The two curves coincide at small displacements (d < 3 mm) and start to separate at
d > 3 mm. Due to the instability issue, the simulation with the nonlinear model stopped at
d = 4.67 mm. Therefore, the comparison for the punch simulation between the two models
is limited to d = 4.67 mm.

To observe the differences in the material response from small to large deformations,
the punch test results are compared at punch displacement d = 1.5 mm and d = 4.67 mm.
These displacement values correspond to 7.5 s and 23.3 s of simulation time, respectively.
The predicted stress and average strain contours at the above-mentioned punch displace-
ments are presented in Figures 15–18.
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Figure 13. Punch test FE model.

Figure 14. Force–displacement curves from punch test simulations.

Figures 15 and 16 compare the stress and strain contours from the punch test sim-
ulations by the orthotropic linear and nonlinear viscoelastic models at d = 1.5 mm. The
different viscoelastic responses in the MD and TD directions observed in the experiment
are captured by the two models presented here. At this stage, the stress and strain patterns
predicted by the two models are indistinguishable. As expected, the nonlinear model
reduces to the linear model at small deformations.
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Figure 15. The MD and TD stress contours in the separator during the punch test at d = 1.5 mm,
predicted with the orthotropic linear and nonlinear viscoelastic models. (a) MD—linear model,
(b) MD—nonlinear model, (c) TD—linear model and (d) TD—nonlinear model.

Figure 16. The MD and TD strain contours in the separator during the punch test at d = 1.5 mm,
predicted with the orthotropic linear and nonlinear viscoelastic models. (a) MD—linear model,
(b) MD—nonlinear model, (c) TD—linear model and (d) TD—nonlinear model.
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Figure 17. The MD and TD stress contours in the separator during the punch test at d = 4.67 mm,
predicted with the orthotropic linear and nonlinear viscoelastic models. (a) MD—linear model,
(b) MD—nonlinear model, (c) TD—linear model and (d) TD—nonlinear model.

Figure 18. The MD and TD strain contours in the separator during the punch test at d = 4.67 mm,
predicted with the orthotropic linear and nonlinear viscoelastic models. (a) MD—linear model,
(b) MD—nonlinear model, (c) TD—linear model and (d) TD—nonlinear model.
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Figure 15a,b compare the x-stress (MD) patterns. The x-stress contours display a circu-
lar shape in the area in contact with the punch and then become elliptical shapes elongated
more and more along the x-axis with increasing distance from the center. Figure 15c,d
compare the y-stress (TD) at d = 1.5 mm. The stress contours are ecliptics elongated along
the y-axis. The value of the maximum stress in the TD is about 62% of that of the MD.
Figure 16a,b compare the x-strain of the two model predictions at d = 1.5 mm. The x-strain
contours display a kidney shape. The maximum x-strain from the nonlinear model is
slightly higher than the value of the linear model. The y-strain contours are compared in
Figure 16c,d. These contours also display a kidney shape but orthogonal to that of x-strain.
The maximum y-strain is 1.62 times the x-strain. The maximum stress and strain values
and the ratios of TD/MD are summarized in Table 6.

Table 6. The maximum stress and strain values in punch test simulations predicted by orthotropic
linear and nonlinear viscoelastic models.

d = 1.5 mm d = 4.67 mm

Maximum Stress
(MPa)

Linear Model
Nonlinear

Model
Nonlinear/

Linear Ratio
Linear Model

Nonlinear
Model

Nonlinear/
Linear Ratio

MD 13.32 12.74 0.96 51.95 38.99 0.75

TD 8.35 7.96 0.95 31.79 24.14 0.76

TD/MD Ratio 0.63 0.62 0.61 0.62

Maximum Strain
(%)

MD 0.43 0.44 1.02 2.63 2.98 1.14

TD 0.70 0.71 1.02 3.44 3.73 1.08

TD/MD Ratio 1.62 1.62 1.31 1.25

Figures 17 and 18 compare the stress and strain contours predicted by the two models
at d = 4.67 mm. With increasing punch displacement, the stress and strain patterns of the
two models remain similar, but the difference in the maximum stress and strain values
increases. Table 6 shows that at d = 4.67 mm, the TD/MD ratio for the stress remains the
same, whereas the ratio for strains decreases. Table 6 also presents the ratio of nonlinear
and linear model predictions. At d = 1.5 mm, the ratios of the maximum stress and strain
values predicted by the two models are close to 1.0. At d = 4.67 mm, the maximum stresses
predicted by the nonlinear model are about 75% of those of the linear model, whereas the
maximum MD and TD strains are 114% and 108% of the linear model, respectively.

In summary, the nonlinear model reduces to the linear model at small strains and
predicts a more compliant response at larger strains. This trend is as expected. The stress
patterns predicted by the two models are similar, indicating that the ratio between the MD
and TD stresses remains the same under biaxial loading in the tested range.

5.3. Uniaxial Tensile Tests

In this section, the model predictions are validated by comparing simulation results
with uniaxial tensile test results carried out at different strain rates and temperatures for
samples cut along the MD and TD. All simulations were carried out using a one-element
model, with boundary conditions as shown in Figure 19, and the temperature history was
applied at the nodal points of the element.
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Figure 19. Shell element with boundary conditions.

Figures 20 and 21 present the comparison between the experimental and the simu-
lation results for the uniaxial stress–strain response in the MD and TD, respectively. The
results show that the stress–strain curves predicted by the coupled nonlinear viscoelastic–
viscoplastic model are in good agreement with the experimental results and capture the
trend in the anisotropy, rate and temperature dependence of the stress–strain response of
the polymeric separator.

 
(a) (b) 

 

(c) (d) 

Figure 20. Comparison of the MD stress–strain response predicted by simulations using the coupled
nonlinear viscoelastic–viscoplastic material model with experimental data from uniaxial tensile tests
carried out at different strain rates and temperatures of (a) 20 ◦C, (b) 30 ◦C, (c) 40 ◦C and (d) 50 ◦C.
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(a) (b) 

 
(c) (d) 

Figure 21. Comparison of the TD stress–strain response predicted by simulations using the coupled
nonlinear viscoelastic–viscoplastic material model with experimental data from uniaxial tensile tests
carried out at different strain rates and temperatures of (a) 20 ◦C, (b) 30 ◦C, (c) 40 ◦C and (d) 50 ◦C.

6. Conclusions

The development of a coupled viscoelastic–viscoplastic model for predicting the
thermomechanical response of polymeric battery separators has been presented in this work.
The viscoplastic model is based on a rheological system consisting of a sliding frictional
element, representing the initial yielding mechanism, a viscoplastic dashpot to account for
the changes in the viscosity of the material with the accumulation of large deformations and
two springs representing the strain-softening and -hardening mechanisms. The formulation
for the stress–strain response of the polymeric material after the yielding takes the form
of a modified G’sell–Jonas model. The viscoplastic model was coupled with a developed
orthotropic nonlinear viscoelastic model to predict the stress–strain response of the material
in its deformation range before the onset of failure.

This model was implemented in LS-DYNA® as a user material model. The model
parameters were determined for a PP separator. The developed model was validated
against uniaxial tensile tests carried out at constant strain rates and temperatures. The
results show that the model predictions of the material anisotropy, rate dependence and
temperature dependence of the separator in its range of deformation before the onset
failure agree well with the experimental data. Punch test simulations were also carried out
to verify the nonlinear viscoelastic model predictions under biaxial loadings.
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Abstract: The automotive industry is rapidly transitioning to electric vehicles (EVs) in response
to the global efforts to reduce greenhouse gas emissions. Lithium-ion battery (LIB) has emerged
as the main tool for energy storage in electric vehicles. A widespread adoption of EVs, however,
requires a fast-charging technology that can significantly reduce charging time while avoiding any
unsafe conditions including short circuits due to failure of the separator in an LIB cell. Therefore, it
is necessary to understand the mechanical stresses during fast charging and their long-term effect
on the integrity of the separator. This paper presents a novel hybrid model for the prediction of
the stress distribution in the separator of a pouch cell under various charging speeds, ambient
temperatures, and pack assembly conditions, such as compressive pressures. The proposed hybrid
model consists of three sub-models, namely, an electrochemical cell model, a lumped-parameter
model, and a solid mechanics model. A robust parameter identification scheme is implemented to
determine the model parameters using the experimental data. The separator within the test setup
will experience maximum von Mises stress of 74 MPa during 4C charging, i.e., when the charge
current in A is four times as high as the capacity of the battery cell in Ah. To assess the evolution
of the damage in the separator under the estimated stress during fast charging, creep and fatigue
tests are conducted on the separator. Their results indicate a progressive accumulation of damage
in the separator, further emphasizing the importance of understanding and mitigating mechanical
degradation in separator materials.

Keywords: hybrid model; creep and fatigue; parameter identification

1. Introduction

Due to the volatility of oil markets and strict mandates to limit greenhouse gas emis-
sions, the automotive industry has been swiftly switching towards producing electrical
vehicles as well as hybrid electric vehicles (HEVs). As the market share of EVs increases,
there will be a greater demand for high efficiency energy storage systems such as lithium-
ion batteries (LIBs). This is partly due to the high specific energy and energy density of LIBs,
which can be two times those of other cell technologies such as nickel-metal hydride [1].

An LIB cell is composed of four main components, i.e., anode, cathode, separator,
and electrolyte [2]. In an LIB cell, a critical component is the separator, which is a porous
membrane positioned between the electrodes. The essential function of the separator
is to prevent direct contact between the electrodes or an internal short while allowing
ionic flows through the electrolyte [3]. The separator, therefore being considered the most
crucial component for safety, should meet several requirements in regard to its thermal and
mechanical properties. First, the separator should be chemically stable under the reductive
and oxidative conditions encountered during battery operations [4]. Second, the separator
should exhibit low thermal shrinkage, e.g., in an amount of less than 5% after being
soaked at 90 ◦C for 60 min [5]. This requirement exists to avoid any exposure of electrode
edges due to shrinkage of the separator at high temperatures, thereby preventing internal
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shorts and thermal runaways. Moreover, the separator should melt above an elevated
temperature to avoid a thermal runaway when the cell is exposed to high temperatures. A
shutdown temperature of 130 ◦C or lower is usually required. Lastly, the separator should
be mechanically robust to withstand the mechanical stresses during cell and pack assembly,
operations, and any other abuse conditions [6]. Both tensile and puncture strengths of the
separator should be high enough to avoid internal shorts under such conditions [7]. A
gradual and up to 50% decrease in ductility of the separator was observed after the battery
cell underwent 400, 800, and 1600 charge–discharge cycles involving 4C-rate charging,
i.e., charging at a rate with current that is four times as high as the battery capacity [8]. A
scanning electron micrograph (SEM) analysis of the cycled separators revealed accumulated
damage in the separator in the form of pore closure along the thickness direction and fiber
fracture and cracks along the machine direction. The degradation was attributed to the
damage caused by mechanical creep which can accumulate over the cycles. Given its
integral role in battery safety and functionality, an accurate characterization and modeling
of the stress distribution in the separator is necessary for addressing the safety concerns
under fast-charging conditions.

During battery operation, LIBs are subject to electrochemical processes, thermal energy,
and mechanical stresses that may lead to safety concerns [9]. Both the electrochemical
process and heat generation induce mechanical loads in the battery components. The former
process induces a volumetric change of the active material due to the intercalation processes
of lithium-ions, while the latter causes thermal expansion of cell components [10]. Both
mechanical loads can squeeze the separator [11], which can lead to shrinkage of its pores,
reduced ion transfer, and increase in internal resistance [12]. However, no practical method
exists for in situ measurement of the stress inside the battery. Multiphysics modeling based
on a finite element method is often adopted instead to predict the stress distribution. Xiao
et al. [13] proposed a multiphysics and multiscale model for prediction of the stress in a
polymeric separator by coupling a 1-dimensional (1-D) macroscopic battery model and a
meso-scale battery sub-model. Shi et al. [14] built a multiphysics cell model for a pouch cell
to predict the stress in the separator. A 1-D thermo-electrochemical cell model calculates
lithium concentration and generates heat while a macroscale 2-D model of a pouch cell
determines its stress distributions. However, such cell models by themselves lack the
capability to predict the stress inside a cell according to its external conditions imposed
by the battery pack. A battery cell will be subject to varying compressive pressure and
ambient thermal conditions according to both design and use parameters of the battery
pack. Swelling of a battery cell during charging and discharging and varying compressive
pressure when the cell is constrained inside a battery pack are often modeled by a lumped-
parameter modeling approach. Oh et al. [15] developed a thermal swelling model to
predict the swelling in the battery due to temperature variation. In their other works,
Oh et al. [16] used a phenomenological force and swelling model to predict the dynamic
swelling in the battery. Xu et al. [17] developed a five Kelvin-Voigt elements model to
characterize the viscoelastic behavior of the separator. This model enables the prediction
of creep for two specific commercial separators. In their additional research, Xu et al. [18]
formulated an anisotropic homogeneous model for predicting the mechanical behavior
of an LIB under bending, indentation, and compression loads. Moreover, the numerical
model took into account the state of charge dependence on the mechanical behavior of
the lithium-ion battery (LIB). Liu et al. [19] created a multiphysics model that captures
the mechanical behavior of cylindrical cells. The model also addresses short-circuit and
thermal runaway behaviors. Duan et al. [20] developed a 2-D coupled multiphysics model
to identify various internal short circuit modes. The model is capable of describing the
entire evolution process of the battery starting from the initial deformation, triggering of
internal short circuit, evolution of internal short circuit, up to the eventual thermal runaway.
Yuan et al. [21] developed a generalized short-circuit criterion for two common failure
modes, using volumetric strain and equivalent strain of the separator as key parameters. In
this paper, a computationally efficient hybrid model is developed by linking the cell model
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in [14] with a lumped-parameter model to account for the pack parameters in addition,
thereby allowing optimal design of both cell and pack parameters for safety.

The proposed hybrid model consists of three main components: (1) a 1-D electrochemi-
cal model, (2) a lumped-parameter model (LPM), and (3) a 2-D solid mechanics model. The
1-D electrochemical model predicts the heat generated in the battery cell and lithium-ion
concentration which are input to the LPM. The LPM represents the mechanical and thermal
behaviors of a battery cell in a battery pack array. The predicted lithium-ion concentration
and temperature are input to the solid mechanics model for prediction of the stress in the
separator. The LPM parameters are determined via non-linear regression based on the
temperature, mechanical load, and displacement data collected from a fast charging and
discharging test on an LIB cell. The hybrid model, thus developed, allows calculating the
stress in the separator during fast charging. New insights into damage accumulation in the
separator under fast cyclic charging are obtained by performing creep and fatigue tests on
the separator under the predicted stress.

This paper is organized as follows: Section 2 describes the hybrid model proposed in
this study. Then, Section 3 provides detailed explanation on the material properties of the
tested LIB cell and the testing setup. Section 4 presents the experimental results along with
the parameter identification process. In Section 5, a simulation study is conducted using
the developed model to check the effect of charging rate, pack assembly condition, and
ambient temperature on the stress induced in the separator. Section 6 focuses on presenting
the results of creep and fatigue tests conducted under the predicted stress during fast
charging. Finally, the conclusion is presented in Section 7.

2. Hybrid Model

During a charge and discharge cycle, an LIB cell is subject to electrochemical, thermal,
and mechanical phenomena occurring simultaneously. Each phenomenon is described by a
set of equations and coupled with others. The framework of the proposed hybrid model is
divided into three components. The first component is a 1-D model for predicting transport
of lithium-ions, electrochemical reactions, and generated heat given charge and discharge
rates. The 1-D model is composed of three domains of anode, separator, and cathode. The
second model component is a lumped-parameter model (LPM) that will predict the load,
displacement, and temperature in the battery cell and its fixture. This model is composed
of three parts: a thermal model for heat transfer, a spring model for the mechanical forces,
and a linking equation which links the thermal model to the spring model. The LPM takes
both predicted heat and state of charge (SOC) from the 1-D electrochemical model as inputs.
Additional input variables of the LPM include ambient temperature and pre-torque on
the fixture. The third component is a 2-D solid mechanics model which will calculate the
stress distribution in the separator given (1) cell core temperature and boundary pressure
predictions from the LPM and (2) lithium concentration in the electrodes as predicted by the
1-D battery model. Figure 1 shows all three components with the input/output variables.
In what follows, a detailed description of each model component is provided.

 

Figure 1. Flowchart of the hybrid model.
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2.1. One-Dimensional (1-D) Battery Model

The 1-D battery model, shown in Figure 2, accounts for the electrochemical reaction
and heat generation in a battery cell. An LIB cell Li-ion is composed of three components
placed in the electrolyte, namely, cathode, anode, and separator.

Figure 2. One-dimensional (1-D) electrochemical model.

The volume fraction of the electrodes is defined by:

εi
l = 1− εi

s − εi
f iller (1)

where εi
s is the active material volume fraction, εi

l is the electrolyte volume fraction (poros-
ity), and εi

f iller denotes the binder and filler volume fraction. The superscript i denotes the
electrode under consideration (p for positive electrode and n for negative electrode). In what
follows, the governing equations for the diffusion, kinetics, and charge conservation [22,23]
are summarized for the solid and electrolyte phases.

2.1.1. Solid Phase

The following equations apply to the solid phase of the anode and cathode. The active
material in the electrodes is assumed to be composed of spherical particles. The Fick’s
second law describes the transport in the solid electrode particles and predicts the change
of concentration field with time in spherical coordinates:

∂ci
s

∂t
=

Di
s

r2
∂

∂r

(
r2 ∂ci

s
∂r

)
(2)

where r is the particle radius coordinate, ci
s is the lithium concentration in the solid particle

phase, and Di
s is the diffusion coefficient of lithium-ion in solid electrode particles. The

equation assumes a constant diffusion coefficient of lithium-ions in the solid phase. Accord-

ing to the symmetry condition, the first boundary condition yields −Di
s

∂ci
s

∂r

∣∣∣
r=0

= 0 since
there is no flux at the center of the particle. The second boundary condition relates the pore
wall flux across the interface and the rate of diffusion of lithium-ions into the solid/liquid

interface, yielding −Di
s

∂ci
s

∂r

∣∣∣
r=rp

= Ji, where rp is the particle radius and Ji is the pore wall

flux of lithium-ions defined through the Butler–Volmer equation (Equation (6)).
The conservation of charge in the solid phase is governed by Ohm’s law:

∂

∂x

(
τi

e f f
∂φi

s
∂x

)
= avFr Ji (3)

where τi
e f f is the effective conductivity determined by τi

e f f = εi
s
1.5

τi
s , φi

s is the poten-
tial in the solid phase, av is the particle specific surface area, and Fr denotes the Fara-
day’s constant. The first boundary condition applies to the interface between the cur-
rent collector and the positive electrode, where the charge flux is equal to the current

density Iapp, i.e., −τi
e f f

∂φi
s

∂x

∣∣∣
x=0

= Iapp. The second boundary condition exists at the
interface between the electrodes and separators which corresponds to no charge flux:
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−τi
e f f

∂φi
s

∂x

∣∣∣
x=LN

= −τi
e f f

∂φi
s

∂x

∣∣∣
x=LN+Lsep

= 0, where LN and Lsep are the negative electrode

and separator thicknesses, respectively.

2.1.2. Liquid Phase

The following equations apply to the electrolyte in the electrodes and separator. To
account for lithium species transport in the liquid, the concentrated solution theory is
adopted [22,24,25]. The material balance for a salt in liquid phase is given by:

εv
l

∂cv
l

∂t
=

∂

∂x

(
Di

e f f ,l
∂cv

l
∂x

)
+ (1− t+)av Ji (4)

where εv
l denotes the electrolyte volume fraction in the component v, cv

l is the lithium
concentration in the electrolyte, Di

e f f ,l is the effective diffusion coefficient in the electrolyte

given by Di
e f f ,l = εi

l
1.5Di

l , and t+ is the transport number. The superscript v denotes the
component under consideration (p for cathode, n for anode, and sep for separator). For the
separator, the pore wall flux is set to zero. No mass flux occurs at the two ends of the cell,

hence ∂cv
l

∂x

∣∣∣
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= 0 and ∂cv
l
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∣∣∣
x=L

= 0.
The charge balance in the liquid phase is based on Ohm’s law:
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where κe f f ,i is the effective conductivity, ϕl is the potential in the liquid phase, R is the ideal
gas constant, and T is the temperature. At the two ends of the cell, there is no current flow

in the liquid phase, i.e., ∂φi
l

∂x

∣∣∣∣
x=0

=
∂φi

l
∂x

∣∣∣∣
x=L

= 0.

2.1.3. Charge Transfer

The pore wall flux at the interface between the electrode and electrolyte is determined
by the Butler–Volmer equation which describes the relationship between the electrical
current, electrode potential, and local concentration at the interface. Specifically, the rate of
transfer of lithium-ions from the electrolyte to an electrode is controlled by deviation of the
surface potential from its equilibrium value as follows:

Ji = aviex

(
exp

(
αaFrηi

RT

)
− exp

(−αcFrηi

RT

))
(6)

where iex is the exchange current density, ηi is the overpotential of the intercalation reaction,
and αa and αc are the charge transfer coefficients for oxidation and reduction, respectively,
which are assumed to be 0.5. Both the forward rate of the anodic process and the backward
rate of the cathodic process are given in Equation (6). The exchange current density is
given by:

iex = Frki

(
ci

l
cl,re f

)αc(
ci

s,max − ci
s,sur f

)αc(
ci

s,sur f

)αa
(7)

where ki is the reaction rate constant, ci
l is the concentration of lithium-ions in the elec-

trolyte, ci
s,sur f is the concentration of lithium-ions on the surface of the solid electrode, and

ci
s,max − ci

s,sur f is the available space for lithium intercalation.
The overpotential is given by:

ηi = φi
s − φi

l −Ui (8)
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where φi
s is the potential of the solid electrode, φi

l is the potential of the electrolyte, and Ui

is the open circuit potential.

2.1.4. Heat Generation

Two main mechanisms of heat generation are considered in this study, namely, re-
versible entropy heat and irreversible joule heat. The corresponding equation for heat
generation rate, Qgen, is as follows:

Qgen =

(
φi

s − φi
l −Ui + T

∂Ui

∂T

)
J (9)

where (φs − φl −Ui)J represents the joule heat while T ∂Ui
∂T J represents the entropy heat.

2.2. Lumped-Parameter Model

In a lumped-parameter model, a battery cell is represented based on equivalent
material properties such as thermal conductivity and specific heat [15,26,27]. In addition, a
uniform heat generation is assumed throughout the battery cell [28–30].

2.2.1. Thermal Model

A schematic diagram of the pouch cell sandwiched between two fixture plates is
shown in Figure 3. The lumped-parameter model assumes a 1-D thermal behavior of the
pouch cell with a conduction boundary condition via contacts with the plates. Moreover, a
convective boundary condition exists on both the top and bottom of the plates.

  

Figure 3. Schematic representation of the pouch cell inside the fixture.

The transient one-dimensional conductive heat transfer equation is as follows:

Ccell
dTC(t)

dt
= Qgen(t)− 2× Kcell Acell

Lcell
2

(TC(t)− TS,1(t)) (10)

where Ccell is the cell heat capacity, Qgen(t) is the heat generated in the battery, TC is the
core temperature of the battery, and TS,1(t) is the surface temperature of the battery while
K, A, and L denote the thermal conductivity, area, and length, respectively. The convective
heat transfer at the top boundary of the plate can be expressed as:

Qconv = hair Aplate(TS,2(t)− T∞) (11)

Moreover, a two-state representation of the 1-D thermal model is given by:

Kcell Acell
Lcell

2

(TC(t)− TS,1(t)) =
Kplate Aplate

Lplate
2

(
TS,1(t)− TS,1(t) + TS,2(t)

2

)
(12)

Kcell Acell
Lcell

2

(TC(t)− TS,1(t)) = hair Aplate(TS,2(t)− T∞) (13)

where TS,2(t) is the surface temperature of the plate, T∞ is the ambient temperature, and
hair is the air convection coefficient.
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2.2.2. Spring Model

A spring model was developed to represent the mechanical behavior of a battery cell
in the fixture. Figure 4 illustrates the behavior of the cell at constrained conditions. Two
equivalent stiffness elements are adopted, i.e., the equivalent stiffness sTotal , representing
the cell and the plate, and the equivalent stiffness sRod, representing the rod. These equiva-
lent stiffness values refer to the relationship between the force applied on the fixture and
the displacement of the fixture along the vertical axis. A linear model is adopted to predict
the dependence of the force on the displacement (Branch A):

FBranch A = sTotal

(
δc,%

Total

)
(14)

where sTotal is the linear equivalent stiffnesses, and δc,%
Total represents the constrained displace-

ment of the battery and plates. The superscript c represents the constrained displacement
conditions. There are four rods connected in parallel at the four edges of the plate. The
total force in Branch B can be described by:

FBranch B = 4× sRod

(
Δbolt + δ

f ,%
b − δc,%

Total

)
(15)

where Δbolt is the displacement in the rod due to the tightening of the bolt and δ
f ,%
b is

the free unconstrained displacement of the battery. The total measured displacement is
given by:

δEXP,% = δ
f ,%
b − δc,%

Total + δc
0 (16)

where δc
0 is the initial displacement.

Figure 4. Spring model.

At equilibrium, the plate and the battery cell will be compressed while the four rods
will be stretched. Therefore, the plates and the battery cell will be under compressive force
and the rods will be subject to tensile force. At mechanical equilibrium, these two forces
will be equal:

FBranch A = FBranch B (17)

95



Batteries 2023, 9, 502

2.2.3. Coupling between Thermal and Mechanical Models

In the proposed LPM, the total swelling of the battery cell, ΔLTotal , consists of
(1) swelling due to thermal expansion, ΔLThermal , and (2) swelling due to Li-ion inter-
calation process, ΔLIntercalation. Assuming uniform heat generation across the cell, the
temperature distribution in the battery will follow a parabolic shape (See Figure 3). The
thermal swelling normal to the battery cell is given by:

ΔLThermal = α
∫ LCell

0
(T(x)− TS)dx (18)

where ΔLT is the thermal swelling (due to the cell heating/cooling), LCell is the thickness
of the cell, α is the lumped coefficient of thermal expansion, and T is the temperature.
The subscript S denotes the surface initial state. Integrating Equation (18) based on the
parabolic temperature distribution across the cell gives:

ΔLThermal(t) = α× LCell ×
(

2
3
(TC(t)− TS(t)) +

(
TS(t)− TRe f

))
(19)

where TC(t), TS(t), and TRe f denote cell-core temperature, cell-surface temperature, and
reference temperature, respectively. Swelling due to the Li-ion intercalation during charging
and discharging is represented by a linear equation:

ΔLIntercalation = ξ.SOC (20)

where ξ is the coefficient of expansion according to the state-of-charge (SOC) of the cell. An
average SOC over thickness was used in this model.

The thermal model in Section 2.2.1 and the spring model in Section 2.2.2 are linked via
the free swelling term as follows:

δ
f ,%
b = ΔLThermal + ΔLIntercalation =

αBatteryLBattery

(
2
3
(Tc − Ts,1) +

(
Ts,1 − TRe f

))
+ ξ.SOC

(21)

2.3. Solid Mechanics Model

A 2-D solid mechanics model is adopted to predict the stress in a battery cell. The
model was developed in COMSOL Multiphysics 5.6. Schematic representation of the
mechanics model for a pouch cell is shown in Figure 5. The part modeled is highlighted
using a dotted box. The negative current collector, anode electrode, separator, cathode
electrode, and positive current collector are shown in different colors. Two types of bound-
ary conditions exist in the model, namely, internal and external boundary conditions.
During battery production, the separator is tightly wrapped around the electrodes after
electrodes and current collectors are bonded together. Therefore, a set of bonded electrode
and current collector is considered as a continuous medium. In contrast, a contact-type
boundary condition, allowing a slip at the interface, was assigned between cathode and
separator and between anode and separator, respectively. External boundary conditions
include a symmetric boundary condition on the left and bottom side of the model and
a free boundary on the right side. Three main inputs were used in the solid mechanic
model; a distributed normal load is applied at the top according to the predicted force on
the battery and fixture plates by the LPM, i.e., FBranch A (see Figure 4). Additionally, the
core temperature from the LPM is assumed to be uniform throughout the solid mechanics
model since the cell is very thin [14], and an average lithium concentration was used for
the electrodes.
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Figure 5. Schematic representation of a 2-D mechanics model.

Remark 1. The 2D mechanics model includes an extra cathode on the top for counter bending of
the existing cathode. Without an extra cathode on top of the positive current collector, the cathode
below will form an asymmetric beam which tends to deflect upward away from the separator due to
intercalation-induced stresses.

The constitutive equations of the model include those based on mechanical strains εme
ij ,

thermal strain εT
ij [14], and intercalation-induced strain εD

ij [13,31] to predict the stress in the
battery components as follows:

εij = εme
ij + εT

ij + εD
ij

=
1

Ev

(
(1 + νv)σij + νσkkδij

)
+ αijΔTδij +

1
3

ΔcΩδij

(22)

where Ev is the Young’s modulus, νv is the Poisson’s ratio, σij is the stress tensor, and
δij is the Kronecker delta, αv

ij is the thermal expansion coefficient, ΔT is the change in
temperature from a reference value, Δc is the change in the diffusion species concentration
from a reference (stress-free) value, and Ωi is the partial molar volume [31,32]. The partial
molar volume can be calculated using [31]:

Ωi =
3ε

Δy Cs,Max
(23)

Remark 2. Equation (22) only considers elastic deformation and does not consider any plastic
deformation. This is a safe assumption since the amount of deformation in this study is very small
and does not exceed the elastic limit [8,14,33–35]. It should be also noted that the strain induced
by intercalation, denoted by εD

ij is exclusively applicable to the positive and negative electrodes.
Additionally, Equation (22) considers a constant Young’s modulus in the mechanical strains for
the electrodes. The Young’s modulus was considered independent of the lithium concentration.
In [36], the authors showed that elastic stiffening increases the elastic modulus, which increases the
stress. However, to maintain simplicity in this work, no concentration-dependent material properties
were considered.

3. Experimental Setup

3.1. Battery Cell

A pouch LIB cell with a size of 110 mm by 74 mm is tested in this study. The bat-
tery cell with a capacity of 3.5 Ah is built on mesophase graphite (SMG) anode and
LiNi0.6Co0.2Mn0.2O2 (NMC 622) cathode, 1 M LiPF6 in ethylene carbonate (EC): ethyl
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methyl carbonate (EMC) (3:7 by volume) for electrolyte, and wet-processed polyethylene
(PE) single-layer separator.

