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Abstract

Lithium-ion batteries play a pivotal role in reducing greenhouse gas emissions in the mobility
sector. However, they are also the Achilles’ heel in this transition, as much of the hesitation
to adopt battery electric vehicles (BEVs) stems from concerns about the battery. This thesis
provides experimental results and analytical methods to optimize the development and operation
of lithium-ion batteries in BEVs. It presents five studies across the research dimensions of
modeling, aging, and system design, all centered on the electric behavior of lithium-ion batteries.

A single lithium-ion cell is the smallest unit that can be optimized in a battery system, and a thor-
ough understanding of its electric behavior lays the groundwork for all subsequent development
steps. Study I presents a systematic approach to cell teardown and half-cell measurements for
electrically characterizing a commercial lithium-ion cell. The mechanistic OCV model is extended
to determine the capacities of both electrodes and the lithium inventory, enabling the calculation
of degradation modes for aged cells. Furthermore, kinetic loss processes are assigned to each
electrode, ensuring a physically meaningful parameterization of electric models.

The automotive industry relies on simulation models to accelerate time-to-market and facilitate
customer-relevant onboard functionalities. This thesis introduces new methods for parameteriz-
ing dynamic parameters in equivalent circuit models (ECM) throughout the development and
operation of BEVs. Study II enhances resistance parameterization by combining time-domain
and frequency-domain measurements via the distribution of relaxation times (DRT). Study III
enables online resistance parameterization across a wide frequency range, handling arbitrary
load profiles from BEV operation. Both approaches are physically motivated, ensuring greater
accuracy and robustness compared to existing methods.

Complex degradation mechanisms diminish battery performance over their lifetime. Study IV
examines 196 lithium-ion cells subjected to calendar, cycle, and dynamic aging across a broad
range of all main stress factors. Capacity fade, resistance increase, loss of lithium inventory (LLI),
and loss of active material (LAM) at both electrodes were monitored to gain a comprehensive
view of how aging impacts the electric properties of batteries. The results show that periodic
check-ups significantly affect calendar aging rates, revealing that the calendar life of batteries
has been underestimated in the past. The open-source dataset, with over 4,000 check-up
measurements, offers a valuable resource for developing advanced data-driven aging models to
reduce the impact of battery degradation on customers.

The electric behavior of BEVs is influenced not only by individual lithium-ion cells but also by the
battery pack as a whole. Understanding system-level effects when scaling electric characteristics
from cell to pack level is crucial. Based on a statistical analysis of 600 characterized fresh
lithium-ion cells, Study V demonstrates that inherent cell-to-cell parameter variations due to
production tolerances are negligible compared to the inhomogeneities caused by temperature
gradients in battery packs. This finding suggests that future production quality standards could
be relaxed to reduce BEV purchasing costs.
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1 Introduction

Scientific evidence for the warming of the Earth’s climate is undeniable [60], and the transition of
our society to reduce greenhouse gas emissions has become one of the major challenges of
the 21st century. At the 2015 United Nations Climate Change Conference, an agreement was
reached to limit the increase in global average temperature to well below 2 °C above pre-industrial
levels, recognizing that this target would significantly reduce the risks and impacts of climate
change [61].

To achieve this objective, greenhouse gas emissions must be significantly reduced across all
sectors, including energy and transportation [62]. In the energy sector, the primary strategy for
reducing CO2 emissions is transitioning from fossil fuels to renewable energy sources. However,
since renewables like solar and wind power are weather-dependent and fluctuate, battery energy
storage systems play a critical role in enabling this transition. Simultaneously, renewable energies
are a prerequisite for a significant reduction of CO2 emissions in the transportation sector. The
strategy here involves replacing combustion engine vehicles with electric vehicles, particularly
battery electric vehicles (BEVs), which benefit from green electricity [62].

According to the EU Climate Law of June 2021 with the objective to reduce greenhouse gas
emissions by 55 % until 2030 and 100 % until 2050, new combustion engine vehicles should be
completely replaced by 2035 [62]. This trend has already begun, not only in Europe but also
in other major markets such as the USA and China, as reported in the Global Electric Vehicle
Outlook 2024 by the International Energy Agency (IEA) [63]. Figure 1.1 shows their data on the
relative sales of BEVs.
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Figure 1.1: BEV sales share in Europe, China, and USA between 2019 and 2023. Data taken from the
Global Electric Vehicle Outlook 2024 by the International Energy Agency [63].

The annual registration of BEVs and their corresponding sales share has continuously increased
over the past 5 years. However, the growth rate of the sales share is sublinear, far from the
exponential growth needed to complete the transition to full electrification by 2035. A linear fit
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1 Introduction

over Europe’s sales share data from the last five years reveals that only about 50 % of total car
sales in 2035 will be BEVs if the growth rate doesn’t increase in the future. In Germany, the
sales share for electric cars (BEVs and plug-in hybrid electric vehicles) even fell from 30 % in
2022 to 25 % in 2023 [63].

This can be explained by the phase-out of several purchase subsidies, as well as by lingering
concerns among customers. The German National Academy of Science and Engineering
(acatech) publishes the results of a representative survey on mobility in Germany each year—the
mobility monitor [64]. Their 2024 survey revealed that the number of people expressing interest
in buying a BEV continuously declined in the last 5 years from 24 % in 2020 to 17 % in 2024. A
study by McKinsey & Company presents similar results [65]. Both studies also provide insights
into the reasons preventing people from purchasing a BEV. Some of the stated concerns refer to
limited charging infrastructure or increases in electricity prices. Additionally, many of the stated
concerns refer to the electric vehicle as a product itself [64, 65]:

• High purchase price

• Unclear resale value due to rapid technology advancements

• Limited driving range

• Long charging times

• Reduced battery lifetime

• High safety risk

This shows that on the one hand, lithium-ion batteries are a key enabler of the electrification of
individual mobility but on the other hand, they are also the Achilles’ heel because most of the
reluctance of customers in buying BEVs originates in the battery. These purchasing barriers
must be addressed to increase the market share of BEVs and achieve the ambitious goal of
fully decarbonizing the mobility sector. Hence, current research activities focus on different
fields ranging from fundamental science to applied engineering: Material scientists experiment
with new material compositions to push toward higher energy densities. Production engineers
optimize the cell design and push towards more efficient production processes to reduce cost.
In the context of automotive engineering, researchers aim to optimize the development and
operation of battery systems for electric vehicles.

1.1 Goal and Outline

This thesis provides experimental results and analytical methods to optimize the development
and operation of lithium-ion batteries in BEVs. Five studies are presented to address research
questions across different research dimensions, which are illustrated in Figure 1.2. Characterizing
the electric behavior of lithium-ion cells forms the foundation of this work. From here, the thesis
moves along and in between the research dimensions modeling, aging, and system design,
all three concerning the electric behavior of lithium-ion batteries. The research dimensions are
further motivated below.

Electric behavior: From an original equipment manufacturer (OEM) perspective, the single
lithium-ion cell is the smallest entity that can be influenced and optimized. There are hundreds of
cell types with different characteristics on the market [66] and typically, OEMs work together with
cell manufacturers to adapt cell properties for the application’s requirements. Since the purpose
2
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Figure 1.2: Overview of the pursued research dimensions.

of the battery is to provide energy and power, the electric characteristics of a chosen lithium-ion
cell influence customer-relevant features such as driving range and charging speed [27, 67, 68].
Thus, understanding the electric behavior of a specific lithium-ion cell is the foundation for all
downstream steps in the development process.

Modeling: The automotive industry aims to quickly integrate advancements in battery technology
into their products. To achieve faster time-to-market, OEMs accelerate the development cycle of
BEVs by utilizing simulation models in different stages of the development process. Simulative
analyses can reduce the effort and time for prototyping and physical testing during, e.g., the cell
selection process [69] or battery pack design process [21]. Furthermore, electric models are
utilized for onboard functionalities such as range estimation or adaptive charging protocols [26,
70, 71], which emphasizes the need for reliable and accurate models.

Aging: Range anxiety is one of the biggest reasons why customers are hesitant to buy BEVs
and to make it even worse, battery aging leads to capacity fade which further reduces the driving
range over time. To make the capacity fade less noticeable for the customer and circumvent a
decrease in driving range to a certain extent, OEMs typically limit the usable capacity initially
and revoke the throttling progressively over lifetime [20]. Limiting the operating window can also
have a positive impact on the aging rate itself [72]. Overall, this means that the battery pack is
oversized, which increases costs. Furthermore, battery degradation leads to power fade which
at some point can trigger disabling customer-relevant functionality such as fast charging [26].
In order to prevent this, innovative charging protocols need to be developed [71, 73]. In-depth
knowledge of how battery degradation impacts the electric behavior of the battery is required to
limit its impact on the customer.

System design: In a BEV, lithium-ion battery packs are composed of multiple lithium-ion cells.
Eventually, the electric properties of BEVs are not only determined by the chosen lithium-ion
cell but by the battery pack as a whole. Decisions in the system design process, such as
dimensioning of the battery pack, definition of the topology, and design of the cooling system will
all contribute to the overall production costs [74]. Thus, it is important to understand system-level
effects when scaling the characteristics from a single cell to pack level during the development
process.

3



1 Introduction

Figure 1.3 gives an overview of the structure of this work. Having outlined the goal of this work
above, the remainder of Chapter 1 presents the relevant fundamentals and the state of the art
in the research dimensions pursued. Section 1.2 introduces the main electrical parameters of
lithium-ion batteries, how they can be experimentally determined, and how they are influenced.
These parameters are the capacity, which is relevant for the driving range of a BEV, the open-
circuit voltage, which describes the static behavior of a battery, and the resistance, which
describes the dynamic behavior and power capabilities of a battery. Section 1.3 describes the
simulation of battery electric behavior using equivalent circuit models (ECMs) and outlines
methods for identifying key parameters. In the aging dimension (Section 1.4), the complex
cause-and-effect relationship of stress factors, degradation mechanisms, and aging effects is
reviewed. Methods for characterizing changes in electric behavior caused by aging are presented.
Section 1.5 addresses the fundamentals of battery system design, detailing how the electric
behavior can be scaled from a single lithium-ion cell to a battery pack for BEV applications.
Moreover, this section discusses how inhomogeneities within multiple interconnected lithium-ion
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1 Introduction

cells affect the overall electric behavior. In Section 1.6, research questions are formulated based
on the state of the art within the research dimensions. Chapter 2 presents five publications
that address these research questions. Study I leverages insights from the electrodes of a
commercial lithium-ion cell to enhance the characterization of key electric parameters (Section
2.1). Studies II and III introduce new methods for the parameterization of resistance in electric
models: Study II during the development phase of BEVs, and Study III during the operation of
BEVs (Section 2.2). Study IV provides extensive aging data over a broad range of operating
conditions and investigates the impact of aging on electric behavior by calculating an extensive
set of health parameters (Section 2.3). Study V contributes by assessing the role of cell-to-cell
variations caused by production tolerances when scaling the electric behavior from cell level to
pack level (Section 2.4). Chapter 3 critically discusses the results within the pursued research
dimensions. Chapter 4 concludes the thesis by summarizing how the findings contribute to the
objectives of this work and outlining directions for future research.

