Journal of Power Sources 663 (2026) 238815

Contents lists available at ScienceDirect

JOURNAL OF

PGWER
SOURCES

Journal of Power Sources

journal homepage: www.elsevier.com/locate/jpowsour

Check for

Quantifying battery stress factors: An intuitive generic model for calendar e
and cycle aging simulation using time series analysis

Samira Kiefer »>®>*) Maximilian Bruch-Rosar *“, Hans-Martin Henning **
Magdalena Graczyk-Zajac ¢

a Department of Electrical Energy Storage, Fraunhofer Institute for Solar Energy Systems ISE, Heidenhofstr. 2, Freiburg, 79110, Germany

b Research & Development, EnBW Energie Baden-Wiirttemberg AG, Durlacher Allee 93, Karlsruhe, 76131, Germany

¢ Department of Sustainable Systems Engineering (INATECH), Albert-Ludwigs-Universitdt Freiburg, Emmy-Noether Str. 2, Freiburg, 79110, Germany
d Institute of Materials Science, Technical University of Darmstadt, Otto-Berndt-Str. 3, Darmstadt, 64287, Germany

HIGHLIGHTS GRAPHICAL ABSTRACT
+ Novel empirical aging model based on Time Series Data from Aging Studies _ Impact Quantification _ Aging Prediction _
stress factors. / r RN Pid N

Stress factor identification based on time
series data.

Intuitive and interpretable aging param-
eters.

.
- ———

ﬂuw ,&MN'W

Relative Capacity

\
I
I
I
[}
I
I
I
I
I
1

« Rapid assessment of key factors con- HJM lﬂ“ﬁ | 1
tributi . i M R o 1
ributing to aging. . 1
2 MLU— MJIJN .Q . Global Aging : :
a | Porametors /' \ 5B w0 o w0 o
Stress Factors (T, SOC, DOD, C- ratel N e e e ---—-—--- #~
Capacity Fade (SOH) ASo *fcvc AEFC +fm1 Af
Local Stress Parameters
ARTICLE INFO ABSTRACT
Keywords: This study introduces a comprehensive and generic aging model that disentangles and quantifies the isolated
Lithium-ion battery effects of individual stress factors on lithium-ion battery degradation. Unlike traditional empirical or semi-
Battery ag(i"lg empirical models, which often combine stress factors into aggregate predictions, the proposed framework
Aging mode

leverages time series analysis to resolve the distinct contributions of temperature, state of charge (SOC),
depth of discharge (DOD), and current rate (C-rate). This allows not only the capture of overall degradation
trends but also the interpretable parameterization of stress-dependent contributions across the operating ranges
of NMC cells. The model achieves high predictive accuracy, with a mean absolute error (MAE) of 1.10%
for training and 0.61% for validation against data from realistic load profiles. Key findings reveal that the
SOC plays a crucial role in battery aging, particularly at elevated levels, with diminishing negative effects
observed beyond 85% SOC. In addition, DOD emerged as the most significant factor, with higher DOD levels
correlating with accelerated aging, likely due to mechanical stresses impacting electrode integrity. The analysis
showed that while SOC consistently contributes to aging, the C-rate exhibited minimal influence within the
tested parameters. This study emphasizes the importance of understanding these aging factors for developing
effective battery management strategies. Despite the model’s predictive performance, several limitations were
identified, including challenges in representing extreme conditions and accurately modeling non-linear capacity
fade. Understanding these limitations is essential for enhancing the model’s applicability and reliability in
real-world scenarios. Overall, this approach advances beyond cumulative modeling frameworks by offering
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interpretable and transferable model parameters, directly linking operating conditions to aging factors and
corresponding aging parameters. These insights not only enhance predictive capability but also support the
design of optimized battery management strategies aimed at mitigating dominant aging conditions.

1. Introduction

Batteries are central to modern technology, enabling applications
from electric vehicles and renewable energy storage to consumer elec-
tronics. Demand for high-performance batteries is expected to continue
growing [1]; therefore, understanding the complexities of their aging
behavior, which directly impacts their performance and lifespan, is
crucial.

Battery aging is characterized by two primary conditions: calendar
aging, which occurs over time regardless of usage, and cycle aging,
which results from the repeated charging and discharging of the bat-
tery [2]. Understanding and predicting these aging processes is vital
for optimizing battery applications, as they influence key performance
metrics such as capacity, resistance, and overall longevity [3]. Compre-
hensive insights into battery aging are essential for industries relying
on batteries, enabling better management strategies and ultimately
enhancing user satisfaction.

Battery aging is shaped by many factors such as mechanical stress,
chemical reactions, temperature, and cycling conditions [3,4]. Because
these factors interact in complex ways, it is difficult to predict battery
behavior across different conditions [2]. Robust models are therefore
needed to reliably forecast battery life and performance and support
better management decisions.

Battery aging models serve as critical tools in understanding and
predicting the degradation mechanisms of batteries. These models can
significantly enhance battery health management by allowing operators
to adjust operational windows based on the predicted impacts of aging
factors [5]. Current approaches often rely on semi-empirical, empirical,
physical, and data-driven machine learning techniques, each with its
strengths and limitations [6,7]. However, many existing models excel
in performance predictions yet fall short in providing interpretable
insights into the contributions of specific aging factors.

The primary objective of this paper is to introduce an intuitive and
generic battery aging model that not only simulates aging behavior but
also quantifies the impact of various stress factors, including tempera-
ture (T), state of charge (SOC), depth of discharge (DOD), and current
rate (C-rate). By validating this approach with experimental data, this
research aims to fill a critical gap in the existing literature, where many
models lack interpretability regarding aging contributions. The signif-
icance of this study lies in its potential to advance battery technology
and management practices, providing a clearer understanding of the
quantitative contribution of certain stress factors to battery aging.

2. Battery aging
2.1. Calendar aging

Calendar aging refers to the degradation of battery performance
over time, even when the battery is not in use or under load. This
phenomenon is primarily influenced by factors such as temperature,
SOC, and the chemical composition of the battery materials [8]. During
calendar aging, various electrochemical processes, including electrolyte
decomposition and solid electrolyte interphase (SEI) growth, contribute
to capacity loss and increased internal resistance [4]. Research has
shown that elevated temperatures accelerate these aging processes,
leading to a significant reduction in the battery’s lifespan [9,10]. Ca-
pacity fade over time ¢ is often modeled using a power law, resulting
in functions for the capacity fade of the form:

C(t)=Cy—at’ ¢

where C, is the initial capacity and C(r) represents the capacity at
time . « describes the rate of capacity decrease in terms of the storage
conditions temperature and state of charge [11,12]. The exponent f is
usually used to capture the cell’s behavior regarding the growth of the
SEI at the graphite anode [11] and is primarily defined by the SOC.
The values assigned to g are usually between g = 0.5 and f = 1 for
diffusion-limited reactions, like SEI growth and accelerated degradation
by self-passivation, respectively [13].