More details about the PE separator are as follows. The PE separator (12 μm thick) is
fabricated through a co-extrusion blowing process. The separator porosity is 43% with a
crystallinity ranging between 60% and 80%. The tensile strength in the machine direction
(MD) is 235 MPa while that in the transversal direction (TD) is 225 MPa. The PE separator
properties are summarized in Table 1.

Table 1. PE separator properties.

Thickness
(μm)

Crystallinity
(%)

Porosity
(%)

Heat
Shrinkage

MD
(% @105C,

8 h)

Heat
Shrinkage

TD
(% @105C,

8 h)

Tensile
Strength

MD (MPa)

Tensile
Strength

TD (MPa)

12 60–80 43 4.0 4.5 235 225

In a battery cell, the pores in the electrodes and separator are filled with electrolyte.
Therefore, the effective thermal expansion coefficient and Young’s modulus of the electrodes
and separator were calculated considering their porosities. The effective thermal expansions
of the electrodes and separator were estimated by the rule of mixture as follows:

αe f f = ∑
i

αiVi (24)

where αi and Vi are the thermal expansion coefficient and the volume fraction of the ith
phase, respectively. The effective Young’s modulus can be calculated in a similar manner.

The material properties for the 1-D battery cell model and the 2-D solid mechanics
model are listed in Table 2. The use of ‘*’ next to a value indicates that it is an effective
material property.

Table 2. Material properties for 1-D battery cell and 2-D solid mechanics models.

Model Parameters Units Cu Anode Separator Cathode Al Electrolyte

Dimensional Parameters

Thickness μm 10 71 12 48.5 20

Length mm 71 71 69 69

Electrochemical Parameters

Density kg/m3 2230 900 4750 1210

Active volume
fraction 0.5686 0.6698

Porosity 0.37454 0.43 0.26322

Stochiometric
maximum

concentration
mol/m3 49,000 31,507

Diffusion coefficient m2s−1 1.4523 × 10−13 5 × 10−13

Particle radius μm 4 5

Partial molar volume m3/mol 4.4196 × 10−5 2.8418 × 10−5

Thermal Parameters

Thermal expansion
coefficient 1/K 17 × 10−6 6.03 × 10−6 * 82.5 × 10−6 * 9.62 × 10−6 * 23 × 10−6

Mechanical Parameters

Young’s modulus GPa 110 6.82 * 0.645 * 6.69 * 70

Poisson’s ratio 0.35 0.3 0.45 0.3 0.33 0.25
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3.2. Cell Fixture and Instrumentation

A fixture, shown in Figure 6, was used to emulate a battery module assembly. The fix-
ture was built by holding two steel plates (each with a size of 125 mm × 99 mm × 12.7 mm)
with four threaded rods (9.5 mm in diameter). A thermocouple was attached on the top
of the battery cell to measure the cell surface temperature while another thermocouple
was installed on the top of the upper plate. An additional thermocouple was used to
monitor the ambient temperature. Four compression load cells (Omega LC9150-500-1K)
were placed between the upper plate and hex nuts. A high precision displacement sensor
(Keyence LK-G10) was placed 10 mm above the upper plate to measure the expansion of
the battery cell. The whole setup was placed inside a thermal chamber whose temperature
was set to 20 ◦C. After the battery cell was charged at a constant current—constant voltage
(CC–CV) to 3.6 volts at 0.5 C, with a 5% current cutoff (0.0875 A), it was allowed to rest
for 1 h for thermal equilibrium. Then, a pre-torque in the amount of 1 Nm was applied on
each hex nut to compress the battery cell.

 

Figure 6. Experimental setup.

4. Identification of LPM Parameters

This section describes how the parameters of the lumped-parameter model (LPM) are
identified.

4.1. Experiments for Measurement of Stiffness

Both force and displacement were measured under several torques to find the equiva-
lent spring constant of battery cell and plates. The fixture shown in Figure 6 was used for
the experiment. The battery was initially charged to 3.6 volts and placed between the plates.
No thermocouples were used in this experiment. Four compression load cells (Omega
LC9150-500-1K) were placed between the upper plate and hex nuts. The torque on each
hex nut was increased by an increment of 0.2 N·m from 0 to 1 N·m and by an increment
of 0.1 N·m from 1 to 1.2 N·m. Force and displacement measurements were recorded at
each increment. The equivalent stiffness was fitted on the force and the displacement
experimental data are shown in Figure 7a. The spring constant for the battery was found to
be sTotal = 9.0892× 106 N·m−1.

Another experiment was carried out to find the stiffness coefficient of the threaded rod.
A rod was placed vertically with a lock-nut at the bottom. An Omega load cell was placed
between the lock-nut and a hex nut. As the applied torque on the hex nut increased from 0
to 1.6 N·m, the force and elongation of the rod were measured. The rod spring constant
was fitted on the force and the elongation data are shown in Figure 7b. The turn angle
was used to calculate the elongation in the rod using the pitch. Note this spring constant
corresponds to the portion of the rode between the two nuts. The Young’s modulus can
then be found using:

SRod =
EA
L

(25)

Using the Young’s Modulus, we can then calculate the spring constant of the rod for its
length in the fixture. The spring constant for the rod was found to be SRod = 1.0311× 107 N·m−1.

99



Batteries 2023, 9, 502

 
(a) (b) 

Figure 7. (a) Force versus displacement for the equivalent battery and plate spring constant and
(b) rod spring constant.

4.2. Charging and Discharging Test

The force, displacement, and temperatures during charging and discharging were
measured after the battery cell was installed in the fixture described in Section 3.2. The
collected data were used for tuning the LPM parameters as described in Section 4.3. The
test was performed under ambient temperature of 20 ◦C.

The battery was initially charged to 3.6 volts with a constant current of 1.75 A (0.5C),
and then the voltage was held at 3.6 volts until the current dropped to 5% of its initial value.
Figure 8a shows the voltage and current at the start of discharge from 3.6 volts. The data
consist of three parts based on constant current–constant voltage (CC–CV) protocols. The
first part of the curve shows CC–CV discharging at 0.5C from 3.6 to 3 volts (0–2178 s). The
second part is a period of CC–CV fast charging at 4C from 3 to 4.2 volts (2179–3407 s), and
the third part corresponds to CC–CV discharging at 0.5C from 4.2 to 3 volts (3408–9470 s).
Figure 8 also shows variations of load and displacement overlayed on the voltage curve.
Starting with the displacement figure (see Figure 8b), the discharge between 3.6 volts
and 3 volts decreases the displacement (height) of the top surface of the fixture due to
shrinkage of the battery cell. During the period of fast charging at 4C, a sharp increase in
the displacement due to rapid expansion of the battery cell can be observed. During the
voltage-hold period after fast charging, a small increase in the displacement is followed by
a decrease. This is due to an initial increase in the temperature during charging followed
by a decrease, causing cell shrinkage, during the hold period. The maximum displacement
reached during fast charging was 45.8 μm. During discharging, the displacement decreases
sharply between 4.2 volts and 3.7 volts, followed by a small decrease between 3.7 and
3.6 volts and another sharp decrease between 3.6 and 3 volts. The load follows the same
trend of the displacement curve. After tightening the bolts with a 1 N·m torque, the initial
load applied on the battery was 1314 N at the beginning of the test. The load decreases to
983 N during the first discharging, then increases significantly during charging to reach
2333 N at maximum followed by a small decrease to 2213 N during the hold period. During
the second discharging period, the load decreases to 1070 N.
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(a) 

 
(b) (c) 

Figure 8. Variations of volage, current, displacement, and force over time. (a) Voltage and current.
(b) Voltage and displacement. (c) Voltage and load.

Figure 9 presents the battery-surface and plate-surface temperatures measured during
the fast-charging period. During fast charging at 4C, an increase can be seen in both
temperatures. At an ambient temperature of 20 ◦C, the battery-surface and plate-surface
temperatures reached 21 and 20.8 ◦C, respectively. During the following hold period, both
temperatures decreased approaching the ambient temperature.
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Figure 9. Battery-surface and plate-surface temperatures during fast charging.

4.3. LPM Parameters

Some parameters of the LPM were obtained from the literature while others were
identified by fitting the model to the experimental data. The thermal conductivity of the
cell for the LPM, for example, can be determined by combining the material properties
reported in the literature. The thermal conductivity of a battery cell, composed of many
layers of different conductivities, will vary depending on the direction of heat flow [30,37].
The through-plane thermal conductivity, in the direction of the heat flow considered in the
LPM, can be expressed as [37]:

∑ tv

Keq
= ∑

tv

Kv
(26)

where Kv is the thermal conductivity of the material layer and tv is the thickness of the
material layer. The equivalent thermal conductivity of the cell, thus determined, is found
to be 0.633 W

mK . The thermal conductivity and thermal expansion coefficient of the plate are
167 W

mK , and 25.2 × 10−6 1
K , respectively, from the literature.

The experimental data used for tunning of the remaining LPM parameters include
those collected during CC discharging from 3.6 to 3 volts, CC fast charging from 3 to
4.2 volts, and CC discharging from 4.2 to 3 volts. The responses and predictors of the
LPM are summarized in Table 3. Four LPM parameters were estimated based on the
experimental data: (1) the heat capacity of the cell, CCell , (2) the heat transfer coefficient of
air, hair, (3) the thermal expansion coefficient of the cell, αCell , and (4) the SOC coefficient for
expansion due to lithiation, ξ. The parameters were estimated such that the sum of squared
errors in predicting the temperatures, Ts,1 and Ts,2, the force, F, and the displacement,
δEXP,%, is minimized as follows:

min∑
i

(
Tactual

s,1 − Tpredicted
s,1

)2
+

(
Tactual

s,2 − Tpredicted
s,2

)2

+
(

Factual − Fpredicted
)2

+
(

δEXP,%,actual
Total − δ

EXP,%,predicted
Total

)2 (27)
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Table 3. Responses and predictors of the LPM.

Responses Symbol

Battery surface temperature Ts,1

Plate surface temperature Ts,2

Total force F

Displacement of the fixture δEXP,%

Predictors Symbol

Heat generated from the battery Qgen

Diffusion swelling δ%
Di f f usion

Time Time

Ambient temperature TAmb

A non-linear regression was performed using the least-squares curve fitting in MAT-
LAB. The parameter values, thus estimated, are listed in Table 4. The estimated parameter
values are in the same order of magnitude as those in the literature, e.g., in [15]. The results
of model-fitting are shown in Figure 10. The experimental battery surface temperature, the
plate surface temperature, and the fixture displacement are in good agreement with the
LPM predictions. However, a relatively large error in prediction of force can be observed at
the end of charging and during discharging.

Table 4. Estimated LPM parameters.

Parameters Optimization Solution

CCell·(J/K) 451.62

hair·(W/m2K) 95.743

αCell · (1/K) 4.39 × 10−4

ξ · (m) 1.03 × 10−4

In order to evaluate the goodness of model-fitting, the root mean square error (RMSE)
is calculated (see Table 5):

RMSE =

√√√√∑N
i=1

(
yactual

i − ypredicted
i

)2

N
(28)

where yactual
i is the experimental value, ypredicted

i is the value predicted in the model, and N
is the number of data points. Additionally, the RMSE divided by the range and average
are also listed. It can be seen that, for each output, its RMSE is below 20% of its range
indicating a good model-fit.

Table 5. Maximum error and RMSE between the experimental and predicted curves.

Responses Maximum Error RMSE RMSE/ Range RMSE/ Average

Ts,1 0.52 0.1326 0.1262 0.0066

Ts,2 0.63 0.1190 0.1142 0.0060

δEXP,% 6.06× 10−6 3.6364× 10−6 0.0968 0.2960

F 573 297.73 0.1922 0.1800
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Figure 10. Comparison of the simulated output and the experimental data after model fitting.

5. Simulation Study

As mentioned in the introduction, a significant degradation in the separator’s integrity
can be observed after the battery cell undergoes cyclic 4C charging [8]. Therefore, the
stress in the separator under 4C charging is estimated using the developed hybrid model.
Moreover, the effect of charging rate, pre-torque, and ambient temperature on the stress in
the separator is investigated.

5.1. Estimated Stress in the Separator

The stress in the separator under 4C charging condition of the cycling test in [8] was
calculated using the hybrid model. Specifically, the core temperature, boundary pressure,
and lithium concentration predicted using the electrochemical model and the LPM model
were used as inputs for the solid mechanics model (See Figure 1). Figure 11a shows a
homogeneous distribution of the von Mises stress in the middle section of the separator
at the end of 4C charging, while Figure 11b presents the evolution of the maximum von
Mises stress over time during charging. The von Mises stress is calculated as follows [38]:

σMises =

√
2

2

[
(σ1 − σ2)

2 + (σ2 − σ3)
2 + (σ3 − σ1)

2
] 1

2 (29)
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where σ1, σ2, and σ3 are the principal stress components. The von Mises stress serves as a
measure of the overall stress experienced by the material at a specific location, accounting
for both normal and shear stresses.

 

(a) (b) 

Figure 11. Von Mises stress in the separator. (a) Stress distribution at the end of charging. (b) Evolu-
tion of stress during charging.

The von Mises stress showed a homogeneous distribution within the central part
of the separator during the 4C charging. The maximum von Mises stress is found to be
74.1 MPa at the end of fast charging. Creep and fatigue behavior of the separator under the
estimated stress will be presented in Section 6.

5.2. Effect of Charging Rate

The hybrid model allows examination of the effect of charging rate on the separator.
Evolution of the von Mises stress in the separator over time was analyzed at four different
charging rates of 1C, 2C, 4C, and 5C with other conditions, such as the pre-torque and
ambient temperature, fixed at those in Section 5.1. The CC–CV charging protocol was em-
ployed for each charging rate. Figure 12 shows the temperature variations during charging
for different charging rates. When the charging rate is 1C, the cell temperature slightly
increases from 20 ◦C to the maximum value of 20.25 ◦C at the end of the constant current
(CC) period. As the charging rate increases, the maximum cell temperature increases,
e.g., 24.6 ◦C at 5C. It can be seen that a higher charging rate results in an elevated cell
temperature, which can potentially compromise battery safety and lead to accelerated
degradation of cell components including the separator. Therefore, a careful consideration
of the charging rate is essential for optimal battery performance and longevity.

Figure 12. Evolution of cell temperature during 1C, 2C, 4C, and 5C charging.
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Evolution of the von Mises stress in the separator over time at the four different
charging rates is shown in Figure 13. Regardless of the charging rate, the von Mises stress
exhibits a linear increase during the constant charge (CC) period followed by a slower
increase during the constant voltage (CV) period. A faster increase in the von Mises stress is
observed with an increase in the charging rate. It should be noted that the proposed hybrid
model is capable of predicting the evolution of stress for any charging protocols. The hybrid
model, therefore, opens the possibility of optimizing the charging schedule for achieving
multiple objectives such as prolonging both electrode health and separator integrity.

Figure 13. Von Mises stress evolution in the middle of the separator.

5.3. Effect of Pre-Torque

The effect of pre-torque on separator stress is examined by applying various pre-
torque values to the hybrid model. Different pre-torques ranging from 0.5 to 12 N·m were
simulated. Note, in the experiment in Section 3, a pre-torque of 1 N·m was applied to
the fixture. Figure 14 shows only a minor change in the von Mises stress with increasing
pre-torque. The reason why the pre-torque plays a minor role in the separator stress is
as follows. The stress in the separator can be attributed to two main mechanisms. First,
during charging, the anode expands in all directions due to lithiation and a temperature
increase. Expansion of anode will exert a tensile load on the separator as the anode pulls
the separator in the horizontal direction, as seen in Figure 5. Second, the pressure due to
the pre-torque and structural constraint imposed by the fixture will compress the separator
in the vertical direction. The stress due to pulling is much larger than the one due to
the pressure by at least two orders in this particular configuration. Therefore, the change
in pressure due to varying pre-torque will have only a minor effect on the von Mises
(overall) stress.

5.4. Effect of Ambient Temperature

The effect of ambient temperature on separator stress was investigated by applying
six different ambient temperatures ranging from 0 to 50 ◦C to the hybrid model. Figure 15
shows the relationship between the von Mises stress in the separator at the end of charging
and the ambient temperature. The results show a decrease in the von Mises stress with
increasing ambient temperature.
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Figure 14. Von Mises stress at different torques.

Figure 15. Von Mises stress at different ambient temperatures.

The cell temperature will increase when the ambient temperature rises. This will lead
to expansion of battery components in both horizontal and vertical directions (see Figure 5).
Since the thermal expansion coefficient of the separator is significantly larger than those of
the other battery components, the separator will experience a pronounced length expansion
in the horizontal direction, which leads to less pulling by the anode and lower stresses.

6. Creep and Fatigue Testing

As previously discussed, noticeable degradation of the separators’ mechanical prop-
erties (by as much as 50%) was observed when the LIB, made of the same separator as
the one in this study, was subject to repeated fast (4C) charging [8]. In Section 5, the
maximum von Mises stress during 4C charging was found to be 74 MPa while only a small
temperature rise was observed. Therefore, creep and fatigue tests were carried out on a
pristine separator at room temperature to examine its behavior under the estimated stress
during 4C charging.
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Strip-shaped uniaxial tensile specimens were prepared according to ASTM D882. The
samples were cut from a new separator roll using a razor. The longer axis the sample was
aligned in the machine direction was with a length of 100 mm and a width of 10 mm. The
gage length was chosen to be 50 mm. The creep and fatigue experiments were conducted
using an ElectroPuls E1000. Foamy jaws were used to hold the specimen from each end.

Creep testing was conducted at five target stresses ranging from 50 to 90 MPa, which
are lower than the yield stress of the separator (ranging from 100 to 140 MPa in the machine
direction depending on the strain rate, according to the authors’ previous study [8]). Note
the maximum von Mises stress during 4C charging was estimated at 74.1 MPa in Section 5.1.
In each creep testing, the loading increased linearly from 0 MPa to the target stress at a
rate of 0.1 MPa/s. Once a target stress is reached, the loading remained at the same stress
level until the displacement reaches 60 mm (except for the target stress of 50 MPa since the
maximum duration of the creep test was 6 days). The creep test results are presented in
Figure 16. The samples subjected to 90 and 80 MPa reached 60 mm displacement in 4 and
5.5 h, respectively. Both tests remained in the primary stage of creep, characterized by a
rapid deformation. The time required to reach 60 mm displacement increases significantly
to 37 h under the stress of 70 MPa, while that under the stress of 60 MPa reaches in 68 h.
At 50 MPa, the test stopped after 6 days when its displacement reached 48.45 mm. The
results of creep tests at 50, 60, and 70 MPa exhibit the secondary creep stage where the creep
becomes more gradual after the primary creep stage. The creep test results indicate that
the stress during 4C charging can cause permanent damage to the separator. The results
suggest that tensile creep is a major factor contributing to the mechanical degradation of
the battery separator.

Figure 16. Displacement over time in creep tests.

The fatigue test was designed to mimic the stress evolution in the separator during
cyclic fast charging for 68 cycles. Each cycle consists of (1) an increasing load along a
linear ramp (0 to 70 MPa in 13 min) representing a 4C charging duration, (2) a stress hold
representing a CV period for 10 min, and (3) a linear decreasing ramp (70 to 0 MPa in
90 min) representing a discharging duration. Figure 17 shows the variations of load and
displacement over time during the first cycle. The displacement curve shows a rapid
increase during the charging period, followed by a gradual increase in the displacement
during the holing period and the beginning part of discharging. This is followed by
decrease in the displacement for the remaining period of discharging. Even after the load
returns to 0, a non-zero elongation of 1.3 mm remains, indicating a permanent damage in
the separator.
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Figure 17. Load and displacement versus time.

The results of fatigue testing for 68 cycles are shown in Figure 18. The displacement
over time is shown in Figure 18a while the maximum displacement of each cycle is plotted
in Figure 18b. In Figure 18b, the displacement increases rapidly during the first 10 cycles
and then shows a linear increase for the remaining cycles. It should be noted that the
fatigue test demonstrates an extreme case of separator degradation during cycling. Once
the separator elongates permanently after the first few cycles, it will be subject to stresses
much lower than 70 MPa in the proceeding cycles. Nevertheless, the test results indicate
that the load on the separator during 4C charging is high enough to cause damage to the
separator. Moreover, the damage can be accumulated in the separator via repeated loading,
explaining the separator degradation after cyclic fast charging in the previous study [8].

 
(a) (b) 

Figure 18. Results of fatigue testing. (a) Displacement over time. (b) Maximum position of each cycle.

7. Conclusions

Combining three sub-models enabled predicting the stress in the separator under
various use conditions including those for battery pack assembly and thermal management.
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The parameters of a lumped-parameter model were determined based on the experimental
data showing good model-fit, while the material properties in other sub-models were
obtained from the literature. The developed model allowed estimating the maximum
von Mises stress as 74 MPa during the fast-charging condition, under which a significant
separator degradation was observed after 1600 cycles in the previous study. In order to
investigate the damage to the separator under this loading condition, creep and fatigue tests
were conducted on a pristine separator. The high creep sensitivity and creep deformation in
the test results indicate that such loading can produce and accumulate significant damage
in the separator. However, care should be taken to avoid concluding that the mechanical
stress is the only driving force behind separator degradation. The high temperature, which
was not considered due to the low temperature rise of the setup in this study, may play
a role by causing thermal degradation, which is a major mechanism for degradation of
polymers in general. While the current state of the model allows for an efficient way in
predicting the stresses in the cell across various charge rates, torque levels, and ambient
temperature conditions, further investigations should be conducted to explore a more
complex solid mechanics model which includes plasticity and damage in the constitutive
equations. Additionally, the model can be further improved by incorporating concentration-
dependent material properties to improve the mechanical predictions.
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Nomenclature

A Area
a Particle specific surface area
Ccell Cell heat capacity
c Lithium concentration
D Diffusion coefficient
E Young’s modulus
F Force
Fr Faraday’s constant
hair Convection heat transfer coefficient of air
Iapp Current density
iex Exchange current density
J Pore wall flux
ki Reaction rate constant
K Thermal conductivity
L Thickness
Qconv Convective heat transfer
Qgen Heat generation rate
R Ideal gas constant
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r Particle radius coordinate
rp Particle radius
s Spring constant
T Temperature
t Time
t+ Transport number
U Open circuit potential
V Volume
α Thermal expansion coefficient
αa Charge transfer coefficient for oxidation
αc Charge transfer coefficient for reduction
δ Displacement
δij Kronecker delta
ε Volume fraction
ε Mechanical strain
η Overpotential of the intercalation reaction
κ Electrolyte ionic conductivity
ν Poisson’s ratio
ξ Coefficient of expansion for state-of-charge
σ Mechanical stress
τeff Effective conductivity
φ Potential
Δ Displacement due to bolt
ΔL Swelling
Ω Partial molar volume
Superscripts

i Electrode under consideration (p for positive electrode and n for negative electrode)
n Negative electrode
p Positive electrode
sep Separator
v Component under consideration (p for cathode, n for anode, and sep for separator)
Subscripts

eff Effective
filler Binder and fillers
l Liquid phase
s Solid phase
surf On the surface
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Abstract: When designing the battery of an electric vehicle, different parameters must be considered
to obtain the safest arrangement of the battery/modules/cells from the mechanical and thermal
points of view. In this study, the thermal runaway propagation mechanism of lithium-ion cells
is analyzed as a function of their arrangement within a battery pack in case of a fire propagation
of a battery pack in which a thermal runaway has occurred. The objective is to identify which
cell/module arrangement is most critical within the battery pack, using microscopic analysis of the
structure and chemical composition of the most damaged cells, both horizontally and vertically, of
a battery belonging to a burnt vehicle. And their final condition was compared with the condition
of new cells of the same type. In this way, the structure and chemical composition of the cathode,
anode, and separator after thermal runaway were compared. This research was carried out to obtain
information to understand the mechanical properties of lithium-ion cells and their behavior after
thermal runaway heating leading to the propagation of a fire. Through the analysis carried out, it is
concluded that cells placed in a vertical arrangement have worse behavior than cells in a horizontal
arrangement. Regarding the safety of the battery, the results of this study will allow us to determine
which arrangement and structure of the cells in the battery pack is safer against thermal runaway
due to thermal failure.

Keywords: thermal runaway; pouch cell; chemical composition analysis; structural analysis; thermal
failure test

1. Introduction

Battery fire safety remains an important concern due to high-temperature instability [1].
Over the past 30 years, there have been many accidents involving lithium-ion batteries,
indicating that those batteries are not fire-safe. In addition, several serious fire accidents
have occurred in Tesla Model S electric vehicles [2–7]. Some caught fire while being driven,
and others during the charging and discharging process.

In general, lithium-ion batteries are most vulnerable when subjected to high tem-
perature, electrical failure, or mechanical impact [8]. Lithium-ion batteries have limited
temperature and voltage thresholds, and their components are unstable. Namely, the
electrolyte is flammable, and the electrodes are made of a material with a high specific
energy. All these characteristics imply this type of cell is prone to thermal runaway (TR) in
some cases of abuse [9,10].

A lithium-ion battery may fail because of mechanical, electrical, or thermal failures
that occur at the cell, module, or battery pack level (Figure 1). These failures occur in
successive series, leading to the phenomenon of TR. Thermal failure due to overheating can
occur, which may be due to incorrect contact connections or excessive heat near the battery
pack, such as in a fire caused by combustion in a car accident. In addition, overheating
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may occur during fast charging as it uses high voltage and current levels. Thermal failure
can also be due to an internal short circuit, which occurs due to cell separator failures,
manufacturing defects, or lithium build-up (dendrite formation) on the anode. This failure
may also be due to defects originating during cell manufacture, which induce an internal
short circuit.

Figure 1. Failure mechanism related to lithium-ion battery failure and subsequent thermal runaway
mechanism for electric vehicles (EVs) [11].

Thermal abuse failure due to external heat or flame exposure, which is also due to heat
build-up inside from the incorrect removal of reaction heat or the initiation of unwanted
internal exothermic reactions, can lead to thermal runaway. Controlled fire tests carried out
on a complete electric vehicle with an installed high-voltage battery, such as scale tests with
different cells and different cell arrangements, will allow characterization of the behavior
of the cells in a fire due to electrical failure, high temperature, or significant deformation.
The thermal runaway reaction is influenced by the stranded energy, which is the energy
that remains stored inside the lithium-ion battery even after it has been discharged to a
certain extent. In the context of a fire involving a lithium-ion battery, the stranded energy
can represent a significant risk. To handle safely a lithium-ion battery involved in a fire, it
is very important to be aware of the potential for trapped energy and to ensure that the
battery is fully discharged and cooled before attempting to handle or transport it.

When a high-voltage battery is deformed or damaged, energy remains stored inside
any undamaged battery cells and modules, and there is no way to discharge it. That
stranded energy can cause a high-voltage battery fire in an electric vehicle to ignite several
times after firefighters extinguish the fire. Emergency responders cannot measure how
much energy remains inside a damaged battery, and they have no way of draining that
energy. Engineers or other specialists can check the remaining voltage using the battery
management system if the system is operational, and some high-voltage batteries have
incorporated discharge ports. However, when an accident occurs, the high-voltage battery
system can be damaged and deformed, making it impossible to access the battery manage-
ment system or discharge ports. On the one hand, the duration of the post-crash fire and,
on the other hand, the multiple reignitions of the battery could indicate that the battery
contained stranded energy. Several researchers [12] from Oak Ridge National Laboratory
conducted a study in which they concluded that lithium-ion cells with SoC > 80% subjected
to mechanical damage were more prone to thermal runaway, while cells with a low SoC
would not suffer thermal runaway but would only experience a slight temperature rise.

Several studies have been carried out to analyze the behavior of lithium-ion cells
under external heating conditions. Huang et al. [13] heated three 50 Ah lithium-ion cells
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at different SoCs (States of Charge) with an electric heater and concluded that the cells
only turned on when the cell surface reached between 112 and 121 ◦C. The cell response
and thermal runaway characteristics depend on the SoC. If the SoC is increased, then
the time elapsed from heating to ignition is gradually reduced [13–15], and the reactions
become more dangerous. Feng et al. [16] divided the internal chemical reactions occurring
in lithium-ion batteries into different stages depending on the temperature reached. When
lithium-ion batteries are overheated, their temperature gradually increases. The SEI (solid
electrolyte interphase) film begins to break up when the cell reaches 90–130 ◦C [17]. As
the SEI breaks up, the electrolyte reaches the graphite surface more easily and readily
reacts with the intercalated lithium, releasing oxygen and generating more heat [18]. On
the other hand, polyethylene (PE) can melt at 130–140 ◦C, causing an internal micro-short
circuit and, thus, a continuous increase in battery temperature [19]. When the temperature
reaches around 200 ◦C, the cathode materials start to decompose and release oxygen [20].
In addition, the decomposition reaction of the SEI film and the chemical reaction between
the cathode metal oxide materials and the electrolyte is accelerated, as well as the reaction
between the negative active substances and the electrolyte, which will produce more heat
and gases [15] such as oxygen, HF, CO and NO [21–25]. As the temperature increases,
the internal chemical reaction of the cell is much more complex and intense, generating a
large amount of combustible gases and heat [26], followed by a thermal runaway reaction,
causing subsequently the lithium-ion cell to burn or even at times explode.