1.2 Electric Behavior of Lithium-Ion Cells

Lithium-ion cells are composed of two electrodes that enable the intercalation and deintercalation
of lithium ions. An electrolyte facilitates the transport of lithium ions between the electrodes.
A separator electrically isolates the electrodes so that electrons can flow through the current
collectors, positioned at each electrode, and pass through an external electric circuit [75]. In this
thesis, the positive electrode is referred to as the cathode and the negative electrode is referred
to as the anode. Typical cathode materials are metal oxides such as nickel cobalt aluminium
oxide (NCA), nickel manganese cobalt oxide (NMC), or lithium iron phosphate (LFP) [76]. The
anode is typically graphite [77]. To achieve higher energy densities, a small amount of silicon,
known for its higher theoretical capacity, can be added [78, 79].

1.2.1 Capacity

The capacity C of a lithium-ion cell describes the amount of charge that can be charged and
discharged in one cycle and is directly correlated with the driving range of BEVs. The relative
remaining capacity that can be discharged at a certain point is defined as the state of charge
(SOC). The capacity not only depends on the theoretical gravimetric capacity of used electrode
materials but can vary with cell format and size. It ranges from a few Ah for small cylindrical cells
to over 100 Ah for large prismatic cells.

Within this thesis, the capacity is defined as the discharge capacity. It can be experimentally
determined by fully charging and subsequently fully discharging the cell. The resulting capacity
will slightly differ depending on the specific measurement protocol [80]. Typically, the constant
current constant voltage (CCCV) method, illustrated in Figure 1.4, is applied. Thereby, the
following parameters have to be defined:

• The current during the constant current (CC) phase

• The voltage at which it is switched to the constant voltage (CV) phase

• The cut-off current to eventually stop the CV phase

These parameters must be defined for both the initial charging phase and the subsequent dis-
charging phase. The capacity is calculated by integrating current over time during the discharge
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Figure 1.4: CCCV measurement procedure to determine the capacity C of a lithium-ion cell. Measure-
ment performed with a cell of type US18650VTC5A by Sony/Murata.

phase. In general, measured capacity values are higher when either the chosen constant current
is small, due to smaller overpotentials, or when the CV phase is long, as more lithium-ions are
intercalated and deintercalated. Another option is to apply a small constant current, making the
CV phase unnecessary. This method allows for determining the static behavior of a cell, as
described in the next section.

1.2.2 Open-Circuit Voltage

Thermodynamic Equilibrium

If a lithium-ion cell is at rest and in equilibrium conditions, the full-cell open-circuit voltage (OCV)
UOCV can be measured between the cell terminals. It results from the difference in electrochemical
potentials of lithium in the cathode and the anode:

UOCV = Ucat − Uan. (1.1)

Here, Ucat and Uan refer to the cathode and anode open-circuit potentials (OCPs). Different
material compositions have different electrochemical potentials against lithium [81], which is why
LFP cells have a lower energy density compared to NMC or NCA cells. Despite using the same
anode material, the voltage window of the LFP cathode is lower, resulting in a lower nominal
voltage of the full cell (3.2–3.3 V for LFP and 3.6–3.7 V for NMC or NCA).

Figure 1.5a) shows UOCV, Ucat and Uan for a cell with silicon-graphite anode and NCA cathode.
It can be seen that both electrode OCPs depend on the degree of lithiation, meaning that Ucat

and Uan change during charging (lithiation of the anode and delithiation of the cathode) and dis-
charging (delithiation of the anode and lithiation of the cathode). The change in electrochemical
potential is a result of phase transitions of electrode materials during lithiation and delithiation,
which become more apparent by differential voltage analysis (DVA) [82–86]. The differential
voltage of UOCV, Ucat and Uan is shown in Figure 1.5b). Phase transitions are unique for each
electrode material composition and their superimposition leads to a nonlinear relationship be-
tween OCV and SOC [87]. To a small extent, UOCV is also temperature dependent because of a
change in entropy [88–90].
6
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capacities Ccat and Can and capacity of lithium inventory Cli are indicated.

Measurement Methods

Two main methods exist to experimentally determine the OCV-SOC relationship. In the first
method, the lithium-ion cell is incrementally brought to a certain SOC, and the terminal voltage
is measured after a relaxation period. It is known as the incremental OCV measurement [91],
relaxation measurement [92] or galvanostatic intermittent titration technique (GITT) [93]. The
relaxation time needed to reach a quasi-equilibrium state depends on the SOC, the current
applied to reach a certain SOC, and the temperature. It typically lies in the range of several
hours [94]. To gather the OCV curve over the full SOC range, the cell is first completely
discharged or charged and subsequently charged or discharged stepwise. The number of steps
can be varied over the SOC range to cover different areas with higher resolution [95].

The second method is referred to as CC measurement [91, 92]. Here, the battery is completely
charged and discharged with a low current (e.g. C/50), which is why it is also called quasi-
stationary OCV measurement or pseudo-OCV measurement [94]. This method was applied to
measure the curves shown in Figure 1.5. In order to obtain Ucat and Uan, half-cells are needed.
After opening the full-cell under inert gas atmosphere, half-cells can be assembled in either
coin-cell or mini-pouch format using the harvested electrodes and a metallic lithium counter
electrode [96].
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Because of small overpotentials, the CC method and the incremental OCV method with long
relaxation times yield slightly different results, even for small constant currents. A general
advantage of the CC method is its higher SOC resolution, making it favorable to use when the
differential voltage needs to be computed, as nuances in the stage transitions are captured more
accurately. Also for half-cell fitting, which is described in the next section, CC measurements are
typically used.

Electrode Balancing

In Figure 1.5, all curves are already plotted with respect to the full-cell SOC. The capacitive
and stoichiometric balancing of a cell defines how the SOCs of the half cells, SOCcat and SOCan,
relate to the full-cell SOC according to

UOCV(SOC) = Ucat(SOCcat)− Uan(SOCan), (1.2)

where SOCcat is transformed by

SOCcat = SOC ·αcat + βcat, (1.3)

and SOCan is transformed by

SOCan = SOC ·αan + βan, (1.4)

which ultimately yields

UOCV(SOC) = Ucat(SOC ·αcat + βcat)− Uan(SOC ·αan + βan). (1.5)

Eq. (1.5) is often referred to as mechanistic OCV model [94, 97–99]. The parameters αcat and
αan represent the scaling parameters and βcat and βan represent the alignment parameters for
both electrodes, respectively. The capacitive and stoichiometric balancing can be determined by
optimizing these four parameters to reconstruct the measured full-cell OCV based on measured
half-cell OCPs. This process is referred to as half-cell fitting. The capacities of both individual
electrodes Ccat and Can are derived from the scaling parameters according to

Ccat =
C
αcat

, (1.6)

and

Can =
C
αan

. (1.7)

The capacity of the cyclable lithium inventory Cli can be calculated as the sum of the amount of
lithium that is intercalated in both electrodes from the fitting parameters according to

Cli = C ·
�

βan

αan
−
βcat

αcat
+

1
αcat

�

. (1.8)

Ccat, Can and Cli are illustrated in Figure 1.5. The mechanistic OCV model can be leveraged
to investigate the influence of aging on the static electric behavior on the electrode level, as
described in Section 1.4.
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1.2.3 Resistance

Kinetic Loss Processes

When a lithium-ion cell is charged or discharged, various kinetic loss processes lead to over-
potentials and a dynamic voltage response to the load [100]. In the following, the main loss
processes are assigned to different resistances R, even though most of them are, in reality,
associated with time-dependent impedances. This simplification is made to ensure conciseness
with respect to the equivalent circuit modeling approach presented in Section 1.3. To illustrate
the transition of different overpotentials, the voltage response to a discharge pulse is shown in
Figure 1.6.

0 2 4 6 8 10 12 14 16 18 20
−3

−2

−1

0

3.5

3.55

3.6

3.65

3.7

3.75

t in s

I
in

A

U
in

V

UOCV

Uohm

USEI

Uct

Udiff

Figure 1.6: Dynamic voltage response of a Panasonic NCR18650PF cell to a 10 s discharge pulse
at 50 % SOC and 25 °C. The transition of different kinetic loss processes is qualitatively
illustrated. Figure adapted from [7].

Firstly, a significant part of overpotential is caused by the pure ohmic resistance Rohm of current
collectors, active material, electrolyte, and separator [100]. The ohmic resistance leads to an
instantaneous voltage drop. Secondly, after this instantaneous voltage drop, the resistance
caused by the solid electrolyte interphase (SEI) RSEI comes into effect. The SEI is a protecting
layer formed on the anode of lithium-ion cells [101]. The time constant of USEI lies in the range of
milliseconds. Thirdly, the charge transfer process contributes to the resistance Rct. This process
includes the desolvation of Li+ in the liquid electrolyte, their migration to the electrode surface,
and the subsequent acceptance of an electron by Li+ to form neutral Li within the electrode [102].
This process includes the double-layer capacitor at both electrodes as a result of the interface
space between the charged electrode and the surrounding electrolyte [103]. The time constant of
Uct lies in the range of milliseconds to seconds [100]. Lastly, the resistance caused by diffusion
through the electrolyte and the porous electrodes, Rdiff, contributes to the overpotential Udiff. The
response time lies in the range of seconds up to weeks [100, 104]. The total full-cell resistance
is the sum of all individual loss processes according to

R= Rohm + RSEI + Rct + Rdiff. (1.9)

Note that an exact separation of kinetic loss processes is not possible in the time domain, which
is why the transition of different overpotentials is only illustrated qualitatively in Figure 1.6 [105]. If
the current is interrupted, the described processes occur in the opposite direction but at a different
speed. This can be due to OCV hysteresis or load history-dependent OCV variations [106, 107].
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In addition to the dynamic overpotentials, the charge throughput during the current pulse leads to
a change in SOC and correspondingly to a smaller UOCV. Ultimately, the terminal voltage Uterminal

is composed of the sum of UOCV and all stimulated overpotentials due to the described kinetic
loss processes according to

Uterminal = UOCV + Uohm + USEI + Uct + Udiff. (1.10)

Measurement Methods

There are two main types of measurements to determine resistance: direct current (DC) pulses,
which are evaluated in the time domain and referred to as time-domain measurements, and
electrochemical impedance spectroscopy (EIS), which is evaluated in the frequency domain
and referred to as frequency-domain measurement [108, 109]. Both methods are illustrated in
Figure 1.7.
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(1.12)

Figure 1.7: Overview of resistance measurement in the time domain (left), and frequency domain (right).