One fundamental model to describe the battery’s temperature de-
pendence is the Arrhenius equation, which relates the rate of chemical
reactions to temperature:

Eq
k=A-¢ & 2

where k is the reaction rate constant, A is the pre-exponential factor,
E, is the activation energy, R is the universal gas constant, and T is
the absolute temperature in Kelvin.

2.2. Cycle aging

While calendar aging occurs when the battery is not under load,
cycle aging refers to the degradation in battery performance caused by
repeated cycling.

This phenomenon is primarily influenced by factors such as DOD,
C-rate, T, and SOC. During cycling, capacity loss and increased in-
ternal resistance result from a combination of mechanical stress reac-
tions, such as particle cracking, and electrochemical processes, includ-
ing lithium plating, electrolyte decomposition, and the growth of the
SEI [4]. Research has shown that deeper discharges and higher current
rates can accelerate these aging processes, leading to a significant
reduction in the battery’s lifespan [14]. Several mathematical models
are commonly used to describe the degradation processes associated
with cycle aging. One fundamental model is the empirical capacity fade
model, which can be expressed as:

Cny=Cy—r-n 3)

where C(n) is the capacity after n cycles (or equivalent full cycles (EFCs)
or Ah-throughput), C is the initial capacity, and r is the capacity fade
rate per cycle. The capacity fade rate takes into account the investigated
stress factors T, SOC, DOD, and C-rate.

Recent studies have focused on quantifying the effects of different
environmental and charging conditions on calendar and cyclic aging in
order to develop battery models. This can provide valuable insights for
the optimization of battery design and usage in various applications.

2.3. Aging models

The existing literature presents a range of modeling approaches with
different levels of complexity, each addressing specific aspects of bat-
tery aging. The predominant aging models can be classified into three
categories: empirical, semi-empirical, and physical-based models [6].

Empirical models are based exclusively on experimental data, fo-
cusing on fitting predictive outcomes to observed measurements with-
out elucidating the underlying mechanisms [2]. In comparison, semi-
empirical models integrate theoretical and physical mechanisms with
empirical data to validate or estimate the model parameters [6]. Phys-
ical models, on the other hand, are grounded in the fundamental phys-
ical laws and principles that govern system behavior, aiming to eluci-
date the dynamics of physical and chemical reactions occurring within
the battery. Complementary to these lifetime models, deep-learning-
based approaches for predicting remaining useful life (RUL) have re-
cently gained attention due to their ability to exploit heterogeneous
operational features for accurate prognostics [7,15].
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These modeling approaches are represented in varying degrees
within the literature, each utilizing distinct parameters and equations
tailored to different battery chemistries.

Vermeer et al. [2] conducted a comprehensive review of empiri-
cal and semi-empirical methodologies for lithium-ion batteries (LIBs).
They identified over 40 models, spanning various chemistries includ-
ing lithium iron phosphate (LFP), lithium nickel manganese cobalt
oxide (NMC), lithium nickel cobalt aluminum oxide (NCA), lithium
manganese oxide (LMO), and lithium cobalt oxide (LCO), with approx-
imately one-fourth focused on NMC batteries.

Most studies concur that the identified stress factors are prevalent.
However, the majority focus on the combined effects of cycle and calen-
dar aging rather than isolating individual contributions. This collective
approach obscures the individual contributions of specific stress factors
to battery aging. Only a limited number of studies have attempted to
quantify and elucidate the effects of individual stress factor ranges on
NMC battery aging.

Wang et al. [16] constructed a semi-empirical model for NMC-LMO
cells using a test matrix for accelerated cycle life studies covering tem-
perature, C-rate, and DOD. They investigated the capacity and power
loss with respect to cycle number, charge throughput, and time by
decoupling cycle and calendar life loss. The results showed that calen-
dar aging parameters followed a square-root-of-time dependence with
Arrhenius temperature scaling, while cycle aging parameters scaled
exponentially with C-rate. By mapping how the loss functions’ extracted
pre-exponential and exponential factors varied with temperature con-
ditions, they were able to directly relate model coefficients to specific
stress factor levels. They showed that the pre-exponential factor scales
in a U-shaped manner with a minimum around room temperature while
the exponential factor decreases with increasing temperature. Although
this work revealed parameter sensitivities with respect to temperature,
the study did not discuss in detail the influence of C-rate and DOD
on the model parameters. Additionally, the framework was ultimately
oriented toward overall life loss rather than isolating the effects of
individual stress factors.

Schmalstieg et al. [17] parameterized an aging model for
NMC/graphite cells by systematically varying storage temperature,
storage SOC, DOD, and mean SOC. They explicitly fitted degradation
functions to each test condition before analyzing how the resulting
parameters changed with operating variables. For calendar aging,
they found that the rate constants increased linearly with voltage
and exponentially with temperature, confirming SOC and temperature
dependence. For cycling, they found that capacity fade coefficients
increased approximately linearly with DOD, while the parameters
scaled with average SOC in a quadratic dependency, showing minimum
degradation around mid-SOC. In this way, their study linked stress
factors to parameter shifts in the model. However, in order to assess
the aging factor’s behavior, the remaining factors were maintained at
fixed levels. The study’s focus remained on integrating these depen-
dencies into an aggregate lifetime prognosis tool, without isolating and
discussing the impact of each aging factor in the stress factor range.

Cordoba-Arenas et al. [18] developed semi-empirical models for
capacity and power fade in NMC-LMO pouch cells under plug-in hy-
brid vehicle duty cycles. They quantified stress factor influence by
extracting severity factors for each experiment and fitting empirical
relationships between these factors and operating conditions. Capac-
ity fade parameters were shown to follow an Arrhenius temperature
dependence, with additional functional relationships to minimum SOC
and charge-sustaining versus charge-depleting duty cycle ratio. In con-
trast, resistance growth parameters depended linearly on throughput
and varied systematically with temperature and C-rate. Importantly,
they mapped parameter changes onto SOC and duty cycle conditions,
thereby tailoring the model for control-oriented applications. Yet, the
isolated contribution of individual stress factor ranges for NMC systems
was not fully resolved.
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Baghdadi et al. [19] proposed a combined calendar and cycle aging
model for NMC-LMO and NCA cells based on Dakin’s degradation
approach. The influence of stress factors was quantified through con-
trolled experiments: calendar aging was assessed at varying temper-
atures and SOCs, while cycle aging was evaluated under different
C-rates, DODs, and temperatures. Aging rates were obtained from
linear fits of logarithmic capacity fade and resistance growth, and
subsequently mapped to temperature and SOC using an Arrhenius-type
relation. To isolate cycling-induced degradation, calendar contributions
were subtracted, revealing that both higher DOD and larger current
magnitude accelerate capacity fade. Although this work provided a
first quantitative mappings between stress factors and aging rates, the
mapping was completed only for calendar aging, leaving the full model
incomplete.