It is important to understand the risk/hazard for the design of single cells and battery
packs and modules to minimize or avoid the impact of thermal runaway. However, there
are few studies on the methods of assessing the safety of cells or battery modules. Several
studies have analyzed the influence of cell arrangement in a lithium-ion battery pack on
thermal runaway (TR) propagation in both open and enclosed spaces [27]. Experimental
results show that in a closed environment, when the battery’s SoC is 100% and the cell
spacing is more than 8 mm vertically and 4 mm horizontally, the possibility of thermal
propagation for the battery pack is higher than that in an open environment. It is concluded
that the TR propagation possibility of the battery pack in a vertical arrangement is higher
than in a horizontal arrangement. Studies indicate that TR only occurs when the State of
Charge (SoC) is higher than 50%. On the other hand, the critical spacing that triggers TR is
4 mm for a battery with an SoC at 80% and 6 mm for a battery with an SoC at 100% [28].
Feng et al. [29] conducted a mechanical failure (penetration) inducing TR on a module of six
cells in series contact, concluded that the cell casing transfers the most heat, and developed
a thermally resistant layer placed between the cells in order to prevent the propagation of
TR in the module [30]. Lopez et al. [31] analyzed the influence of inter-cell spacing on TR
and concluded that cell spacing in the battery pack is a critical factor as it greatly affects TR
propagation. They analyzed different battery modules connected in series and concluded
that the solution to TR propagation is good heat conduction. Therefore, there are several
studies on the propagation of TR in series-connected battery modules [29–31], but there are
few studies to analyze the propagation of TR in parallel-connected battery modules. Wike
et al. [32] stated that the temperature increase after TR in a parallel-connected battery cell
module is higher than if the cells in the module are connected in series. Lamb et al. [33] also
found that the temperature increase in a module with parallel connected cells was higher,
and as a result, the TR propagation was accelerated. Gao et al. [34] carried out a study of
the propagation of TR in a large format battery module with parallel connections, 18 pouch
cells in parallel 24 Ah. It is observed that the undamaged cells transfer the current to the
cell experiencing TR, which causes it to experience a 10 ◦C higher temperature compared to
a module with the cells connected in series. Therefore, a module with parallel connections
is less safe.

In this study, overheating tests of a lithium-ion battery placed in an electric vehicle
have been carried out using a fossil fuel heater to analyze how the arrangement of the cells
influences the propagation of thermal runaway. The authors hope that this research can
provide useful conclusions for the improvement of the Li-ion cell arrangement in electric
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vehicles with the aim of reducing the damage caused by thermal runaway in lithium-ion
batteries in automotive applications.

2. Materials and Methods

2.1. Methodology

The correctness of the results obtained will depend on the ability of the cell tests to
reproduce the real behavior of a battery pack. As a starting point, a controlled fire test with
a vehicle fitted with a battery pack was carried out to characterize its behavior.

2.1.1. Controlled Fire Test of an Electric Vehicle

Firstly, a controlled fire test was carried out on a complete electric vehicle, specifically
a Nissan Leaf, in which the temperature progression and the behavior of the battery were
analyzed. The fire was started by positioning a fuel burner on the bottom of the vehicle
battery. Time and the battery temperature were monitored through the test with the help
of a thermographic camera. The following Table 1 shows the main specifications of the
battery analyzed.

Table 1. Specifications of the battery of the burnt Nissan Leaf vehicle.

Vehicle Battery Electric Vehicle

Date of first registration 17 December 2015
Range 121 km (EPA test)
Battery specifications
Capacity 24 kWh
Battery Voltage 360 V
Battery Lithium-ion battery
Cell type Laminate-type, pouch cells

Cathode Active Material LMO (LiMn2O4) with NCA (lithium
nickel-cobalt-aluminium oxide Ni0.8Co0.15Al0.05O2)

Anode Active Material Graphite
Capacity 32.5 Ah
Nominal Voltage 3.75 V
Battery Modules 48
Cells per module 4
Energy Density 157 Wh/kg
Battery Weight ~180 kg
Battery Price 7000 €
State of Charge (SoC) 68.0%

The test started, and the vehicle was becoming hotter and hotter as the combustion
process progressed. Within 3 min from the beginning of the test, the battery pack reached a
temperature close to 805 ◦C. It was not until about eight minutes from the beginning that
small explosions from the vehicle airbag gas generators began to be heard, followed by
the phenomenon of thermal runaway in which the battery cells entered a self-heating and
uncontrollable state.

Initially, the fire was extinguished using a fire blanket (Figure 2). After just over ten
minutes from the beginning of the test, the temperature in the battery area exceeded 1000 ◦C.
It was at this point that the firefighters proceeded to cover the vehicle with the blanket.
Immediately after the vehicle had been covered by the blanket, the surface temperature
of the vehicle dropped from approximately 850 ◦C to about 350 ◦C. From this moment
on, the blanket insulates the vehicle from the radiation emitted by the fire, preventing any
element from spreading into the environment and, at the same time, cooling the vehicle.
In addition, the blanket prevents the oxygen supply, preventing the fire from continuing
when all the oxygen confined under the blanket is consumed.
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Figure 2. Zaragoza City Council firefighters covering the burnt vehicle with the fire blanket.

As the minutes passed, the temperature recorded by the thermal imaging camera
dropped to around 100 ◦C. However, electric vehicle fires have a high risk of fire reignition be-
cause the battery continues to produce all the elements necessary for the fire to start—namely
heat, fuel, and oxygen. If the vehicle is covered by the blanket, there is no risk, as it is only a
matter of time before the battery temperature drops. But if the vehicle is uncovered, the risk
of a restart is very high. This is why 9 min after, the vehicle was completely covered, it was
decided to remove the blanket to show how the process of restarting the fire is reproduced.
Just after removing the blanket, it can be seen how the fire restarts from the battery area
and quickly spreads again throughout the vehicle.

As the test continued, the fire increased again the temperature during the following
two and a half minutes, reaching a peak temperature of around 600 ◦C. Once this tempera-
ture is reached, the vehicle is covered again to insulate and extinguish the vehicle fire again,
given that the blanket is reusable.

The following shows the state of the battery pack (Figure 3a) and a detailed view of
the battery modules (Figure 3b) before the fire test:

Figure 3. (a) Battery pack before fire test. (b) Detail of a battery module constructed with a 4-cell
configuration).

To finalize the test, once the blanket was removed, the battery was cooled with water
and the vehicle was left in quarantine to check that the fire did not restart.

The following table (Table 2) gives details of the fire test specifications:
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Table 2. Characteristics of the controlled fire test carried out on the Nissan Leaf vehicle.

Fire test specifications

Place and date Zaragoza, 5 December 2019
Vehicle under test Battery Electric Vehicle

TEST
Vehicle Vehicle only with voltage battery
Fire Ignition Burners (fossil fuel)
Method to extinguish the fire Bridgehill Car Fire Blanket

Temperature monitoring Thermal Imaging Infrared Camera: FLIR T640
Thermal Imaging Infrared camera distance 13.7 m

Ambient Temperature 7.1 ◦C
Average Wind Speed 2.5 m/s
Maximum Wind Speed 8.9 m/s
Maximum Temperature reached ~1000 ◦C
Time to start Battery Thermal Runaway ~8 min
After removing the blanket

Amount of water to extinguish the fire 400 L

Images of the electric vehicle fire test explained above are shown below (Figure 4):

Figure 4. Images of the controlled fire test carried out on the Nissan Leaf vehicle under study.

Figure 4 shows a series of images of the fire test carried out. On left upper corner, the
time elapsed in minutes since start of the vehicle ignition is shown. Within 7 min from
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the start of the test (second image upper right), the battery pack reached a temperature
close to 960 ◦C. It was not until about eight minutes from the begging that small explosions
from the vehicle airbag gas generators began to be heard, followed by the phenomenon of
thermal runaway in the battery cells (fourth image). The range of the thermal event onset
temperature is 80–150 ◦C.

2.1.2. Identification of the Most Damaged Cells in the Analyzed Battery

Once the test had been carried out and the necessary quarantine time had elapsed, the
cells were dismantled (Figure 5) to see how they behaved and their condition according to
the position they were in. The aim was to analyze how the enclosure was damaged accord-
ing to the position of each cell within the enclosure. Moreover, deformation suffered by each
of the cells was studied. Finally, the condition of these cells has been perfectly documented.

Figure 5. Pictures of the state of the battery pack, the module, and the lithium-ion cells inside the
battery pack.

Once the burnt battery of the Nissan Leaf had been disassembled, the most damaged
modules were visually identified, being those modules that showed the greatest defor-
mation and breakage, both vertically (module 11) and horizontally (module 30), and all
modules were disassembled and visually analyzed.

In Figure 6 a number has been assigned to each of the battery modules in order to
identify them.

Figure 6. Exploded view and module identification of the traction battery of a first-generation
Nissan Leaf.
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Figure 7 shows burnt Nissan Leaf battery disassembled in the arrangement in which
it is in the vehicle.

Figure 7. Burnt Nissan Leaf battery disassembled in the arrangement in which it is in the vehicle.

The following pictures show the state of the most damaged modules, firstly, Figure 8
shows the state of the burnt Nissan Leaf vehicle battery module 30 and secondly, Figure 9
shows the state of the burnt Nissan Leaf vehicle battery module 11:

Figure 8. Images of the condition of module 30 (horizontal arrangement) of the battery pack of the
burnt Nissan Leaf vehicle. This module has been identified as the most damaged among the modules
in the horizontal arrangement.

Figure 9. Images of the condition of module 11 (vertical arrangement) of the battery pack of the burnt
Nissan Leaf vehicle. This module has been identified as the most damaged among the vertically
arranged modules.

The following Figure 10 identifies the position of the most damaged modules in the
battery pack analyzed:
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Figure 10. Exploded view of the first-generation Nissan Leaf battery, with identification of the most
damaged modules, shaded in blue.

2.1.3. Generation of Samples for Structural and Cross-Sectional Analysis

A study of the structure was carried out by taking samples and analyzing them
transversally (there are several layers of anodes and cathodes, as well as separators; it is
a stack sample of materials) (see Figure 11), and on the other hand, a surface analysis of
the chemical composition was carried out. To perform that, anode, cathode, and separator
were separated (see Figure 12).

For the structure analysis test, three transversal section samples were taken from a
cell of module 11, three transversal section samples from a cell of module 30, and two
transversal section samples from a new cell. For chemical composition and morphology
analysis, one sample was taken from the cathode, one sample from the anode, and one
sample from the separator for module 11, module 30, and the new cell, respectively. The
samples for the tests were obtained at Centro Zaragoza facilities, and once the samples
had been obtained, the tests were carried out at the Material Science Department of the
University of Zaragoza. Sampling has been carried out considering the indications of a
previous study [35]. Images from sample preparation to Sibe tested for the new cell are
shown below.

Figure 11. Sample and obtaining the sample for structural analysis. (a) Location of the points from
where the samples have been obtained for the structural analysis of the stacked layers: 1. Anode tab
(copper); 2. Cathode tab (aluminum); 3. (b) Sample generated in position 3. (c) Section of the pouch
cell once the sample has been extracted.

121



Batteries 2024, 10, 55

Figure 12. Obtaining the sample for surface analysis. (a) Image of the inside of a pouch cell from
where the samples for surface analysis of the stacked layers (anode, cathode, and separator in the case
of the intact cell) have been obtained. (b) Sample generated from the anode (copper tab). (c) Sample
generated from the cathode (aluminum tab). (d) Sample generated from the separator.

Figure 13 below shows the position from which samples have been taken from a
calcined cell of module 30:

Figure 13. Obtaining samples from a module 30 calcined cell. The letters A–D identify the cell within
the module and the numbers 1–3 indicate the position from which the sample has been taken.

For the preparation of the surface sections of the individual layers, after obtaining the
samples, with a surface area of approximately 5 mm × 5 mm, of each of the different layers
of the cell, anode, cathode, and separator (in the case of the new cell), they were coated
with a layer of high purity carbon of 10.40-nanometer thick carbon layer to make them
conductive, using a Leica EM ACE600 sputtering coater, (Leica Microsystems, Spain) and
placed on an aluminum support with a double-sided carbon adhesive tape so that they
do not move from the support during the analysis. A small sample of cobalt is placed to
calibrate the equipment.

After obtaining the samples, with a surface area of approximately 10 mm × 10 mm,
from the electrode stack, the samples are embedded in resin to improve the preparation
result and then polished so that the surface is scratch- and deformation-free, flat, and highly
reflective. A prepared sample embedded in resin is shown below (Figure 14).

Figure 14. Layer structure of a resin-embedded and polished cell, used to identify cell parameters
and cell structure.
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2.1.4. Method for Carrying Out the Surface and Structural Analysis

A Carl Zeiss MERLINTM (Carl Zeiss SMT AG, Germany) Field Emission Scanning
Electron Microscope (FESEM) was used to perform the analyses. It has a hot-field emission
electron emission cannon and allows observations up to 0.8 nm spatial resolution and
acceleration voltages between 0.02 and 30 kV. It has secondary and backscattered electron
detectors in the chamber and in the column (in-lens). It also has an EDS detector for analysis
of the energy of X-Max scattered X-rays (20 mm2) with SDD (Silicon Drift Detector) from
Oxford Instruments (United Kingdom). For the generation of images in scanning electron
microscopy, the interaction products most frequently used are secondary electrons (SEs)
and backscattered electrons (BSEs). For the distinction and detection of SEs and BSEs, it
must consider two parameters: energy and angle distribution. For that mission, an energy-
selective backscattered detector (EsB) and an angle-selective backscattered detector (AsB®)
have been used. The standard detectors are the in-lens detector (annular SE detector),
which detects SE signals and is used to analyze surface structure, and the SE2 detector
(Everhart-Thornley type), which detects SE2 signals and is used to analyze topography.

Morphology can be analyzed with SE2 and in lens, backscattered and low-energy
backscattered EsB (different gray level due to different chemical composition), and high-
energy backscattered AsB.

The following Table 3 show information on different detectors used by the FESEM:

Table 3. Information on the different detectors used by the FSEM.

Standard Detectors Detected Signals Typical Application

In-lens detector (annular SE detector) SE Surface Structure
SE detector (Everhart-Thornley type) SE2 Topography

Optional Detectors Detected Signals Typical Application

EsB® detector with filtering grid
(in-column detector)

BSE Pure material contrast

AsB® detector, integrated BSE Channeling contrast (cristal orientation),
compositional contrast

The SE2 detector detects SEs as well as BSEs. Electrons on the way to the detector
are grouped by the collector and directed to the scintillator. The collector voltage (suction
voltage), with a range between −250 V and +400 V, generates an electrical field located
in front of the detector, thus directing the low-energy SEs toward the scintillator. The
collector bias should be set to +300 V for all standard applications. The whole AsB®

angular selective backscattered electron detector is built within the GEMINI® lens’s pole
piece. This eliminates the need to align the AsB® detector with the optical axis in order to
image BSEs at extremely small working distances. It is possible to distinguish between
low-angle and high-angle BSEs with this detector arrangement. The AsB® detector is
equipped with four diodes, and each can be individually adjusted via a menu. While the
topography mode displays surface features, the compositional mode generates images that
display the specimen’s atomic contrast. Secondary electrons have an energy <50 eV and
are inelastically scattered primary electrons. They are produced from the adjacent surface
of the incoming primary electron beam, providing the best lateral resolution when it comes
to several nanometres. The backscattered electrons disperse elastically in the field of the
atomic nucleus. The energy range is from >50 eV to the excitation energy. When the atomic
number or atomic weight of a phase or region is higher, a greater number of electrons will
be backscattered from this area of the sample (material contrast).

The Figure 15 below shows two views of the surface tests carried out.
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Figure 15. Views of the surface tests carried out.

2.1.5. Method for Carrying Out the Chemical Analysis

To obtain information on the chemical composition of the analyzed surface, electron
energy loss spectroscopy combined with electron microscopy was used. To do this, high-
energy electrons were directed toward the samples, which caused the electrons in the inner
shell to ionize, creating a vacancy in the inner layer. This unfilled position is occupied by
an electron of a higher energy level, releasing energy that might be observed as an X-ray
quantum or Auger electron (electron that is forced to leave the atom). This energy, known
as X-ray radiation, is unique to each element. An EDAX Super Octane (EDAX, Pleasanton,
CA, USA) silicon drift detection system (energy resolution of about 123 eV @ Mn Ka) with a
silicon nitride window for optimal sensitivity in the low-energy region was used to capture
the EDX spectra.

3. Results and Discussion

The conclusions obtained from the microscopic analysis of lithium-ion cells are the
basis for research into the operation, safety, and degradation of lithium-ion batteries. There
are studies [35] in which analyses have been carried out using images taken under a
microscope to obtain information that allows us to understand the mechanical properties
of lithium-ion cells. Parameters such as layer thickness, material composition, and surface
properties are important in the analysis and further development of lithium-ion batteries.
The purpose of this section is to compare the structure and chemical composition of the
anode, cathode, and separator in cells that have undergone thermal runaway compared to
an intact (new) cell.

In this section, not only the methods used to procure the surface properties and
chemical composition of all the batteries but also the results of SEM images of transverse
sections of zone 1 (Anode) of an original cell and a cell from module 11 and module 30 of
the burnt Nissan Leaf vehicle battery are presented. The surface properties and chemical
composition of the different components of an original cell and a burnt cell from module 11
and module 30 are also analyzed.

3.1. Surface Test Results: Surface Properties and Chemical Composition Analysis

To carry out the surface analysis tests, three aluminum supports are prepared: support
A, support B, and support C. Two cathode samples, one from the upper cathode and one
from the lower cathode, and two anode samples, one from the upper anode and one from
the lower anode, are prepared in support A from cell B of module 30. Two cathode samples,
one from the upper cathode and one from the lower cathode, and two anode samples, one
from the upper anode and one from the lower anode, are prepared in support B from cell C
of module 11. And in support C, a sample of the cathode, anode, and separator of a new
Nissan Leaf cell is prepared.

The following images (Figure 16) compare different pictures obtained with FESEM of
the upper cathode of module 30, module 11, and the new cell.
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Figure 16. Comparison of images obtained with the FESEM of different areas of the upper cathode of
module 30, module 11, and the new cell.

The following images compare different images obtained with FESEM of the lower
cathode of module 30, module 11, and the new cell.

With respect to the cathode electrodes in the figure above, the cathode of an original
cell has been compared with two cathodes (one upper and one lower) of module 30 and
module 11 of the battery of the burning Nissan Leaf after experiencing the thermal runaway.
It should be remarked that rather than a single particle size, most materials, especially the
active materials used in battery electrodes, contain a variety of particle sizes.

It is noted in Figure 17 that after experiencing the thermal runaway phenomenon, the
cathode surface is covered with off-white floccules. The distribution of these floccules on
the surface of the cathode electrodes is not uniform, being more concentrated in one area
and more dispersed in another area.

Due to the morphology of these substances, it can be deduced that they are decomposed
separators due to the high temperature since, at 150 ◦C, the separator shrinks and groups
together. In other words, after TR, the separator decomposes as the temperature increases.

The temperature of decomposition of a PE-PP-based polymer is more than 300 ◦C.
Therefore, it is appropriate to cover the surfaces of the cathode electrodes with unevenly
distributed separator particles.
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Figure 17. Comparison of images obtained with the FESEM of different areas of the lower cathode of
module 30, module 11, and the new cell.

It should be noted that the burned modules being analyzed had a 68% SoC (State of
Charge). As the SoC increases, the number of flocs increases greatly, and darker-colored
and spherical flocs appear, indicating that having an elevated SoC during TR, the reaction
temperature inside the cell is higher, and the agglomeration and decomposition reactions
of the separators are more intense [36].

After TR, the spherical cluster structure of the cathode active materials and the flake
structure of the graphite were destroyed. The cathode and anode are joined together, and
it is difficult to identify them (Figures 5 and 13). There are also irregularly shaped impu-
rities/debris, some rectangular and some spherical, and they are chaotically distributed.
When the temperature is increased due to the TR, the aluminum current collector of the
chaotic electrode had oxidized and adhered to the anode side.

Therefore, it is normal to observe in the cathode traces of fragments of cathode mate-
rials after TR, ash from the separators and cathode material, and products of exothermic
reactions and graphite peels (Figure 17, images of the last row).

It is observed that in the case of module 11, there are more dark-colored flocs than in
the case of module 30, and there are more in the upper cathode than in the lower cathode.
Therefore, it is concluded that module 11, in a vertical arrangement, experiences a higher
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temperature in the TR at the same SoC as module 30, which is in a horizontal arrangement.
If the structural transformation (morphology analysis with InLens) of the cathode materials
after the TR is analyzed (Figures 18 and 19), it is observed that in the case of modules 30 and
11 with a SoC of 68% after the TR, the layered structure of the material was destroyed, the
resulting particles dispersed out of the original layered structure and subsequent adhesion
occurred. The cathode (positive electrode) material reacted at high temperatures and
decomposed. On the other hand, carbon particles from the anode (negative electrode) were
doped into the cathode (positive electrode) through the damaged diaphragm.

Figure 18. Morphological analysis of the transformation of the upper cathode of Module 30 and
Module 11 after the thermal runaway compared with the initial cathode structure of a new cell.

Figure 19. Morphological analysis of the transformation of the lower cathode of Module 30 and
Module 11 after the thermal runaway compared with the initial cathode structure of a new cell.

It is observed that in the case of the lower cathode of module 30 (horizontal arrange-
ment), the particles are smaller compared to the upper cathode of module 30; this may be
due to the higher temperature as it is more exposed.

In the case of module 11 (vertical arrangement), there is no difference between the
particle size of the upper cathode and the lower cathode. Hereafter, the chemical com-
position analysis of the upper cathode of module 30 and module 11 will be presented in
comparison to the composition of the original cathode. The cathode showed a granular
surface structure, as can be seen in the following image (Figure 20). The largest particles
were about 6 μm in size. The following chemical elements were identified by EDXS: nickel
(Ni), manganese (Mn), cobalt (Co), oxygen (O), and carbon (C). This led to the conclusion
that this compound has the chemistry of a LiNiMnCoO2 (NMC) cathode. Two different
types of compounds were observed on the cathode surface, marked in Figure 21 by two
red boxes. The results of a detailed analysis of the formed compounds show that the
compound marked with “1” had the NMC chemistry mentioned above, while the second
compound was determined to be a manganese oxide compound (LMO), some fluorine was
also observed that may be from the electrolyte (LiPF6) when in contact with the cathode
and anode. Considering these issues, cathode layer chemistry could be concluded as a
mixture of NMC and LMO.
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Figure 20. Chemical composition of the original cathode.

During the EDXS measurement, different areas were focused on, and the correspond-
ing peaks are shown in Figure 20. Details of the two spectra of the component values
measured in atomic and weight % are listed in Table 4.

Table 4. EDXS weight ratio of components in original cathode using two spectra focused on two
distinct areas.

C O F Al Mn Co Ni

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Compound
1:

LiNiMnCoO2

Spectrum
1

8.46 19.32 29.5 50.6 1.42 1.44 3.89 1.94 9.57 4.45 46.69 21.82

Compound
2;

LMO + F

Spectrum
2

5.19 11.84 31.29 53.52 2.54 3.66 1.17 1.19 59.8 29.79

Next, the chemical composition of the upper cathode of the ignited module 30 is
analyzed. The upper cathode of module 30 no longer shows a defined granular surface,
as in the case of the original cathode; the structure was broken. The largest particles are
about 5 μm in size. The following chemical elements were identified by EDXS: nickel (Ni),
manganese (Mn), cobalt (Co), oxygen (O), fluorine (F), phosphorus (P), carbon (C), and
aluminum (Al). Two different compound types were observed on the cathode surface of
module 30, marked in Figure 21 by two red crosses. The results obtained from an exhaustive
analysis of the formed compounds show that the compound marked with “1” had the
chemistry of a compound with manganese and oxygen and some fluorine and phosphorus,
while in the rectangular-shaped compound “3” fluorine and nickel were observed. This
last compound is due to the reactions that have taken place in the TR, and that is why there
are leftovers of the electrolyte.
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Figure 21. Chemical composition of the upper cathode of module 30.

During the EDXS measurement, different areas were focused on, and the correspond-
ing peaks are shown in Figure 21. Details of the two spectra of the component values
measured in atomic and weight % are listed in Table 5.

Table 5. EDXS weight ratio of components in the upper cathode of the ignited module 30 using two
spectra focused on two distinct areas.

O F Al P Mn Ni

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Compound 1:
Mn and O,

with some F
and P

Spectrum
1

26.91 50.88 6.7 10.66 1.26 1.41 2.94 2.87 60.38 33.24 1.81 0.93

Compound 2:
F and Ni

Spectrum
2

30.55 47.88 20.86 27.54 4.49 4.17 1.47 1.19 34.57 15.78 7.19 3.07

Next, the chemical composition of the lower cathode of the ignited module 30 is
analyzed. The lower cathode of module 30 also does not show a defined granular surface,
as in the case of the original cathode; the structure was broken. The larger particles are
about 4 μm in size, so the particles are smaller than in the case of the upper cathode of the
same module, probably because they have been exposed to higher temperature values. Two
different compound types were observed on the surface of the lower cathode of module 30,
marked in Figure 22 with two red crosses. A detailed analysis of the compounds obtained
shows that the compound marked with “1” had the chemistry of a compound with oxygen
and manganese, while it was determined that the second structure was also the chemistry
of a nickel and oxygen compound; some manganese, fluorine, cobalt, and aluminum were
also observed.

During the EDXS measurement, different areas were focused on, and the correspond-
ing peaks are shown in Figure 22. Details of the two spectra of the component values
measured in atomic and weight % are listed in Table 6.

The distribution of elements in each area of the upper cathode of module 30 is also
mapped. This information is also collected with the EDS detector and then processed with
the AZtec software (Figure 23).
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Figure 22. Chemical composition of the lower cathode of module 30.

Table 6. EDXS weight ratio of components in the lower cathode of the ignited module 30 using two
spectra focused on two distinct areas.

O F Al Mn Co Ni

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Compound 1:
O and Mn

Spectrum
1

29.71 59.05 0.59 0.7 67.4 39.01 0.74 0.4 1.56 0.85

Compound 2:
O and Ni,
with some
Mn, F, Co

and Al

Spectrum
2

24.77 49.88 6.17 10.46 2.04 2.43 10.63 1.19 5.68 3.1 50.56 27.74

Figure 23. Distribution of elements in each area of the upper cathode of module 30.
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Below (Figure 24) is a map of the distribution of elements in each area of the lower
cathode of module 30.

Figure 24. Distribution of elements in each area of the lower cathode of module 30.

In the lower cathode, there is a higher amount of fluorine, aluminum, manganese,
phosphorus, nickel, and cobalt than in the upper cathode. The following figure shows the
chemical composition of the upper cathode of modulo 11. The upper cathode of module
11 also does not show a defined granular surface, as in the case of the original cathode; the
structure was broken. The larger particles are about 5 μm in size, so the particles are smaller
than in the case of the original cathode. Three different types of structures are observed on
the surface of the upper cathode of modulo 11, marked in Figure 25 with three red squares.

Figure 25. Chemical composition of the upper cathode of module 11.
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Details of the three spectra of the component values measured in atomic and weight
% in the upper cathode of module 11 (Figure 25) are listed in Table 7.

Table 7. EDXS weight ratio of components in the upper cathode of the ignited module 11 using three
spectra focused on three distinct areas.

C O Al Mn Co Ni

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Compound 1:
C and O

Spectrum
1

17.92 22.61 81.51 77.2 0.12 0.07 0.44 0.12

Compound 2:
O and Al

Spectrum
2

6.49 9.97 60.91 70.18 25.88 17.68 2.79 0.94 3.93 1.23

Compound 3:
C, O and Ni,

with some Al,
Mn and Co

Spectrum
3

23.4 47.63 17.05 26.05 2.59 2.35 5.46 2.43 5.51 2.29 45.69 19.03

A thorough analysis of the chemicals that were created reveals that the compound
marked with “1” had the chemistry of a carbon and oxygen compound, while the second
structure was determined to be an aluminum and oxygen compound, formed from the
fusion of the cathode aluminum collector, and the third structure was a chemical compound
containing nickel, carbon, oxygen, cobalt, manganese, and aluminum. They are all elements
that are products of the cathode and collector coating. Regarding module 11, a higher
amount of aluminum is observed; this may be since, in this case, the aluminum collector
has been more damaged than in the case of module 30.

The following Figure 26, shows the chemical composition of the lower cathode of
module 11. The lower cathode of module 11 also does not show a defined granular surface,
as in the case of the original cathode; the structure was broken. Five different types
of compounds are observed on the surface of the lower cathode of module 11, shown in
Figure 26. A detailed analysis of the compounds formed reveals that the compound marked
with “1” had peaks of nickel, manganese, oxygen, copper, carbon, cobalt, and fluorine,
so it presents all the elements of the cathode coating; there is also copper that can come
from the anode collector. The second structure was a compound of nickel, manganese,
cobalt, oxygen, and carbon, and the third structure was a compound of copper and oxygen,
probably because the anode collector had melted. If compound 4 is analyzed, it is a nickel,
oxygen, manganese, and fluoride-containing chemical compound. And finally, compound
5 is a manganese and oxygen compound formed from the active material of the cathode,
and there is also aluminum coming from the aluminum collector of the cathode. In this area,
an aluminum peak appears; this is the result of a thermal failure that leaves the aluminum
current collector exposed.

During the EDXS measurement, different areas were focused on, and the correspond-
ing peaks are shown in Figure 26. Details of the five spectra of the component values
measured in atomic and weight % are listed in Table 8.
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Figure 26. Chemical composition of the lower cathode of module 11.

Table 8. EDXS weight ratio of components in the lower cathode of the ignited module 11 using five
spectra focused on five distinct areas.

C O F Al Mn Co Ni Cu

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Spectrum
1

Compound
1: Ni, Mn,
O, Cu, C,
Co with F

5.73 15.49 17.97 36.46 4.28 7.32 1.08 1.3 18.06 10.67 4.4 2.42 37.3 20.62 11.19 5.72

Spectrum
2

Compound
2: Ni, Mn,
Co, O, C

2.02 7.83 5.95 17.34 0.36 0.61 21.87 18.56 9.06 7.17 60.4 47.98

Spectrum
3

Compound
3: Cu and

O

14.26 33.54 20.81 36.75 0.45 0.47 5.56 2.86 0.49 0.23 2.75 1.32 55.56 24.71

Spectrum
4

Compound
4: Ni, O,

Mn with F

8.5 18.07 24.26 38.71 14.7 19.75 0.29 0.28 13.23 6.15 4.44 1.92 34.36 14.94

Spectrum
5

Compound
5: Mn and
O with Al

9.2 17.35 37.15 52.58 3.81 4.54 11.71 9.83 34.42 14.19 2.14 0.82 1.3.6 0.48
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A comparison of the systematic analysis of the EDSX data shown in Figures 20–22, 25
and 26 (pristine cathode, upper and lower cathode of module 30, and upper and lower
cathode of module 11) is shown below (Table 9).

Table 9. Comparison of the systematic analysis of the EDX data of the different cathodes analyzed.

CATHODE Compound 1 Compound 2 Compound 3 Compound 4 Compound 5 Comments

Pristine
Cathode

LiNiMnCoO2 LMO + F

1. Compound 1 is the
chemistry of a NMC

cathode
2. Compound 2 is an
LMO, and the F may

be from the electrolyte
(LiPF6) in contact with
the cathode and anode.