For resistance determination in the time domain, DC pulses are applied to the cell and the
voltage response is recorded. Depending on the sampling rate ∆t and pulse duration, the cell’s
DC resistance RDC can be calculated at any time step tn by applying Ohm‘s law according to
Eq. (1.11) [110]. The described method is suitable when a single resistance value needs to be
calculated, such as for parameterizing R0 in an electric model (Section 1.3), tracking resistance
increase over lifetime (Section 1.4), or analyzing resistance variation within a batch of lithium-ion
cells (Section 1.5). To achieve reproducible results, the excitation itself must not alter the cell’s
state, such as SOC and temperature. Additionally, it is important that the cell does not enter a
regime of diffusion limitation [105]. Therefore, the discharging or charging procedure by which
a certain SOC was reached and the relaxation time before the current pulse can influence the
measured resistance [111, 112].

During EIS, a sinusoidal alternating excitation signal is imposed on the cell and the system’s
response is measured [92, 105, 113]. If the excitation is small enough (e.g. 10 mV), the cell’s
response is pseudo-linear, wherefore it will have the same frequency but is shifted in phase
angle φ. Same as in the time domain, the frequency-dependent impedance can be calculated
by using Ohm‘s law (Eq. (1.12)). With the Euler relationship, the resulting expression can be
transferred into a complex function and the impedance is ultimately represented as a complex
10
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number [105]. The impedance spectrum can be recorded by performing EIS measurements at
multiple frequencies f and the results are typically visualized in a Nyquist diagram (Figure 1.8a)).
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Figure 1.8: a) Impedance spectrum from 5 kHz to 100µHz of an aged Panasonic NCR18650PF cell at
50 % SOC and 25 °C. Different electrochemical processes are indicated. b) Corresponding
residuals according to the Kramers-Kronig Validity Test Lin-KK for Impedance Spectra [114].
Figure adapted from [7].

It can be seen that, in contrast to time-domain measurements, the different kinetic loss pro-
cesses can be distinguished. Hence, characteristic resistance values can be retrieved from
the impedance spectrum. This can offer an advantage over time-domain measurements, as
it allows the comparison of specific kinetic loss processes, rather than merely evaluating RDC

at a fixed pulse duration. Typical candidates include the x-axis intersection, representing Rohm;
the minimum after the semi-circle at 0.3 Hz, representing the sum of Rohm, RSEI and Rct; or
the difference between these two values, representing RSEI + Rct. In this work, high-frequency
resistance refers to the resistance at all frequencies above the minimum after the semi-circle, i.e.,
the sum of Rohm, RSEI and Rct. Low-frequency resistance refers to the resistance at all frequencies
below the semi-circle, i.e., Rdiff.

To get reproducible results, similar requirements as described for time-domain measurements are
also applicable for frequency-domain measurements. The system has to be linear, time-invariant,
and causal [115, 116]. These requirements can be checked with the Kramers-Kronig relations,
which mathematically relate the real part of an impedance spectrum to its imaginary part and
vice versa [114, 115], and the corresponding residuals to the shown impedance spectrum are
plotted in Figure 1.8b). It can be interpreted as follows: For high frequencies, residuals are
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close to zero and show little noise up to 1 kHz. Between 100 Hz and 10 Hz, residuals start to
increase and further oscillate around zero, indicating minor time variance. This is expected for
lower frequencies since these measurements take longer. As a result, the frequency range of
electrochemical impedance measurements for lithium-ion cells commonly lies between 10 kHz
and 10 mHz [117]. This in turn means that Rdiff cannot be fully retrieved from the impedance
spectrum and only parts of the resistance caused by diffusion can be observed.

Influence of Operating Conditions

Kinetic loss processes, i.e., the individual resistance contributors, vary depending on operating
conditions. Numerous previous studies have analyzed the dependency of resistance and/or
individual loss processes on operating conditions for various lithium-ion cell types, forming the
foundation for the following summary [92, 118–121]. Figure 1.9 presents an example from a
publication by the author [7], comparing the three main influencing factors—SOC, temperature,
and current—on the DC resistance measured after a 2 s discharge pulse. This measurement
represents Rohm, RSEI, Rct, and a portion of Rdiff.
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Figure 1.9: Comparison of the influence of operating conditions on RDC,2 s. Because of different value
ranges, separate abscissas are used and they are matched in color with the correspond-
ing plot. Measurements were performed on Panasonic NCR18650PF cells. One influenc-
ing factor was varied at a time, and the measured values were normalized based on
R50 % SOC, 25 °C, -1 C. The light-colored areas qualitatively indicate the influence of aging and
low temperatures on the magnitude of the shown dependencies based on Waag et al. [118].
Figure adapted from [7].

The resistance increases at high and low SOC, which is typically referred to as the "bathtub"
shape. This dependency is mainly driven by Rct and Rdiff, where the lower SOC range is
dominated by Rct and Rdiff of the cathode and the higher SOC range is dominated by Rct and
Rdiff of the anode [119]. This means, that the magnitude of resistance increase at high and low
SOC is not only affected by the chosen materials itself, but also by the electrode balancing.
The "bathtub" shape can become more pronounced at lower temperatures [118]. In addition, an
increase in resistance is often observed at phase transitions of the electrode materials, which
12
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can be explained by a homogenization effect caused by the local lithium distribution on the
electrode [92, 119, 122].

The resistance follows the Arrhenius dependency and decreases with increasing temperature
according to

1
R
= A · e

−EA

Rgas · T , (1.13)

with the universal gas constant Rgas, the activation energy EA, and the Arrhenius factor A [123].
The Arrhenius fit can be done separately for individual resistance contributors because they
have different activation energies. Rohm has the smallest temperature dependency because, on
the one hand, the ionic conductivity of the electrolyte increases with increasing temperature
but, on the other hand, parts of Rohm (for example the resistance of the metallic conductors) are
constant over a wide temperature range. The majority of the temperature dependency of the total
cell resistance is driven by RSEI, Rct, and Rdiff where the exact activation energy is affected by
the material composition. Furthermore, the activation energy can vary for different SOC ranges
due to the aforementioned effects of anode vs. cathode dominance and phase transitions of the
electrode materials.

With increasing absolute current rate (in both, charge and discharge direction), the resistance
decreases according to the Butler-Volmer relationship, which describes the relationship be-
tween current density and overpotential [111, 124]. Thereby, the current rate affects Rct and
Rdiff. At moderate and elevated temperatures, this effect is almost negligible but it becomes
more pronounced at lower temperatures because electrodes become less receptive. Moreover,
degradation can amplify the influence of current, SOC, and temperature on the resistance [111].
It can be concluded that the resistance depends strongly on temperature, in certain ranges also
on SOC, and to a lesser extent on current. These effects have to be considered when modeling
the electric behavior of lithium-ion cells.

1.3 Modeling the Electric Behavior

Simulation models are utilized for various purposes in the development process of BEVs.
Dedicated electric models simulate a lithium-ion cell’s voltage response to a requested current
or power profile considering the previously described static and dynamic effects. They are used,
e.g., for the dimensioning of battery packs [74] or in SOC estimation algorithms [70]. Dedicated
thermal models simulate the temperature response of a cell due to reversible and irreversible
heat generation and are used, e.g., to design thermal management systems [125, 126]. Electric
and thermal behavior mutually affect each other, which is why both aspects are often combined
in a coupled electrical-thermal model [74, 95, 127]. On the one hand, the cell temperature
needs to be known to accurately simulate the electric behavior as it influences the electric model
parameters. On the other hand, the SOC and overpotentials caused by the resistance must be
known to simulate the cell heating [128]. Building on top of electric and thermal models, aging
models aim to simulate the influence of the operating conditions on the degradation of lithium-ion
cells [129–134]. They are used, e.g., to optimize the allowed operating window over lifetime [135].
This thesis specifically focuses on electric models and their parameterization methods.
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1.3.1 Equivalent Circuit Models

Electric models of lithium-ion batteries can be grouped into three categories:

• Electrochemical models couple physical and electrochemical differential equa-
tions to represent the material interactions within a lithium-ion cell [136]. The most
prominent approach is the pseudo-two-dimensional model developed by Doyle,
Fuller, and Newman [137].

• Equivalent circuit models simulate the cell’s terminal voltage with simple elec-
tronic components like voltage sources, resistances, and capacitances [138–140].

• Data-driven models do not require in-depth battery domain knowledge but rather
rely on large amounts of training data [23]. Numerous different model architectures
were proposed in literature [141].

Since ECMs offer a good balance between parameterization effort, simulation time, and accuracy
for many automotive engineering applications [142–144], they are the focus of this thesis. The
approach follows the electric cell model described by Reiter et al. [21], with contribution from the
author, and was published as open-source [145]. Figure 1.10 shows the principle structure of
the ECM.

Uocv

R0

R1

C1

R2

C2
. . .

Rn

Cn

Uterminal

Figure 1.10: Principle structure of an equivalent circuit model with n resistor capacitor (RC) elements.

As described in Section 1.2, the terminal voltage is defined by the OCV and the sum of overpo-
tentials according to Eq. (1.10). UOCV is modeled by a voltage source. To describe the dynamic
behavior, resistances and RC elements are connected in series. A simple resistance R0 is
used to describe the ohmic resistance Rohm. RC elements provide the possibility to take the
different time constants of USEI, Uct and Udiff into account. Depending on the dynamics of the
load profile and the requirements on model accuracy, simulation time, and real-time capability, a
different number of RC elements can be implemented. In existing studies, application of no RC
element [146], one RC element [140, 147–149], two RC elements [150, 151] or higher numbers
of RC elements [152, 153] can be found. Next to RC elements, previous studies employed more
sophisticated components such as ZARC elements [154, 155] or Warburg elements [152]. These
components can provide a more accurate fit to experimental data in the frequency domain, but
there are no transfer functions to the time domain, so these elements need to be approximated
by RC elements [156]. Ultimately, the terminal voltage is calculated according to

Uterminal = UOCV + U0 + URC1 + URC2 + . . .+ URCn. (1.14)

As elaborated in Section 1.2, UOCV and the impedance parameters depend on SOC and temper-
ature. The SOC is calculated continuously during simulation runtime by integrating the current
profile and dividing it by the cell’s capacity. To account for thermal effects, the temperature
measured at the cell’s surface is used as input to the electric model. The next section discusses
how capacity, OCV, and resistances can be parameterized.
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1.3.2 Parameter Identification

UOCV can be parameterized using one of the previously described measurement methods and its
relationship with the SOC is stored in a look-up table. If the CC method with a low current is used
to parameterize UOCV, the capacity can be derived simultaneously for consistency. Alternatively,
if the incremental OCV measurement is used for parameterizing UOCV, which can enhance
coherence with the resistance parameters, the CCCV method can be employed to determine the
capacity.