In addition to the aforementioned investigations on NMC cells,
Karger et al. [20] developed a mechanistic cycle aging model parame-
terized using cycling data from 59 commercial NCA cells with silicon-
graphite anodes. Their methodology separated degradation modes by
applying half-cell fitting to open-circuit potential curves, followed by a
stepwise algorithm that linked component-specific degradation rates to
cycling stress factors such as DOD, mean SOC, temperature, and C-rate.
This approach systematically disentangled the contributions of different
stress factors, offering new mechanistic insights into how operating
conditions influence distinct degradation pathways. However, their
work was restricted to NCA chemistry and focused on component-level
cycle aging rather than full-cell degradation behavior.

Overall, these studies demonstrated that model parameters are not
static but evolve with operating conditions such as SOC, temperature,
C-rate, and DOD. While they provided a first mapping of the fitted
parameters varied across stress ranges, none of them explicitly disen-
tangled and quantified comprehensively the isolated contribution of
individual aging factors over their stress factor ranges for NMC cells.

The present study seeks to address this gap by isolating and quanti-
fying the parameter variations attributable to individual stress factor
ranges in NMC cells. By disentangling these contributions, we pro-
vide clearer insight into how specific conditions accelerate degrada-
tion, thereby advancing the understanding of battery aging beyond
cumulative modeling approaches.

3. Methods

The proposed framework follows a stepwise structure that links
experimental time series data to interpretable aging parameters. First,
the collection of the experimental dataset is introduced. Subsequently,
stress factors such as temperature, SOC, DOD, and C-rate are extracted
from the raw data. Next, we describe the mathematical formulation of
the calendar and cycle aging contributions, where the cycle aging terms
act as amplification factors relative to a defined baseline aging rate.
Finally, the global parameters of the model are optimized against mea-
sured state-of-health (SOH) trajectories to ensure that the framework
reproduces experimental outcomes with high accuracy. This stepwise
structure is intended to guide the reader from raw input data to the
fully parameterized model. Table 2 summarizes the process flow for
every stage of the methodological framework and the elements for the
corresponding methods.

3.1. Experimental battery aging tests

For conducting this aging study, a set of 20 commercial NMC523/
graphite pouch cells with a nominal capacity of 64 Ah were tested
under various calendar and cycling conditions. The data was first
published in [21]. The original names, “DDF”, were changed to “Cell”,
while preserving the original numbering. An overview of the different
test conditions can be found in Table 1. A time- and EFC-weighted
violin plot of the time series can be found in the Supplementary
Information (Fig. S1).
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Table 1
Summary of the test conditions. Cells 18-20 were cycled with constant power during charging (CP,,) and discharging (CP,;,).

Name Temperature (°C) Mean SOC (%) DOD (%) C-rate
Cell 1 10 85 - -
Cell 2 20 50 - -
Cell 3 40 25 - -

5 Cell 4 40 50 - -

= Cell 5 40 75 - -

= Cell 6 40 85 - -

© Cell 7 40 85 - -
Cell 8 40 100 - -
Cell 15 20 85 - -
Cell 16 20 85 - -
Cell 9 40 47.5 75 0.5
Cell 10 20 47.5-77.5 15-75 0.5
Cell 11 10 47.5 75 0.5

00 Cell 12 20 47.5 75 0.5

é Cell 13 20 10-90 20 0.5

> Cell 14 20 475 75 0.25-0.75
Cell 17 25 Load profile
Cell 18 30 57.5 55 0.5(CP,,) | 2(CP,,)
Cell 19 25 57.5 55 2(CP,,) | 0.5(CP,,,)
Cell 20 10 70 30 2(CP,,) | 0.9(CP,,,)

The cells underwent regular check-ups in which a quasi-open-circuit
voltage (qOCV) with a low current of C/20 and a pulse test with varying
C-rates were performed to examine the cell capacity and internal
resistance. For the cycling cells, the complete battery cycle life was
recorded and provided for the battery model. For calendar-aged cells,
only the check-ups were recorded and a constant temperature and SOC
during the storage period were assumed.

The relative capacity is calculated using Eq. (4)

Cﬂ
SOH = — =1-ASOH 4
G
where C, and C, represent the capacities at the nth and the initial
check-up test, respectively.

3.2. Data preprocessing

The initial step involves calculating the SOC of the batteries using
Coulomb counting based on Egs. (5) and (6), which is subsequently
adjusted by comparing the SOC values derived from the relaxation
period of the pulse tests against those obtained from the qOCV curve to
account for the error accumulation resulting from Coulomb counting.

I At
ASOC= ———F——— 5
C, - SOH - 3600 )
with I being the current, 4r the time interval in seconds, and C, the

initial capacity.

N

S0C = 50C, + )’ ASOC, (6)
i=1

where SOC, is the initial state of charge, ASOC; is the change in SOC

for each interval, and N is the number of intervals.

While the SOC represents the electrical charge level of a battery
relative to its full capacity, the DOD is introduced to account for
the influence of mechanical stress arising when the cell undergoes
contraction/expansion from its relaxed state due to (de-)lithiation. Both
positive and negative displacements are assumed to contribute equally
to stress accumulation. The DOD is therefore treated as a positive
parameter that increases when the battery is charged or discharged.
After each significant change in current direction (charge/discharge),
the DOD resets to zero again. In contrast to the SOC, the DOD is not a
continuous function.

To capture the battery behavior during non-continuous cycling
phases and to distinguish between significant (macro) and minor (mi-
cro) cycling events, three approaches are applied. The resulting DOD
profiles are schematically illustrated in Fig. 1.

1. Distinction between charging and discharging periods (Range

Counting):

+ During continuous charging or discharging operations, the
DOD increases progressively.

» The DOD is reset when a change in the direction of cur-
rent flow occurs, specifically during the transition from
charging to discharging or vice versa.

+ The DOD can be represented in terms of the change in SOC,
ASOC;, over each of the N intervals as

DOD := {

SN 14S0C,|, if sgn(ASOC;) = sgn(ASOC,_,), -

0, if sgn(ASOC;) # sgn(ASOC;_)).

2. Distinction between macro and micro cycles:

» Macro cycles refer to substantial charging or discharg-
ing events that extend across multiple consecutive time
intervals, resulting in an SOC difference > 2%.

* Micro cycles are characterized by short-term fluctuations
in charging or discharging, typically occurring during breaks
or between two macro cycles. The SOC difference within a
micro cycle is <2%.