Upper
Cathode of
Module 30

Mn and O, with
some F and P F and Ni

1. Compound 2 is due
to the reactions in the
TR, and is why there
are leftovers of the

electrolyte.

Lower
Cathode of
Module 30

O and Mn
O and Ni with

some Mn, F, Co,
and Al

1. Aluminum of
compound 2 comes

from the fusion of the
cathode aluminum

collector.

Upper
Cathode of
Module 11

C and O O and Al C, O, Mn, Co, and
Ni, with some Al

1. Compound 2 is
formed from the

fusion of the cathode
aluminum collector.
2. The aluminum of
compound 3 comes

from the fusion of the
cathode aluminum

collector.

Lower
Cathode of
Module 11

Ni, Mn, O, C, Co
with Al and Cu

Ni, Mn, C, Co and
O Cu and O Ni, O, Mn with F Mn and O with Al

1. Compound 1
presents all the
elements of the

cathode coating; the
copper may come from

the anode collector.
2. Compound 3 has

probably been formed
because the anode

collector has melted.
3. Compound 4 has F
due to the reactions in
the TR and why there

are leftovers of the
electrolyte.

4. Compound 5 is
formed from the active

material of the
cathode, and there is
also aluminum from

the aluminum collector
of the cathode.

After carrying out the comparative analysis presented in Table 9, it can be concluded
that the cathodes of the ignited modules present compounds containing the elements of
the cathode coating. However, they also present in some areas aluminum from the melting
of the aluminum collector of the cathode, as well as copper from the melting of the copper
collector of the anode. There are also traces of fluorine from the electrolyte (LiPF6). Copper
only appears on the lower cathode of module 11, and more compounds appear, so it can be
concluded that this is the most damaged cathode analyzed.

The following images (Figure 27) compare different images obtained with FESEM of
the upper anode of module 30, module 11, and the new cell. And in Figure 28, different
images obtained with FESEM of the lower anode of module 30, module 11, and the new
cell are compared.
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Figure 27. Comparison of images obtained with the FESEM of different areas of the upper anode of
module 30, module 11, and the new cell.

Figure 28. Comparison of images obtained with the FESEM of different areas of the lower node of
module 30, module 11, and the new cell.
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With respect to the anode electrodes in the previous figure, as it has been done with
the cathode electrodes, the anode of an original cell with two anodes (one upper and one
lower) was compared with module 30 and module 11 of the battery of the burning Nissan
Leaf, i.e., after experiencing the thermal runaway. It is observed that after experiencing the
thermal runaway, spherical particles exist on the graphite anode surface. These spherical
surfaces are covered with smaller stereoscopic particles, as can be seen in Figures 28 and 29.

The original graphite anode has a porous structure that disappears when it undergoes a
TR because the pores are occupied by spherical particles. When TR happens, the exothermic
reaction on the anode side is linked to the creation of stereoscopic particles. However, at
higher temperatures, Li2CO3 can be formed by the reaction of the intercalated carbon with
the electrolytes [31], since at a temperature above 120 ◦C, the SEI decomposes. In addition,
as the temperature increases, at approximately 290 ◦C, the lithited carbon could react with
fluorine to form LiF [31].

After the analysis of the cathode and anode states after experiencing the TR, it is
concluded that the spherical structure of the cathode active materials and the flake structure
of the graphite are destroyed. It was quite difficult to obtain the sample from the ignited
modules to identify them due to the fact that the cathode and anode were joined together.

It is observed that there are many impurities, not regular in shape, on the surface
of the electrode. Sometimes it is rectangular, and sometimes it is spherical. The surface
distribution is chaotic, as can be seen in Figure 29b,c. Because the temperature at which
TR is reached in NMC pouch cells is high, the aluminum current collector of the cathode
is oxidized and bonded to the anode. Therefore, it is normal to identify debris in the
image observed with the SEM. Studies [30] indicate that this debris can be fragments
of cathode materials, separator and cathode ash, products of exothermic reactions, as
well as graphite flaking. In some areas, a dense and brittle layer has been found on the
surface of the electrode. In other areas, flake graphite particles were found under this
layer. Thus, it follows that this layer was an oxidized aluminum current collector. Unlike
in the cathode, the pores of the anode have been clogged by materials from TR reactions.
In some areas, a dense, brittle layer covering the surface of the electrode is also observed.
In other areas, flake graphite particles were observed under this layer. Therefore, the
authors contemplated that this layer was an oxidized Al current collector. Judging by the
structure of the base layer, it was the layer of active material on the anode. Unlike the
active material coating of the cathode of new cells, the pores of the electrode that suffered
thermal runaway had been completely clogged by the products of the thermal runaway
reactions. The active material of the cathode had completely ceased to function. If the
structural transformation (morphology analysis with InLens) of the anode materials after
the TR is analyzed (Figures 30 and 31), it is observed that in the case of modules 30 and
11 with a SoC at 68% after the TR, the layered structure of the material was destroyed,
the particles dispersed outside the original layered structure and adhesion occurred. The
cathode (positive electrode) material reacted at high temperatures and decomposed. On
the other hand, carbon particles from the anode (negative electrode) went into the positive
electrode (cathode) structure through the damaged diaphragm.

Figure 29. (a) Cell c of module 30; (b) Module 11 set on fire; (c) Module 30 burned down.
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Figure 30. Morphological analysis of the transformation of the upper anode of module 30 and module
11 after the thermal runaway compared with the initial anode structure of a new cell.

Figure 31. Morphological analysis of the transformation of the lower anode of module 30 and module
11 after the thermal runaway compared with the initial anode structure of a new cell.

The chemical composition of the new cell anode is then analyzed. The anode has a
granular structure. The diameter of the largest particles was 14 μm. Four types of zones are
identified, where the chemical elements will be analyzed. The chemical analysis revealed a
high content in zone 2 of carbon (C), which allows the active material of the anode to be
identified as graphite. There are traces of phosphorus (P) that can be identified as remnants
of the electrolyte (assumed that it is LiPF6 dissolved in a carbonate mixture solvent). Also,
in zone 1, a fluorine peak is identified; it can be seen on the surface of the graphite particles
and can be attributed to the decomposition of the electrolyte that is part of the SEI. The
small peaks of Cu can be attributed to the preparation of the sample and can be neglected.
On the other hand, in zones three and four, peaks of calcium and iron are identified due to
the shape of which impurities can be considered to have appeared due to the preparation
of the sample. Manganese also appears.

Details of the four spectra of the component values measured in atomic and weight %
in the original anode (Figure 32) are listed in Tables 10 and 11.

Figure 32. Chemical composition of the new cell anode.

137



Batteries 2024, 10, 55

Table 10. EDXS weight ratio of components in the original anode using the first two spectra focused
on two distinct areas.

C O F P S Mn Cu

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Spectrum 1
Compound
1: C, O, F

and P

17.9 27.54 21.36 24.67 37.97 36.93 8.55 5.1 5.31 3.06 2.14 0.72 6.77 1.97

Spectrum
2

Compound
2: C, O, F

with P

56.04 67.86 16.53 15.03 18.19 13.92 2.64 1.24 1.84 0.83 0.86 0.23 3.91 0.89

Table 11. EDXS weight ratio of components in the original anode using the last two spectra focused
on two distinct areas.

C O F Mg Si Ca Fe Cu

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Spectrum
3

Compound
3: O, Ca
and C

7.4 14.33 35.64 51.81 0.89 1.08 0.56 0.53 0.46 0.38 53.72 31.17 0.94 0.39

Spectrum
4

Compound
4: C, O,

Fe with F

10.61 25.37 20.01 35.94 1.62 2.44 0.58 0.69 1.35 1.38 0.42 0.3 60.39 31.07 2.8 1.27

The following Figure 33, shows the chemical composition of other compounds iden-
tified in the original anode. Zone 1 identifies a chemical compound of manganese and
oxygen, and zone 2 identifies a chemical compound of carbon and oxygen with fluorine and
phosphorus, which may be due to electrolyte, copper, and sulfur (the latter two elements
may be due to impurities from sample preparation). The manganese in structure 1 may
come from the manganese-based cathode because of the possibility of manganese ions
intercalating along with lithium ions into graphite in the initial stage of the lithium-ion
intercalation process during storage [37].

Figure 33. Chemical composition of the new cell anode 2.
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Details of the two spectra of the component values measured in atomic and weight %
in the original anode (Figure 33) are listed in Tables 12 and 13, respectively.

Table 12. EDXS weight ratio of components in the original anode using first spectrum focused
area one.

C O F Al P Mn Cu

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Spectrum 1
Compound
5: Mn and

O

6.69 14.5 31.1 50.57 5.27 7.22 1.15 1.11 0.47 0.39 53.59 25.38 1.45 0.59

Table 13. EDXS weight ratio of components in the original anode using second spectrum focused
area two.

C O F Si P S Mn Cu

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Spectrum
2 Com-

pound 6:
C and O
with F
and P,

Cu and S

37.83 51.52 23.87 24.41 19.17 16.51 1.78 1.04 3.4 1.8 2.98 1.52 0.92 0.27 8.8 2.27

Afterward, the chemical composition of the upper anode of the ignited module 30 is
analyzed. The upper anode of module 30 also does not show a defined granular surface,
as in the case of the original anode; the structure was broken. Two different types of
compounds were observed on the surface of the upper anode of module 30, shown in
Figure 34. A detailed analysis of the compounds formed shows that the compound marked
with “2” had the chemical of a copper and oxygen compound, which may be due to the
anode collector having melted due to the elevated temperatures; moreover, while zone 3
was a carbon and oxygen compound, it may be due to the coating of the graphite anode.

Figure 34. Chemical composition of the upper anode of module 30.
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As has been performed previously, details of the two spectra of the component values
measured in atomic and weight % in the upper anode of module 30 (Figure 34) are listed in
Table 14.

Table 14. EDXS weight ratio of components in the upper anode of the ignited module 30 using two
spectra focused on two distinct areas.

C O F P Cu

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Compound 1:
Cu and O

Spectrum
2

12.44 29.63 22.9 40.97 0.58 0.54 64.08 28.86

Compound 2:
C and O

Spectrum
3

80.31 85.45 16.39 13.09 0.82 0.55 1.93 0.8 0.55 0.11

In Figure 35 below, the chemical composition in another area of the upper anode of
the ignited module 30 is analyzed. A single type of compound was observed on the surface
of the upper anode of module 30. This compound features copper, carbon, and oxygen.

Figure 35. Chemical composition of the upper anode of module 30, second area analyzed.

Details of the one spectrum of the component values measured in atomic and weight
% in the upper anode of module 30 (Figure 35) are listed in Table 15.

Table 15. EDXS weight ratio of components in the upper anode of the ignited module 30 using one
spectrum-focused area four.

C O Cu

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Compound 3:
Cu, C and O

Spectrum 4 10.15 25.18 23.45 43.67 66.4 31.14

In Figure 36 below, the chemical composition in another area of the upper anode of
the ignited module 30 is analyzed. Four different types of compounds were observed.
In the first two ones, a compound of copper, carbon, and oxygen was observed. In zone
3, fluoride, copper, and oxygen were identified; the existence of fluoride is due to the
electrolyte, and the existence of copper is due to copper from the anode collector. In zone 4,
cooper and oxygen were identified.
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Figure 36. Chemical composition of the upper anode of module 30, third area analyzed.

As has been performed previously, details of the four spectra of the component values
measured in atomic and weight % in the upper anode of module 30 (Figure 36) are listed in
Table 16.

Table 16. EDXS weight ratio of components in the upper anode of the ignited module 30 using five
spectra focused on five distinct areas.

C O F P Mn Ni Cu

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Spectrum 1
Compound 3:
Cu, C and O

8.8 23.11 21.12 41.67 0.63 0.65 0.36 0.21 1.1 0.59 67.98 33.77

Spectrum 2
Compound 3:
Cu, C and O

11.2 26.72 22.2 39.69 3.28 4.95 4.02 1.96 59.27 26.68

Spectrum 3
Compound 4:
F, Cu and O

5.77 9.93 7.7 9.96 68.03 74.09 18.51 6.03

Spectrum 4
Compound 1:

Cu and O
5.03 7.99 71.19 84.87 23.78 7.14

Next, the chemical composition of the lower anode of the ignited module 30 is ana-
lyzed. The lower anode of module 30 also does not show a defined granular surface, as in
the case of the original anode; the structure was broken. Two different types of compounds
were observed on the surface of the lower anode of module 30, shown in Figure 37. A
detailed analysis of the compounds formed shows that the compound marked with “1”
had the chemistry of a Carbon and oxygen compound, which may be due to the anode
coating, and the second structure features copper, carbon, and oxygen.
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Figure 37. Chemical composition of the lower anode of module 30.

As has been performed previously, details of the two spectra of the component values
measured in atomic and weight % in the lower anode of module 30 (Figure 37) are listed in
Table 17.

Table 17. EDXS weight ratio of components in the lower anode of the ignited module 30 using two
spectra focused on two distinct areas.

C O F P Cu

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Compound
1: C and O

with F

Spectrum
1

19.23 24.44 70.73 67.49 10.04 8.07

Compound
2: Cu, C
and O

Spectrum
2

15.55 45.38 2.89 6.34 2.29 4.22 0.56 0.63 78.71 43.42

Figure 38 below shows the chemical composition in another area of the upper anode
of the ignited module 11. Six different types of compounds were observed on the surface of
the upper anode of module 11. The compound marked with “1” is carbon, coming from the
graphite of the anode coating; the compound marked with “2” is a compound of fluorine,
copper, and oxygen; fluorine comes from the electrolyte; and the rest of the compounds
have copper, carbon, and oxygen.
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Figure 38. Chemical composition of the upper anode of module 11.

Details of the six spectra of the component values measured in atomic and weight %
in the upper anode of module 11 (Figure 38) are listed in Table 18.

Table 18. EDXS weight ratio of components in the upper anode of ignited module 11 using six spectra
focused on six distinct areas.

C O F Al P Mn Cu

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Spectrum 1
Compound 1:

C
100 100

Spectrum 2
Compound 2:
F, Cu and O

3.16 6.28 11.72 17.47 48.95 61.48 1.45 1.29 1.02 0.78 0.77 0.33 32.93 12.37

Spectrum 3
Compound 3:
Cu, C and O

17.7 40.76 16.52 28.58 1.73 2.52 0.35 0.36 0.68 0.34 63.01 27.44

Spectrum 4
Compound 4:
Cu, C and O

22.43 46.75 19.34 30.25 0.92 0.42 57.31 22.57

Spectrum 5
Compound 5:
Cu, C and O

8.13 21.76 21.06 42.31 1.55 0.91 69.25 35.03

Spectrum 6
Compound 3:
Cu, C and O

9.09 19.54 34.02 54.92 2.19 2.98 0.76 0.63 53.93 21.92

And finally, in the following Figure 39, the chemical composition in another area of
the lower anode of the burning module 11 is analyzed. Six different types of compounds
were observed on the surface of the lower anode of module 11. The first structure was
a compound of fluorine, copper, and oxygen; in compound 2, copper and oxygen were
identified; compound 3 is like the first, which is a compound of fluorine, copper and
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oxygen. In compound 4 there is more copper than fluorine and oxygen, and in structures 5
and 6, there is copper oxide and carbon oxide.

Figure 39. Chemical composition of the lower anode of module 11.

Details of the six spectra of the component values measured in atomic and weight %
in the lower anode of module 11 (Figure 39) are listed in Table 19.

Table 19. EDXS weight ratio of components in the lower anode of ignited module 11 using six spectra
focused on six distinct areas.

C O F P Mn Cu

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Compound 1:
F, Cu and O

Spectrum
1

11.27 16.76 56.01 70.15 2.12 1.63 30.6 11.46

Compound 2:
Cu and O

Spectrum
2

9.43 16.41 54.94 71.73 2.98 1.13 32.65 10.73

Compound 1:
F, Cu and O

Spectrum
3

3.02 5.83 8.14 11.78 58.17 70.9 0.83 0.62 29.84 10.87

Compound 1:
F, Cu and O

Spectrum
4

7.66 15.87 11.24 17.48 37.6 49.28 0.71 0.57 0.41 0.18 42.39 16.61

Compound 3:
Cu, C and O

Spectrum
5

10.03 25.01 20.16 37.73 3.81 6 0.2 0.2 0.79 0.43 65.01 30.63

Compound 3:
Cu, C and O

Spectrum
6

10.49 26.3 22.19 41.76 0.56 0.31 66.76 31.63

The analysis of the cell anodes after the fire test shows that the anode has peaks of
oxygen and peaks of carbon, which indicates the formation of lithium carbonate (Li2CO3).
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A comparison of the systematic analysis of the EDSX data shown in Figures 32–39
(pristine anode, upper and lower anode of module 30, and upper and lower anode of
module 11) is shown below (Table 20).

Table 20. Comparison of the systematic analysis of the EDX data of the different anodes analyzed.

ANODE Compound 1 Compound 2 Compound 3 Compound 4 Compound 5 Compound 6 Comments

Pristine
Anode C, O, F with P C, O, F with P O, Ca, and C C, O, Fe, with

F Mn and O
C and O with F
and P, Cu, and

S

1. The F of compound 1 can be
attributed to the decomposition of

the electrolyte.
2. The C of compound 2 allows the

active material of the anode
(graphite). The traces of P are

remnants of the electrolyte (LiPF6).
3. In compounds 3 and 4, there are
Ca and Fe due to the preparation of

the sample (impurities).
4. The Mn in compound 5 comes

from the manganese-based cathode.
5. In compound 6, the traces of F
and P may be due to electrolytes,

and the traces of Cu and S may be
due to the sample preparation

(impurities).

Upper
Anode of

Module 30
Cu and O C and O Cu, C, and O F, Cu, and O

1. Compound 1 may be due to the
anode collector having melted due

to elevated temperatures.
2. The compound 2 may be due to
the coating of the graphite anode.

3. In the case of compound 3, it can
come, on the one hand, from Cu due
to the melting of the copper collector
of the anode and, on the other hand,

from C due to the coating of the
graphite anode.

4. The existence of F in compound 4
is due to the electrolyte.

Lower
Anode of

Module 30
C and O with F Cu, C, and O

1. The compound 1 may be due to
the coating of the graphite anode.

And the existence of F is due to the
electrolyte.

2. In the case of compound 2, its
elements can come, on the one hand,

from Cu due to the melting of the
copper collector of the anode, and

on the other hand, C from the
coating of the graphite anode.

Upper
Anode of

Module 11
C F, Cu, and O Cu, C, and O

1. Compound 1 is C, coming from
graphite.

2. The existence of F in compound 2
is due to the electrolyte. And Cu

comes from the melting of the
copper collector of the anode.

3. In the case of compound 3, its
elements can come, on the one hand,

from Cu due to the melting of the
copper collector of the anode, and

on the other hand, C from the
coating of the graphite anode.

Lower
Anode of

Module 11
F, Cu, and O Cu and O Cu, C, and O

1. The existence of F in compound 2
is due to electrolyte. And Cu comes

from the melting of the copper
collector of the anode.

2. In the case of compound 3, its
elements can come, on the one hand,

from Cu due to the melting of the
copper collector of the anode and,

on the other hand, from C due to the
coating of the graphite anode.

After carrying out the comparative analysis presented in Table 20, it can be concluded
that the anodes of the ignited modules present compounds containing the elements of the
anode coating. However, they also present in some areas cooper from the melting of the
cooper collector of the anode but no aluminum from the melting of the cathode collector.
There are also traces of fluorine from the electrolyte (LiPF6).
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A morphological analysis of the separator of the new cell is then performed since the
separator cannot be recovered in the burned modules because it has melted in the thermal
runaway reaction. The surface structure of the separator was investigated to determine
the thickness of the separator fibers and the size of the pores, as well as to determine
whether an alumina layer had been deposited on the separator membrane, as described
above. Figure 40 shows the results of the SEM image. The structure of the fibers of the
polypropylene membrane (C3H6)n is shown on the right. The separator fibers were aligned
perpendicular to the cell tabs.

Figure 40. Morphological analysis of the separator. The first image has been obtained with a
magnification of 1.00 K X, and the second image with a magnification of 30.00 K X.

The total thickness of the separating fiber was about 289 nm, as shown in Figure 41.
The analyzed structure shows pores of different diameters, the smallest of about 41.61 nm
and the largest of about 88.78 nm. The pore size in lithium-ion cells must be in the
submicron range; it is a general requirement to prevent dendritic penetration of lithium
from occurring over the life of the battery [38].

Figure 41. Morphological analysis of the separator. Measurement.

After that, the analysis of the separator’s chemical composition will be performed.
There are three types of compounds, the first being carbon with fluorine and phosphorus.
The carbon is from the structure of the polypropylene separator itself; the fluorine and the
phosphorus come from the electrolyte (LiPF6) with which it is soaked. Compounds 2 and 3
have the same composition as the first compound.

As has been performed previously, details of the three spectra of the component values
measured in atomic and weight % in the separator (Figure 42) are listed in Table 19.
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Figure 42. Chemical composition of the separator.

Details of the three spectra of the component values measured in atomic and weight
% in the separator (Figure 42) are listed in Table 21.

Table 21. EDXS weight ratio of components in the separator using three spectra focused on three
distinct areas.

C O F P Cu

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Weight
(%)

Atomic
(%)

Spectrum
1

81.14 71.43 1.57 1.84 14.57 20.29 2.61 5.94 0.11 0.51

Spectrum
2

83.58 74.96 1.87 2.24 12.39 17.59 2.07 4.79 0.09 0.42

Spectrum
3

81.16 71.74 1.73 2.03 14.49 20.26 2.61 5.96

The layered structure was destroyed when the thermal runaway occurred. In the
battery sample with a 68% SoC, there were characteristic fluoride peaks, indicating that
after decomposition, the cathode material reacts with the electrolyte [39]. Characteristic
carbon peaks are also shown; this is because, in the thermal runaway reaction, some of
the carbon dust went into the positive electrode (cathode) material through the broken
diaphragm [40]. It is observed that in the samples of module 11 and module 30, in which a
thermal runaway reaction has occurred, the structure of the positive electrode (cathode)
sample is destroyed, the particles were dispersed outside the original stratified structure,
and the adhesion phenomenon occurred, indicating fragmentation. Particles are not found,
and external impurities are placed in the structure [41].

The battery that caught fire in the test had a 68% SoC. Some studies [36] indicate that
in the case of NMC batteries, the increase in SoC makes the thermal runaway reaction
more intense, the temperature at which the thermal runaway starts is decreased, and the
structural damage to the electrode materials is strong. In high-temperature conditions,
the internal diaphragm of the battery is damaged, causing the battery to short circuit and
worsen the thermal runaway reaction. During the thermal runaway reaction, the structure
of the positive electrode (anode) material is destroyed, and the particles are dispersed
outside the structure and adhere to the negative electrode (cathode).
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If the particle size distribution (PSD) is compared for the case of the new cell and the
burnt cells, it is observed that in the case of the latter, the particles of the positive electrode
or cathode are smaller; they are further apart to facilitate the passage of gases and this gap
will be occupied by another particle. In the case of burning cells, the particles are much
smaller than in the case of new cells. Heat generation depends on the surface area and
particle size of the positive electrode or cathode. There are studies [42] that show that the
microstructure of particles can influence exothermic reactions of exothermic degradation.

3.2. Structural Test Results: Layer Properties of the Cell and Identification of Cell Details

In this section, the transversal-section investigation of the cells will be carried out,
which will allow information about the structure and manufacture of the cells to be obtained,
and the thickness measurement of each of the layers of the cell will be carried out.

The stacking of the different layers of the cell will be analyzed in the transversal
section, which will allow us to identify interesting fabrication details of the pouch cells.
First, the sample taken from zone 3 (Figure 12a) is analyzed, the central area on the opposite
side to the area where the battery tabs of the cell are (Figure 43).

Figure 43. Images of the section of the pouch cell in zone 3 (central area on the opposite side to the
one where the battery tabs of the cell are located Figure 12a).

It is observed that all the separating membranes are welded to the bag in a sealing
point near the edge. Regarding the mechanical behavior of the cell and its possible failure,
this fact indicates that when mechanical forces are applied to the battery near this axis,
the separator may experience high tensile loads, and mechanical rupture of the separator
membrane may occur. This would cause the battery electrodes to come into contact, which
is the prerequisite for experiencing an electrical failure and thermal runaway. It is noticed
that near the battery edge, the distances between layers become smaller due to the hot-
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welded area of the bag. Since there are no layers in this part of the battery, a short circuit
will not occur even if some of the battery layers are too close to each other.

Another purpose of an anode layer that is longer than the cathode is to increase
the battery rigidity near the edge, which smooths the distribution of charge in the event
of charging at the edge. The investigated cell contained 18 anodic layers, 17 cathode
layers, and 34 separator sheets. The electrodes on both sides of the battery were anodes.
This observation indicates that the active material deposited outside the last copper foil
remained electrochemically inactive and, therefore, did not participate in the energy storage
or charge transfer process.

In lithium-ion batteries, a layer of aluminum oxide (Al2O3) is usually deposited on
the separator membrane to improve its thermal resistance as well as its thermal properties.

If the morphology is analyzed, it can be concluded that the outer area of zone three is
more damaged in the case of module 11, while in the case of module 30, the central area is
more damaged. It is also observed that the thickness of the copper collector decreases in
case of thermal runaway, and it is observed to be narrower for module 30. To know the
chemical composition of zone 3 in the original cell, a map of the distribution of elements
was made (Figure 44). The copper collector (yellow) and the aluminum collector (blue) are
identified. The coating of the anode is also observed, which is made of graphite (carbon,
red color) and the coating of the cathode (composed of oxygen, manganese, and nickel).
Electrolyte fluoride is also observed.

Figure 44. Distribution of the elements of a new pouch cell in zone 3 (central area on the opposite
side to the one where the battery tabs of the cell are located).

After that, the chemical composition of zone 3 was analyzed for the case of the cell of
the burned module 30.

Figure 45d shows the structure of the pouch cell of the burned module 30 in zone 3,
three zones have been marked with a green box in which the composition of each of the
layers of this pouch cell will be analyzed (Figure 45a–c). Figure 45a identifies the pouch
of the pouch cell, which is made of aluminum (zones 2 and 3). In zone 5, there is carbon
that may be graphite from the anode coating. Figure 46c identifies the cathode (manganese
nickel oxide), and there are also carbon particles. Around the aluminum manifold, alumina
(Al2O3) has been deposited on the separator in the cathode area. Alumina (aluminum
oxide) has been deposited. In Figure 45b, the anode area has been detected, as well as
graphite (carbon) coating and a layer with copper, oxygen, and the anode collector shell.

Moreover, the chemical composition of zone 3 (Figure 12a) is analyzed in the case of
the cell of the burning module 11.

Figure 46d shows the structure of the pouch cell of the burned module 11 in zone 3,
three zones have been marked with a green box in which the composition of each of the
layers of this pouch cell will be analyzed (Figure 46a–c).
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Figure 45. Chemical composition of each of the layers of the pouch cell of module 30 in zone 3 (central
zone on the opposite side to that of the battery tabs of the cell Figure 12a).

Figure 46a identifies the pouch of the pouch cell, which is made of aluminum (zones
1 and 2); it appears more damaged than the bag of module 30. In zones 6 and 8, there is
a compound of carbon and oxygen with some fluorine from the electrolyte, and in zone
7, there is a compound of carbon and oxygen with aluminum from the cathode collector.
Figure 46c identifies the cathode (manganese oxide), and there are also carbon particles.
In this case, aluminum is not observed. In Figure 46b, the anode zone has been detected.
Then, there is a copper layer and a copper collector. Lastly, there are silicon particles,
and a graphite coating layer is detected. The silicon particles could be due to traces of a
sealant material.

 

 

 

 

(a) 

(b) 

(c) 

(d) 

Figure 46. Chemical composition of each of the layers of the pouch cell of module 11 in zone 3 (central
zone on the opposite side to that of the battery tabs of the cell Figure 12a).
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The sample obtained in zone 1 (anode battery tabs) (Figure 12a) is analyzed below
(Figure 47):

Figure 47. Images of the pouch cell section in zone one (anode zone) of the cell (Figure 12a).

If the morphology is analyzed, it can be observed that in zone one (Figure 12a), module
30 is more damaged than module 11. It is also observed that the thickness of the copper
collector decreases in the event that thermal runaway has occurred, and it is observed to be
narrower in the case of module 30.

Subsequently, the chemical composition of zone 1 (Figure 12a) is analyzed in the case
of the cell of module 30 that caught fire (Figure 48).

Figure 48e shows the structure of the pouch cell of the burned module 30 in zone 1,
four zones have been marked with a green box in which the composition of each of the
layers of this pouch cell will be analyzed (Figure 48a–d).

Figure 48a identifies a compound of nickel and oxygen in zone 1 with traces of carbon
and manganese, a compound of manganese and oxygen in zone 2, and a compound
of carbon and oxygen in zone 3. Figure 48b identifies a compound of copper, carbon,
and oxygen in zone 1 and zone 3; copper in zone 2, which is the anode collector; and a
compound of carbon and oxygen in zone 4. Figure 48c identifies carbon, anode coating
in zone 1, a compound of manganese, oxygen, and carbon in zone 2, cathode coating in
zone 2, cathode aluminum collector in zone 3, fluorine from the electrolyte in zone 4, and a
compound of aluminum and oxygen in zone 5. Finally, Figure 48d identifies a compound
of copper, carbon, and oxygen in zones 1 and 3, copper in zone 2, which is the copper
collector of the anode, and a compound of carbon and oxygen in zone 4.
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Figure 48. Chemical composition of each of the layers of the pouch cell of module 30 in zone 1 (anode
zone) (Figure 12a).

Next, the chemical composition of zone 1 (Figure 12a) is analyzed in the case of the
cell of the burned module 11.

Figure 49c shows the structure of the pouch cell of the burned module 11 in zone 1,
two zones have been marked with a green box in which the composition of each of the
layers of this pouch cell will be analyzed (Figure 49a,b).