Both time-domain and frequency-domain measurements can serve to identify the parameters
R0, R1, C1,..., Rn, Cn. The procedures described below are referred to as conventional fitting in
this thesis, as they are applied directly to measurement data. A comprehensive overview can be
found in the dissertation by Baumann [95]. In the time domain, a fitting algorithm can be applied
to DC-pulse measurement data to minimize the following cost function:

Uterminal(tn)
!
= UOCV(tn) + U0(tn) + URC1(tn) + ...+ URCn(tn), (1.15)

where

UOCV(tn) = UOCV



SOC(t0) +

∫ tn

t0
I(t)dt

C



 , (1.16)

and

U0(tn) = R0 · I(tn), (1.17)

and

URCn(tn) = URCn(tn −∆t) · exp
�

−∆t
Rn · Cn

�

+ Rn ·
�

1− exp
�

−∆t
Rn · Cn

��

· I . (1.18)

R0 can either be fitted as part of Eq. (1.15) or can be pre-determined. Because simulations are
performed with a discrete simulation step size and the occurring frequencies of load profiles in
BEVs are significantly lower compared to the pure ohmic resistance, R0 could be determined
at the minimum simulation frequency by using Ohm’s law, for example. The physically more
accurate assignment of R0 is achieved when it is pre-determined from the real-axis intersection
of a measured impedance spectrum. Frequency-domain measurements can also be used to
parameterize RC elements. By applying a fitting algorithm to the measured impedance spectrum
Z , the cost function

Z( f )
!
= R0 + ZRC1( f ) + ...+ ZRCn( f ), (1.19)

with

ZRCn( f ) =
Rn

1+ j2π f · CnRn
, (1.20)

can be optimized. Again, R0 can either be fitted in conjunction with the RC elements or determined
a-priori. Ultimately, the validity range of the model depends on the operating window for which it
was parameterized [140]. The measurement and parameterization procedure described above
must, therefore, be repeated for all operating conditions of interest.
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1.4 Influence of Aging on the Electric Behavior

Over the lifetime of lithium-ion cells, various electrochemical degradation mechanisms lead to
a gradual change in electrical characteristics. This is referred to as battery aging. Datasheets
of commercial cells typically give information on the lifetime by stating the remaining capacity
after a certain period or number of cycles. This information, however, is not of practical use for
developing and monitoring electric vehicles, since the relationship between cause and effect of
degradation is more complex, as schematically illustrated in Figure 1.11.
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Figure 1.11: Relationship between aging domains, stress factors, degradation mechanisms, degradation
modes, and aging effects. More granular versions of this overview can be found in the
literature [97, 157].

1.4.1 Aging Domains and Stress Factors

Aging of lithium-ion cells is inevitable and is typically categorized into two domains: calendar
aging and cycle aging [158]. Calendar aging occurs continuously during parking, driving, and
charging, and is primarily driven by the progression of time [130]. Cycle aging takes place during
charging and discharging and is a function of the cumulative charge throughput [131]. In addition
to time and charge throughput, the degradation rate is influenced by the conditions under which
a cell is stored or cycled, commonly referred to as stress factors.

For calendar aging, the stress factors are SOC and temperature, because higher voltages and
higher temperatures are favorable for parasitic side reactions to take place. Temperature and
SOC also influence the degradation rate during cycle aging, where the SOC window is often
described by two parameters. Throughout this thesis, the mean SOC and the depth of discharge
(DOD), defined as the difference between the SOC at the start and the SOC at the end of
any charging or discharging phase, are used [159]. Furthermore, the magnitude of charge and
discharge current impact the aging rate during cycling because higher current rates lead to
increased mechanical stress during cycling. Aging stress factors also partly affect each other.
Higher currents, for example, lead to higher temperatures [160]. A detailed review of the influence
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and interaction of aging stress factors, and to which extent they were considered in previous
aging studies was presented by Gewald et al. [24], with a contribution from the author.

In BEV applications, however, aging domains and stress factors are not constant over time, as
operation involves a repetitive yet unpredictable sequence of charging, parking, and driving.
This means, that aging domains and stress factors constantly change, which additionally can
influence the aging rate [161, 162]. This so-called path dependency of aging was analyzed in
more detail by Karger et al. [15], with contribution from the author. It can be concluded that a
thorough understanding of the impact and interaction of different aging domains and stress
factors is crucial for developing reliable, long-lasting battery systems, as they determine the
extent to which certain degradation mechanisms are triggered.

1.4.2 Degradation Mechanisms

Degradation mechanisms refer to the electrochemical and physical processes occurring within
the cell and their impact on cell components, such as the electrodes. Numerous degradation
mechanisms are documented in the literature; for a comprehensive overview, the reader is
referred to relevant review articles [80, 157, 163, 164]. The predominant mechanisms—SEI
growth, lithium plating, and particle fracture at both electrodes—are summarized below.

The SEI is a passivation layer that forms on the anode surface during the first cycles when
the liquid electrolyte comes into contact with the anode, which operates at voltages below the
electrolyte’s electrochemical stability [165]. During this process, lithium ions are consumed, and
electrolyte decomposes. In theory, once formed, the SEI should prevent further reactions by
blocking electron transport. However, even after the initial formation, the thickness of the SEI
layer continues to grow, albeit at a decreasing rate, due to the diffusion of solvent molecules
through the existing SEI or newly exposed electrode surfaces caused by cracks in the SEI or
active material. As the SEI thickness increases over time, it progressively hinders further SEI
growth, leading to an approximate square root dependence on time [166]. SEI growth is driven
by elevated temperatures and higher SOC (lower anode potential), as well as conditions that
promote particle cracking, which exposes new surfaces. As a result, SEI growth occurs during
both calendar and cycle aging. Similar to the anode, also the cathode can be operated outside
of the range (in this case above) of the electrolyte’s thermodynamic stability. Analogous to SEI
formation, a layer is formed on the surface of the cathode. This is referred to as positive solid
electrolyte interphase or cathode electrolyte interphase and it behaves similarly to the SEI at the
anode.

Lithium plating is a parasitic side reaction that can occur during charging of a lithium-ion cell.
Normally, lithium ions are transferred from the cathode to the anode and intercalate into anode
particles. However, if the potential of the lithiated anode falls below 0 V against pure lithium,
lithium deposition on the anode surface becomes thermodynamically favorable [167]. This can
occur either when the anode is fully lithiated (thermodynamic plating) or when the overpotentials
at the anode are high (kinetic plating). This means that high SOC, high charging currents, and
low temperatures all favor the onset of lithium plating. Separation of metallic lithium leads to
a loss of cyclable lithium, and parts of the anode’s surface may no longer be accessible for
lithium-ion intercalation. Lithium plating does not necessarily occur uniformly across the entire
electrode surface but can happen locally due to inhomogeneities in the materials and current
densities. After lithium is deposited, the inverse reaction can take place and the plated lithium
can be recovered during subsequent discharging, a process known as lithium stripping [168].
This means that lithium plating can be an irreversible or reversible degradation mechanism [169].
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Ultimately, the consequences of lithium plating can be severe in two ways. Firstly, it can trigger
a self-reinforcing process of further plating and SEI growth, which accelerates aging. This
phenomenon, often referred to as nonlinear aging, results in a knee-point in the capacity
curve [170]. Secondly, it can result in the growth of metallic lithium dendrites, which pose an
increased safety risk by causing internal short circuits when they puncture the separator.

Particle fracture refers to the process of electrode particles cracking due to mechanical stress
induced by volume changes during lithiation and delithiation. It can occur at both electrodes
and, in general, is more pronounced in materials with higher energy density. In particular,
silicon in the anode is more prone to particle cracking due to its significantly greater volume
change during intercalation compared to graphite. Particle cracking can lead to a reduction
of electrical conductivity between active particles and the current collector, increased rate of
SEI formation due to newly exposed surfaces, and loss of active material because parts of the
active material become isolated from the rest. Extreme temperatures promote particle cracking
because graphite becomes more brittle at low temperatures, while thermal stress within the
cell increases at elevated temperatures. Moreover, higher current rates lead to higher current
density at the electrode surface, resulting in increased mechanical stress during electrochemical
operation. SOC and DOD also influence the occurrence of particle cracking because passing
material phase transitions during cycling can amplify mechanical stress.

On the one hand, degradation mechanisms provide the most detailed view of aging, and their
theoretical understanding forms an essential foundation for comprehending the cause-and-effect
relationship of aging. On the other hand, degradation mechanisms are difficult to separate
from one another. A mutually exclusive and collectively exhaustive determination is practically
impossible. Therefore, a more abstract level of detail—such as degradation modes and aging
effects—is necessary to investigate, model, and predict the impact of aging on the electric
behavior of BEVs.

1.4.3 Degradation Modes and Aging Effects

Ultimately, degradation mechanisms lead to two aging effects: capacity fade and power fade.
These effects directly impact customer-relevant characteristics of BEVs, as they result in reduced
driving range and vehicle performance. In the automotive context, the aging state of lithium-ion
batteries, known as state of health (SOH), is primarily defined by the remaining capacity, denoted
as SOHC [171]. It is calculated by comparing the capacity of an aged cell, Caged, to the capacity
of a new cell, Cnew, according to

SOHC =
Caged

Cnew
. (1.21)

For mobility applications, the end of life is typically reached when SOHC drops below 80 % or
70 %. Power fade describes the reduction in the amount of power that can be delivered for a
specific time.

Capacity and power fade alone, however, do not fully capture the impact of aging on a cell’s
electric behavior. To address this, four so-called degradation modes are gaining increasing
attention as an intermediate level of abstraction between degradation mechanisms and aging
effects [99]. They group the various degradation mechanisms based on their impact on the static
and dynamic behavior of the cell’s components.
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Degradation mechanisms that influence kinetic loss processes are summarized under a single
degradation mode: resistance increase. Because resistance increase is directly correlated with
power fade, it is sometimes used as a secondary end-of-life criterium in the automotive context.
The SOH based on the resistance, denoted as SOHR in that case, is defined as

SOHR =
Raged

Rnew
. (1.22)

Degradation mechanisms that influence the static behavior, i.e., the OCV of a cell, are summa-
rized by three degradation modes: loss of lithium inventory (LLI), loss of active material (LAM) at
the anode, denoted as LAMan, and LAM at the cathode, denoted as LAMcat. LLI groups mecha-
nisms that lead to a reduced amount of cyclable lithium. LAMan and LAMcat group mechanisms
which lead to a reduction of electrode material available for intercalation of lithium-ions. Typically,
both electrodes are oversized so that LAMan and LAMcat don’t limit the overall cell capacity, at
least initially and under normal aging conditions. This is why LAM is sometimes referred to as
hidden degradation [172]. Still, LAM can give valuable insights into the aging trajectory and can
potentially indicate the onset of nonlinear aging.