The delimitation and termination of a micro cycle are based on
the following criteria:

(a) Macro cycle threshold (Rainflow method):

A micro cycle concludes when the last SOC value of
the preceding macro cycle is exceeded (for a charge
macro cycle) or undercut (for a discharge macro
cycle).

Within a macro cycle, the DOD exhibits a monoton-
ically increasing trend.

The DOD is reset at the start of micro cycles and
when transitioning between charging and discharg-
ing macro cycles.

The DOD is not reset after a long cycling break.

(b) Return of previous current direction:

A micro cycle terminates when the direction of cur-
rent flow from the last macro cycle is restored.
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Fig. 1. Schematic representation of the approaches used to derive the depth
of discharge from the state of charge. Black dashed lines indicate the change
in current direction, black dotted lines indicate the end of micro cycles.

+ Similar to the previous method, the DOD is reset
at the start of micro cycles and when transitioning
between charging and discharging macro cycles.

» While the DOD is calculated successively, it does
not necessarily follow a monotonous increase within
a cycle, as the DOD value after a micro cycle is
determined based on the recent SOC — regardless
of the SOC of the previous macro cycle.

« The DOD is not reset after a long cycling break.

The C-rate, which describes the current rate at which the battery is
cycled, is calculated as the applied current I divided by the battery’s
nominal capacity C:

Crae = & ®

Subsequently, data reduction is performed by retaining only signif-
icant changes, specifically those meeting the following criteria: AT >
1°C,AU > 0.05V,AI > 1A, or At > 30s.

3.3. Model specification

The capacity loss of batteries over time is modeled as the cumu-
lative effect of calendar aging and cycle aging, expressed in terms of
equivalent full cycles:

ASOH = f,,, - AEFC + foq - At ©

The calendar aging factor, f,,, is defined as:
fea ==L 100 10)

This er)i]fnression is based on established assumptions in the literature
as described in Section 2.1, and represents the derivative of Eq. (1)
with respect to time 7. The term t,, = 5 -365.25 24 - 3600[s] is
introduced to accurately represent the term a(SOC, T), which denotes
the capacity loss after the reference time, t,,, (here defined as 5 years).
The parameter f characterizes the shape of the aging curve, restricted
within the range 0.5 < f < 1. The combined aging effect of SOC and
T is represented in « as:

a(SOC,T) = f,(SOC) - f(T) an
with lookup table (LUT) and linear interpolation for the SOC depen-
dence

(aq,50C,,, ~ @a.s0C,)

e 2L (50C - SOC),
(50C,,, — SOC,) ( 2

[o(50C) = a, 50, +
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with 107 < a, 5oc, < 100 (12)

and an exponential equation for the influence of temperature
(%)

foM) =ap, -e\"«/, with0<ay <5and 107 <by <10’ 13)

The parameter § depends only on the SOC and is defined by a LUT
similar to f,(SOC).
(bg.s0c,,, ~ bp.soc)

(50C,,, — SOC)

with 0.5 < by soc, <1 a4

BSOC) = by soc, + -(S0C - 50C)),

For the cycle aging factor, f,,., multiplicative aging factors are
applied to account for interdependencies:

Frye = Qpase- (T): F(SOC)- f(Cye) F(DOD), —% as)

This equation provides a framework for understanding the various
stress factors, namely T, SOC, DOD, C-rate, that contribute to battery
aging as amplification factors, i.e., aging factors (f(x)). In this context,
ap.se Tepresents a baseline aging rate, which quantifies the minimal
degradation of the battery when it operates under optimal conditions.
An initial value of 20% capacity loss over 7000 EFCs is selected. This
baseline serves as a reference point, allowing normalization of the
cycling factors.

By incorporating these factors into the equation, it becomes possible
to assess how deviations from optimal conditions amplify or mitigate
the aging process. The use of a,,,, not only facilitates the comparison
of aging rates across different operational scenarios, but also helps to
identify whether the initial approximation of aging was conservative
or overestimated. This approach improves the understanding of the
interplay between various operational parameters and their combined
effects.

The cycle equations are based on established assumptions from
physical chemistry (Arrhenius-like) [11,13], and fracture mechanics
(cyclic stress and failure (S-N) curves introduced by Wohler) [22,23].
For parameters that cannot be derived through physical or chemical
knowledge, linear or quadratic LUTs and interpolation are employed
to maintain their flexibility.

It is possible to exclude some cycling parameters from the optimiza-
tion process, in case they have not been varied in the test conditions
and they cannot be inferred. In that case, the respective factor will be
set to 1, i.e., not being able to affect the value of f ..

The aging factors contributing to cycle aging based on the corre-
sponding stress factors are represented in the Egs. (16)-(19).

For the temperature dependency a LUT with quadratic interpolation
is used, rather than directly applying the Arrhenius equation. While
the quadratic interpolation is still based on Arrhenius principles, it
allows for more effective and direct incorporation and interpretation
of empirical data, capturing the complex and nonlinear relationship of
temperature effects. This approach facilitates the modeling of variations
in temperature conditions, including negative degrees Celsius, while
still reflecting the underlying Arrhenius behavior.

1) = - e e
i i+1) i+2
0TI =T)
(T =TTy —Tipn)
vap  TZTT T
2 (Ti+2 - Ti)(TH—Z - i+l)
with 1 < ar_ < 100 (16)

with a,,,, =

The influence of the SOC is modeled using a LUT with linear
interpolation:

(asoc,+l —asoc,)
(SOC,,, - SOC))
with 1 < agpe, < 100 a7

F(SOC) = agpc, + -(50C - 50C)),
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The effects of the DOD and C-rate are expressed through power law
functions to represent the characteristics of fracture mechanics:

f(DOD) = apop - DODPPoD 41,

with 0 <apop <5and 0 < bpyp < 100 (18)

be,
f(Cue)=ac,_ - C, " +1,

rate

with 0 <ae <5and0<b; <100 (19)

3.4. Optimization and parameter estimation

The optimization is carried out using the least-squares algorithm
included in the SciPy optimize module. The calendar-aged cells
are weighted by a factor of 2.5 to account for the lower number of
data points compared to the cycled cells. The cost function, which is
minimized using the local optimizer, is as follows:

K N(k)
Jeost @) =, Y wieldy = £k, 0) (20)
k=1 n=1

where ¢, represents the measured capacity check-up points with the
total number N per cell. K is the total number of cells tested and w,
is the weighting factor. The expression f,(k,6) is the prediction of the
model based on the input of aging factors for the specific cell and the
model parameters 6.

Model parameterization typically involves keeping all but one stress
factor constant [17,20], thereby isolating that condition. This method
facilitates a controlled examination of the effects of individual variables
on battery aging. In contrast, our approach considers all conditions
simultaneously, offering a more holistic approach for defining the
interactions among various factors.