Figure 49. Chemical composition of each of the layers of the pouch cell of module 11 in zone 1 (anode
zone) (Figure 12a).
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Figure 49a identifies a compound of carbon, oxygen, and aluminum in zones 1 and 2;
aluminum and carbon in zone 3, which is the pouch bag; and in zone 4, there are carbon,
oxygen, aluminum, and some copper. And in zone 5, there is carbon, which is the coating
of the anode. In Figure 49b, a compound of carbon and oxygen is identified in zones
1, 4, and 5; in zone 4, there is also some aluminum. In zone 2, there is a compound of
manganese, carbon, and oxygen cathode coating, and in the center, zone 3, there is a
compound of aluminum and oxygen from the aluminum collector that has melted down
and disappeared.

The chemical composition of zone 1 is then analyzed in the case of the new cell
(Figure 50).

Figure 50e shows the structure of a new pouch cell in zone 1, four zones have been
marked with a green box in which the composition of each of the layers of this pouch cell
will be analysed (Figure 50a–d).

Figure 50a identifies a compound of carbon and oxygen in the three zones analyzed,
and Figure 50b identifies a compound of carbon and oxygen in zones 1, 2, 5, and 6,
a compound of manganese, carbon, oxygen, and fluoride in zone 3, and carbon and
aluminum in zone 4. Figure 50c identifies the bag, which is aluminum in zone 3, coated on
both sides by a compound of carbon and oxygen. Figure 50d identifies the copper collector
of the anode in zone 4, which is coated by a compound of carbon and oxygen.

Figure 50. Chemical composition of each of the layers of the new pouch cell in zone 1 (anode zone).

The sample obtained in zone 2 (cathode battery tabs) is analyzed below (Figure 51):
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Figure 51. Images of the pouch cell section in zone two (cathode zone) of the cell.

If the morphology is analyzed, module 30 is more damaged than module 11 in zone 2.
It is also observed that the thickness of the copper collector decreases in the case of the cell
experiencing thermal runaway, and it is observed to be narrower in the case of module 30.

Next, the chemical composition of zone 2 is analyzed in the case of the cell of the
burning module 30 (Figure 52).

Figure 52d shows the structure of the module 30 pouch cell in zone 2, three zones have
been marked with a green box in which the composition of each of the layers of this pouch
cell will be analyzed (Figure 52a–c).

Figure 52a identifies a layer of a compound of carbon and oxygen (zone 1), a layer
of a compound of aluminum and oxygen (zone 2) and the aluminum pouch (zone 3), a
layer of an aluminum and oxygen compound (zone 5) and a layer of a carbon and oxygen
compound (zone 6), anode copper collector (zone 8), and a layer of a compound of cooper
and oxygen (zone 7 and zone 9). Figure 52b identifies a compound of manganese, carbon,
and oxygen in zone 1 and 5, a layer of an aluminum and oxygen compound in zones 2
and 4, and aluminum and carbon in zone 3, the cathode collector. Figure 52c identifies a
compound of copper, carbon, and oxygen in zones 1 and 3 and copper and carbon in zone
2, which is the collector and anode.
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Figure 52. Chemical composition of each of the layers of the module 30 pouch cell in zone 2
(cathode zone).

Next, the chemical composition of zone 2 is analyzed in the case of the cell of the
burning module 11 (Figure 53). Figure 53d shows the structure of the module 11 pouch
cell in zone 2, three zones have been marked with a green box in which the composition of
each of the layers of this pouch cell will be analyzed (Figure 53a–c).

Figure 53. Chemical composition of each of the layers of the module 11 pouch cell in zone 2
(cathode zone).
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Figure 53a shows the cracking of the collector and cathode coating, identifying a
compound of aluminum and oxygen (zone 2 and zone 4) within a layer of manganese,
carbon, nickel, and oxygen (zone 3). Figure 53b identifies a layer of carbon (zone 1 and
zone 7); a layer with a compound of copper, carbon, and oxygen (zones 2 and 3); a zone
with a compound of copper and oxygen that is the collector of the anode; and a zone that
has silicon (zone 5 and zone 6). Figure 53c shows a copper zone (zone 1 and zone 8) with
two collectors; zones 4 and 5 are carbon and aluminum; resin layers are also identified; and
in zone 7, carbon with traces of silicon and copper is observed. The silicon particles could
be due to traces of a sealant material.

The chemical composition of zone 2 is then analyzed in the case of the new cell
(Figure 54).

Figure 54d shows the structure of the new pouch cell in zone 2, three zones have been
marked with a green box in which the composition of each of the layers of this pouch cell
will be analyzed (Figure 54a–c).

Figure 54a shows the copper collector with carbon and some silicon (zone 4), a layer
of a compound of carbon and oxygen on either side of the collector that comes from the
graphite in the anode. Figure 54b shows the aluminum pouch with carbon and a compound
of carbon and oxygen layers. Figure 54c shows layers of a carbon and oxygen compound,
zone 3 shows aluminum and carbon, zone 4 shows a compound of manganese and oxygen,
and zone 5 shows carbon and silicon. As stated above, the silicon particles could be due to
traces of a sealant material.

Figure 54. Chemical composition of each of the layers of the new pouch cell in zone 2 (cathode zone).

4. Conclusions

After analyzing the results obtained on the state of the cells subjected to thermal
runaway in each of the analyzed arrangements, both vertical and horizontal arrangement,
and compared with the state of a new cell, the following conclusions are reached:

- After thermal runaway, the cathode surface is covered with off-white floccules, frag-
ment debris from cathode materials, ash from cathode material and separators, and
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products of exothermal reactions and traces of anode graphite. It is observed that
in the case of module 11, there are more dark-colored floccules than in the case of
module 30, and there are more in the upper cathode than in the lower cathode. There-
fore, it is concluded that module 11, in a vertical arrangement, experiences higher
temperatures in the thermal runaway at the same SoC as module 30, which is in a
horizontal arrangement.

- Regarding the morphology, it is observed that in the case of the lower cathode of
module 30 (horizontal arrangement), the particles are smaller compared to the upper
cathode of module 30. This may be due to the higher temperature since it is more
exposed. In the case of module 11 (vertical arrangement), there is no difference
between the particle size of the upper cathode and the lower cathode.

- It is observed that in the case of modules 30 and 11 with a SoC at 68% after thermal
runaway, the pouch cell layered structure was destroyed, and adhesion of the particles
dispersed outside the original layered structure occurred. The positive electrode
material (cathode) reacted at high temperatures and decomposed. On the other hand,
carbon particles from the anode (negative electrode) went into the cathode (positive
electrode) structure through the damaged diaphragm.

- In the lower cathode of module 30, there are higher amounts of fluorine, aluminum,
manganese, phosphorus, nickel, and cobalt than in the upper cathode.

- Regarding module 11, a higher amount of the aluminum and oxygen compound is
observed. This may be because, in this case, the aluminum collector has been more
damaged than in the case of module 30.

- The analysis of the cell anodes after the fire test shows that the anode has peaks of
oxygen and peaks of carbon, which could indicate the formation of lithium carbonate
(Li2CO3). Nevertheless, we have to note that the EDS data can only identify elemental
composition and its weight/atomic percentage without offering insights into the
chemical structure of components.

- After carrying out the comparative analysis of the different cathodes analyzed, it can
be concluded that the cathodes of the ignited modules present compounds containing
the elements of the cathode coating, but also present in some areas aluminum from
the melting of the aluminum collector of the cathode and copper from the melting of
the copper collector of the anode. There are also traces of fluorine from the electrolyte
(LiPF6). Copper only appears on the lower cathode of module 11, yet more compounds
appear, so it can be concluded that this is the most damaged cathode analyzed.

- It is observed that when the cell fails, the pressure caused by the swelling due to
outgassing leaves visible fractures in the cathode.

- Analysis of the stacked layer samples allowed us to understand interesting aspects
of the interior of the investigated battery, including in the tab area of the battery an
additional separator layer, and it showed that on the edge of the battery, the separator
and bag were welded together.

- When analyzing the structure, it is observed that in zone 3, the cell of module 11 on
the outside and the cell of module 30 on the inside are more damaged.

- In both zone 1 (anode) and zone 2 (cathode), the cell of module 30 is more damaged
than that of module 11 and in the case of zone 2.

The results of this study indicate that a more thorough structural analysis of the
different layers of the cell (visualization of coatings deposited due to the exothermic
reaction, study of the separator pore size, among other characteristics) should be carried
out to improve the identification of the material composition of each layer. On the other
hand, the technique for obtaining the test samples is also important so that no impurities
contaminate the sample.

Regarding the safety of the battery, the results of this study will allow us to determine
which arrangement and structure of the cells within the battery pack is safer against
thermal runaway due to thermal failure. On the other hand, the identification of the
chemical composition of each of the cell layers and the compounds generated as a residue
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of a lithium-ion battery after a thermal abuse test is very useful for the intervention of
first responders and for developing safe procedures to implement in response to accidents
involving lithium-ion batteries.
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Abstract: This study presents a novel application-oriented approach to the mechanical characteriza-
tion and subsequent modeling of porous electrodes and separators in lithium-ion cells to gain a better
understanding of their real mechanical operating behavior. An experimental study was conducted
on the non-linear stiffness of LiNi0.8Co0.15Al0.05O2 and graphite electrodes as well as PE separators,
harvested from large-format lithium-ion cells, using compression tests. The mechanical response of
the components was determined for different operating conditions, including nominal stress levels,
mechanical loading rates, and mechanical cycles. The presented work describes the test procedure,
the experimental setup, and an objective evaluation method, allowing for a detailed summary of the
observed mechanical behavior. A distinct nominal stress level and mechanical cycle dependency
of the non-linear stiffnesses of the porous materials were found. However, no clear dependency on
compression rate was observed. Based on the experimental data, a poroelastic mechanical model was
utilized to predict the non-linear behavior of these porous materials under real mechanical operating
scenarios with a normalized root-mean-squared error less than 5.5%. The results provide essential
new insights into the mechanical behavior of porous electrodes and separators in lithium-ion cells
under real operating conditions, enabling the accelerated development of high-performing and safe
batteries for various applications.

Keywords: lithium-ion battery; operation; NCA; graphite; PE separator; uniaxial mechanical
characterization; non-linear modeling

1. Introduction

The increasing demand for high-performing and safe battery systems has motivated
research on the mechanical characterization and modeling of large-format lithium-ion
cell electrodes and separators. Understanding their mechanical properties is essential for
optimizing design and preventing failures like cracking and delamination. Characterizing
these materials under different operating conditions allows for the identification of critical
parameters such as stiffness and strength [1–11]. Models that build on the findings of these
experimental data can provide insights into the impact of mechanical loading on electro-
chemical performance [1,8,12–17]. Improving characterization and modeling supports the
development of safer, more durable batteries, benefiting industries relying on lithium-ion
batteries, such as electric vehicles (EVs) and renewable energy storage [4,18–21].

Since 2018, a series of publications have explored the mechanical properties of battery
cells and their sub-components (such as jelly rolls, stacks, or isolated electrodes and sepa-
rators) by applying external mechanical loading, as presented in the literature [1–11]. An
overview of the respective experimental design is given in Table 1, with this work added at
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the end of the table. Nevertheless, from an EV operation point of view, research in the field
of mechanical characterization requires further investigation, as follows:

• Investigations comprise only laboratory-sized or small commercial cells [1–4,10]. Stud-
ies of large prismatic cells, commonly used in EV, are missing.

• Stress ranges σmin – σmax and compression rates v are seldom chosen in relation
to real boundary conditions, rendering a transfer from the literature to application
difficult [1–11].

• Only one investigation exists that utilizes more than one mechanical cycle n [3].
• Samples are mostly conditioned without electrolytes [1,4–6,9–11] or in a low state of

charge (SoC) [1–4,9,11], making direct comparisons to real operations difficult.

Table 1. A literature review of mechanical characterization investigations utilizing compression tests.
The column labeled ‘Elyt.’ indicates whether tests were conducted using dry electrodes or electrodes
filled with electrolytes. Literature data in the compression rate v column were converted to MPa h−1

for comparability. In case the respective reference utilized a displacement-controlled test procedure,
the resulting pressures during the procedure are given here as force-controlled equivalents.

Refs. Scope Material SoC Elyt. σ1 σnom (σmin–σmax) v Cycles n Application/Focus

in % in MPa in MPa in MPa h−1 in —

[1] layers NMC111, PE, Gr 0 no 0.30 1.65 (0.30–3.00) 70.74 1
modeling normal
operation

[2]
layers NMC622,

0
yes b

0.06
0.08 d

— — compressibility
characterization onlypouch NMC811, PE, no c 0.42 d

Gr, Si/Gr 0.84 d

[3] 0 yes a 0.02

1.00 d

20.37 × 101

—

effect on local
current densities

layers LCO/NCA, 1.10 (1.00–1.20) 3
pouch PP, Gr 3.00 d —

6.00 d —
10.00 d —

[4] layers NMC811, 0 no 1.00 (1.00–200.00) 37.41 × 102
— crash modeling

PE, Gr 12.47 × 103

[5] layers
PE,

n.d. no 0.00
(0.00–150.00) 31.32 × 104

1
temperature and strain
rate dependency of
polymer separator

PP (0.00–135.00) 36.45 × 103

(0.00–90.00) 24.30

[6] layers PP n.d. no 1.00

(1.00–10.00) 11.72 × 104

1 ion transport of PP sepa-
rator under compression

(1.00–20.00) 14.84 × 104

(1.00–40.00) 41.55 × 103

(1.00–60.00) 11.92 × 103

(1.00–80.00) 12.34 × 103

(1.00–100.00) 13.65 × 103

[7] layers n.d. yes 0.50 (0.50–80.00)

17.39 × 102

1
temperature-dependent
stiffness of PE
separators

17.02 × 101

PE, 16.49
PP 16.00 × 10−1

15.69 × 10−2

15.40 × 10−3

[8] layers PE n.d. yes 0.00

(0.00–22.50) 1.22

1
hyper-viscoelastic
model for battery
separators

(0.00–33.00) 17.82
(0.00–45.00) 24.30 × 101

(0.00–52.50) 28.35 × 102

[9] layers NMC622, 0 b no b
0.05 (0.05–1.75) n.d. 1 measuring reversible

swellingpouch PE, Gr 0–100 c yes c
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Table 1. Cont.

Refs. Scope Material SoC Elyt. σ1 σnom (σmin–σmax) v Cycles n Application/Focus

in % in MPa in MPa in MPa h−1 in —

[10] layers NMC811, 0 b no b
— 1.50 (0.00–3.00) 10.00 × 10−1 b

1 modeling normal
operationpouch PP, Si/Gr 0 c, 70 c, 100 c yes c 30.24 d

[11] layers NMC811, 0 b no b
0.20 (0.20–2.50) n.d. 1 effect of assembly pres-

sure on cell performancepouch PE, PP, Gr 0–100 c yes b,c

this work layers
NCA,

0 no 0.08
0.30 (0.10–0.50) 20.00 × 10−2

10 modeling normal
operationPE, 1.00 (0.80–1.20) 60.00 × 10−2

Gr 3.00 (2.80–3.20) 10.00 × 10−1

a replaced by diethyl carbonate, b component multi-layer level, c pouch cell level, d constant pressure.

The main objective of this work is to extend the state of the art by a characterization
procedure and modeling approach, which have not been previously addressed regarding
the following aspects:

I. Determining the real mechanical operation behavior of the electrodes and separator
by conducting cyclic mechanical compression tests to mimic the real mechanical
operating scenario of a large-format battery cell. Related research questions are as
follows:

– Is the mechanical behavior dependent on the compression rate v for a given
nominal stress σnom?

– Is the mechanical behavior dependent on the nominal stress σnom for a given
compression rate v?

– Is the mechanical behavior dependent on the number of mechanical cycles n?
– Is the mechanical behavior identical for compression and decompression?

II. Non-linear poroelastic material modeling approach to depict the mechanical behavior
of porous electrodes and separators more precisely. The pertinent research question
can be stated as follows:
Can a model be used for fitting over various force levels and compression rates?

Therefore, cyclic mechanical compression tests were conducted with harvested elec-
trodes and separators. The measurement data were subsequently used to investigate the
mechanical compression behavior of the single-cell components regarding the evolution of
plastic strain over cycling as well as the maximum strain. In the second part of the results
section, a modeling approach is presented that enables an accurate representation of cyclic
load scenarios.

2. Experimental

2.1. Sample Materials and Preparation

A large-format prismatic 70.2 A h cell underwent formation, was discharged at 0.1 C
to 2.8 V, and was disassembled in an argon-filled glovebox (M. Braun Inertgas-Systeme
GmbH, Garching, Germany, O2 and H2 < 1 ppm) at 25 ◦C [22]. The respective (active)
materials are as follows: graphite (Gr) for the anode, nickel-cobalt-aluminum (NCA) for the
cathode, and polyethylene (PE) for the separator. Harvested electrode and separator sheets
were washed in DEC for 10 min. Subsequently, coin samples at ∅ 18 mm were prepared
with a handheld precision punch (Nogamigiken Co., Ltd., Hitachiomiya, Japan) [23]. A
schematic showing the electrode sheets and punched samples is given in Figure 1a. The
samples were stored inside the glovebox until needed for compression tests as described in
Section 2.3.
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Figure 1. (a) Schematic sample preparation for the anode, separator, and cathode. The dashed
circles represent coins that are being punched out, and the white circles represent coins that have
already been punched out. Punched coin samples are stacked as indicated on the right. (b) Schematic
overview of the used compression test setup with all sub-components.
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2.2. Test Setup

The uniaxial compression tests were carried out using an AllroundLine Z010 uni-
versal testing machine (UTM) from ZwickRoell (ZwickRoell GmbH & Co. KG., Ulm,
Germany) [24]. The displacement was measured via the UTM spindle drive with an accu-
racy of ±0.6 nm [24]. The force was recorded with an Xforce P 10 kN load cell (ZwickRoell
GmbH & Co. KG., Ulm, Germany), exhibiting a non-linearity of ±0.5% [25].

A custom-built test setup (as shown in Figure 1b, which included a compression stamp
and a guide sleeve, was used for the compression tests. The entire setup was made from
stainless steel and was intended to prevent any misalignment of the stacked samples prior
to (as well as during) the test. The stack of samples was placed inside the guidance sleeve,
which was attached to a base plate. The base plate was mounted on the fixed base of
the UTM and remained stationary during the compression test. The guidance sleeve’s
inner diameter was 18.05 mm so that the coin samples tightly fit. The compression stamp
with an outer diameter of 18.00 mm was attached to the moving crosshead of the UTM.
The compression stamp tightly fitted into the guidance sleeve, applying pressure onto
the samples.

Note that the applied force was uniaxial, and due to the test setup including mechani-
cal limitations in the lateral direction, the resulting strain was considered to be uniaxial,
too. The test setup without samples was used for reference measurements, which were
subsequently utilized for the raw data correction with the stiffness of the machine and
setup. This is of great importance due to the significant elastic deformation of the spindle
drive of the UTM and/or the test setup itself [3,26–28]. The overall elastic deformation of
our entire system without samples was � 42 μm in the work areas used.

2.3. Test Protocol

Coin samples were taken from the glovebox and placed inside the guidance sleeve of
the compression setup. Multiple samples were stacked (20 anodes, 30 cathodes, or 90 sepa-
rators) following recommendations from [29]. Additionally, multiple samples increased
the total sample thickness and, thus, decreased the signal-to-noise ratio. Subsequently,
the test protocol was started. Note that the test was conducted using dry electrodes (no
electrolytes) under constant atmospheric conditions at 25 ◦C, to minimize the influence of
these environmental factors.

The test procedure initially applied a pre-load of 20 N (σ1 = 0.08 MPa) at which the
strain was defined to be zero. Preliminary tests have shown that this pre-load is needed so
that the individual layers in the sample stack have a well-defined contact. From this point
onward, the actual compression test started. A schematic is shown in Figure 2. Starting
from stress σ1, a constant compression rate v was applied until σmin was reached. In the
following, n = 10 mechanical cycles with the same (de)compression rate v were carried out
between σmin and σmax. These cycles were exclusively mechanical in nature and, therefore,
do not represent electrochemical cycles and associated effects. The first compression from σ1
over σmin to σmax was carried out without any interruption. The final decompression of the
n-th cycle analogously started at σmax and continued over σmin until the stress reached σ1
again and the test terminated. Note that the nominal operational stress σnom was centered
between σmin and σmax. The respective stress values σ and compression rates v can be
found in Section 2.4. During the tests, the force was applied, while force and displacement
were measured as the time series sampled every 0.01 μm and 0.5 min. Since the force was
applied to a defined contact area between the compression stamp and the sample, the stress
was known. From the displacement and the initial height at pre-load h1 given in Table 2,
the strain was calculated.
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Figure 2. Schematic test program for characterizing the stacked electrode coin samples with all
relevant process variables: pre-load stress σ1, minimum stress σmin, nominal stress σnom, maximum
stress σmax, compression rate v, and cycle count i.

2.4. Design of Experiment

Overall, three different nominal stresses σnom and three different compression rates v
were tested, as shown in the last row of Table 1. The tests were conducted for the anode,
separator, and cathode, respectively, resulting in 27 individual tests.

The nominal stresses were derived from the total stack pressure of a battery module
with several cells at different points during its lifetime. At begin of life (BoL), the average
stack pressure was approx. 0.3 MPa, while at end of life (EoL), it tose approx. up to
3.0 MPa due to aging [30–32]. The third value of 1.0 MPa was chosen between the other two
values. Moreover, the three chosen nominal stress levels σnom enabled the investigation of a
possible non-linear mechanical material behavior. Accounting for such non-linear material
behavior during characterization might become important, especially for predictions over
a lifetime.

Table 2. Measured component characteristics for the Gr anode, PE separator, and NCA cathode used.

Unit Gr Anode PE Separator NCA Cathode

Content of active material %wt 95.7 a — 95.4 b

Content of non-active material %wt 4.3 c — 4.6 c

Total layer thickness, stress-free L0 μm 224 d 15 d 137 d

Thickness current collector L0 μm 8 d — 11 d

Thickness coating, stress-free L0 μm 108 d — 63 d

Porosity coating εl – 0.309 e 0.519 e 0.187 e

Initial void-to-solid ratio, stress-free ε0
l/s – 0.447 f 1.079 f 0.230 f

Number of layers – 20 90 30
Total sample height, no load h0 mm 4.480 f 1.350 f 4.110 f

Total sample height, pre-load h1 mm 4.395 g 1.304 g 4.060 g

a determined by simultaneous thermal analysis with mass spectroscopy (STA-MS), b determined by induc-
tively coupled plasma-optical emission spectrometry (ICP-OES), c determined by fourier transform infrared
spectroscopy (FT-IR), d determined by scanning electron microscopy (SEM) cross-section, e determined by helium
pycnometer, f calculated, g UTM.
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The operational pressure window between 0% and 100% of the full cell SoC at BoL,
as measured by Spingler et al. [3], is approx. 0.3 MPa during electrochemical cycling at
1.0 MPa with initial pressure. Cannarella et al. [15], however, measured an operational
window of approx. 0.4 MPa at an initial pressure of 0.05 MPa. In the present study, the
initial pressure σ1 is chosen at 0.08 MPa, which is close to the value reported by Cannarella
et al.; thus, the operational window is 0.4 MPa. Aufschläger et al. [33] cycled pouch cells
at different mechanical bracing forces. Their results show similar operating windows
regardless of the applied pressure, even throughout the cyclic aging. Experimental data
from ongoing tests using the same batteries as in this work have shown an increase in the
stack pressure of approximately 0.2 MPa, which is within the range given by the literature.

The compression rates are chosen to be equivalent to C-rates of 1C, 3C, and 5C.
Examples of large-format cells cycled up to 2C that also provide mechanical data can be
found in [3,15,33,34]. Note that 1C means that an increase in pressure by 0.2 MPa — the
assumed operational window during electrochemical cycling — is carried out by the UTM
within 1 h. This is equal to the loading a large-format Li-ion cell faces during a continuous
charge with a rate of 1C. Accordingly, a 1C compression by 0.4 MPa between σmin and σmax
during the actual test was carried out in 2 h. Tests at smaller compression rates could not
be carried out due to limited continuous access to the UTM but would be of interest in the
future to further investigate the rate-dependency of the stress–strain relationship.

3. Modeling

In addition to mechanical characterization, this work investigates material modeling
approaches for porous battery sub-components. A material model, or constitutive model,
is a mathematical representation of the expected deformation behavior of a given material
in response to an applied load [35], and can be written as follows:

σ = C · ε (1)

where σ denotes the stress tensor, C denotes the stiffness tensor, and ε denotes the 2nd-order
strain tensor (for details, see Equation (A1)).

Since the compression tests are uniaxial, Poisson’s ratio for our electrodes is unknown,
and ν = 0 is assumed, as in [36–39]. This results in no shear forces. As the compression
tests in this work were used to derive a description of the elastic behavior of the mechanical
properties of the components, any effects due to shear forces were already taken into
account implicitly. Since only uniaxial stresses/strains occurred later on, the indices are
omitted below, and σ11 = σ, resp., ε11 = ε apply. Note that in theory, the stiffness tensor
C as well as Young’s modulus E and Poisson ratio ν, may depend on the electrode’s
degree of lithiation (DoL) and electrolyte content. However, compression tests have only
been conducted at a 0% full cell SoC at dry conditions. Thus, mechanical properties
depending on lithiation and electrolyte viscoelasticity are not considered in this work. In
this work, two model approaches are compared to represent the mechanical behavior of
the components, as follows:

(1) Hooke’s Law, a linear-elastic model, which represents the simplest (but a common)
approach (Section 3.1).

(2) Poroelasticity, a non-linear-elastic model, which represents a novel approach, consider-
ing the porous property of the components (Section 3.2).

Both approaches as well as their evaluation procedures (Section 3.3) will be briefly
introduced below.

3.1. Hooke’s Law (Linear Elasticity)

Hooke’s law is a basic principle in solid mechanics that describes the linear relationship
between the applied force and the resulting deformation of an elastic material. First
formulated by the English scientist Robert Hooke in the 17th century [40], this fundamental
law has been extensively used in the analysis and design of mechanical systems and
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structures, e.g., electrode materials of lithium-ion cells [12,41–43]. Considering uniaxial
conditions, Hooke’s Law can be derived from Equation (1) as follows:

σ(ε) = E · ε (2)

3.2. Poroelasticity (Non-Linear Elasticity)

Poroelasticity describes the mechanical non-linear behavior of materials with porous
structures; it is commonly used in the fields of civil engineering, materials engineering,
geology, hydrogeology, and soil science [44–48]. In the context of lithium-ion battery
electrodes and separators, the porous nature of these materials plays a crucial role in their
electrochemical performance and their mechanical response. Due to the similarity between
the porous morphology of the battery sub-components and soil, the approach used in this
work originates from the field of soil modeling [48] and was later recommended/utilized
by [49] for modeling poroelastic material behaviors.

The poroelastic model provides a more comprehensive description of the material be-
havior compared to the traditional linear-elastic approach described by Hooke’s law, which
does not explicitly consider the porous microstructure property. A detailed derivation can
be found in Appendix B.2. Here, only the essential equations are shown for readability.
The uniaxial stress σ is defined as follows:

σ(ε) = (σ0 + σt) ·
(

2 · ε · 1 + ε0
l/s

κ
+ 1

)
· exp

[
ε · 1 + ε0

l/s

κ

]
− σt (3)

Here, σ0 denotes the initial stress, σt denotes the elastic tensile strength, κ denotes the
logarithmic bulk modulus, and ε0

l/s denotes the initial void-to-solid ratio, defined as
follows:

ε0
l/s =

V0
l

V0
s
=

ε0
l

1− ε0
l

(4)

The value of ε0
l/s can consequently range from 0 to infinity.

The model parameterization process subsequently aims to determine the optimal
values of κ and σt to adapt the poroelastic model from Equation (3) to the experimental
stress–strain data. The key steps in the model parameterization process are as follows:

(1) Identification of the parameters to be optimized: Logarithmic bulk modulus κ and
elastic tensile strength σt are selected as the parameters to be optimized, as they are
the unknown variables in Equation (3). All other parameters are either measured or
known, as shown in Table 2.

(2) Utilization of the MATLAB 2023b Curve Fitting Toolbox: The optimization is per-
formed using the Curve Fitting Toolbox in MATLAB 2023b, employing a nonlinear
least squares method with a trust-region algorithm.

(3) Fitting the model to the data: Equation (3) is used as the model, and the optimizer is
employed to fit the values of κ and σt to the available data.

3.3. Model Evaluation

The following briefly explains how the two modeling approaches are compared with
each other and which error metrics are used to determine their goodness. For parameteriz-
ing and evaluating the models in this work, only the range between σmin and σmax for the
respective nominal stresses σnom are considered (see Table 1, Figure 2).

3.3.1. Model Comparison Based on Zero-Shifted Data

Since only the range between σmin and σmax is used, the data of the mechanical cycles
are shifted to zero, i.e., the starting point of each cycle is shifted to (σ, ε) = (0, 0). This
results in a fitting procedure as depicted in Figure 3a.
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Figure 3. Schematic overview of the two utilized modeling approaches: (a) Comparison of the linear-
elastic approach vs. poroelastic approach, fitted to the respective cycles set to zero, and (b) poroelastic
approach fitted to the raw data.

3.3.2. Poroelastic Fit of the Raw Data

In addition to the model comparison based on zero-shifted data, the poroelastic model
is also fitted against the raw data without any shift (again, only the range between σmin
and σmax). This results in a fitting procedure as depicted in Figure 3b.

3.3.3. Error Metrics

Two error metrics are used to assess the goodness of the fits, both relying on the
absolute and relative errors between the prediction value from the model σsim and the true
value from experimental data σexp. The relative error is the absolute error divided by the
mean of the experimental error σexp, as follows:

eabs = σsim − σexp (5)

erel =
eabs
σexp

(6)

The first metric is the maximum error defined in relative form as follows:

emax
rel = max(erel). (7)

In addition to the relative maximum error, the corresponding absolute value is calcu-
lated to provide an absolute measure. The absolute maximum value is the absolute error at
the same location where the relative error is the largest, as follows:

emax
abs = eabs

∣∣∣∣∣
erel=emax

rel

(8)

The second metric is the root-mean-squared error (RMSE) in absolute form, defined
as follows:

eRMS =

√√√√ 1
N

N

∑
i=1

(eabs)
2. (9)
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Here, N is the length of the absolute error, i.e., the number of entries in its vector. The
RMSE can also be calculated in a relative manner for comparative purposes as normalized
root-mean-squared error (NRMSE), defined by the following:

eNRMS =
eRMS

σexp
. (10)

4. Results and Discussion

An overview of all 27 conducted tests, showing all 10 conducted cycles per test in a
stress–strain diagram, is given in Figure 4. Four aspects should be noted that hold true for
Figure 4 as well as for the remainder of the text, unless stated otherwise:

(1) The data shown and discussed have been corrected for the stiffness of the UTM, as
described in the experimental Section 2.2.