Since all together—LLI, LAMcat and LAMan—alter the shape of the OCV curve, they can be
determined employing the mechanistic OCV model described in Section 1.2. Performing the
half-cell fitting using the OCV curve of an aged cell UOCV,aged according to

UOCV,aged(SOC) = Ucat(SOC ·αcat,aged + βcat,aged) −

Uan(SOC ·αan,aged + βan,aged),
(1.23)

returns the shifting and alignment parameters αcat,aged, αan,aged, βcat,aged and βan,aged. Note that the
same half-cell OCP curves Ucat and Uan, which were determined from fresh cells, are used. This
is done based on the assumption that the half-cell OCP curves themselves don’t change over
aging, but it’s only the stoichiometric and capacitive balancing, i.e., the shifting and alignment
parameters, which change [173]. Further, the electrode capacities Ccat,aged and Can,aged and the
capacity of the lithium inventory Cli,aged can be determined according to Eq. (1.6–1.8). Ultimately,
the degradation modes LLI, LAMcat and LAMan of aged cells are defined as follows:

LLI = 1−
Cli,aged

Cli,new
, (1.24)

LAMan = 1−
Can,aged

Can,new
, (1.25)

and

LAMcat = 1−
Ccat,aged

Ccat,new
. (1.26)

In conclusion, the five degradation modes and effects—SOHC, SOHR, LLI, LAMan, and LAMcat—provide
a comprehensive understanding of how degradation impacts the electrical behavior of lithium-
ion cells. Conversely, by measuring the three main electric parameters—capacity, OCV, and
resistance—of an aged cell, all five described health parameters can be determined.
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1.5 Influence of System Design on the Electric Behavior

To achieve the energy and power requirements of BEVs, individual lithium-ion cells are connected
into modules, which are then connected to form battery packs. To increase the total capacity
of the battery pack, individual cells are connected in parallel. To increase the voltage level in
order to fulfill vehicles’ power requirements without excessive current rates, series connections
are utilized [174]. The Tesla Model 3 (55 kWh) battery pack, for example, uses 161.5 Ah LFP
prismatic cells connected in a 106s1p configuration [175]. The Tesla Model Y (81 kWh) is built
out of 828 cylindrical 4680 NMC cells with a capacity of 22 Ah in a 92s9p configuration [67].
The battery pack of the Volkswagen ID.3 is composed of 78 Ah NMC pouch cells connected
into nine modules with a 2p12s topology, resulting in a total of 216 cells [27, 68]. A higher
number of parallel-connected cells can enhance system reliability in the event of a cell failure
but comes at the cost of increased system complexity and greater contacting efforts [176].
Electrical connection between cells is achieved using one of the established joining techniques:
laser welding, ultrasonic welding, or resistance spot welding [177]; mechanical joining in the
form of screwed connections [178]; or wire bonding, where the thin wire additionally acts as a
mechanical fuse [177, 179].

1.5.1 Scaling Electric Parameters from Cell to Pack Level

Assuming that all cells within a battery pack i) are produced with zero tolerances, ii) experience
identical loads during operation, and iii) are in the same aging state, the following formulas can
be used to scale their main electrical parameters up to pack level. The pack’s total capacity is
only influenced by the number of parallel connections p and can be calculated by:

Cpack = p · C . (1.27)

The pack’s OCV, in contrast, is only influenced by the number of series connections s and can
be calculated by:

UOCV,pack = s · UOCV. (1.28)

Scaling the resistance to pack level, however, is not as straightforward. For pouch cells, in
particular, the mechanical compression inside a system, when multiple cells are stacked into
a module, is different compared to an individual cell. This alters the dynamic behavior since
the applied pressure improves the electrical contact inside the cell and the ohmic resistance
decreases with increasing pressure [180]. In contrast, higher compression forces can lead to an
increase in Rct due to a reduction in the surface area of the active materials [180]. This means
that a-priori knowledge of the expected pressure is essential if resistance measurements of
individual cells should reflect the behavior once built into a battery pack. Ultimately, for calculating
the pack’s resistance, series and parallel connections need to be taken into account and the
individual cell resistance can be scaled to the pack level according to

Rpack =
s
p
· (R+ 2 · Rcontact) + Radditional, (1.29)

with the additional resistance Radditional accounting for wiring, fuses, etc. and Rcontact describing
the resulting contact resistance of joining individual cells. Brand et al. [181–183] investigated the
contact resistances of several joining techniques with different process parameters. From their
overview, it can be concluded that contact resistances roughly vary between 0.1 and 1µΩ.
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1.5.2 Parameter Variations and Inhomogeneities in Battery Packs

In practice, multiple sources of inhomogeneities lead to the divergence of individual cell parame-
ters within a battery pack, as illustrated in Figure 1.12. The following review is partly based on a
previous publication by Baumann et al. [6], with contribution from the author, where the origins
of inhomogeneous operating conditions in battery systems were discussed in detail.

Inhomogeneous
operating
conditions

Cell-to-Cell
parameter
variations

Inhomogeneous
aging
rates

System 
design

Production
tolerances

Figure 1.12: Overview of the origins and mutual effects of inhomogeneities within battery packs.

Cell-to-Cell Parameter Variations

Production tolerances can lead to cell-to-cell variations of electric parameters. This can be due to
impurities in the cells’ raw materials or imperfections in the cell manufacturing process [184–188].
It was shown that commercial electrodes can exhibit inhomogeneities at different length scales.
Variations in particle sizes and shapes can lead to inhomogeneities of the microstructure, while
imperfections in manufacturing processes can result in differences between samples taken
centimeters apart [189]. Over the past ten years, several studies quantified the cell-to-cell
variations of electric parameters of fresh lithium-ion cells [6, 27, 190–203]. They all performed
characterization procedures on commercially available cells from known manufacturers and the
batch size varied between 24 and 1100 individual cells. Figure 1.13 shows the reported relative
standard variation of capacity and resistance.
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Figure 1.13: Cell-to-cell parameter variations reported in literature. Resistance variations (0.68–5.80 %)
are consistently found to be higher than capacity variations (0.16–2.36 %), as indicated by
the light-green area.
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The capacity variation ranges from 0.16 % to 2.36 %, while the observed resistance variation
ranges from 0.68 % to 5.80 %. The differences across studies can be explained by the use
of different cell types from different manufacturers, or varying production grades. Additionally,
different measurement methods and experimental setups are prone to varying degrees of
scattering. This is particularly evident for resistance, which is sometimes determined using DC
pulses evaluated at different pulse durations, and other times measured with EIS. Rothgang
et al. [192], for example, determined the capacity with a high current rate and no CV phase.
Thus, resistance scattering is superimposed to the pure variation of capacity, which explains the
high coefficient of variation of above 2 %. In all other cases, as indicated by the light-green area,
resistance variations are consistently reported to be higher than capacity variations by a factor
of 2.4 to 16.6.

Inhomogeneous Operating Conditions

Inhomogeneous electric parameters can further lead to non-uniform operating conditions, mean-
ing that individual cells within a battery pack experience different loads, triggering a complex
chain of cause-and-effect interactions. In serial connections, the driving parameter causing inho-
mogeneous load is the capacity. Since the current (and thus also charge throughput) is the same,
different capacities will lead to different SOCs of cell strings connected in series [74]. Looking at
an arbitrary charge and discharge cycle, this means that also the DOD will be different. Since the
resistance is dependent on SOC, this can lead to differences in cell temperatures. Typically, SOC
drifts are compensated by a balancing mechanism, which helps to prevent extreme divergence
of individual cells [204].

When cells are connected in parallel, the cell voltages are all the same but the current flow
through each cell might differ. For two parallel connected cells, the current through one cell is
calculated by I1 = (R2/R1) · I2, where the individual loss processes with various time constants
have to be taken into account [205]. Variations in contact resistances can also lead to a
difference between R1 and R2 [206–212]. Different resistances lead to uneven current distribution
among parallel-connected cells, with a higher internal resistance mismatch resulting in greater
current imbalances [213]. The same considerations can be applied to any number of parallel
connections [214]. Unequal capacities can also contribute to imbalanced currents. During
charging or discharging, cells with a smaller capacity experience a faster change in SOC. As a
result, the current through this cell will decrease to maintain equal voltage across all cells [205,
215]. Imbalanced currents further cause temperature inhomogeneities [216–218].

In addition to cell-to-cell parameter variations, the system design—particularly the cooling
system—can induce temperature gradients within the system, as current thermal management
systems do not control the temperature of each cell [216, 219]. In summary, individual cells within
a battery pack experience varying load profiles during operation. Since operating conditions
influence electric parameters, the resulting divergence is superimposed on the inherent cell-to-
cell variations.

Inhomogeneous Aging Rates

Inhomogeneous operating conditions cause individual cells to age at different rates, meaning
that electric parameters change differently over time. This effect is superimposed on the inherent
cell-to-cell variations as well. Depending on the magnitude of differences in aging stress factors,
degradation mechanisms (e.g. SEI growth) are triggered at different rates. Additionally, new
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aging mechanisms may be triggered, such as lithium plating due to higher currents or particle
cracking due to higher DOD. Some studies found that parameter variations were smaller for
aged cells compared to new cells [220]. On the contrary, other studies reported that parameter
variations increased over lifetime [184, 193]. Cell-to-cell aging spreads are not only caused by
inhomogeneous operating conditions but also by production tolerances [188, 221].

1.6 Research Questions

In the following, research questions are derived based on the previously described state of the
art. Figure 1.14 illustrates them within the research dimensions electric behavior, modeling,
aging, and system design.

System 
Design

Aging

Electric 
Behavior

4

3

2a)1

2b) Physically meaningful
resistance parameterization
over a wide freqency range?

Impact of aging on 
SOHC, SOHR, 
LLI, LAMan and LAMcat?

Leveraging half-cell
measurements?

Role of inherent
cell-to-cell variations
in battery packs?

Pre-Life?

In-Life?

Modeling

Anode

Cathode
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Figure 1.14: Overview of the research questions along the pursued research dimensions.

As described in Section 1.2, experimental methods for characterizing capacity, OCV, and
resistance at the full-cell level are well established for downstream applications in all dimensions:
parameterizing ECMs in the modeling dimension, tracking capacity fade and resistance increase
in the aging dimension, and scaling the electric behavior of individual cells to the pack level
in the system design dimension. However, concerning equivalent circuit modeling, resistance
parameters determined at the full-cell level oftentimes lack physical meaning, as the kinetic
loss processes are rooted at the electrode level. This can limit the validity of these models.
Furthermore, in degradation studies, solely tracking capacity fade is only expedient to a certain
extent. A deeper understanding of the root causes of aging under different conditions can be
achieved when the degradation modes, which describe aging at the cell component level, can
also be tracked. The following research question, which forms the foundation for the research
dimensions modeling, aging and system design, is motivated:

1
Can half-cell measurements enhance the parameterization of electric models and
facilitate the identification of degradation modes during aging studies?

Load profiles occurring in BEVs encompass a wide range of dynamics: high frequencies dur-
ing driving and low frequencies during charging. However, when it comes to parameterizing
resistance parameters, the methods described in Section 1.3 have limitations in terms of ob-
serving dynamic effects. Frequency-domain measurements are well suited for reliably analyzing
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high-frequency processes but lack the ability to observe processes with large time constants.
Time-domain measurements, on the other hand, are limited by the sampling rate and mea-
surement accuracy in the high-frequency region and are better suited for gaining insights into
low-frequency behavior. Additionally, neither domain guarantees a strong relationship between
the fitted parameters and the underlying electrochemical processes as a result of mathematical
optimization against experimental data. Furthermore, the sequence of charging, parking, and
driving of BEVs is repetitive but unpredictable, which complicates the physically meaningful
parameterization and tracking of impedance parameters over a lifetime. The following research
question is motivated:

2
How can high- and low-frequency resistance be parameterized to represent kinetic
loss processes in a physically meaningful way:

a) Pre-life (during the development phase) under laboratory conditions?
b) In-life (in electric vehicles) under real-world operating conditions?