The optimized aging parameters are considered global for the whole
dataset, as they are constant for the model. However, aging factors can
change with varying cycling and storage conditions at every point in
the time series and are therefore called local.

3.5. Evaluation strategy

For validation, Cell17 was cycled using a realistic load profile
and is not included in the dataset used to find the optimized model
parameters. In a second approach, only the first two-thirds of the data
points in the datasets are used to fit the model to the existing data,
so the last third can be used for validation. The time series show
differences in the time intervals of the tests and in the breaks between
the tests. Some cells were even exposed to varied stress factor ranges
during their cycle life (see Table 1). Therefore, it is valid to assume that
it is sufficient to split the data of the individual cells into training and
validation sections.

To ensure the robustness of the results, three complementary strate-
gies are employed and are schematically illustrated in Fig. 2. In the first
approach, the initial parameter values are optimized simultaneously,
guided by trends reported in literature. Specifically, parameters are
initialized such that the contribution increases with higher values of
SOC, DOD, C-rate, and temperature. This approach tests whether the
optimization converges reliably when the starting point is aligned with
prior experimental and modeling evidence. In the second strategy, all
initial parameters are kept constant without embedding any assumed
trend. The optimization is then carried out simultaneously across all
parameters. This method serves as a contrast to the first, as it removes
any directional bias from the initialization and therefore demonstrates
whether the optimization process itself can uncover systematic pat-
terns. The third strategy follows the stepwise procedure proposed by
Karger et al. [20]. Here, only a subset of parameters is optimized in
each iteration. The parameters for the factors with the lowest mean
absolute error (MAE, Eq. (21)) of a subset are fixed as new initial
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values, and the process is repeated for the remaining subsets. This
is carried out for both constant initials and initials including an as-
sumed trend. The sequential approach reduces the complexity of the
optimization at each step and makes it possible to investigate how
parameter interdependencies evolve throughout the procedure. In all
three strategies, the initial values are deliberately chosen close to the
lower boundary of the permissible optimization range. This design
ensures comparability across the approaches and prevents convergence
from being artificially biased by excessively high starting points.

To formalize the error metric, the mean absolute error is defined as:

| K Nk

MAE = ———— 3 3" |0, — k. 0)) @D
i N i

where N is the number of capacity check-up points for a number of

K tested cells. y, represents the measured capacity and f,(k,0) the

simulated capacity at a certain point. A table with the employed initials

can be found in the Supplementary Information.

4. Results and discussion

This section first presents the parameterization results and compares
the simulated outcomes with experimental data. We then validate the
model using independent datasets and partitioned training data, before
analyzing its sensitivity to the definition of DOD, initial parameters, and
input conditions. Finally, we discuss the limitations of the framework.
This structure moves from overall accuracy to factor-specific insights,
ensuring a balanced evaluation of model performance and innovation.

4.1. Model parameterization

The identified model parameters, interpolation points, and investi-
gated ranges are listed in the Supplementary Information.

The simulated aging over time based on the optimized parameters
is shown in Fig. 3. The simulation reaches an accuracy of 1.10% MAE
and a maximum absolute error of 5.29%. The MAE is lower for the
calendar cells (0.40%), meaning that those cells are better represented
by the model, while the cycled cells show an MAE of 1.36%. This
difference is most likely due to the emphasis of calendar cells during the
optimization process. However, it can also be seen that the model better
represents a more linear aging behavior, resulting in lower absolute
errors. The curves showing a negative square-root decay have higher
absolute errors.

Fig. 4 represents the outcome for the aging parameters over the
tested stress factor ranges. The results indicate that, for calendar aging,
the SOC plays a crucial role in influencing the aging process of battery
cells. Specifically, the impact on aging during storage increases with
rising SOC levels and temperature. It is noteworthy that the effect of
SOC reaches a peak at 85%, after which its influence decreases again
as it approaches 100%. This behavior suggests that while intermediate
SOC levels can contribute moderately to battery health, higher SOCs
may lead to detrimental effects. A similar pattern is observed during
cycle aging, where the SOC initially appears to have little to no effect
until it reaches a peak value of 4.04 at 85% SOC, indicating a threshold
beyond which the aging process is significantly affected. Previous
studies typically report that higher SOC accelerates battery aging, as
elevated voltage promotes side reactions and degradation processes.
These include SEI growth, electrolyte oxidation, and dissolution of
transition metals from the cathode, resulting in loss of active material
(LAM) [24-27]. All of which contribute to capacity fade.

However, the test results do not entirely align with this trend
reported in literature. Beyond a certain SOC, the aging factor does not
consistently increase further. The decay after 85% SOC can either be
caused by too little data, as most cells reached an SOC above 85%
only during the check-ups. Only one cell was stored at an SOC of 100%
and only one cell was partially cycled above 85% in specific sections.
However, Krupp et al. [24] observed that, in the context of calendar
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Table 2
Overview of the computational flow and expressions.
Stage Elements Description Reference
Measurement time series: Experimental [21]
Input temperature 7'(r), current I(r), voltage U(?),

time 1, cycles EFC

Stress factors

Data preprocessing

SOC(7) from Coulomb counting
DOD(t) by three candidate methods
C-rate(t) from applied current

Data reduction

Eq. (5)
Section 3.2
Eq. (8)

Local aging factors

Calendar aging factor f.,(r) with a(SOC,T), p(SOC)
Cycle aging factor f,,. with ay,,,

Egs. (10)-(14)
Eq. (15)

Model
S(T), f(SOC), f(DOD), f(C,4e) Egs. (16)-(19)
SOH determination SOH,, = SOH + [y (EFC ) AEFC + foy (1)) At Egs. (4), (9)
T Cost function Parameter fitting via optimizer loop Eq. (20)
Optimization . . . . - .
using least-squares algorithm in SciPy optimize Section 3.4
Output Global aging parameters Optimized model parameters for aging factors Table S2
e Out-of-sample testing, Section 3.5
Verificat
eritication Robustness check Fig. 2
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aging, a cell stored at 90% SOC exhibited similar or even lower aging
than one stored at 70% SOC. This suggests that higher SOC levels do
not necessarily result in increased capacity loss. A comparable pattern
was reported by Di Prima et al. [28], who found that aging peaked at
95% SOC and then decreased for cells at full charge. They attributed
this behavior to the shuttle effect between the electrodes, as proposed
by Ziilke et al. [29] for LIBs with NCA cathode. In this mechanism, ions
that would typically contribute to SEI formation are instead redirected
toward the cathode, thus mitigating degradation at the anode [28,29].