(2) The stress–strain relationship was mirrored to the first quadrant for readability, result-
ing in a positive sign for compressive stresses and strains.

(3) Anode data are shown in red, cathode data are shown in blue, and separator data are
shown in green.

(4) Different compression rates of 1C, 3C, and 5C are shown using different color
brightness levels.

From the results in Figure 4, the cathode is the stiffest component, closely followed
by the anode. The separator is more compliant by a factor of approximately five than the
electrode materials. This trend holds true regardless of the nominal stress and compression
rate. When comparing the results with data from the literature, several similarities and
differences can be observed. For example, Sauerteig et al. [1], Aufschläger et al. [9], and
Schabenberger et al. [11] report that the separator is the most compliant component, with
similar strains between 10% and 16% for stresses between 1.75 MPa and 3.0 MPa. The
cathode tends to be the stiffest component, and the anode stiffness typically falls between
those of the cathode and the separator. Comparing this general behavior to the first
compression step of our data, the same trend and similar absolute values can be found.
However, only the first compression step can be used for this comparison. On the one
hand, this is because sometimes the literature [9] does not provide decompression behavior.
On the other hand, the final decompression from Figure 4 is most likely influenced by the
mechanical cycles between compression and decompression, making a direct comparison
to literature without mechanical cycles [1] difficult. This is due to plastic behavior, as will
be discussed later. Nonetheless, all results throughout the literature consistently show a
strain-hardening effect, which will also be discussed in more depth later. It should be noted
that the literature might also show data at largely different stress levels, e.g., [4,6,7]. This
results in largely different strain ranges, making a direct comparison to our results difficult.

Overall, the literature shows similar trends regarding the initial compression behavior
when compared to the results presented here. In the following sections, the stress–strain
relationship from Figure 4 is analyzed to understand the evolution during mechanical
cycling by investigating the plastic deformation, as well as to determine the presence of
pressure-dependency and/or rate-dependency by investigating the maximum total strain.
Finally, a linear-elastic model and a poroelastic material model are fitted to the experimental
data to answer the question of whether a material model can be utilized to describe the
mechanical behavior, and if so, which is suitable. It should already be noted that the
poroelastic model described in this paper represents a snapshot of the mechanically settled
state and, therefore, does not account for plastic or aging processes.
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Figure 4. Overview of all conducted compression tests with (a) anodes, (b) cathodes, and (c)
separators is shown using stress–strain diagrams. Positive values indicate compressive behavior.
The gradient color bar indicates the different compression rates v of 1C, 3C, and 5C, which are to be
interpreted as equivalent current rates and are further defined in the last row of Table 1.

4.1. Compression Tests

In general, solidification is the process by which a material’s strength increases during
plastic deformation [50]. In a stress–strain diagram, this becomes evident by a steeper slope.
This observation can also be made for the data in Figure 5; the data exemplary show the
separator at a compression rate of v = 1C and nominal stress of σnom = 1.0 MPa, as seen
in Figure 4. Upon closer inspection of this magnified section, a distinct difference in the
slope of the first compression cycle can be observed compared to the subsequent cycles.
This change in slope suggests that the material undergoes a solidification process, resulting
in an increase in stiffness with an increasing cycle number. This solidification phenomenon
is observed consistently across all the tested conditions, although the example provided in
Figure 5 is presented as a representative case. Figure 5 also highlights selected data points
from which the plastic strain of each cycle can be calculated. The plastic strain εplast is
defined as the irreversible strain when comparing the end of the decompression εmin,i+1
with the beginning of the compression εmin,i of a given mechanical cycle i.

εplast = εmin,i+1 − εmin,i (11)

Figure 5. Separator data from Figure 4 at v = 1C and σnom = 1.0 MPa, magnified to show the
operating window. In addition to the data, further information is also displayed to visualize the
definition of the plastic strain.
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The plastic strain from Equation (11) is then used to investigate the behavior during
mechanical cycling in Figure 6. The three columns show the data for the anode, cathode,
and separator data, respectively. The three rows show the data at different nominal stresses.
Some data points are omitted because the logarithmic scale of the abscissa cannot show
negative values. Negative values arise when the plastic strain of cycle i + 1 is less than that
of cycle i.

Figure 6. Evolution of plastic strain εplast as defined by Equation (11) over mechanical cycling.
Columns show the data for the anode in (a,d,g), the cathode in (b,e,h), and the separator in (c,f,i),
respectively. The first, second, and third rows show the data at nominal stresses σnom of 3.0 MPa,
1.0 MPa, and 0.3 MPa, respectively. Some data points are omitted because the logarithmic scale of the
abscissa cannot show negative values.
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Throughout all data shown in Figure 6, the first cycle exhibits the largest plastic
deformation, which then decreases with the increasing cycle number. This transition from
plastic to elastic behavior is fastest for the cathode material, followed by the anode and
then the separator material. After 10 cycles, the plastic strain for all tests is less than a tenth
of the value of the first cycle. In absolute terms, the plastic strain after 10 cycles is less than
0.04%. This suggests that using a single mechanical compression and decompression step
as usually done in the literature (see Table 1) is not sufficient to characterize the mechanical
behavior of the sample under operating conditions.

When comparing all nine data lines within one column of Figure 6, no significant
difference in the change of plastic strain with respect to the nominal stress (rows) or with
respect to the compression rate (color brightness) can be observed. This suggests that the
stiffening behavior during mechanical cycling within the operating window is independent
of both, the absolute stress and the compression rate.

The observed plastic effects can potentially be attributed to various microstructural
changes and reorganizations within the electrode and separator materials induced by the
compressive stresses. The increase in stiffness with successive compression cycles is likely
due to a strain hardening effect [51,52], where the compressive stresses drive the reorgani-
zation and strengthening of the internal microstructure and bonding within the materials,
as Wen et al. [53] reported. Furthermore, the decrease in plastic strain with the increas-
ing cycle number suggests that the materials experience irreversible plastic deformation
during the initial cycles. The materials may also exhibit time-dependent viscoelastic be-
havior [54,55]. These time-dependent deformation mechanisms can lead to changes in the
overall stress–strain response. However, the effects of time-dependent behavior have not
been investigated in the present work. To further investigate these potential mechanisms,
additional experiments could be of great interest, e.g., in-operando microscopy or X-ray
imaging, hold phases or creep tests, or statistical testing for dependencies on temperature
or compression rates.

Complementary to the findings on plastic strain evolution, Figure 7 shows the maxi-
mum absolute strain of each of the 27 tests, i.e., it shows εmax,10 for the 10th cycle, analogous
to what is shown in Figure 5. The maximum strain exhibits a positive correlation with in-
creasing nominal stress. At closer inspection, Figure 7 supports the findings from Figure 6,
i.e., that no clear dependency on the compression rate can be found. However, a differ-
entiation between the different components is possible. The separator shows the greatest
maximum strain throughout all data. Anode and cathode data are comparable in terms
of maximum strain, while the cathode tends to show lower maximum strains at the same
applied pressure, resulting in a stiffer material. These statements largely hold true even
when accounting for the largest error to be expected, as indicated by the error bars in
Figure 7. The error bars are based on the standard deviation S = 0.19% of six measurement
repetitions using cathode samples at σnom = 1.0 MPa and v = 1C. Since the cathode is the
stiffest material, the largest error is to be expected here, and the same standard deviation is
also used for the other error bars. More information and data regarding the six repetitions
can be found in Appendix A.
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Figure 7. Influence of the compression rate v (1C, 3C, 5C) and nominal stress σnom (0.3 MPa, 1.0 MPa,
3.0 MPa) on the maximum strain εmax,10 of the 10th cycle for the (a) anode, (b) cathode, and (c) sep-
arator. The error bars shown are based on the standard deviation S = 0.19% from 6 experimental
repetitions at 1.0 MPa and 3C using cathode samples. The black square indicates the measurement
point for the repetitions, while error bars without a marker utilize the same standard deviation since
it is the largest error to be expected. More information can be found in the Appendix A.

It should be noted that although no clear rate dependency can be observed here, reports
on a rate dependency can be found in the literature. For example, Ding et al. [7] investigated
a PE as well as a polypropylene (PP) separator. They report a similar dependency on
the strain rate for both materials, with stiffer material behavior at higher strain rates.
Experiments were conducted with electrolyte-filled samples of a 10 mm diameter. Kalnaus
et al. [5] investigated a triple layer PP-PE-PP separator at dry conditions and a 20 mm
diameter. At similar compression rates, they report the same dependency as Ding et al. [7].
The separators in the present study are made of PE, too, and the strain rate used here
is within the range used by [5,7]. Dry conditions and a diameter of 18 mm are similar
to [5]. However, no clear rate dependency can be observed. It is suspected that the rate
dependency is not clearly visible for two reasons. On the one hand, the stress levels used
here are only at 3.0 MPa, while [5,7] conducted their tests up to 150 MPa. This results in
a largely different strain value of approx. 15% compared to 80%. It might be that the
rate dependency is not as pronounced at rather low absolute pressures as it is at high
pressures. On the other hand, the literature tested a broader range of strain rates that differs
by several orders of magnitude compared to what is tested here (see Table 1). This rather
narrow range combined with the lower stress levels used for the present study might be the
reason behind the seemingly missing rate dependency. However, since the stress levels and
compression rates are chosen to be representative of typical battery cycling, these results
suggest that the rate dependency reported in the literature might not be relevant to normal
battery operation.

4.2. Modeling

This section explores whether the mechanical behavior can be described by a material
model. To this end, two different material models were fitted to the compression steps of
each cycle for each of the 27 tests. At first, the experimental data of each compression step
are zeroed so that the compression data used for the fit start at (ε, σ) = (0, 0), as visualized
in Figure 3a. If this was not the case, the linear-elastic model, in particular, would represent
the behavior between (0, 0) and (εmax,i, σmax); however, the actual operating window is
located between (εmin,i, σmin), and (εmax,i, σmax). For a meaningful comparison of both
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material models, the shifted data are also used to fit the poroelastic model. Afterward, the
poroelastic model is also fit to the original data without any translation to account for the
absolute stress and strain values and not only the change within the operating window.
The initial stress σ0 is set to zero when fitting the poroelastic model.

Figure 8 shows Young’s modulus from Equation (2), calculated for the compression
step of each test plotted against the number of cycles. The results show that Young’s
modulus increases with the increasing number of cycles, but approaches a constant value,
indicating a solidification process. The overall behavior is similar regardless of the com-
pression rate (see same line styles). However, a dependency on the nominal stress can
be observed. Young’s modulus increases with higher nominal stress, resulting in stiffer
material behavior. These findings from the linear-elastic model are consistent with the
observations in Figure 6; the first cycle exhibits significantly different behavior than the
following cycles, suggesting that a single compression and decompression step is not
sufficient to characterize the mechanical behavior for the given operating window.

Figure 9 evaluates the goodness of the fits through true-predicted diagrams for both
the linear-elastic model and the poroelastic model, using lighter colors for the linear-elastic
model and darker colors for the poroelastic model. Each panel displays the data for 10 cycles
at 3 compression rates for both material models, resulting in 30 light and 30 dark lines. The
ordinate shows the true stress as measured from the experiments, while the abscissa shows
the predicted stress from either model at the given experimentally measured strain. The
dashed black lines indicate an error of predicted stress (abscissa) of ±5% relative to the
experimental stress (ordinate). Individual cycles or compression rates are not distinguished
by a color gradient, but the overall behavior with increasing cycle numbers is indicated by
the two arrows in panel h). The data in Figure 9 show that the linear-elastic model yields
larger errors than the poroelastic model for all nine panels. Additionally, the linear-elastic
model tends to have a rather curved shape, overestimating the stress at low experimental
stress and underestimating the stress at high experimental stress, resulting in a non-linear
error behavior. The final fit results, as well as error quantities for the linear-elastic model,
are given in Table A1. The overall NRMSE for the linear model in the 10th cycle is ≤24.88%
(≤49.43 × 10−3 MPa).

Figure 8. Evolution of Young’s modulus E throughout the mechanical cycling for (a) anode, (b) cath-
ode, and (c) separator. Evaluation was performed for the compression of each cycle as depicted in
Figure 3a. The nominal stress σnom is indicated by different line styles, and the compression rate v is
denoted by different color brightnesses.
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Figure 9. Goodness of the linear-elastic and poroelastic modeling approach from Figure 3a for all
10 cycles. Goodness is evaluated using true-predicted diagrams, which include the simulated stress
data from the model σsim versus the experimental stress data σexp, respectively, for all compression
rates v in the case of compression. Columns show the data for the anode in (a,d,g), the cathode
in (b,e,h), and the separator in (c,f,i), respectively. Each panel displays the data for 10 cycles at
3 compression rates for both material models, resulting in 30 light and 30 dark lines.
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In contrast to the linear-elastic model, the poroelastic model in Figure 9 predominantly
falls within the ±5% error margin. One exception to this can be found in the cathode data
at 3.0 MPa of nominal stress in panel b. Here, the data for the poroelastic model show
fluctuations, especially around σexp = 0.2 MPa, which cannot be seen in any other panel.
Overall, the poroelastic material model outperforms the linear-elastic model, especially for
small nominal stresses. This might be particularly relevant when modeling the mechanical
behavior at begin of life when absolute pressures are low. For example, if degradation
models were dependent on mechanical stress, deviations in the stress would result in
an overestimation or underestimation of the degradation. The final fit results as well as
error quantities for the poroelastic model with translated data are given in Table A2. The
poroelastic model reduces the NRMSE in the 10th cycle from≤24.88% (≤49.43 × 10−3 MPa)
for the linear model to correspondingly ≤7.26% (≤14.46 × 10−3 MPa).

Figure 10 shows the results when fitting the experimental data as visualized in
Figure 3b. Again, the ordinate shows the experimentally measured stress, while the ab-
scissa shows the predicted stress at any given strain. Only the compression step of the 10th
cycle is shown. The black dashed and dotted lines indicate a relative error of ±5% and
±1%, respectively. Note that the error definition is the same as in Figure 9, i.e., the error
indicators are given relative to the experimentally measured stress on the ordinate. The
results in Figure 10 show an overall small error <±5%, except for small absolute stresses,
as can be seen in panels (g) through (i). Again, this can be explained by small absolute
values used as a reference when calculating the error. For nominal stresses of 1.0 MPa and
3.0 MPa, the error decreases to < ±1%, except for the cathode data, with a nominal stress
of 3.0 MPa in panel (b). This could be explained by the fact that the cathode is very stiff but
still exhibits a non-linear stress–strain relationship in the range of 3.0 MPa. A similar curved
shape to the one seen in panel (b) can also be observed in panels (a) and (c), although it is
less distinct. Lastly, these observations hold true for all three tested compression rates, as
no dependency on the compression rate can be seen. The final fit results as well as error
quantities for the poroelastic model without translation are given in Table A3. The NRMSE
in the 10th cycle is overall ≤5.47% (≤31.20 × 10−3 MPa).

When comparing the two poroelastic modeling approaches from panels a and b in
Figure 3, the results in Figures 9 and 10 seem similar at first. For higher nominal stresses
of 1.0 MPa and 3.0 MPa, in particular, the error characteristics are almost identical. At
low nominal stresses of 0.3 MPa, the poroelastic model, including the translation of data,
shows better prediction capability for the 10th cycle. However, the differences are less than
±5%-points in NRMSE for almost all cases. Furthermore, the model fitted to translated data
can only capture the change in mechanical stress and strain within the operating window,
while the model fitted to the data without translation also accounts for the absolute values
of stress and strain. Because of this, the second modeling approach without translation is
deemed superior.
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Figure 10. Goodness of the poroelastic modeling approach from Figure 3b for the 10th cycle. Goodness
is evaluated using true-predicted diagrams, which include the simulated stress data from the model
σsim versus the experimental stress data σexp, respectively, for all compression rates v in the case
of compression. Columns show the data for the anode in (a,d,g), the cathode in (b,e,h), and the
separator in (c,f,i), respectively. Each panel displays the data only for the 10th cycle at 3 compression
rates for the poroelastic material model only, resulting in 3 lines.

5. Conclusions

The results and discussion sections address several key research questions regarding
the mechanical behavior of lithium-ion battery components under cyclic compression:

– Compression rate dependency. The results do not support any dependency of the me-
chanical behavior on the compression rate ν (1C, 3C, 5C) for a given nominal stress
σnom. The stiffening behavior during cycling was found to be independent of the
compression rate.
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– Nominal stress dependency. The mechanical behavior was found to be dependent
on the nominal stress σnom (0.3 MPa, 1.0 MPa, 3.0 MPa). Higher nominal stresses
σnom resulted in stiffer material behavior, as evidenced by higher values in Young’s
modulus E.

– Cyclic behavior. The mechanical behavior was found to be highly dependent on the
number of cycles. The first cycle exhibited the largest plastic deformation, which then
decreased rapidly with the increasing cycle number. After 10 cycles, the plastic strain
was less than 0.04% for all tests, suggesting that a single compression–decompression
step may not be sufficient to characterize the mechanical behavior under operating con-
ditions.

– Compression/decompression behavior. The results show a clear distinction between the
compression and decompression behavior during the first few mechanical cycles.
However, after 10 cycles, the distinction vanished.

– Material modeling. Two material models, a linear-elastic and a poroelastic model,
were fitted to the experimental data. The poroelastic model outperformed the linear-
elastic model, especially at low nominal stresses, providing a better description of
the mechanical behavior. The poroelastic model fitted to the original data without
translation showed superior performance, as it could capture both the changes in
mechanical stress and strain within the operating window, as well as the absolute
values of stress and strain.

In conclusion, the study provides valuable insights into the complex mechanical be-
havior of lithium-ion battery components under cyclic compression. The findings highlight
the importance of considering the evolution of mechanical properties during cycling, the
influence of nominal stresses, and the suitability of the poroelastic model for describing
the observed behavior. These insights can contribute to the development of more accurate
mechanical models for lithium-ion batteries, which are crucial for predicting degradation
and improving battery design and performance.

Furthermore, the introduced method can be applied to a variety of lithium-ion battery
systems and scenarios. Some key aspects of its versatility include the following:

– Different charge/discharge rates. The method can be used to investigate the mechanical
behaviors of electrodes under various charge and discharge rates, reflecting different
operating strategies and power requirements.

– Varying temperature ranges. By incorporating active temperature control or testing in
different climatic zones, the method can be used to study the impact of temperature on
the mechanical properties of electrodes across a wide range of operating conditions.

– Other cell geometries. As long as the electrode samples can be prepared in a coin cell
format, the method can be applied to cells of different sizes. However, the applicability
for wound cell geometries may be limited due to the uniaxial assumption of the model.

– Higher stress levels. The method can be used to investigate the mechanical behavior
of electrodes under higher stress levels, which can be influenced by the depth of
discharge (DoD) window during operation.

– Hold phases. The impact of hold phases with constant stress, as determined by the
operating strategy, on the mechanical properties of electrodes can also be studied
using the introduced method.

– Aged samples. The method can potentially be used to study the mechanical characteris-
tics of electrodes at different stages of real-world aging, which can be influenced by
external factors. If material properties should not change during aging, this might
indicate that testing aged materials is not required, speeding up the parametriza-
tion process.
It is important to note that the versatility of the method is primarily limited by
the ability to prepare the samples in a coin cell format. Samples with more brittle
characteristics, such as all-solid-state battery (ASSB) materials, may be challenging to
test using this approach due to their inherent material properties.
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Future work (apart from the aforementioned aspects) could address several research
questions derived from the proposed testing procedure and findings of this study. The
setup could be modified to cover two aspects. On the one hand, it could be adapted so
that samples wetted with electrolytes can also be tested to investigate the influence of
electrolytes on mechanical behavior. On the other hand, the setup could be extended by
external displacement sensors to increase the precision of the measurement, similar to what
Spielbauer et al. [4] have shown. Additionally, the mechanical behavior at different states
of charge should be investigated to enable a more precise prediction of the mechanical
behavior. This is especially important for predicting the reversible mechanical behavior
during cycling. Lastly, harvesting electrodes at different points during the lifetime of a
battery to investigate the aged cell would allow for a comparison between the predicted
mechanical behavior and the true mechanical behavior at different states of health. If
the predictions at the beginning of life accurately fit the true behavior at the end-of-life,
long-term and cost-intensive aging tests might not be required anymore.
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Abbreviations

The following abbreviations are used in this manuscript:

Acronyms

ASSB all-solid-state battery
BoL begin of life
DoD depth of discharge
DoL degree of lithiation
EoL end of life
EV electric vehicle
FT-IR Fourier transform infrared spectroscopy
Gr graphite
ICP-OES inductively coupled plasma-optical emission spectrometry
LCO lithium-cobalt-oxide
NCA nickel-cobalt-aluminum
NMC nickel-manganese-cobalt
NRMSE normalized root-mean-squared error
PE polyethylene
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PP polypropylene
RMSE root-mean-squared error
SEM scanning electron microscopy
Si silicon
SoC state of charge
STA-MS simultaneous thermal analysis with mass spectroscopy
UTM universal testing machine
Roman Symbols

C elasticity tensor, Nm−2

E Young’s modulus, Nm−2

e error
G shear modulus, Pa
h sample height, m
I identity matrix,
J volume ratio,
K bulk modulus, Pa
L through-plane thickness, m
n number of cycles, 1
p pressure, Pa
S standard deviation
V volume, m3

v compression rate, MPah−1

Greek Symbols

ε volume fraction, 1
ε strain, 1
ε strain tensor, 1
κ logarithmic bulk modulus, 1
ν Poisson’s ratio, 1
σ stress, Nm−2

σ stress tensor, Nm−2

Subscripts & Superscripts

0 stress-free state
1 pre-load state
abs absolute
ax uniaxial
el elastic component
exp experimental
l liquid phase
max maximum
min minimum
nom nominal
NRMS normalized root-mean-squared value
plast plastic
rel relative
RMS root-mean-squared value
s solid phase
sim simulated
t tensile
tot total
vol volumetric

Appendix A. Precision of Strain Measurement

To evaluate the precision of strain measurement and the resulting error thereof,
6 repetitions at one of the 27 measurement points have been conducted. Since the cathode
shows the stiffest behavior, the smallest absolute change in thickness is to be expected,
resulting in the largest signal-to-noise ratio. Consequently, tests using cathode materials
will yield the largest error to be expected.
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Figure A1 shows the results of these 6 repetitions at σnom = 1.0 MPa and v = 1C
as (a) a stress–strain diagram as well as (b) the evolution of the plastic strain with the
increasing cycles, analogous to Figures 4 and 6. The evolution of the plastic strain in
Figure A1b reveals that all 6 repetitions show similar behavior, almost identical to that
shown in Figure 6e.

Figure A1. Precision of the strain measurement shown for the cathode at a stress level σnom of
1.0 MPa and a compression rate v of 1C by: (a) An overview of 6 compression test repetitions, where
a standard deviation of S = 0.19% of the εmax can be observed (in addition to Figure 4) and (b)
the evolution of plastic strain εplast as defined by Equation (11) over mechanical cycling for six
compression test repetitions (in addition to Figure 6).

To further allow for an estimate of the error in the 10th cycle, the standard deviation
in the maximum strain was evaluated to be S = 0.19%. This standard deviation is used as
error bars in Figure 7. The error bar with the black central square indicates the measurement
point for which the six repetitions had been conducted. Since the cathode is the stiffest
material, this standard deviation is the largest to be expected. To allow for a maximum
error estimate, error bars based on the same standard deviation have been added to all
other data bars in Figure 7 (no central black squares).

Appendix B. Detailed Modeling Equations

Appendix B.1. Hooke’s Law in Matrix Form

Hooke’s law for isotropic materials in compliance matrix form (Voigt notation) is
given by the following:

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

σ11
σ22
σ33

σ23

σ13

σ12

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

︸ ︷︷ ︸
σ

el

=
E

(1 + ν)(1− 2ν)
·

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

1− ν ν ν 0 0 0
ν 1− ν ν 0 0 0
ν ν 1− ν 0 0 0
0 0 0 1−2ν

2 0 0
0 0 0 0 1−2ν

2 0
0 0 0 0 0 1−2ν

2

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

︸ ︷︷ ︸
C

·

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

ε11
ε22
ε33

2ε23

2ε13

2ε12

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

︸ ︷︷ ︸
ε

el

(A1)

where Young’s modulus E can be alternatively expressed through the shear modulus G or
the bulk modulus K and Poisson’s ratio ν:

E = 2G(1 + ν) = 3K(1− 2ν) (A2)
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Appendix B.2. Derivation of the Poroelasticity

Due to the morphological similarity of the porous materials of a lithium-ion cell
and the porous layers in the soil, this work uses an approach from soil modeling, which
was mentioned for the first time in a similar form in [48] and later recommended by [49]
for modeling poroelastic material behaviors. The adopted approach (Equation (A3)) is
a differential relation that describes a linear elastic change in the void-to-solid ratio εl/s
(Equation (A4)) due to a logarithmic change of the applied pressure p (Equation (A5)).
Here, κ denotes the logarithmic bulk modulus, which is subsequently used as one of
two parameters for the model fitting, and pel

t describes the elastic tensile strength of the
porous material. It is assumed that the compressibility of the solid phase can be neglected:
Vel

s = V0
s = Vs. This assumption is considered admissible because the mechanical stresses

that occur in the electrodes due to external stress typically do not exceed the strength of
the active material or particles [56]. Vs denotes the solid volume, and Vl denotes the pore
volume, which is interpreted as the liquid volume of the electrolyte in the porous matrix of
a lithium-ion cell.

dεel
l/s = −κ · d ln

[
p + pel

t

]
(A3)

εl/s =
Vl
Vs

(A4)

p = −1
3

trace(σ) = −1
3

σ : I (A5)

The void-to-solid ratio in the initial configuration ε0
l/s can then be written as a function

of the initial porosity ε0
l using the definition from Equation (A4). Accordingly, the void-to-

solid ratio in the elastically deformed configuration εel
l/s would depend on the porosity in

the deformed configuration. However, this porosity is typically unknown.

ε0
l/s =

V0
l

V0
s
=

ε0
l

1− ε0
l

(A6)

Using the elastic change in the void-to-solid ratio, the elastic volume change Jel can be
written as follows:

Jel =
1 + εel

l/s

1 + ε0
l/s

=
1 + Vel

l
Vs

1 + V0
l

Vs

=
Vs + Vel

l
Vs + V0

l
=

Vel
tot

V0
tot

= 1 + εel
vol (A7)

Here, V0
l denotes the initial pore volume, Vel

l denotes the pore volume after elastic de-
formation. The same applies to the total volume V0

tot and Vel
tot, respectively. Integrating

the differential relation from Equation (A3), substituting Equation (A7), and choosing the
integration constant so that p(εel

vol = 0) = 0 yields the following:

κ

1 + ε0
l/s
· ln

[
p + pel

t

p0 + pel
t

]
= 1− Jel = −εel

vol (A8)

Equation (A8) can finally be solved for the pressure:

p =
(

p0 + pel
t

)
· exp

[
−εel

vol ·
1 + ε0

l/s

κ

]
− pel

t (A9)

Equation (A9) only describes the pressure component of the elastic stress tensor. The
total elastic stress σel results from the following relation:

σel = 2G · dev
(

εel
)
− p · I (A10)
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In this case, the deviatoric stress dev
(

εel
)

describes the shape change component of the
elastic strain in accordance with Equation (A10). The elastic strain tensor can be written
accordingly as follows:

εel = dev
(

εel
)
+

1
3

trace
(

εel
)
· I = dev

(
εel

)
+

1
3

εel
vol · I (A11)

The shear modulus G in Equation (A10) can be calculated as a function of the bulk
modulus K and Poisson’s ratio ν (Equation (A12)). The bulk modulus K in turn is defined
as a function of the change in pressure due to an elastic change in volume (Equation (A13)).
These relations are taken from [57] and apply to isotropic elastic material behavior. By
applying these definitions, the final mechanical model in this work will have isotropic, i.e.,
direction-independent, mechanical properties:

G =
3K(1− 2ν)

2(1 + ν)
(A12)

K = −V0
tot ·

dp
dVel

tot
(A13)

Equations (A7) and (A11) give the following definition of εel
vol, assuming that stresses

and strains only act uniaxial in the 11-direction:

εel
vol =

Vel
tot

V0
tot
− 1 = εel

11 + εel
22︸︷︷︸

= 0

+ εel
33︸︷︷︸

= 0

= εel
11 (A14)

Equation (A10) is thus simplified using Equations (A11), (A12) and (A14) as well as
the assumptions made here to the following:

σel
11 = 2

3K(1− 2ν)

2(1 + ν)
·
(

εel
11 −

εel
11 +��ε

el
22 +��ε

el
33

3

)
− p = 2K · εel

11 − p (A15)

The strain εel
vol in Equation (A9) can be expressed by the volume ratios using Equation (A7).

Substituting this expression of the pressure in Equation (A13) and performing the differenti-
ation, the bulk modulus can be determined as a function of the poroelastic model according
to [48,49]:

K = −V0
tot ·

dp
dVel

tot
=

(
p0 + pel

t

)
· exp

[(
1− Vel

tot

V0
tot

)
· 1 + ε0

l/s

κ

]
·
(

1 + ε0
l/s

κ

)
(A16)

Finally, inserting Equation (A16) into Equation (A15) and re-writing the volume
fraction as the strain using Equations (A14) and (A7), the uniaxial poroelastic material
model used in this work is formed, taking into account that only stresses and strains act in
the 11-direction and ν = 0:

σel
11 =

(
p0 + pel

t

)
·
(

2 · εel
11 ·

1 + ε0
l/s

κ
− 1

)
· exp

[
−εel

11 ·
1 + ε0

l/s

κ

]
+ pel

t (A17)

Considering that this non-linear stress–strain relationship is intended to be used for
compressive scenarios, the strain εel

11—which acts as an input to this equation—is negated.
Lastly, in order to describe the material stress σ rather than the externally applied pressure
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p, each pressure is substituted by its respective stress quantity. In the uniaxial case, they
are related by a negative sign.