In Section 1.4, the complex interaction between the causes and effects of degradation in lithium-
ion cells was described. On the one hand, it was concluded that degradation mechanisms,
which occur at both the physical and electrochemical scales, are not suitable for investigating
the impact of different aging conditions on the electric behavior of lithium-ion cells, as they are
practically impossible to determine without a post-mortem analysis. On the other hand, analyzing
only capacity fade provides insufficient insights, as it overlooks the effects on both the static and
dynamic behavior of the cells. Degradation modes help fill this gap and mark a sweet spot within
the different levels of abstraction. Monitoring changes in OCV and the increase in resistance
can provide valuable insights into the root causes of aging and potentially signal the onset of
nonlinear aging. The following research question arises:

3
How do different aging domains and stress factors influence SOHC, SOHR, LLI,
LAMan, and LAMcat? The experimental results should support the development of
data-driven aging models.

As described in Section 1.5, there are multiple sources of inhomogeneities in battery packs. At the
core of a complex cause-and-effect chain are inherent cell-to-cell parameter differences caused
by production tolerances. Previous publications consistently reported resistance variations to be
more than twice as high compared to capacity variations, with some cases showing differences
of up to 15 times, yet no clear explanation for this behavior has been provided. Since these
values are often used as inputs for analyzing downstream effects, such as load imbalances
within parallel-connected cells, incorrect assumptions can limit the validity of these investigations.
It was also discussed that resistance measurements are sensitive due to the strong dependence
of kinetic loss processes on the cell’s state and operating conditions. The assumption that the
measurement procedure itself induces higher variability in resistance parameters motivates the
following research question:

4 Why are resistance variations greater than capacity variations, and how significant
are initial cell-to-cell variations overall?

In Chapter 2, five research articles are presented to address the research questions posed.
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Figure 2.1 places the five publications within the context of the research dimensions. The first
research question led to Study I, which is presented in Section 2.1 and forms the foundation for
the other research dimensions. To address the research question in the modeling dimension,
Studies II and III are presented in Section 2.2. The research question in the aging dimension
motivated Study IV, which is presented in Section 2.3. Finally, the research question in the
system design dimension resulted in Study V, presented in Section 2.4.

Aging

System 
Design

ModelingStudy
II

Study
IV

Study
III

Study
I

Study
V

Electric 
Behavior

Anode

Cathode

Anode

Cathode

Figure 2.1: Overview of the presented studies along the pursued research dimensions.

All investigations were performed with cells of type US18650VTC5A by Sony/Murata from the
same production batch. It has a silicon-graphite anode, with 1.4wt% silicon, and a NCA cathode
with the formulation LiNi0.80Co0.15Al0.05O [76, 222]. Figure 2.2 shows a picture and lists the main
parameters.

18m
m65m

m

Property Value

Manufacturer Sony/Murata
Cell type US18650VTC5A
Anode material Silicon-graphite
Cathode material NCA
Nominal capacity 2.5 Ah
Voltage range 2.5–4.2 V
Maximum charging current 6 A
Maximum discharging current 35 A
Weight 47.1 g

Figure 2.2: Main parameters of the investigated lithium-ion cell of type US18650VTC5A by Sony/Murata.
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2.1 Electrical Characterization based on Half-Cell Measure-
ments

Understanding the electric behavior of a lithium-ion cell is essential for optimizing the design
and operation of the battery pack in a BEV. Guided by the first research question to lever
untapped potential in the parameterization of electric models and to enable the determination
of degradation modes over aging, Study I presents the methodology and results of an in-depth
experimental characterization of the electric behavior of a commercial lithium-ion cell. Figure 2.3
provides an overview of the performed measurements, the applied analysis techniques, and
how the results are utilized in the following sections. The measurement data has been made
publicly available as open source [12].
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Figure 2.3: Graphical summary of Study I [1].

To characterize the static and dynamic behavior not only of the full cell but also of the individual
electrodes, half cells were constructed. For this, a cell was opened under an inert gas atmosphere
to extract the individual electrodes, from which circular electrode stamps were punched out.
Together with a metallic lithium counter electrode, a Polypropylene separator, an LP30 electrolyte,
and current collectors, the electrode stamps were placed in a mini-pouch bag and sealed. After
a soaking time of over 24 hours, a dedicated procedure was applied to allow the formation of the
SEI.

Full-cell OCV and half-cell OCP curves were determined using the relaxation method and the
CC method, with three different current rates, at five ambient temperatures ranging from –10 °C
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to 50 °C. DVA was performed on all measurements. Since the experiments were performed in
charge direction, the curves measured with the CC method are slightly higher compared to those
obtained with the relaxation method for UOCV and Ucat and slightly lower for Uan. Temperature
has the greatest effect on the OCV at low SOC, as a characteristic anode feature disappears
at lower temperatures. Section 2.2 further utilizes the OCV curves to parameterize the static
behavior of ECMs.

A current rate of C/10 captured all characteristic material phase transitions, proving suitable
for half-cell fitting and integration into the aging check-up procedure (Section 2.3). Besides the
measurement method, additional factors significantly impacted the half-cell fitting results. In
this case, consistent results with well-matching material phase transitions between measured
and simulated full-cell OCV were achieved by: i) fitting OCV curves instead of DVA curves, ii)
introducing an offset parameter to account for polarization differences, and iii) excluding specific
SOC ranges during the fitting procedure. Physical meaningful scaling and alignment parameters
are essential for calculating degradation modes in aged cells. Eventually, the capacities of
electrodes and lithium inventory were determined as follows: Cli = 1.003 · C , Ccat = 1.228 · C , and
Can = 1.141 · C .

The resistance was characterized using EIS at six temperatures ranging from –10 °C to 60 °C
and at 5 % increments across the entire SOC range. In order to assign the dynamic effects
of the full cell to either electrode, individual loss processes were isolated by evaluating the
distribution of relaxation times (DRT). Section 2.2.1 presents this technique in more detail.
Several sub-processes with different time constants caused by either electrode were revealed
in the charge transfer region. While Rct is dominated by the anode at high SOC, the low SOC
range is dominated by the cathode, which is also responsible for the overall bathtub shape of Rct.
Based on these results, Rohm, Rct, Rdiff, and their respective time constants were determined over
the whole available SOC and temperature range. Fitting the Arrhenius equation and determining
activation energies revealed that operating conditions have a significantly greater impact on
Rct and Rdiff compared to Rohm. The article demonstrated that assigning full-cell processes to
individual electrodes enables a physically motivated definition of the equivalent circuit model
order.
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A B S T R A C T

In recent years, in-depth analysis of the manifold properties of commercial lithium-ion batteries has gained
increasing attention, as it fosters optimized design and operational strategies of battery-powered applications
such as battery electric vehicles. However, various properties are not easily accessible and experimental
determination requires intensive efforts in the battery lab. In this study, we have performed a tear-down
analysis of a commercially available lithium-ion cell with a silicon-doped graphite anode and a Ni-rich NCA
cathode. Enhanced by computed tomography (CT) scans, we reveal the cell’s internal geometrical properties.
Furthermore, mini pouch half cells of the anode and cathode have been built to examine their electrochemical
properties in context with full cell measurements. In particular, we examined the open circuit voltage with
different measurement methods and for different temperatures and performed reconstruction of the full cell via
fitting of electrode potentials. We give detailed insights into the kinetics of the cell by analyzing the distribution
of relaxation times (DRT) calculated from electrochemical impedance spectroscopy (EIS). Individual loss
processes are assigned to either electrode and their polarization resistances and time constants are quantified
over a large SOC and temperature range. A comprehensive open-source dataset of the investigated cell is
provided to propel international research activities in the development of advanced models and algorithms for
lithium-ion batteries.

1. Introduction

The success of lithium-ion batteries (LIBs) in battery-powered appli-
cations has lead to intensive efforts towards maximizing their efficiency
as an energy source. In the case of battery electric vehicles (BEVs), it
constitutes the most expensive component [1], which is why optimized
design and operation of battery systems is of high importance. To this
end, capacity retention and battery aging is a crucial phenomenon that
has been tackled by many researchers in the past [2–5]. Aging results
from complex physical and chemical degradation mechanisms at the
cell components [5]. From an engineering perspective, it is necessary
to understand the influence of these different degradation mechanisms
and scale this knowledge to effects on the application level such as loss
of available energy and power, as illustrated in Fig. 1.

∗ Corresponding author at: Technical University of Munich, School of Engineering and Design, Department of Mobility Systems Engineering, Institute of
Automotive Technology, Germany.

E-mail addresses: leo.wildfeuer@tum.de (L. Wildfeuer), nikolaos.wassiliadis@tum.de (N. Wassiliadis).
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In order to lever untapped potential of the battery system’s perfor-
mance and to prolong its lifetime advanced models, algorithms and
operational strategies have to be designed, which require tear-down
analysis of LIBs to gather in-depth knowledge about the electrochemical
system.

1.1. Previous publications

In the past, many authors assessed the electrochemical properties of
anode [6–13] or cathode [11,12,14–18] materials. Besides the analysis
of individual cell component properties, it is important to understand
their behavior in a full cell assembly to project the results to real-world
applications. An extract of publications, which perform cell tear-down
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Fig. 1. Pipeline for the development of advanced algorithms for the deployment in Battery Management Systems (BMSs) of battery electric vehicles. This study focuses on the
in-depth analysis and characterization of a lithium-ion cell.

and in-depth component analysis on the electrode level and provide
comprehensive investigations of corresponding full cell properties, is
given in the following.

Safari and Delacourt [10] analyzed the electrochemical properties of
an LFP-based LIB and compared the electrode properties to the full cell,
thus providing a fundamental dataset for an electrochemical battery
model. However, their measurements were performed before 2011,
compromising the comparability to today’s battery cell generations. Sa-
bet et al. [19,20] analyzed the predominant processes in the impedance
spectra of commercial NMC- and NCA-based LIBs, respectively. Schmal-
stieg et al. [21] provided an electrochemical analysis of the electrode
properties of a high-power LIB which they used to parameterize a
physico-chemical model of the full cell. Kovachev et al. [22] performed
an in-depth material and design analysis of NMC pouch cells, using
a battery cell from an unknown manufacturer. Also, first generation
Nissan Leaf LMO pouch cells were analyzed from a material recycling
perspective [23]. Unfortunately, the investigation was restricted to
material analysis only. Lain et al. [24] investigated many commercially
available cylindrical LIBs with varying chemistries according to their
geometrical and active material properties and compared different
design strategies of manufacturers. An electrochemical performance
analysis was not in the scope of the work. Recently, Liebig et al. [25]
and Chen et al. [26] investigated a prismatic and cylindrical NMC
cell, respectively, at the material, electrode and full cell level. They
performed scanning electron microscope (SEM) images of the elec-
trodes, geometrical measurements, and further characterization of the
electrochemical performance (e.g., EIS). The parameters were used to
parameterize an electro-chemical model with thermal dynamics.