Furthermore, the analysis reveals that calendar aging decreases with
reduced storage temperatures, while a temperature of 20 °C proves
to be the most favorable condition during cycling, confirming litera-
ture findings [9,13,25,27,30]. At this temperature, an optimal balance
between reaction kinetics and thermal stability is achieved, minimiz-
ing the adverse effects of elevated temperatures that can accelerate
degradation processes [31].

By employing a multiplicative approach to assess aging factors as
amplification factors, we move beyond a linear summation approach.
This enables normalization of the parameters in the cycle aging term
feye = apage + (@) - f(SOC) - f(Crate) - f(DOD) (Eq. (15)) after
optimization by adjusting the baseline aging rate, a,,,,, with respect
to the minimum values of the individual aging factor functions. The
minimum values for the aging factors were analytically derived from
the respective functions (Eq. (16)—(19)) as f,,;,(SOC) = f,in(Crare) =
fmin(DOD) = 1, indicating that under optimal conditions these pa-
rameters neither decrease nor increase the aging rate relative to the
baseline. Only f,,,(T), the minimum of the temperature factor, was
identified to be f,,,(T) = 0.99. This deviation from unity reflects
the observation that under the most favorable thermal conditions, the
aging contribution is marginally lower than the assumed baseline of
pase = — 705, 1€adiNg 10 foye min = Bpase Fuin(D)* Frnin(SOC)- frin(Crate)-
Smin(DOD) = —% -0.99-1-1-1. Consequently, to ensure consistency
and comparability across all aging factors, the baseline aging rate a,,,,
is therefore rescaled to account for this value. The resulting correction
Apgse = —%;O - 0.99 indicates that the initially suggested aging rate of
20% capacity loss over 7000 EFCs was only slightly overestimated and
can be adjusted to 19.8% for normalization. This normalization allows
to directly quantify the contributions of individual stress factors to the
overall cycle aging in a consistent framework, which has so far only
been addressed in a fragmented or limited manner in literature [16-
20].

Among the various stress factors examined, the DOD factor emerges
as the most impactful, increasing with higher DOD levels and exhibiting
a maximal influence of f,, (DOD) = 6. This finding aligns with
previous studies conducted by Soto et al. [32] and Thien et al. [33],
which reported an increase in lifespan for micro-cycled batteries, sug-
gesting that careful management of the DOD can enhance battery
longevity. The literature further supports the observation that an in-
creased DOD accelerates aging due to larger fluctuations in electrode
volume [34]. Mechanistically, high DOD cycles induce substantial vol-
umetric changes in electrode materials, particularly in the graphite
anode and NMC cathode, due to deep lithiation and delithiation [35,
36]. These repeated expansions and contractions generate mechanical
stress, leading to the propagation and enlargement of microcracks
within the electrode structure [34]. These cracks diminish electronic
and ionic conductivity by disrupting the structural integrity and reduc-
ing the effective contact area between active materials. Furthermore,
the newly exposed surfaces from cracking accelerate the formation
of additional SEI, consuming cyclable lithium and contributing to the
loss of lithium inventory (LLI) [4,37,38]. These degradation path-
ways, i.e., mechanical fracturing, SEI growth, and LLI, are central to
reductions in capacity over the battery’s cycle life [4,34].

Interestingly, the analysis also reveals that the C-rate, defined as the
current rate at which the battery is charged or discharged, does not
exhibit any significant impact on aging within the tested range. This
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holds true even when considering the C-rate parameters for charging
and discharging individually (Fig. S2).

The proposed stressor-resolved time series framework was com-
pared to widely used empirical and semi-empirical Refs. [16-19].
Prior works establish Arrhenius-type calendar dependencies and mono-
tonic SOC/DOD effects under controlled matrices, typically varying
one factor at a time and aggregating results into lifetime tools. In
contrast, our formulation quantifies time-resolved contributions f(T),
f(SOC), f(DOD), and f(C,,,) directly along the entire time series
dataset. The multiplicative structure with normalization facilitates clear
isolation of individual factors and ensures consistent scaling across
operating ranges. In contrast to mechanistic separation of modes or
components [11,20], the present framework addresses full-cell behav-
ior in NMC chemistry and extends naturally to realistic, dynamic load
profiles. This enables time-resolved attribution of stressor contribu-
tions, a capability not typically achievable with matrix-based fitting
approaches [16-20].

The time-resolved contributions of the different factors are depicted
for Cell 10 in Fig. 5. The figure illustrates the voltage profile and SOH
evolution of the cell under varying DOD conditions, together with the
time-resolved progression of different aging factors. In the uppermost
panel, the voltage profile reveals the applied DOD regimes, with the
lowest DOD of 15% occurring in the blue-shaded region, followed
by progressively higher DOD windows of 30%, 45%, 60%, and 75%,
indicated by green, gray, yellow, and red backgrounds, respectively.
The contributions of calendar aging (f,,;, dark purple) and cycle aging
(feye> green) are shown in the subsequent panel. The calendar aging
factor is characterized by a stronger negative contribution at early times
that becomes less pronounced as time progresses, leading to a larger
ASOH initially and a smaller ASOH at later stages. In contrast, the
cycle aging factor does not evolve monotonically with time but instead
responds primarily to changes in cycling conditions, most notably the
imposed DOD.

The lower panels depict the multiplicative modifiers of the cycle ag-
ing factor, namely the contributions associated with temperature (f(T),
red), state of charge (f(SOC), cyan), depth of discharge (f(DOD),
pink), and current rate (f(C,,,), brown). The weighted cumulative
contribution, displayed on the secondary y-axis, evolves over time,
with each contribution scaled by the respective AE FC. Values equal to
unity indicate a neutral effect (i.e., no deviation from baseline aging),
while deviations from unity accumulate over time and EFC. Since all
modifiers act as multiplicative scaling terms relative to the baseline
cycle-aging rate, ap,., the cumulative contribution is dimensionless
and provides a normalized representation of the aggregated stress
impact throughout the aging process.

The temperature factor f(T) does not exhibit a distinct temporal
trend but increases with elevated temperature. The factor f(SOC) re-
mains consistently high under all conditions. This behavior arises from
the way the DOD was varied: the upper voltage limit was kept constant,
while only the lower limit was adjusted. As a result, the SOC regularly
reached the critical threshold of 85% in every cycle, yielding the largest
cumulative impact on cycle aging (588 over the testing period). The
DOD factor f(DOD) shows pronounced peaks during check-up phases
and contributes notably during high-DOD operation (yellow and red
zones). In contrast, f(C,,,) remains constant at unity, indicating no
measurable effect under the applied cycling conditions.