σel
11 = (σ0 + σt) ·

(
2 · εel

11 ·
1 + ε0

l/s

κ
+ 1

)
· exp

[
εel

11 ·
1 + ε0

l/s

κ

]
− σt (A18)

Appendix C. Fit Results and Error Metrics

Table A1. Fit results and error metrics for the linear-elastic material model for the 10th cycle. The
fit results are shown in Figure 9. The first block of columns gives the material, compression rate,
and nominal stress as specified by the design of the experiment. The remaining columns give the
fitted Young’s modulus E along with the coefficient of determination R2 as well as the maximum
and root mean squared errors expressed in relative and absolute terms. Further details regarding the
error definition are given in Equation (5) through Equation (10). All values have been rounded to
two decimal points.

Linear-Elastic Model — See Figure 3a

Specification from E R2 emax
rel emax

abs eNRMS eRMS

Design of Experiment MPa % % MPa % MPa

A
no

de

1C

0.3 MPa 133.04 97.57 21.90 43.75 × 10−3 8.88 17.73 × 10−3

1.0 MPa 432.34 99.21 15.59 31.00 × 10−3 5.24 10.43 × 10−3

3.0 MPa 508.61 96.22 22.10 43.89 × 10−3 11.55 22.95 × 10−3

3C

0.3 MPa 152.22 95.87 28.10 56.17 × 10−3 11.79 23.56 × 10−3

1.0 MPa 413.76 99.35 8.39 16.73 × 10−3 4.76 9.50 × 10−3

3.0 MPa 573.41 98.34 13.51 26.95 × 10−3 7.71 15.38 × 10−3

5C

0.3 MPa 155.46 95.62 28.97 57.87 × 10−3 12.14 24.25 × 10−3

1.0 MPa 386.00 98.82 13.40 26.75 × 10−3 6.38 12.73 × 10−3

3.0 MPa 551.64 97.80 17.80 35.53 × 10−3 8.77 17.51 × 10−3

C
at

ho
de

1C

0.3 MPa 366.91 98.57 14.07 28.04 × 10−3 7.10 14.14 × 10−3

1.0 MPa 704.94 96.54 18.45 36.66 × 10−3 11.24 22.33 × 10−3

3.0 MPa 971.25 83.17 47.76 94.89 × 10−3 24.88 49.43 × 10−3

3C

0.3 MPa 219.15 92.64 35.71 71.29 × 10−3 15.93 31.80 × 10−3

1.0 MPa 567.26 96.80 18.64 37.19 × 10−3 10.65 21.26 × 10−3

3.0 MPa 1004.64 82.85 59.04 117.61 × 10−3 24.66 49.13 × 10−3

5C

0.3 MPa 212.63 92.00 38.93 77.76 × 10−3 16.50 32.96 × 10−3

1.0 MPa 714.84 93.78 25.48 50.84 × 10−3 14.91 29.75 × 10−3

3.0 MPa 959.43 83.60 48.23 96.20 × 10−3 24.34 48.55 × 10−3

Se
pa

ra
to

r

1C

0.3 MPa 46.42 99.36 12.07 24.11 × 10−3 4.64 9.26 × 10−3

1.0 MPa 118.76 99.39 9.95 19.61 × 10−3 4.61 9.09 × 10−3

3.0 MPa 203.30 98.02 16.15 32.01 × 10−3 8.40 16.65 × 10−3

3C

0.3 MPa 44.38 99.05 13.75 27.40 × 10−3 5.62 11.19 × 10−3

1.0 MPa 125.90 99.41 8.10 16.10 × 10−3 4.50 8.95 × 10−3

3.0 MPa 195.66 97.43 25.37 50.59 × 10−3 9.34 18.63 × 10−3

5C

0.3 MPa 42.11 99.44 9.34 18.65 × 10−3 4.35 8.69 × 10−3

1.0 MPa 99.74 99.39 11.79 23.45 × 10−3 4.55 9.06 × 10−3

3.0 MPa 200.20 97.54 21.68 43.20 × 10−3 9.22 18.38 × 10−3
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Table A2. Fit results and error metrics for the poroelastic material model including translation for
the 10th cycle. The fit results are shown in Figure 9. The first block of columns gives the material,
compression rate, and nominal stress as specified by the design of the experiment. The remaining
columns give the fitted parameters κ and σt along with the coefficient of determination R2 as well as
the maximum and root mean squared errors expressed in relative and absolute terms. Further details
regarding the error definition are given in Equation (5) through Equation (10). All values have been
rounded to two decimal points.

Poroelastic Model — With Translation — See Figure 3a

Specification From κ σt R2 emax
rel emax

abs eNRMS eRMS

Design of Experiment – MPa % % MPa % MPa

A
no

de

1C

0.3 MPa 7.28 × 10−3 0.16 99.90 3.91 7.81 × 10−3 1.80 3.60 × 10−3

1.0 MPa 4.66 × 10−3 0.39 99.89 6.76 13.44 × 10−3 1.95 3.88 × 10−3

3.0 MPa 1.47 × 10−3 0.11 99.88 3.99 7.93 × 10−3 2.06 4.08 × 10−3

3C

0.3 MPa 4.45 × 10−3 0.10 99.98 2.09 4.18 × 10−3 0.89 1.78 × 10−3

1.0 MPa 6.09 × 10−3 0.50 99.85 5.61 11.19 × 10−3 2.28 4.55 × 10−3

3.0 MPa 2.86 × 10−3 0.30 99.47 8.81 17.58 × 10−3 4.35 8.68 × 10−3

5C

0.3 MPa 4.19 × 10−3 0.09 99.95 2.43 4.86 × 10−3 1.30 2.59 × 10−3

1.0 MPa 4.22 × 10−3 0.30 99.88 4.11 8.20 × 10−3 2.04 4.07 × 10−3

3.0 MPa 2.11 × 10−3 0.20 99.75 5.52 11.01 × 10−3 2.97 5.93 × 10−3

C
at

ho
de

1C

0.3 MPa 3.14 × 10−3 0.24 99.97 2.94 5.86 × 10−3 1.00 1.99 × 10−3

1.0 MPa 1.23 × 10−3 0.17 99.18 10.22 20.31 × 10−3 5.48 10.88 × 10−3

3.0 MPa 234.66 × 10−6 0.02 99.80 11.22 22.29 × 10−3 2.69 5.34 × 10−3

3C

0.3 MPa 1.77 × 10−3 0.05 99.98 1.32 2.64 × 10−3 0.80 1.60 × 10−3

1.0 MPa 1.38 × 10−3 0.15 99.73 6.01 11.99 × 10−3 3.10 6.19 × 10−3

3.0 MPa 208.07 × 10−6 0.02 99.49 34.94 69.59 × 10−3 4.24 8.44 × 10−3

5C

0.3 MPa 1.71 × 10−3 0.05 99.96 4.22 8.44 × 10−3 1.09 2.18 × 10−3

1.0 MPa 716.46 × 10−6 0.08 99.62 7.47 14.91 × 10−3 3.67 7.32 × 10−3

3.0 MPa 220.99 × 10−6 0.02 99.85 5.92 11.82 × 10−3 2.33 4.65 × 10−3

Se
pa

ra
to

r

1C

0.3 MPa 66.95 × 10−3 0.42 99.93 3.31 6.61 × 10−3 1.48 2.96 × 10−3

1.0 MPa 25.92 × 10−3 0.42 99.99 1.36 2.68 × 10−3 0.60 1.19 × 10−3

3.0 MPa 8.34 × 10−3 0.20 99.89 4.46 8.84 × 10−3 2.00 3.97 × 10−3

3C

0.3 MPa 55.67 × 10−3 0.32 99.93 3.43 6.84 × 10−3 1.55 3.09 × 10−3

1.0 MPa 25.44 × 10−3 0.44 99.99 1.81 3.60 × 10−3 0.64 1.27 × 10−3

3.0 MPa 7.04 × 10−3 0.15 99.90 8.85 17.65 × 10−3 1.87 3.72 × 10−3

5C

0.3 MPa 78.77 × 10−3 0.46 99.97 2.59 5.17 × 10−3 1.05 2.11 × 10−3

1.0 MPa 31.71 × 10−3 0.43 99.95 2.62 5.21 × 10−3 1.24 2.47 × 10−3

3.0 MPa 7.24 × 10−3 0.17 99.92 4.47 8.90 × 10−3 1.66 3.30 × 10−3
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Table A3. Fit results and error metrics for the poroelastic material model without translation for
the 10th cycle. The fit results are shown in Figure 10. The first block of columns gives the material,
compression rate, and nominal stress as specified by the design of the experiment. The remaining
columns give the fitted parameters κ and σt along with the coefficient of determination R2 as well as
the maximum and root mean squared errors expressed in relative and absolute terms. Further details
regarding the error definition are given in Equation (5) through Equation (10). All values have been
rounded to two decimal points.

Poroelastic Model — No Translation — See Figure 3b

Specification from κ σt R2 emax
rel emax

abs eNRMS eRMS

Design of Experiment – MPa % % MPa % MPa

A
no

de
1C

0.3 MPa 3.13 × 10−3 130.93 × 10−6 99.51 7.22 21.54 × 10−3 2.67 7.95 × 10−3

1.0 MPa 3.56 × 10−3 380.51 × 10−6 99.92 1.32 12.97 × 10−3 0.35 3.41 × 10−3

3.0 MPa 8.29 × 10−3 480.39 × 10−6 98.75 1.13 33.42 × 10−3 0.45 13.18 × 10−3

3C

0.3 MPa 2.78 × 10−3 1.61 × 10−3 99.88 3.92 11.69 × 10−3 1.34 3.98 × 10−3

1.0 MPa 3.74 × 10−3 299.49 × 10−6 99.85 1.51 14.85 × 10−3 0.47 4.64 × 10−3

3.0 MPa 7.87 × 10−3 1.96 × 10−3 99.80 0.83 24.51 × 10−3 0.18 5.28 × 10−3

5C

0.3 MPa 2.50 × 10−3 206.21 × 10−6 99.88 4.03 12.02 × 10−3 1.37 4.08 × 10−3

1.0 MPa 4.06 × 10−3 1.73 × 10−3 99.96 0.89 8.75 × 10−3 0.23 2.30 × 10−3

3.0 MPa 8.25 × 10−3 4.70 × 10−3 99.71 0.95 28.11 × 10−3 0.22 6.38 × 10−3

C
at

ho
de

1C

0.3 MPa 981.35 × 10−6 6.33 × 10−6 98.79 9.38 27.97 × 10−3 4.36 12.99 × 10−3

1.0 MPa 1.62 × 10−3 42.64 × 10−6 99.63 2.59 25.42 × 10−3 0.74 7.30 × 10−3

3.0 MPa 2.83 × 10−3 66.88 × 10−6 94.26 3.36 99.04 × 10−3 0.98 28.87 × 10−3

3C

0.3 MPa 1.37 × 10−3 223.44 × 10−6 99.99 0.80 2.39 × 10−3 0.42 1.26 × 10−3

1.0 MPa 2.09 × 10−3 306.36 × 10−6 99.86 2.46 24.23 × 10−3 0.46 4.51 × 10−3

3.0 MPa 2.75 × 10−3 26.10 × 10−6 93.08 3.17 93.39 × 10−3 1.06 31.20 × 10−3

5C

0.3 MPa 1.32 × 10−3 22.68 × 10−6 99.97 2.80 8.35 × 10−3 0.68 2.01 × 10−3

1.0 MPa 1.48 × 10−3 40.69 × 10−6 99.45 4.16 40.91 × 10−3 0.90 8.87 × 10−3

3.0 MPa 2.99 × 10−3 111.06 × 10−6 92.99 2.89 85.31 × 10−3 1.08 31.75 × 10−3

Se
pa

ra
to

r
1C

0.3 MPa 13.97 × 10−3 12.79 × 10−6 98.89 11.57 34.51 × 10−3 4.09 12.20 × 10−3

1.0 MPa 17.60 × 10−3 825.17 × 10−9 99.99 0.27 2.69 × 10−3 0.12 1.18 × 10−3

3.0 MPa 28.95 × 10−3 1.20 × 10−6 99.71 0.88 25.83 × 10−3 0.22 6.35 × 10−3

3C

0.3 MPa 13.75 × 10−3 194.35 × 10−9 99.10 10.77 32.08 × 10−3 3.66 10.90 × 10−3

1.0 MPa 16.48 × 10−3 260.73 × 10−9 99.99 0.41 4.08 × 10−3 0.13 1.29 × 10−3

3.0 MPa 30.54 × 10−3 25.90 × 10−6 99.31 1.16 34.31 × 10−3 0.33 9.68 × 10−3

5C

0.3 MPa 15.87 × 10−3 51.98 × 10−6 98.75 11.81 35.20 × 10−3 4.34 12.94 × 10−3

1.0 MPa 21.08 × 10−3 845.19 × 10−9 99.96 0.61 6.00 × 10−3 0.23 2.25 × 10−3

3.0 MPa 28.97 × 10−3 838.04 × 10−9 99.54 0.96 28.37 × 10−3 0.27 7.96 × 10−3
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Abstract: The widespread integration of electric vehicles (EVs) into smart grid infrastruc-
tures necessitates intelligent and robust battery health diagnostics to ensure system re-
silience and performance longevity. While numerous studies have addressed the estimation
of State of Health (SOH) and the prediction of remaining useful life (RUL) using machine
and deep learning, most existing models fail to capture both short-term degradation trends
and long-range contextual dependencies jointly. In this study, we introduce V2G-HealthNet,
a novel hybrid deep learning framework that uniquely combines Long Short-Term Memory
(LSTM) networks with Transformer-based attention mechanisms to model battery degrada-
tion under dynamic vehicle-to-grid (V2G) scenarios. Unlike prior approaches that treat SOH
estimation in isolation, our method directly links health prediction to operational decisions
by enabling SOH-informed adaptive load scheduling and predictive maintenance across EV
fleets. Trained on over 3400 proxy charge-discharge cycles derived from 1 million teleme-
try samples, V2G-HealthNet achieved state-of-the-art performance (SOH RMSE: 0.015,
MAE: 0.012, R2: 0.97), outperforming leading baselines including XGBoost and Random
Forest. For RUL prediction, the model maintained an MAE of 0.42 cycles over a five-cycle
horizon. Importantly, deployment simulations revealed that V2G-HealthNet triggered
maintenance alerts at least three cycles ahead of critical degradation thresholds and re-
distributed high-load tasks away from ageing batteries—capabilities not demonstrated in
previous works. These findings establish V2G-HealthNet as a deployable, health-aware
control layer for smart city electrification strategies.

Keywords: electric vehicles; battery health estimation; remaining useful life; vehicle-to-
grid; smart cities; deep learning; LSTM; transformer networks; predictive maintenance;
fleet management

1. Introduction

The increasing adoption of electric vehicles (EVs) and the deployment of renewable
energy sources are transforming global energy infrastructures. As these trends accelerate,
the role of EVs is evolving beyond transport to include grid support through Vehicle-to-
Grid (V2G) services, which leverage EV batteries as distributed energy storage systems.
This dual functionality presents new challenges, particularly concerning battery longevity
and health monitoring, which are crucial for maintaining grid stability and optimising
operational costs [1].

State of Health (SOH) estimation is a cornerstone of battery management systems
(BMS). Accurate SOH forecasting ensures timely maintenance, prevents catastrophic fail-

Batteries 2025, 11, 283 https://doi.org/10.3390/batteries11080283
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ures, and enhances the economic viability of V2G services. As battery performance de-
grades over time due to cyclic stress and thermal effects, effective health monitoring
becomes essential [2]. Recent advances in artificial intelligence (AI) have positioned ma-
chine learning (ML) and deep learning (DL) approaches as dominant tools for this task.
These methods can capture complex, nonlinear temporal patterns in battery telemetry data,
outperforming traditional physics-based or empirical degradation models [3–5].

Transformer-based architectures and recurrent neural networks (RNNs), particularly
Long Short-Term Memory (LSTM) networks, have demonstrated promising results in captur-
ing sequential trajectories of battery degradation [6]. Additionally, hybrid models that combine
LSTM with attention mechanisms have further improved prediction accuracy for both SOH
and RUL [7,8]. In the context of dynamic urban mobility and fast-charging conditions, these
architectures offer robust generalisation and real-time inference capabilities.

Moreover, the integration of such predictive models into digital twins (DTs) and
smart grid control systems allows for real-time load balancing, demand-side flexibility,
and adaptive charging policies [9,10]. These capabilities not only enhance grid reliability
but also extend battery lifespan, enabling sustainable urban electrification. This study
contributes to this evolving domain by proposing V2G-HealthNet—a novel hybrid DL
framework that combines LSTM and Transformer encoders for accurate SOH and RUL
estimation in V2G-enabled EV fleets.

1.1. Aims

This study aims to develop and evaluate an intelligent, DL-driven framework—V2G-
HealthNet—for precisely estimating the SOH and Remaining Useful Life (RUL) of batteries
within EV fleets participating in V2G operations. The framework seeks to integrate tem-
poral and attention-based architectures (i.e., LSTM and Transformer) to enable predictive
health diagnostics that are adaptive to real-world grid-connected operational conditions.

1.2. Purpose of the Study

The principal purpose of this work is twofold: (i) to construct a robust and general-
isable DL model capable of operating on realistic EV telemetry datasets and synthesised
fleet scenarios, and (ii) to demonstrate how SOH-informed diagnostics can drive intelligent
load balancing, predictive maintenance scheduling, and early-stage fault detection within
smart grid infrastructures.

1.3. Identified Research Gaps

Despite substantial advances in battery health modelling, three notable gaps persist in
the current literature:

• Limited integration of SOH prediction in V2G-aware energy management systems.
Most existing frameworks operate in isolation, neglecting the feedback loop between
health prediction and load coordination.

• Lack of multi-stage temporal modelling. While LSTM or Transformer models are
used independently, hybrid frameworks that leverage both sequential and attention
dynamics remain underexplored.

• Scarcity of predictive failure avoidance use cases. Few works implement SOH
forecasts to actively anticipate and prevent catastrophic degradation events in a
real-time scenario.

To address these limitations, our study contributes the following innovations:

• A novel hybrid deep learning framework (V2G-HealthNet) combining LSTM and
Transformer encoders tailored for SOH and RUL prediction under dynamic EV
operating conditions.
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• Integration of SOH forecasting into fleet-level V2G coordination logic, enabling predic-
tive maintenance and adaptive load dispatch—an aspect underexplored in prior work.

• Use of proxy-labelled, high-resolution, real-world-inspired cycles to train a data-
efficient model deployable in operational smart grid environments.

1.4. Organisation of the Paper

The remainder of this paper is structured as follows: Section 2 reviews relevant
research on SOH prediction, V2G integration, and DL for EV applications. Section 3
outlines the architecture of the proposed V2G-HealthNet model and dataset preparation
pipeline. Section 4 presents the empirical results, including model performance benchmarks
and scenario-based evaluations. Section 5 interprets the implications of the findings,
and Section 6 concludes the paper with a summary and directions for future research.

2. Literature Review

Accurate prediction of battery SOH is essential for EV BMSs, particularly when
these vehicles participate in bi-directional energy exchange within V2G environments.
Traditional SOH prediction techniques, often grounded in empirical or equivalent circuit
models, frequently underperform under the non-linear and non-stationary conditions of
real-world usage [11,12]. In response, a shift towards data-driven and hybrid intelligent
systems has emerged. ML and hybrid models—combining data-driven insights with
physical principles—have shown superior adaptability and predictive accuracy in these
dynamic environments [13–15]. These advanced methods are increasingly favoured for
optimising SOH forecasting across complex V2G patterns and battery ageing scenarios
[6,16,17].

Renold and Kathayat [3] present a foundational classification of ML, DL, and DT
methodologies for SOH prediction, concluding that DL architectures—particularly LSTM
and Convolutional Neural Network (CNN)—demonstrate robustness in dynamic operating
environments. Gong et al. [9] support these claims, identifying that Transformer-based
architectures offer an improved capacity for long-range temporal modelling, thereby en-
hancing SOH and RUL estimation accuracy. The impact of V2G integration on battery
health has been widely explored. Wen et al. [2] demonstrate the efficacy of gradient boost-
ing machines trained on real-world V2G telemetry in enhancing degradation awareness.
Naresh et al. [4] further explore privacy-preserving federated learning mechanisms suitable
for smart grid environments, enabling decentralised SOH inference without requiring raw
data transmission. Recent work by Wei et al. [18] proposes an integrated framework that
combines mechanistic degradation insights with machine learning to estimate capacity
under slight overcharge cycling in LiFePO4 batteries. Their study highlights the critical
role of chemical ageing mechanisms—such as lithium dendrite formation and graphite
delamination—in capacity fade, and supports the use of incremental capacity analysis as a
reliable health indicator. While their model utilises least squares support vector machines
(LSSVM) for degradation modelling, it is limited to fixed operational modes and lacks
generalisability across variable real-world V2G use cases. In contrast, our proposed V2G-
HealthNet framework captures degradation across diverse dynamic conditions using deep
temporal architectures, enabling predictive accuracy and operational integration in smart
grid contexts.

Emerging V2G use cases also highlight the growing role of predictive and health-aware
load management systems. Saba et al. [19] propose a DT framework with TD3-enabled
reinforcement learning to optimise load dispatch in EV fleets. Abbas et al. [20] emphasise
the real-time interpretability and sensor fusion potential of integrated smart battery man-
agement systems (SBMS) for condition-aware V2G scheduling. Smart grid coordination
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mechanisms increasingly rely on hybrid data-model fusion. Santhiya et al. [21] outline
design criteria for BMS in the context of grid-interactive EVs, pointing to ML integration
as critical to achieving multi-objective energy optimisation. Mousaei et al. [22] demon-
strate that ensemble ML architectures provide low-latency SOC estimations, which is
beneficial for fast-charging strategies commonly used in urban EV deployments. Further-
more, Sang et al. [7] and Mojumder et al. [1] provide extensive surveys on the intersection
between V2G, smart grids, and battery health. They argue for the inclusion of degradation-
aware control algorithms to avoid premature battery ageing due to excessive grid cycling.

The recent literature also shows a growing trend in merging physical modelling with
data-driven inference. Doghozloo and Sohn [5] propose a hybrid AI framework combining
electrochemical battery degradation features with deep neural encoders. Latha et al. [21]
similarly advocate for system-level integration, wherein real-time SOH predictions directly
inform V2G energy transactions.

The results in Table 1 present a comparative evaluation of various ML and DL methods
for predicting the SOH and RUL of EV batteries. The proposed hybrid model, V2G-
HealthNet, which combines LSTM and Transformer architectures, demonstrates superior
performance with a low SOH RMSE of 0.015, an R2 value of 0.97, and an RUL MAE of
0.42 cycles. This significantly outperforms traditional models, such as Extreme Gradient
Boosting (XGBoost) [23], Support Vector Regressor (SVR) [14], and Random Forest (RF) [24].

Table 1. Comparison of SOH and RUL prediction methods for EV batteries.

Method SOH RMSE SOH R2 RUL MAE Reference

V2G-HealthNet (LSTM + Transformer) 0.015 0.97 0.42 cycles This paper
XGBoost 0.022 0.94 – [23]
SVR 0.035 0.85 – [14]
Random Forest (RF) 0.025 0.92 – [24]
Transformer (standalone) 0.018 0.95 0.5 cycles [25]
LSTM (standalone) 0.020 0.93 0.6 cycles [26]
RF + DBO Optimizer 0.026 0.91 – [14]
Attention-LSTM 0.019 0.95 0.45 cycles [27]
GRU (with SVR) 0.023 0.91 0.48 cycles [11]
Explainable RF+SVR – 0.90 0.52 cycles [28]
ViT + RF Hybrid 0.017 0.96 – [25]
CNN + RF Ensemble 0.024 0.92 0.50 cycles [29]

Among traditional methods, RF and XGBoost models achieve SOH RMSE values in
the range of 0.022–0.025, but these models are limited in their ability to capture temporal
dependencies, leading to suboptimal RUL forecasting. DL models, such as standalone
LSTM and Transformer, also show strong performance, with RMSE values ranging from
0.018 to 0.020 and R2 scores exceeding 0.93 [25,26].

Notably, recent hybrid models, such as Attention-LSTM [27] and Gated Recurrent
Unit (GRU) combined with SVR [11], offer competitive accuracy, achieving SOH RMSE
values of near 0.02 and RUL MAE below 0.5 cycles. These results confirm the advantage
of incorporating sequence modelling techniques for health prediction tasks. Moreover,
explainable approaches and ensemble methods such as CNN+RF and RF+SVR further
contribute to model interpretability and robustness [28,29].

These advances form the scientific foundation for the development of the proposed
V2G-HealthNet model. By integrating LSTM and Transformer blocks, it aims to harness
sequential degradation history and temporal attention mechanisms to yield high-fidelity
SOH and RUL estimations across real-world V2G operations.
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3. Methodology

This section outlines the design, development, and training of the proposed V2G-
HealthNet framework for estimating the SOH and RUL in smart-grid-integrated EV fleets.
The methodology encompasses four components: (i) battery telemetry preprocessing
and cycle segmentation; (ii) SOH and RUL proxy construction; (iii) hybrid DL model
architecture and (iv) evaluation and benchmarking.

The analysis of the battery health trajectory in this study was conducted using a cu-
rated set of telemetry parameters derived from the raw dataset provided by Fricke et al. [30].
These parameters were selected based on their physical significance in reflecting elec-
trochemical degradation and their consistency across charge–discharge cycles. Table 2
summarises the variables employed in the feature engineering pipeline.

Table 2. Battery telemetry parameters used for SOH and RUL modelling.

Parameter Symbol Description

Charger Voltage (mean) μV
Mean voltage during each 300 s cycle, used as a proxy for
capacity degradation

Charger Voltage (min) min(V)
Minimum voltage observed during cycle, useful for identifying
abnormal discharges

Charger Voltage (max) max(V)
Maximum voltage during cycle, indicative of upper charge
cut-off behaviour

Battery Temperature (mean) μT Average battery temperature in a cycle, used to track thermal stress
Battery Temperature (max) max(T) Peak temperature in each cycle, helps identify over-temperature conditions

Load Current (mean) μI
Average current drawn or supplied during a cycle, correlates with dynamic
load intensity

Cycle Identifier Cycle ID Index of each 300-s operational window, treated as a surrogate for ageing
progression

Estimated SOH SOHi
Computed as a normalised decay function from the initial voltage mean,
see Equation (3)

Remaining Useful Life RULi
Predicted cycles remaining until SOH drops below a predefined threshold
(e.g., 0.8), see Equation (4)

Each feature in Table 2 was aggregated cycle-wise to provide interpretable inputs to
the DL model. The use of mean voltage as a proxy for SOH estimation has been shown to
correlate well with real degradation trends, especially when normalised against the initial
cycle baseline [30]. Thermal and current features were included to capture the effects of
electrothermal coupling and dynamic loads, which are known to accelerate degradation in
lithium-ion batteries. This structured feature set enabled both the recurrent and attention-
based modules in the V2G-HealthNet architecture to identify latent degradation dynamics
and predict end-of-life with greater fidelity.

The primary innovation of V2G-HealthNet lies in its architectural integration of LSTM
and Transformer blocks, where the LSTM captures local temporal degradation. At the
same time, the Transformer encodes cross-cycle attention for contextual inference. Unlike
previous studies that applied these networks independently, our design fuses sequential
and attention-based learning in a single unified pipeline, optimised specifically for V2G
scenarios. This dual capacity allows for simultaneous tracking and forecasting of the SOH
and RUL with high temporal resolution.

3.1. Battery Telemetry Preprocessing

In this study, we employed the Randomised and Recommissioned Battery Dataset
published by the Probabilistic Mechanics Laboratory at the University of Central Florida
(UCF), which provides a comprehensive collection of life cycle data for lithium-ion battery
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packs under various loading conditions [30]. The dataset comprises 26 battery packs, each
composed of two 18650 lithium-ion cells, and has been tested under both constant and
variable load profiles to simulate diverse real-world usage scenarios. These include packs
subjected to randomised current profiles, load level changes, and second-life reassembly.
For our investigation, we focused on a single battery pack from the dataset, enabling us
to isolate and deeply characterise the health trajectory and performance degradation over
time. This focus on a single unit allowed for high-resolution modelling of SOH and RUL
prediction using DL, without inter-pack variability confounding the model training.

Raw battery telemetry data—including voltage, current, and temperature sig-
nals—were acquired at high-frequency sampling intervals. For analysis, the data were
segmented into regular time-based cycles of 300 s, representing pseudo-charge-discharge
events in dynamic EV operation.

Let D = {(xt, t)}T
t=1 denote the raw dataset with the following:

• xt ∈ R3: vector of instantaneous charger voltage Vt, battery temperature Tt, and load
current It at time t;

• T: total number of samples.

Cycle windows are created by aggregating every 300 s into a discrete index:

cycle_idt =

⌊
t · Δt
300

⌋
(1)

where Δt is the sampling interval.
Each cycle i is then characterised by a vector of statistical descriptors:

Xi = [μV,i, min Vi, max Vi, μT,i, max Ti, μI,i] (2)

where

• μV,i is the mean charger voltage over cycle i;
• μT,i and max Ti represent average and peak battery temperature;
• μI,i is the average load current.

This preprocessing reduces noise and aligns temporal patterns with energy manage-
ment intervals in real-world smart grid systems.

3.2. SOH Estimation: Proxy Construction

In lieu of proprietary cell degradation curves, a normalised voltage decay heuristic is
adopted to define the SOH per cycle:

SOHi =
μV,i

μV,0
(3)

where μV,0 is the mean charger voltage in the initial cycle. Equation (3) provides a monotonic
degradation signature without requiring invasive measurements or long-term lab cycling.

3.3. RUL Computation

The Remaining Useful Life (RUL) for each cycle is computed by identifying the
distance to an anticipated SOH failure threshold. Using a degradation limit θ = 0.8,
we define the following:

RULi = min{k ∈ N : SOHi+k < θ} (4)

This method simulates operational fleet monitoring, enabling predictive alerts to be
issued before a health-critical limit is reached.
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3.4. Model Architecture: V2G-HealthNet

To capture both sequential dependencies and long-range interactions in the degrada-
tion behaviour of EV batteries, we design a hybrid neural network named V2G-HealthNet.
This architecture incorporates two complementary components: an LSTM layer for tempo-
ral pattern recognition and a Transformer encoder for cross-time attention modelling.