It can be concluded that in present literature, only a few studies
performed an in-depth investigation of commercially-available battery
cells from the electrode to the full cell level, hampering downstream
usage of the results for modeling, algorithm design and validation.
Further systematic investigations providing insights into the properties
of commercially available battery cells from the electrode to the full
cell level at various ambient temperatures are needed to avoid time-
and resource-intensive rework.

1.2. Contributions

We performed an in-depth analysis of a commercial 18650 LIB
(Sony US18650VTC5 A) involving various state-of-the-art characteri-
zation methods. The main contributions can be summarized as follows:

1. Tear-down analysis, half cell building, and investigation of
the geometrical properties
The design and geometrical properties of the electrodes and of
the full cell are investigated via destructive and non-destructive
methods.

2. Analysis of half cell and full cell open-circuit voltages
The open-circuit voltages of electrode half cells are analyzed
with different measurement methods over a broad temperature
range and the results are scaled to full cell level via electrode
balancing and alignment.

3. Analysis of half cell and full cell dynamics
The cell’s behavior under dynamic conditions is analyzed via
electrochemical impedance spectroscopy. The observed loss pro-
cesses are assigned to either half cell via analysis of the DRT.

4. Open-source access to the experimental data
All measurement data and analysis results are provided open-
source alongside the article.

The results of this study can be used to develop and parameter-
ize advanced battery analytics functionality such as physics-enhanced
equivalent circuit models (ECMs) for on-line estimation of the
impedance throughout the lifetime [27], P2D or reduced-order models
to be used in model-based fast charging strategies [28], or determina-
tion of degradation modes through the tracking of electrode balancing
over lifetime [5].

1.3. Layout

The remainder of this paper is structured as follows: Section 2
introduces the employed methods and boundary conditions for the
battery dissection and building of the half cells. In Section 3, the
geometrical properties of the investigated cell are stated and discussed.
The static behavior of the cell, i.e., OCV of the half cells and fitting
to the full cell’s OCV, is presented and discussed in Section 4. The
assessment of the dynamic cell behavior is presented in Section 5. In
Section 6, we summarize the main insights of the article.

2. Cell tear down and building of half cells

In this section, the disassembly of a commercial 18650 cell (Sony
US18650VTC5 A with a Si-doped graphite anode, NCA cathode, and
2.5Ah nominal capacity [24]) and the building of anode and cathode
half cells against metallic lithium is described.

2.1. Dissection of the cell

In the first step, a pristine cell was taken from a new manufacturing
batch and was constant current constant voltage (CCCV) discharged
to 2.5V to minimize the energy contained within the cell and thus
minimize the severity in the case of an unintended short-circuit. Then,
the cell top was removed with a pipe cutter tool under inert gas
atmosphere, while ensuring that the tool did not get in contact with the
electrode materials. After opening, the outer anode cell internal copper
tab could be seen, as shown in Fig. 2(a). The visible pierced layer
of plastic material may help to avoid any vibration- or shock-induced
internal short circuit between the negative electrode layers and the top
positive battery tab. The battery cell steel can was then thoroughly
unwound from the cell internal materials to expose the active material
layers, as visible in Fig. 2(b) and (c), respectively. Once the jelly roll
was extracted from the cell can, the electrode layers could be analyzed.
Unwrapping the jelly roll revealed the electrode tab positions, as shown
in Fig. 2(d).
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Fig. 2. Preparation of half cells under inert gas atmosphere. The cell disassembly under inert gas atmosphere can be seen in figures (a)–(d), the half cell preparation process with
sample stamping of each electrode can be seen in figures (e)–(h).

2.2. Half cell assembly

To test different operating scenarios with pristine half cells and
to provide spares in case of defects resulting from the manual pro-
cess [29,30], we built five plus three half cells per electrode. In the
first step, coins of 16mm diameter were punched out of the now
exposed electrode layer, as visible in Fig. 2(e). Since both electrodes
are doubled-coated with active material, one side of the electrode
was cleaned by mechanically removing the coating from the carrier
material with the aid of NMP solvent at 20 °C ambient temperature. In
a subsequent step, all electrode stamps were covered with a Celgard
Polypropylene mono-layer separator and countered with a layer of
metallic lithium, as seen in Fig. 2(f). The final half cell was then
equipped with current collectors and placed in a mini pouch bag. To
enable charge transfer between the electrodes, each pouch cell was
filled with 500 μL of LP30 electrolyte (1M LiPF6 in EC:DMC (1:1, v/v)).
In the final step, the mini pouch bag was sealed with a Multivac
vacuum machine. After sealing, the half cells were stored for over 24 h
to guarantee that the electrolyte completely soaked into the pores of
the cell components.

2.3. Formation of half cells

To allow the formation of a solid electrolyte interphase (SEI) at the
electrode–electrolyte interface, a formation procedure was undertaken
with all half cells by cycling in charge and discharge direction. The
formation cycles are plotted in Fig. 3 for both half cells. Stable voltage
traces and a coulombic efficiency over 99% was reached after three
cycles for all half cells.

During formation, the minimum and maximum voltage limits for the
anode were set to 10mV and 1.5V, respectively, as voltage gradients
steeply ramp up beyond those limits and critical voltages are avoided.
The cathode limits were likewise set to 2.5V and 4.25V. C/10 was
chosen as the charge and discharge current. The resulting current was
calculated using the down-scaled areal capacity (Fig. 5) of the electrode
section according to:

𝐼HC = (16mm∕2)2 ⋅ 𝜋 ⋅ 0.024mAh∕mm2 ⋅ 0.1 h−1 = 0.481mA. (1)

For mini pouch bags, areal pressure has to be considered to make
sure that volume changes do not lead to inhomogeneous contact or even
internal disconnects. A target pressure of 0.1MPa was set by placing the

half cells with an active area of (16mm∕2)2 ⋅ 𝜋 = 201mm2 between two
square polymer contact plates and stressing the plates with a weight of
2 kg.

3. Geometrical parameters

In addition to the cell disassembly described in the previous section,
we applied computed tomography (CT) to support the geometrical
measures with data from the pristine cell. The non-invasive images
(Fig. 4) reveal the internal structure of the full cell. The jelly roll has 27
electrode double layers with a total thickness of approximately 100 μm.
Note that a more precise digital measurement was not possible due
to the limited scan resolution of approximately 50 μm voxel size. The
active volume, i.e., the volume which is occupied by the electrode
layers including the pore volume, approximates to 87% of the total cell
volume.

The geometric properties and tab placement on the individual elec-
trodes are illustrated in Fig. 5. On the anode, two current collector tabs
are placed on uncoated copper foil at both ends. As previous studies
pointed out [24], this design offers the potential to minimize resistance
and heat generated in the cell core, since heat can be easily transferred
from the cell core to the cell can over the center collector. Out of a
total anode length of 947mm, one side of the outer surface shows a
larger area with uncoated copper foil (50mm), which is left out during
coating as it wraps the remaining cathode inside the winding and has
no countering active material. At the inner surface, the coated area is
larger and has a total length of 925mm.

The cathode has one similar-sized current collector of aluminum,
which is placed close to the center of the electrode. The slight offset
towards the cell core may be a design feature to further increase the
heat flow out of the cell core [24], which appears to be of higher
priority than minimum resistance due to equidistant current paths
through the cell. Both sides of the cathode are coated equally with NCA.

Both electrodes are wrapped up with a hollow center pin of 2.6mm
in diameter. Beyond production reasons, center pins allow for fast heat
transfer out of the cell core during operation [31]. The slight over-sizing
of the anode compared to the cathode is known as anode overhang, a
design measure to ensure that the cathode is always countered with
anode active material [32]. As a consequence, Li-ions can be accepted
during charging even if electrodes are slightly misaligned during cell
production. Hereby, the risk of local lithium plating at the electrode
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Fig. 3. Formation of the half cells until a stable voltage trace is reached. Voltage over time in (a)/(c) and voltage over capacity in (b)/(d) for anode and cathode half cells,
respectively. Colored curves represent the three consecutive charge/discharge cycles, with gray markers indicating the formation starting point.

Fig. 4. CT scans of the investigated cell with digital measurements taken in myVGL
(Volume Graphics GmbH, Germany). (a) provides a lateral and (b) the axial view into
the cell through the cell center and reveals properties of the jelly roll.

edges is avoided. Contradictorily, many studies pointed out that the
overhang leads to diffusion of lithium-ions into the overhang edges,
which may aggravate inhomogeneous current densities during cycling,
further provoking local lithium plating at the edges [29]. According to
Lewerenz et al. [33], the ratio of the overhang can be calculated to
approximately 7% of the total active area.

4. Open-circuit behavior

In this section, the voltage of the full cell and the constructed half
cells at thermodynamic equilibrium are analyzed. For this, different
OCV measurement methods are discussed in the first step. In the second
step, the temperature dependency of the OCV is investigated between
−10 °C and 50 °C. In the last step, both half cell OCVs are used to
reconstruct the full cell OCV and reveal the electrode balancing. All
measurements were performed with a BaSyTec CTS Lab.

4.1. Influence of measurement methods

There are two common methods for measuring the OCV of a cell,
the galvanostatic intermittent titration technique (GITT) and the mea-
surement of a pOCV with a low current rate [34]. To analyze the
impact of these methods on the results for the tested cell type, pOCV
measurements were performed with a C-rate of C/10, C/50 and C/100
at a reference temperature of 20 °C and GITT measurements with a
relaxation time of 2 h at 40 state-of-charge (SOC) steps. The top row of
Fig. 6 shows the results for the different methods for the full cell and the
two half cells, respectively. Small voltage deviations between the differ-
ent methods are present, which are caused by different overpotentials
during the measurement. The voltage during the pOCV measurements
is higher with the increasing current and is generally higher than the
voltage measured during GITT.

Additionally, differential voltage analysis (DVA) of each measure-
ment was performed and the results are shown in the bottom row
of Fig. 6. The positions of the characteristic peaks in the DVA re-
sulting from stage transitions in the anode [35,36] and cathode [37]
(marked in Fig. 6(d)—(f)) are in good accordance for all measurement
methods with small deviations propagating from the discussed OCV
differences. Despite the limited amount of sampling points of the GITT
measurement, the derived DVA curve also matches the stage transitions
well. However, information losses occur in regions with higher voltage
dynamics, e.g., anode stage IV. As a result, we conclude that for the
investigated cell type, a pOCV measured with C/10 is sufficient to
identify electrode characteristics and stage transitions at specific SOCs
at the cost of higher overpotentials compared to GITT. In doing so, lab
testing times, especially when tracking the pOCV during aging studies,
can be reduced.