A key advantage of this method compared to conventional ap-
proaches is its ability to resolve the shown time-dependent contribu-
tion of individual stress factors. Whereas many aging models provide
only averaged or lumped effects over extended periods, this approach
enables a direct visualization of how each factor evolves under dy-
namic operating conditions. This not only improves interpretability
but also allows for a more accurate attribution of degradation mech-
anisms to specific usage patterns, thereby offering a more detailed and
mechanistically grounded perspective on cell aging.
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Overall, the figure highlights the quantitative and cumulative effects
of distinct stress factors, namely SOC, temperature, DOD, and C-rate, on
the long-term degradation of cell performance over the tested operation
period. These results provide valuable insights into the complex inter-
actions among aging mechanisms and their implications for developing
battery management strategies aimed at extending both the lifetime
and performance of battery systems.

In the existing literature, it has been demonstrated that the aging of
calendar-aged batteries undergoing periodic capacity checks is inher-
ently related to cycle aging [39,40]. Tests performed on cells subjected
to infrequent assessments, in contrast to calendar-aged cells receiving

regular evaluations, revealed significant differences in capacity decline
and resistance increase. These findings indicate that calendar and cycle
aging cannot simply be summed. To investigate to which extent this
affects the proposed model, we compare the outcomes of the pure
calendar model based solely on calendar cells with the calendar pa-
rameters from the entire dataset. A comparison of Figs. 4 and 6 shows
that the derived calendar parameters exhibit only minor differences
in the SOC dependence. This means that while we acknowledge the
findings in the literature regarding the distinct effects of calendar and
cycle aging, our model, which operates on a summation basis, can be
considered sufficiently accurate for practical purposes.
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4.2. Model validation

To validate the findings for the aging parameters, we used two
different approaches. First, the cell cycled under load profile was ex-
cluded from the input data used for optimization. This method allows to
assess the model’s predictive capabilities independently, ensuring that
the optimized parameters are robust and not overfitted to the training
data.

The results of this validation process are illustrated in Fig. 7, which
presents the simulation outcomes for the cell cycled with the load
profile based on the optimized parameters.

The simulation results align closely with the measured SOH values,
indicating that the model captures the battery’s aging behavior based
on the cycle life time series data. The lower plot provides further insight
into the accuracy of the simulations by displaying the absolute error
across the testing period. The validation revealed a maximum absolute
error of less than 1.2% and a mean absolute error (MAE) of 0.61%
compared to the original measured capacities. These results suggest a
high level of accuracy, indicating that the model can reliably predict
capacity fading of the tested cells under the specified load profile and
generalize well to conditions not included in the training dataset.

In the second approach, we partitioned the data, using two-thirds
for training and one-third as a validation set. As detailed in Sec-
tion 3.5, this method is applicable since a battery’s treatment can vary
throughout its life due to handling differences. Fig. 8 represents the
shortened dataset (solid line) alongside the corresponding validation
subset (dashed line). The lower scatter plot indicates the absolute
errors. Even though the maximum error is larger in this approach, the
results show only a slightly higher MAE of 1.34%, which is 0.24%
higher than the MAE obtained using the entire dataset. Cell 17, which
was subjected to a load profile during cycling and was not part of the
training data, exhibits an MAE of 0.54%. This indicates a performance
comparable to the previous method (Fig. 7).

The low mean absolute error values reinforce the credibility of the
optimized aging parameters and the overall modeling approach. They
also highlight the model’s potential for practical applications, such as
in battery management systems, where accurate predictions of battery
performance are essential to optimize usage and extend lifespan [41].

In conclusion, the validation process demonstrates that the model,
based on the optimized aging parameters, can simulate the performance

of lithium-ion cells under realistic cycling conditions with an accuracy
in the range of measurement errors. The low mean absolute error
values further support the robustness of the findings, providing a solid
foundation for future research. However, the cells cycled with constant
energy profile (Cells 18-20) showed exceptionally high errors when the
split approach was used for validation. This indicated that the model
shows sensitivity to some cycling procedures.

Further validation against diverse datasets and operating conditions
will be essential to enhance the model’s applicability and reliability in
real-world scenarios.

4.3. Sensitivity on depth of discharge definition

Existing literature lacks a definitive method for determining the
DOD in dynamically cycled systems. Established approaches are de-
rived from fatigue mechanics, such as the Rainflow method and Range
Counting [33,42]. Reports of extended lifespans for micro-cycled bat-
teries underscore the significance of this stress factor in the context of
battery cycle aging. Thien et al. [33] emphasized the DOD as critical
variable in their proposed model.

For the continuously cycled cells, the DOD is identical across all
three approaches introduced in Section 3.2 and therefore has no effect
on the optimization of aging parameters. For cells subjected to load
profiles, however, the calculated DOD can differ depending on the
counting method and thus affect the SOH estimation. Nevertheless, the
model exhibited only minimal variation among the three approaches.
For the dynamically cycled battery (Cell 17), the deviation in SOH
between the simplest approach (Range Counting) and the two more
detailed methods remained below 0.11%, independent of whether a 2%
or 10% SOC threshold was used to define micro cycles.

The deviation of this observation from literature may be attributed
to the relatively low DOD (approx. 50%), which falls within a range
where the model does not assign a significant impact to the DOD (<1.4).
A more pronounced effect of the DOD definition on SOH estimation
becomes apparent when the DOD of a micro cycle is maintained at
the same value as the terminal DOD of the preceding macro cycle.
This indicates that the definition of DOD can have an impact on the
SOH estimation. In the case of the tested cycling profile, however, the
changes were insignificant.
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4.4. Sensitivity on initials and base

The model demonstrates minimal dependence on the selected initial
values for optimization. As described in Section 3.5, three approaches
were employed to assess their influence. In the selection process, values
close to the lower boundary of the permissible optimization range were
chosen to avoid distorting the nature of the amplification factors. The
optimization results remained qualitatively consistent across all three
scenarios, yielding the same MAE, despite showing slight quantitative
differences (Fig. S3).

When the constant initial values deviate significantly from moderate
levels, the outcomes diverge, resulting in increased MAE (Table S2
in the Supplementary Information). We attribute this deviation to a
stronger interaction between the initial values and the trajectory of
the optimization process toward a different local minimum, leading
to variations in convergence speed or direction. This effect is less
pronounced when a trend is employed or the optimization is done
stepwise (Table S3, Table S4 in the Supplementary Information). For
the stepwise approach, the qualitative results are comparable no matter
the employed trends or level of moderation (Figs. S6-S7).

However, a significant deviation from the moderate values con-
tradicts the intended purpose of the factors, which are introduced to
enhance effects within a controlled and specific framework. Extreme
initial values can distort the intended impact of the optimization and
steer the results in undesirable directions.