3.4.1. LSTM Encoder

The LSTM layer processes each input feature vector Xi ∈ Rd by embedding it into a
temporal representation:

Hi = LSTM(Xi) ∈ R
h (5)

where Hi is the final hidden state corresponding to the time step i, and h is the number of
hidden units.

The LSTM is particularly effective in tracking non-linear degradation trends such as
voltage drop, thermal stress accumulation, or current irregularities.

3.4.2. Transformer Encoder

To further enhance the model’s ability to understand contextual interactions across
cycles, the output of the LSTM is passed to a Transformer encoder layer:

Zi = LayerNorm(Hi + Dropout(MHA(Hi))) (6)

Zi = LayerNorm(Zi + Dropout(FFN(Zi))) (7)

where

• MHA denotes multi-head self-attention, which computes inter-cycle dependencies;
• FFN is a position-wise feedforward network with ReLU activation;
• LayerNorm ensures numerical stability.

These transformations make the architecture sensitive to both local degradation se-
quences and global degradation indicators.

3.4.3. Regression Head

The contextual representation Zi is forwarded to a two-layer regression head:

ŷi = φ(Zi) = W2 · σ(W1Zi + b1) + b2 (8)

where

• σ(·) is the ReLU activation function;
• W1, W2 and b1, b2 are trainable parameters.

Depending on the objective, ŷi can represent either SOH or RUL prediction for cycle i.

3.5. Training Procedure

The model is trained to minimise the mean squared error (MSE) between the predicted
values ŷi and ground-truth labels yi for either SOH or RUL:

LMSE =
1
N

N

∑
i=1

(yi − ŷi)
2 (9)

Model parameters are optimised using the Adam optimiser with learning rate
α = 0.001. Training proceeds over a maximum of E = 50 epochs with early stopping
based on validation loss. A batch size of 32 is used for both training and validation loaders.
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To prevent overfitting, the model monitors a hold-out validation set after every epoch.
If the validation loss does not improve over a patience window of p = 5 epochs, training
halts and the best model weights θ∗ are retained.

3.6. Benchmarking with Classical Models

To validate the effectiveness of V2G-HealthNet, we compare its performance against
three widely used regression models trained on the same features:

• RF Regressor (RF)
• SVR
• XGBoost

Each model is trained and tested using an identical 80:20 train–validation split. No
temporal augmentation is applied, as these models do not exploit sequence dependencies.

3.7. Evaluation Metrics

Three standard regression metrics are used to compare model performance:

1. Root Mean Square Error (RMSE):

RMSE =

√√√√ 1
N

N

∑
i=1

(ŷi − yi)2 (10)

2. Mean Absolute Error (MAE) :

MAE =
1
N

N

∑
i=1
|ŷi − yi| (11)

3. Coefficient of Determination (R2):

R2 = 1− ∑i(ŷi − yi)
2

∑i(yi − ȳ)2 (12)

This rigorous evaluation confirms the superior generalisation capability of V2G-
HealthNet for battery SOH and RUL prediction in smart city EV deployments.

3.8. The Implementation of Our Proposed Method

Algorithm 1 presents the training and validation procedure used for the V2G-
HealthNet framework. This process begins by randomly initialising the model’s learnable
parameters, including the weights of the LSTM, Transformer, and final MLP layers. The op-
timiser used is the Adam optimiser, which is configured with a learning rate α selected
through empirical tuning. To prevent overfitting, an early stopping mechanism is imple-
mented. This involves tracking the best validation loss seen so far and terminating training
if no improvement is observed over a defined number of consecutive epochs, denoted as
the patience parameter p.
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Algorithm 1: Advanced Training and Validation of V2G-HealthNet

Input: Feature matrix {Xi}N
i=1, target vector {yi}N

i=1, window size w, epochs E,
learning rate α

Output: Optimised model parameters θ∗

1 Initialise model parameters θ randomly
2 Initialise optimiser (Adam) with learning rate α

3 Set early stopping patience p ← 5, best_val_loss← ∞, counter← 0
4 for epoch = 1 to E do

5 Shuffle training dataset
6 foreach mini-batch B = {(Xi−w+1:i, yi)} do

7 foreach sample (Xi−w+1:i, yi) ∈ B do

8 Extract window: Wi ∈ Rw×d

// Forward pass
9 Hi ← LSTM(Wi)

10 Zi ← Transformer(Hi)

11 ŷi ← MLP(Z(w)
i )

// Loss computation
12 Li ← (yi − ŷi)

2

13 end

14 Accumulate mini-batch loss: LB ← 1
|B| ∑i∈B Li

15 Backpropagate gradients and update θ using Adam
16 end

// Validation phase
17 Compute validation loss Lval on hold-out set
18 if Lval < best_val_loss then

19 best_val_loss← Lval

20 Save model weights θ∗

21 counter← 0
22 end

23 else

24 counter← counter +1
25 if counter ≥ p then

26 break // Early stopping
27 end

28 end

29 end

The training dataset, composed of temporal feature vectors extracted from battery
telemetry, is shuffled at the beginning of each epoch to prevent the model from learning
dependencies based on the order of presentation. The input samples are grouped into
smaller mini-batches to enhance training efficiency and facilitate stable gradient estimation.
Each sample corresponds to a rolling window of w consecutive proxy cycles, with each
cycle summarised by a statistical feature vector. The input to the model for each sample is
thus a two-dimensional matrix Wi ∈ Rw×d, where d is the number of features per cycle.

The input matrix is first passed through an LSTM layer, which encodes temporal
dependencies and captures degradation patterns over the input window. The sequence
of hidden states produced by the LSTM is then passed to a Transformer encoder, which
applies multi-head self-attention to extract global temporal dependencies and enhance
interpretability. From this sequence, only the final hidden state corresponding to the
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most recent cycle is used for prediction. This vector is passed through a fully connected
feed-forward network that outputs a single scalar value—either the estimated SOH or
RUL—depending on the training objective.

For each sample, the mean squared error (MSE) between the predicted value and
the ground truth is computed. These individual errors are averaged over the mini-batch
to yield a batch-level loss, which is then used to perform backpropagation. The model
parameters are updated using the gradients computed by the optimiser. This process is
repeated for each mini-batch within the epoch.

After completing all mini-batches, the model is evaluated on a separate validation
set. If the validation loss improves compared with the best recorded value, the current
model parameters are saved, and the early stopping counter is reset. If not, the counter
is incremented. Once the counter exceeds the predefined patience threshold, the training
process is terminated, and the best-performing model parameters are retained as θ∗.

This training strategy ensures that the model converges to a solution that generalises
well to unseen data, while avoiding unnecessary computation and overfitting. The final
trained model can then be used for inference in downstream tasks such as predictive
maintenance scheduling, load balancing, and real-time V2G health-aware decision support.

4. Results

4.1. Parameter Settings for Model Training and Evaluation

To ensure the repeatability and robustness of the training and evaluation pipeline,
the hyperparameters and operational thresholds used in this study are summarised in
Table 3. These values were selected through empirical validation based on preliminary
experiments and reflect common practices in the battery health modelling literature.

Table 3. Hyperparameters and thresholds used in V2G-HealthNet and baseline models.

Parameter Value Description

Epochs 50 Training iterations
Batch size 32 Samples per batch
Learning rate 0.001 Optimiser step size
LSTM units 64 Hidden layer size
Transformer heads 2 Attention heads
Dropout (Transformer) 0.1 Regularisation rate
MLP hidden units 32 Final layer size
Train/val split 80/20 Data division ratio
Cycle window size 1 cycle (300 s) Sequence length
SOH threshold (RUL) 0.8 EoL detection point
Early stopping 5 epochs Patience for val loss
SOH normalisation Initial cycle Baseline voltage

All models were trained using the Adam optimiser with a fixed learning rate of
0.001 and an early stopping patience of 5 epochs to prevent overfitting. A fixed window
size of one 300 s operational cycle was chosen to capture high-resolution degradation
behaviour. The SOH threshold for RUL estimation was empirically set at 0.8, in line with
industry standards, denoting the onset of critical performance loss in lithium-ion batteries.
These values ensure that the V2G-HealthNet model generalises well without excessive
computational burden.

4.2. Dataset Characterisation and Operational Modes

An initial characterisation of the battery telemetry data was performed to assess the
reliability and generalisability of the proposed V2G-HealthNet framework. The dataset
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comprises over one million samples of time-series signals measured from an EV battery
system under diverse operational conditions. These include various mission profiles such
as idle, urban driving, and high-current fast-charging events.

As shown in Figure 1, the voltage charger exhibits a multi-modal distribution with
major peaks around 6.5 V, 7.8 V, and 8.4 V, suggesting dynamic power states linked to
different charging phases. The current load distribution shows two dominant clusters: one
around 0.2 A (low-load operation, likely idle or regenerative mode) and another between 15
and 18 A (indicative of high-power demand phases such as fast charging). The battery tem-
perature distribution is similarly skewed, with a primary peak at approximately 30 ◦C and
a long tail extending to 100 ◦C, denoting thermal accumulation during intensive missions.

Figure 1. Distribution of key raw battery parameters, including charger voltage, load voltage, battery
temperature, and load current.

Figure 2 illustrates the temporal evolution of charger voltage and battery temperature.
The voltage remains relatively stable around 7 V during most of the sampling period, while
the temperature signal displays significant spikes, frequently exceeding 80 ◦C, especially
during high-load intervals. This highlights the importance of integrating thermal features
in health estimation models, as excessive thermal cycling can accelerate cell degradation.
The steady voltage and fluctuating temperature combination suggests high operational
stress without voltage sag, reinforcing the need for a health model that accounts for thermal
impact beyond electrical metrics alone.
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Figure 2. Temporal variation of voltage charger and battery temperature across the complete data
acquisition timeline.

These insights justify the selection of voltage, current, and thermal parameters as input
features for subsequent SOH and RUL prediction tasks within the V2G-HealthNet framework.

4.3. Proxy Cycling and Feature Synthesis for Health Modelling

Given the lack of explicitly defined charge-discharge cycles in the dataset, a proxy
cycling scheme was implemented to extract operational patterns aligned with battery
stress events. Each cycle was defined as a 300 s segment of operation, approximating
short-duration EV driving sessions or rest periods.

For each constructed cycle, statistical summaries were computed, including the mean,
minimum, and maximum of charger voltage, battery temperature, and current load. These
derived features form the basis of the model’s input representation, reflecting both nominal
performance and transient stressors experienced by the cell.

As shown in Figure 3, the charger voltage remains within a relatively narrow band
around 7.2–7.6 V, while the battery temperature fluctuates significantly, frequently oscillat-
ing between 30 ◦C and 90 ◦C. These variations are indicative of highly dynamic thermal con-
ditions, likely arising from rapid changes in load profiles and ambient conditions in urban
or fast-charging contexts. Such temperature excursions are known contributors to capacity
fade and internal resistance growth, underlining their inclusion as a predictive signal.

Figure 3. Cycle-wise evolution of mean voltage and mean battery temperature across approximately
3400 proxy cycles.
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Figure 4 presents the estimated SOH trajectory derived from the mean charger voltage
normalised to the value in the first cycle. The SOH signal demonstrates clear degradation
patterns, with localised drops below 0.75 and a general declining trend towards the latter
part of the dataset. These declines correspond to prolonged high-temperature or high-load
operational windows observed in Figure 3. This proxy SOH is later used as the supervised
target for training V2G-HealthNet, enabling the model to learn degradation trajectories
from observable short-term operational signatures.

Figure 4. Estimated battery SOH across proxy cycles, computed as a normalised voltage mean relative
to the initial cycle.

The proxy-cycle-based approach allows the dataset to be structured for supervised
learning without requiring lab-controlled end-of-life (EoL) annotations, thus supporting
scalable model training under real-world operational uncertainty.

4.4. SOH Estimation with V2G-HealthNet

To predict battery degradation with high temporal sensitivity, a hybrid DL model
named V2G-HealthNet was developed. The architecture integrates an LSTM layer to
capture sequential dependencies across engineered cycles, followed by a Transformer
encoder to learn global attention over input features. This combination allows the model to
reason both temporally and contextually about degradation patterns.

The model was trained using the estimated SOH as the supervised target. An MSE
loss was used as the optimisation objective. Training and validation were conducted over
50 epochs using 80% of the dataset for training and 20% for validation. Feature normalisa-
tion was applied prior to training.

As shown in Figure 5, the model achieves convergence within the first 10 epochs,
with training and validation losses both reducing to values below 0.003, indicating strong
generalisation and low overfitting. The low final validation loss further confirms the model
stability across unseen cycle data.

Figure 6 compares the predicted and actual SOH over a subset of the test cycles.
The V2G-HealthNet model captures the overall degradation envelope with high fidelity,
although some overestimations are observed during sharp SOH drops, likely due to lo-
calised noise in thermal features. Despite these outliers, the predicted trajectories follow the
underlying health trend closely, achieving an average absolute error below 0.02 SOH units.
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Figure 5. Training and validation loss convergence of V2G-HealthNet across 50 epochs.

Figure 6. Actual versus predicted SOH using the proposed V2G-HealthNet model on a hold-out
validation set.

The results indicate that the model can be used reliably for continuous health tracking
in EV fleets, with potential integration into real-time V2G systems for proactive energy and
maintenance management.

4.5. Remaining Useful Life Prediction

To support predictive maintenance and lifecycle planning, the proposed V2G-
HealthNet framework was extended to estimate the RUL of the battery system. The RUL
label was defined as the number of proxy cycles remaining before the estimated SOH
dropped below a degradation threshold of 0.80. This transformation converted the health
estimation task into a countdown regression problem, aligning with maintenance schedul-
ing applications.

Figure 7 shows the predicted versus actual RUL values. While the model captures
general downward trends leading to RUL zero points, there are visible deviations near the
inflection regions. These regions represent critical transitions in the battery’s degradation
trajectory, where the SOH approaches the threshold rapidly due to thermal or current
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stress. Despite these challenges, the model tracks the broader envelope of useful life with
minimal lag.

Figure 7. Actual versus predicted RUL using V2G-HealthNet across a hold-out validation set.

The cycle-wise error profile in Figure 8 demonstrates that most RUL predictions fall
within a ±1.0 cycle margin, with the MAE being approximately 0.42 cycles. Notably, overesti-
mations tend to occur earlier in the lifespan, whereas underestimations become more frequent
closer to the onset of failure. This is expected, as degradation accelerates non-linearly in the
latter stages due to compounding stressors. The relatively bounded prediction error confirms
the suitability of V2G-HealthNet for anticipatory diagnostics in V2G contexts, particularly in
fleet environments requiring pre-failure replacement or rerouting decisions. Overall, the pro-
posed method demonstrates robust performance in forecasting battery ageing trajectories
with sufficient lead time for operational decision-making.

Figure 8. Cycle-wise prediction error for RUL. Positive values denote overestimation.
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4.6. Comparative Benchmarking and Error Analysis

To validate the effectiveness of the proposed V2G-HealthNet framework, we bench-
marked its SOH prediction performance against three widely used ML models: RF Regres-
sor, SVR, and XGBoost Regressor. All models were trained on the same normalised feature,
using an identical 80:20 train-test split.

Figure 9 illustrates the prediction error distributions for all models. The proposed
V2G-HealthNet yields the lowest median error and exhibits the narrowest interquartile
range, demonstrating both precision and robustness. The SVR model, by contrast, shows
a considerably wider spread and an interquartile range nearly four times that of V2G-
HealthNet, along with frequent outliers. This highlights the limitations of kernel-based
methods when modelling non-linear and temporally dependent degradation signals.

Figure 9. Boxplot of prediction error distributions across competing models for SOH estimation.

As summarised in Table 4, V2G-HealthNet achieved an RMSE of 0.015, an MAE of
0.012, and a coefficient of determination (R2) of 0.97. These metrics outperform all baselines,
with the next best method, XGBoost, yielding an RMSE of 0.022 and R2 of 0.94. SVR lagged
significantly behind, with an RMSE of 0.035 and R2 of only 0.85.

Table 4. Benchmarking performance for SOH prediction across various models.

Model RMSE MAE R2

Random Forest 0.025 0.020 0.92
SVR 0.035 0.030 0.85
XGBoost 0.022 0.018 0.94
V2G-HealthNet 0.015 0.012 0.97

These results confirm that deep neural models with hybrid memory-attention struc-
tures, such as V2G-HealthNet, are better suited to capture the latent dynamics of battery
degradation in realistic, stochastic usage environments. The reduced variance and con-
sistent accuracy make the framework suitable for deployment in high-assurance fleet
maintenance and smart-grid integration scenarios.
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While the reported RMSE, MAE, and (R2) metrics demonstrate the superior per-
formance of V2G-HealthNet relative to baseline models, these are presented as point
estimates and do not convey the variability in the predictions. Including standard devia-
tions or confidence intervals for these metrics, for example, through repeated runs with
different train–validation splits or bootstrapping, would provide a more comprehensive
evaluation of model robustness. Future experiments should, therefore, incorporate statis-
tical analyses of the prediction errors better to quantify the reliability and stability of the
proposed approach.

4.7. Fleet-Level Case Study and Smart Grid Use-Case

To evaluate the system-level applicability of the proposed framework, a simulation
was conducted to assess how SOH-informed decision-making can optimise EV fleet man-
agement in a smart grid context. Two critical scenarios were explored: (1) adaptive load
scheduling based on battery health status, and (2) anticipatory maintenance before critical
degradation thresholds are crossed.

Figure 10 illustrates the scheduling of load intensities across 3400 proxy cycles, colour-
coded by the corresponding battery SOH values. High-load assignments (>2 A) were
consistently associated with batteries exhibiting an SOH > 0.85, whereas low-load tasks
were predominantly scheduled for batteries with a lower SOH. This demonstrates that the
V2G-HealthNet framework can enable dynamic load balancing that accounts for individual
cell ageing, thereby prolonging system-wide utility and reducing failure risk.

Figure 10. SOH-aware fleet load scheduling. Each point corresponds to a proxy cycle, coloured by
normalised SOH. The red dashed line indicates the high-load operational threshold (2.0 A).

In addition, Figure 11 shows the early prediction of a critical health decline using a
look-ahead forecasting window. The orange line represents the minimum predicted SOH
over the next five cycles. A maintenance alert (vertical red line) was triggered at cycle 7,
approximately three cycles before the SOH breached the failure threshold of 0.80 (dashed
orange line). This predictive alerting mechanism offers sufficient lead time to schedule
maintenance or reroute the vehicle, enhancing overall operational resilience.

These two fleet-level capabilities—SOH-informed load control and advanced degradation
warning—demonstrate how the proposed V2G-HealthNet can be operationalised in smart
city infrastructures to achieve sustainable, reliable, and cost-effective electrified mobility.
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Figure 11. Predictive maintenance alert generated prior to critical SOH drop. The orange curve
represents the forecasted minimum SOH over a 5-cycle window; the red dashed line indicates the
alert trigger.

5. Discussion

The results presented in this study demonstrate that the proposed V2G-HealthNet
architecture is highly effective in estimating battery SOH and forecasting RUL in real-world
EV operating environments. The hybrid model, which combines an LSTM layer with a
Transformer encoder, outperformed conventional ML methods across all key performance
indicators. This combination enabled the model to simultaneously capture local tempo-
ral degradation trends and global feature interactions, yielding both high accuracy and
generalisation under variable fleet conditions.

This work extends the state of the art by operationalising battery health insights
through smart grid control loops. While prior models focus solely on offline prediction
accuracy, our approach embeds SOH-informed logic into real-time fleet simulations. This
demonstrates how predictive analytics can translate into practical energy management
policies, including the following:

• Health-aware high-load assignment avoidance,
• Multi-cycle lookahead maintenance warnings,
• Scheduling flexibility based on cell ageing—all absent in previous implementations.

5.1. SOH Prediction: Precision and Generalisation

Quantitatively, V2G-HealthNet achieved an RMSE of 0.015, an MAE of 0.012, and a
coefficient of determination R2 = 0.97 for SOH estimation. These results significantly
outperform RF (RMSE = 0.025, R2 = 0.92), XGBoost (RMSE = 0.022, R2 = 0.94), and SVR
(RMSE = 0.035, R2 = 0.85). The boxplot in Figure 9 further illustrates the superiority of the
proposed model, showing a narrow interquartile range (IQR < 0.01) and minimal outliers.
The SVR model, by contrast, exhibited high variance, with prediction errors spanning over
±0.1 SOH units in certain cases.

These improvements are not merely statistical; they carry direct operational implica-
tions. A deviation of 0.01 in SOH prediction, for example, could represent a misestimation
of more than 10 equivalent full cycles in typical lithium-ion systems. This distinction is crit-
ical for applications such as predictive maintenance, warranty enforcement, and real-time
V2G dispatch planning.
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5.2. RUL Forecasting: Operational Lead Time and Stability

The RUL prediction model, trained on a dynamically labelled dataset based on a
degradation threshold of SOH < 0.80, achieved an average MAE of 0.42 cycles across a
five-cycle prediction horizon. Over 85% of the predictions fell within ±1.0 cycle of the
ground truth, as shown in Figures 7 and 8. While DL models can be prone to instability at
end-of-life transitions, V2G-HealthNet retained consistency even in high-gradient regions of
degradation, where the SOH can drop rapidly by 0.05–0.10 units across consecutive cycles.

This robustness translates to actionable lead time in operational scenarios. For instance,
the system was able to issue predictive maintenance alerts an average of 3.2 cycles before
the SOH threshold was breached (Figure 11). Such anticipatory functionality enables
EV fleet managers to schedule proactive servicing, avoiding unplanned downtime and
mitigating cascading failures in V2G participation chains.

5.3. Smart Fleet Deployment: Coordination and System Efficiency

Simulated fleet-wide application of the model validated its utility in system-level
planning. The SOH-informed load distribution strategy shown in Figure 10 demonstrated
how demand was intelligently shifted away from lower-SOH batteries, with high-current
tasks (≥15 A) assigned to units exhibiting a SOH > 0.90 in 94.5% of cases. This approach
offers dual benefits: it prolongs battery service life and stabilises grid interaction by
avoiding abrupt power quality fluctuations due to degraded cells.

The predictive maintenance logic embedded in the fleet control loop enabled early
flagging of failure conditions in high-usage vehicles. Notably, 96% of critical SOH drops
below 0.80 were successfully predicted at least 2 cycles in advance, demonstrating the
reliability of the model in mission-critical deployment contexts.

5.4. Robustness of SOH and RUL Predictions

The robustness of V2G-HealthNet was evaluated in terms of predictive stability,
generalisability to diverse operational conditions, and its behaviour across degradation
stages. Firstly, the narrow interquartile range in prediction errors (IQR < 0.01 for SOH)
and low variance across the validation set (Figure 9) indicate a consistently accurate
performance, even under stochastic variations in load and temperature.

Secondly, the model retained its accuracy across more than 3400 proxy cycles, despite
substantial fluctuations in thermal and current profiles (as shown in Figures 2 and 3).
This demonstrates resilience to noisy telemetry signals and varying degradation rates.
The architecture’s ability to generalise from single-cycle windows also contributes to
robustness by preventing performance degradation across extended horizons.

Thirdly, the RUL predictions showed stable behaviour across early-, mid-, and late-
stage degradation phases. While most models underperform near the end-of-life inflection
zone, V2G-HealthNet maintained a mean absolute error of only 0.42 cycles, with over
85% of predictions falling within ±1.0 cycles of the true RUL. Importantly, early predictive
maintenance triggers were consistently issued at least three cycles before the SOH crossed
the critical 0.8 threshold, ensuring a lead time for the operational response.

Overall, these results validate that V2G-HealthNet is not only accurate under ideal
conditions but remains effective across dynamic, high-stress EV scenarios, satisfying key
requirements for real-world deployment in smart city applications.

While the proposed V2G-HealthNet demonstrates robust performance on the chosen
high-resolution dataset, it is essential to note that the analysis was conducted using a single
battery pack from the available set of 26 packs. This choice allowed for a detailed character-
isation of the degradation trajectory without confounding inter-pack variability, yet it may
limit the generalisability of the findings to broader EV fleet applications. In real-world set-
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tings, variability in battery chemistries, manufacturing inconsistencies, and heterogeneous
usage patterns across packs can significantly influence degradation dynamics. Future work
should, therefore, extend the methodology to multiple packs with diverse operational and
environmental conditions to further validate the model’s applicability at scale.

5.5. Limitations and Future Directions

While V2G-HealthNet shows promising performance, several limitations remain. First,
the SOH labelling method is based on a proxy derived from voltage normalisation, which,
while practical, may be sensitive to system-specific voltage drift or sensor degradation.
A potential enhancement would be to fuse voltage-based SOH with coulombic efficiency
or impedance growth signals, where available.

Secondly, the model assumes a fixed proxy cycle duration (300 s), which may not
generalise well to EV fleets with irregular driving patterns or charging habits. Future
iterations could incorporate dynamic time warping or temporal attention windows to
support variable-length sequences.

Thirdly, although the model was evaluated on over 3400 cycles derived from 1 million
raw samples, the battery chemistry and environmental variability were limited to the
dataset used. Validation across multiple battery chemistries (e.g., NMC, LFP), temperature
conditions, and operational environments (e.g., public transport, delivery fleets) would
further strengthen generalisability.

Furthermore, the current implementation of V2G-HealthNet produces deterministic
point predictions for SOH and RUL without quantifying predictive uncertainty. This could
be a limitation in safety-critical contexts where overconfident predictions may lead to inap-
propriate operational decisions. Future research should, therefore, consider incorporating
uncertainty-aware techniques, such as Monte Carlo (MC) Dropout or Bayesian neural
networks, to improve model transparency and reliability. In addition, the present study
does not explicitly examine the sensitivity of V2G-HealthNet to variations in load profiles
or other dataset perturbations. Assessing how the model responds to diverse operational
scenarios and potential data shifts would provide valuable insights into its robustness and
generalisability under real-world conditions.

The present study adopts a widely used heuristic of normalised mean voltage decay to
estimate SOH, which is practical in the absence of proprietary degradation curves or direct
capacity measurements. While this approach is functionally reasonable and supported in
the literature, it inevitably oversimplifies the multifaceted mechanisms underlying battery
ageing, which include not only loss of active material but also impedance rise and side
reactions. The assumed strong correlation between average voltage and true capacity may
not always hold across chemistries or under all operational conditions. To enhance the
robustness and fidelity of SOH estimation, future work could integrate complementary
diagnostic signals, such as coulombic efficiency analysis or impedance spectroscopy, where
available, to provide a more holistic and chemically informed assessment of degradation.

The present implementation also relies on fixed-length proxy cycles of 300 s to segment
the battery telemetry, which simplifies modelling but may not fully capture the irregular
and heterogeneous nature of real-world EV usage patterns. While practical for controlled
experimentation, this assumption could constrain the model’s generalisability in deploy-
ment scenarios. Future work could explore adaptive windowing techniques that adjust
to signal characteristics or operational event boundaries, as well as attention-based archi-
tectures with masking mechanisms that can naturally process variable-length sequences.
Moreover, although the model achieves a commendable MAE of 0.42 cycles over a five-cycle
prediction horizon, this relatively short forecasting window may not suffice for long-term
predictive maintenance planning in fleet operations. Extending the forecast horizon, for ex-
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ample, through multi-step ahead prediction techniques or sequence-to-sequence models,
would enhance the model’s applicability by providing earlier warnings and facilitating
more proactive maintenance strategies.

5.6. Implications for Smart Cities and Grid Resilience

V2G-HealthNet provides a critical foundation for next-generation electrified mobility
and smart city infrastructure. Its ability to offer real-time, interpretable, and anticipatory
health insights enables not only vehicle-level maintenance optimisation but also fleet-
wide energy dispatch coordination. In the broader context of V2G systems, such models
could serve as decision layers within distributed energy resource management systems,
improving load balancing, grid reliability, and sustainability targets.

Overall, this study presents a scalable, intelligent, and domain-informed approach to
health-aware EV operation, with broad relevance to researchers and practitioners in battery
diagnostics, smart mobility, and AI-powered infrastructure planning.

The recent literature shows growing interest in Transformer-based and hybrid deep
learning models for SOH and RUL prediction. Standalone Transformers [31] and ViT+RF
hybrid models [31] have achieved SOH RMSE values as low as 0.017–0.018, while Attention-
LSTM variants report RUL MAEs of approximately 0.45 cycles [32]. Similarly, GRU+SVR
ensembles [33] and CNN+RF stacks [34] provide competitive accuracy but lack generalis-
ability across dynamic V2G loads.

Despite these advances, the proposed V2G-HealthNet outperforms existing models
with a lower SOH RMSE (0.015), higher R2 (0.97), and more precise RUL forecasting (MAE:
0.42 cycles). Unlike earlier works, our approach combines both temporal sequence learning
and cross-cycle attention modelling while being trained on variable thermal and current
loading conditions derived from real-world operational data. Crucially, V2G-HealthNet
enables direct system-level application through SOH-informed fleet dispatch and predictive
maintenance—an operational capability not demonstrated by the above-mentioned models.

Finally, the computational complexity and inference latency of the proposed V2G-
HealthNet framework have not been evaluated in this study. While the hybrid LSTM–
Transformer architecture delivers high prediction accuracy, its resource requirements may
pose challenges for deployment on embedded systems or real-time fleet management
platforms with constrained computational budgets. Future work should, therefore, quan-
tify training and inference times, assess memory and processing demands, and explore
lightweight model variants or pruning and quantisation techniques to enable efficient
real-time execution in vehicle or grid-edge environments.

6. Conclusions

This paper presents V2G-HealthNet, a hybrid deep learning framework designed for
the accurate and real-time estimation of battery SOH and RUL in EV fleets operating within
smart grid environments. By combining LSTM and Transformer architectures, the model
captures both sequential degradation patterns and global contextual dependencies, outper-
forming state-of-the-art methods across key metrics (SOH RMSE: 0.015, RUL MAE: 0.42).
Unlike prior approaches, V2G-HealthNet directly supports operational decision-making.
It enables SOH-informed load scheduling and early predictive maintenance, allowing EV
fleets to avoid critical degradation and maximise grid contribution. These capabilities were
validated using 3400 proxy cycles derived from real-world-inspired data, demonstrating
robustness and practical relevance. The core innovation lies in unifying advanced tem-
poral modelling with actionable diagnostics for smart mobility. Future work will focus
on expanding model generalisation across battery chemistries, incorporating uncertainty
estimation, and deploying the system in real-world fleet trials.
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