When the base value, a,,,,, is decreased by a certain factor, the
weighted cumulative contribution of the product of cycle aging factors,
represented by Eq. (22), tends to increase within the same order of
magnitude. This indicates that the base value is a useful reference for
normalizing the aging factors.

feye(EFC)

pase

Cioar = C(EFCy) = Y -AEFC(EFC,) (22)

i=1

where f.,(EFC;) denotes the cycle-aging parameter at step i, and
AEFC(EFC;) represents the incremental change in equivalent full
cycles. The summation is performed over all N steps to obtain the total
weighted contribution Ciyy-

However, it is important to highlight that the contribution of the
individual stress factors can change. For a reduction of a,,, with
a factor of 10, f(SOC) increases with a factor of 5 and additionally
becomes more significant around 20% SOC, while the DOD curve shows
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a steeper slope (Fig. S4 in Supplementary Information) and the MAE is
reduced to 0.95%. The rise observed at 20% SOC could be attributed
to phase transitions in the anode. Differential voltage analysis (DVA)
reveals a peak at this SOC level (Fig. S5), indicating the occurrence of
a graphite phase transition from stagel to stageII [2].

This means that selecting the appropriate base value is crucial, as it
can affect the parameter interpretation.

4.5. Sensitivity on input data

The selection of measurement data for optimization significantly
impacts the model. To develop a robust model, it is essential to test and
include as many conditions as possible in the optimization process. Data
profiles outside the tested range may not be accurately represented,
and extrapolating such data can lead to considerable discrepancies and
incorrect assumptions.

The issue is most evident when all cells cycled with a constant
energy profile (Cells 18-20) are simultaneously excluded from the
optimization. In this scenario, the main influence of SOC shifts toward
lower charging states, while the impact of the C-rate becomes consid-
erably more pronounced. Due to its power-law dependence, the C-rate
factor can reach values as high as 340 at 2 C. Consequently, Cells 18-20,
cycled with currents >1.5 C, experience unrealistic aging rapidly in the
validation scenario (Fig. S11).

When only one cell cycled with a constant energy profile is ex-
cluded at a time (Cells 18-20), the results indicate variations in the
optimization outcomes for the parameters (Supplementary Information,
Figs. S8-S10). However, the overall trend remains consistent, allowing
qualitative conclusions regarding the primary contributing conditions.
Notably, the MAE of the cell cycled under the load profile (Cell 17)
changes only slightly — 0.65% as maximal MAE compared to 0.61%
when all other cells are included in the optimization. A comprehensive
list of all MAEs can be found in Supplementary Information, Table S5.

In conclusion, our model’s results are reliable only for conditions
within the tested ranges, where interpolation is applicable. For condi-
tions beyond these limits, it is necessary to individually assess whether
the influence can be extrapolated. It is crucial to ensure that the ex-
tremes of the subsequent application scenarios are adequately covered.

4.6. Limitations

A primary limitation of the presented approach is the missing
amplification of severely damaging conditions, particularly in scenarios
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involving lithium plating. While we attempted to address this issue
through a multiplicative approach, we assume that these methods do
not provide adequate amplification when the combination of stress
factors is particularly severe, such as in high current, elevated SOC,
and low temperature conditions. Under these circumstances, the elec-
trochemical behavior of lithium-ion batteries can deviate significantly
from expected performance metrics, leading to potential safety hazards
and reduced lifespan [38]. The inability to accurately model these
extreme conditions limits the predictive benefit of the simulations
and may result in an oversimplification of the complex interactions
occurring within the battery system. On the other hand, the Bat-
tery Management System (BMS) must prevent such extreme conditions
for the aforementioned safety reasons. Therefore, if extreme aging is
effectively mitigated, the necessity for modeling it becomes limited.

Additionally, the model does not allow for the representation of po-
tential path dependencies occurring in LIBs [43]. Since it only considers
the conditions at a specific point in the time series, it does not allow
inferences about current or future predictions based on the history of
the cell.

As discussed in Section 4.1, the model utilizes a summation ap-
proach to account for both cycle and calendar effects. Existing research
suggests that this methodology does not accurately represent the calen-
dar cell aging due to the frequent capacity check-ups [39,40]. However,
we believe that incorporating the complete dataset, which includes
check-up data for the calendar cells, contributes to a model, which
attempts to capture the cycle-aged characteristics of calendar-aged
cells.

Another significant limitation is the challenge of representing the
knee-point in the capacity versus cycle life curve under constant cycling
and calendar conditions. The knee-point, which indicates a transition
in the degradation behavior of the battery, is crucial for understanding
the long-term performance and reliability of lithium-ion batteries [44—
46]. However, the introduced model does not allow for the accurate
depiction of this critical behavior. We hypothesize that incorporating
resistance as a variable could enhance the model’s ability to capture
this phenomenon. Nevertheless, the lack of empirical data to validate
this approach remains a barrier.

The calculation of the DOD has some disadvantages, particularly
with regard to use during operation. Currently, the determination of
DOD is based solely on historical data, which means that real-time
monitoring of DOD values is not possible and an integration into an
Energy Management System (EMS) is difficult.

This study also faced limitations in modeling the possible increase
in capacity as the presented model assumes a constant capacity fade
throughout the battery’s life. This assumption may not reflect the real-
ity of battery behavior, where certain conditions can lead to temporary
increases in capacity due to factors such as structural adaptations
within the electrode materials [14,47]. The inability to account for
these variations restricts the model’s accuracy and may lead to mis-
leading conclusions regarding longevity of the battery systems under
investigation.

5. Conclusion

This study successfully established a model for predicting the ag-
ing behavior of lithium-ion cells, demonstrating robust results with a
mean absolute error of 1.10% and maximum absolute errors of 5.29%.
Beyond its predictive performance, the key advancement lies in estab-
lishing an interpretable, stressor-resolved framework that isolates and
quantifies the effects of individual stress factors, namely temperature,
SOC, DOD, and C-rate, across the tested operating ranges for the NMC
cells.

The findings reveal that the SOC significantly influences aging,
particularly when stored at elevated levels, with diminishing adverse
effects beyond 85% SOC. Additionally, the DOD emerged as a crucial
factor, with higher DOD levels correlating with accelerated aging due
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to mechanical stresses impacting electrode integrity. The analysis of
aging factors over time revealed that, despite the high absolute im-
pact of DOD, the cumulative sum for SOC is for most cells greater,
indicating its consistently high influence throughout the observation
period. The C-rate, however, showed negligible influence within the
tested parameters.

Validation against a cell cycled under load profile with a mean
absolute error of 0.61% further confirmed the reliability of the model,
indicating its potential for practical applications in real-world battery
management systems.

This study shows how specific operating conditions drive degra-
dation, providing a basis for better battery management strategies.
However, challenges remain in modeling suboptimal conditions, knee-
points, and non-linear capacity fade. Addressing these aspects will be
critical for further enhancing the reliability and applicability of the
proposed framework in practical battery technology. These findings
demonstrate that the proposed framework can improve both lifetime
prediction and the design of management strategies for lithium-ion
batteries.
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