4.2. Temperature dependency

We performed pOCV measurements over a broad temperature range
(−10 °C, 5 °C, 20 °C, 35 °C and 50 °C) to investigate the temperature
dependence of the full cell’s and half cell’s OCV [38]. To minimize the
influence of increased overpotentials at low temperatures, we chose
a current of C/50. For this analysis, five different cells were used.
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Fig. 5. Cell electrode design: The anode (left) is coated with Si-doped graphite, except for the contacting area of the two current collectors and the anode overlap at the outer
surface close to the cell housing. The NCA cathode (right) is designed with a single current collector at the center. The NCA coating covers the remaining electrode wrap. All
measures are in mm.

Fig. 6. Influence of different OCV measurement methods on the pseudo-OCV (top row) and corresponding DVA (bottom row) for the full cell (left column), anode (center column),
and cathode (right column) over normalized capacity 𝑄∕𝑄FC, 𝑄∕𝑄NE, and 𝑄∕𝑄PE, respectively. The actual measured capacities 𝑄FC, 𝑄NE, and 𝑄PE were used for normalization. OCV
curves were measured in charge direction of the full cell at 20 °C. Additionally, lithiation stages and phases of the active material labeled.

Whereas intrinsic parameter variations due to production tolerances of
the individual samples are expected to be negligible for the commer-
cial full cell [39–41], these intrinsic variations might increase during
manual half cell assembly and subsequent formation. However, Schmid
et al. [42] showed that similar orders of magnitude of parameter
variations are achievable for manually built half cells, which is why
we chose to conduct the measurements with different samples, as
subsequent testing of one sample would also influence the measurement
results due to degradation of the half cells [30]. Experimental results
are presented in Fig. 7. Again, the differential voltage is also plotted to
investigate a shift of the characteristic peaks with varying temperature.

At low SOC, the OCV curves fan out and the voltage increases with
decreasing temperature. In the DVA of the full cell and the anode, the
stage transitions at approx. 10% SOC (which is assumed to be caused
by silicon in the anode [36]) disappears. However, no clear answer can
be given as to whether this behavior results from an altered behavior
of silicon at low temperatures or from increased overpotentials. This
temperature effect is still visible at the stage III transition of graphite.
Additionally, directly after the stage III transition, between 30% SOC

and 40% SOC, an extra peak starts to develop for temperatures higher
than 20 °C, which can be attributed to the anode. Apart from these
observations, the voltage curves behave consistently over the entire
temperature range.

4.3. Electrode balancing

Up to now, all voltage and differential voltage curves have been
plotted over their normalized capacity 𝑄∕𝑄Cell. However, to reconstruct
the full cell voltage and understand the electrode balancing, the voltage
curves of anode and cathode need to be scaled and aligned. In the
following, this process is referred to as half cell fitting and the results
are shown in Fig. 8. Based on the previous findings of the influence of
measurement methods, we chose the C/10 curves for half cell fitting.

Half cell fitting can directly be done by using the OCV curves [5].
However, using derivatives such as incremental capacity analysis (ICA)
curves [43] or DVA curves [44] might be beneficial to properly match
the characteristic transition phases of the individual electrodes. In
theory, all methods should yield the same results. In practice, however,
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Fig. 7. Temperature dependency of the pseudo-OCV (top row) and corresponding DVA (bottom row) for the full cell (left column), anode (center column), and cathode (right
column) over normalized capacity 𝑄∕𝑄FC, 𝑄∕𝑄NE, and 𝑄∕𝑄PE, respectively. The actual measured capacities 𝑄FC, 𝑄NE, and 𝑄PE were used for normalization. pOCVs curves were recorded
in charge direction with a current of C/50.

slight differences in the algorithm and the processed data will lead to
deviating results. Therefore, half cell fitting was performed in the OCV
domain as well as in the DVA domain.

The first step of the half cell fitting is to nondimensionalize the
capacities of all potential curves to between 0 and 1. This is necessary
because the half cells consist of only a fraction of the full cell’s active
material. Nondimensionalizing is allowed because the measured half-
cell potentials are a material property and independent of the amount
of active material.

In the next step, a fitting range is defined to exclude certain SOC
ranges, which has been reported to increase the quality of the fit [5]. At
low SOC, the voltage curve of the anode is especially steep. Thus the DV
increases towards large values, causing a fitting procedure to minimize
the error mainly in this range. Furthermore, due to the fast change in
anode potential without much charge throughput, this range is highly
sensitive to the measurement procedure, which could further distort
the results. Thus, by excluding the outer SOC-ranges from the fitting,
special attention can be paid to accurately fit the stage transitions of
graphite. The difference between the upper bound 𝑥ub and lower bound
𝑥lb is defined as the fitting range 𝜗fit:

𝜗f it = 𝑥ub − 𝑥lb. (2)

In the OCV-domain, the electrode balancing is performed by mini-
mizing the cost function 𝑓cost,OCV:

𝑓cost,OCV = ∫
𝑥ub

𝑥lb

(
𝑈OC

FC(𝑥FC
)
− 𝑈sim

FC(𝑥FC
))

→ min. (3)

Here, the fitting is performed by computing a simulated full-cell
OCV 𝑈sim

FC(𝑥FC
)

via

𝑈sim
FC(𝑥FC

)
= 𝑈OC

PE
(
𝛼PE𝑥FC − 𝜈PE

)

− 𝑈OC
NE

(
𝛼NE𝑥FC − 𝜈NE

)
− 𝛿volt . (4)

The fitting parameters 𝛼PE∕NE and 𝜈PE∕NE determine the horizontal
scaling and shifting of the cathode and anode voltage curves, re-
spectively, and are dimensionless. The fitting parameters 𝛿volt carries

the unit [V] and is introduced to equalize the difference in internal
resistance within the experimental half cells compared to the full cell.

Without the introduction of 𝛿volt , which lies between 14mV and
20mV in the case of C/10 measurements, the optimization algorithm
would be forced to compensate the existing difference in internal resis-
tance by shifting the electrode’s potential curves in the 𝑥-direction. This
could lead to a mismatch of characteristic stage and phase transitions
of the measured and simulated full cell curve. A positive value of 𝛿volt
means that the resistances of one or both half cells is higher compared
to the full cell, even though it is normalized to the active surface area.
This is the case and it is visible in the impedance spectra shown in the
next section.

In the DVA-domain, the cost function has to be formulated as:

𝑓cost,DVA = ∫
𝑥ub

𝑥lb

(
𝑑𝑈OC

FC

𝑑𝑥FC

(
𝑥FC

)
−

𝑑𝑈sim
FC

𝑑𝑥FC

(
𝑥FC

))
→ 𝑚𝑖𝑛, (5)

with
𝑑𝑈sim

FC

𝑑𝑥FC
(𝑥FC) =

𝛼PE

𝜈f it

(
𝑑𝑈OC

PE

𝑑𝑥FC
(𝛼PE𝑥FC − 𝜈PE)

)

− 𝛼NE

𝜈f it

(
𝑑𝑈OC

NE

𝑑𝑥FC
(𝛼NE𝑥FC − 𝜈NE)

)
. (6)

The effect of a different resistance on the differential potential
curves is much lower, as shown in the previous section. Therefore, the
optimization algorithm does not need a vertical adjustment parameter
such as 𝛿volt to match the stage and phase transitions well.

There are three main factors influencing the fitting results: (i)
the measurement procedure (ii) the fitting domain (OCV-domain or
DVA-domain), and (iii) the fitting range. To investigate these influenc-
ing factors, we performed the fitting for each combination of 𝑥lb ∈
[0:0.005:0.15] and 𝑥ub ∈ [0.9:0.005:1] in the OCV domain and the
DVA domain for both, C/10 and C/50, pOCV measurements. For each
configuration, the RMSE was calculated in the OCV domain (with the
unit mV) and the DVA domain (with the unit mV/Ah) over the full SOC
range (0–1), denoted as 𝜀full, and over the reduced SOC range (0.15–
0.9), denoted as 𝜀range. The error measures and fitting parameters are
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Fig. 8. Full cell OCV and DVA reconstruction from individual electrode potentials. 1st row: Results for fitting in the OCV domain (a) and fitting in the DVA domain (b)
pOCV curves with C/10 at 20 °C for 𝑥lb = 0.1 and 𝑥ub = 0.9. The fitting parameters 𝛼PE∕NE and 𝜈PE∕NE are additionally illustrated: 𝑄∕𝑄PE/NE are the normalized electrode capacities
resulting from 𝜗f it∕𝛼PE∕NE. The shifting parameters 𝜈PE∕NE(0%) are illustrated at the state, where the respective electrode is fully delithiated. For the anode it is calculated as
𝜈NE(0%) =

(
𝜗f it∕𝛼PE∕NE ⋅ (0 − 𝜈PE∕NE)

)
+ 𝑥lb. For the cathode it is calculated as 𝜈PE(0%) =

(
𝜗f it∕𝛼PE ⋅ (1 − 𝜈PE)

)
+ 𝑥lb. 2nd–6th row: Fitting parameters and fitting errors dependent on the

fitting domain (solid vs. dashed lines), the lower fitting bound 𝑥lb (along the x-axis) and the upper fitting bound 𝑥ub (different color shading). 2nd–3rd row: Fitting parameters of
the cathode (c) and (e), and the anode (d) and (f). 4th row: The parameter 𝛿volt (g) only exists for fitting in the OCV domain. 5th row: RMSE in the OCV domain for the reduced
SOC range of 0.15–0.9 (h) and the full SOC range from 0–1 (i). 6th row: RMSE in the DVA domain for the reduced SOC range of 0.15–0.9 (j) and the full SOC range from 0–1
(k). Both. 𝜀 is calculated as the root mean square error (RMSE).

presented in Fig. 8. Since the dependency on the lower and upper fitting
bound is similar for the C/50 pOCV measurements, only the results for
𝑥lb = 0.14 and 𝑥ub = 0.99 are shown for better visibility.

In general, the trend is similar for fitting in the OCV domain
compared to fitting in the DVA domain and the absolute values only
differ slightly. The OCV errors 𝜀range and 𝜀full, which are much higher
for the fitting in the DVA domain, reveal the missing parameter 𝛿volt
and confirm the need for this additional vertical adjustment parameter
in order to find physically reasonable scaling and shifting parameters
𝛼PE∕NE and 𝜈PE∕NE in the OCV domain. The parameter 𝛿volt is equally
dependent on the lower and upper fitting bound and no clear trend is
identified. This suggests that the resistance’s difference is not uniform
across the whole SOC range. For the other fitting parameters and the

error measures, the influence of the lower fitting bound 𝑥lb is much
higher compared the upper bound 𝑥ub. The following observations lead
to the assumption that this is due to fact that the harvested anode
half cell shows different behavior compared to the pristine full cell,
especially in the low SOC area.

The RMSE of the reduced range 𝜀range decreases with increasing 𝑥lb,
whereas the RMSE of the full range 𝜀full increases with increasing 𝑥lb.
This is because for low values of 𝑥lb, the fitting procedure has to find a
trade-off between the different characteristic anode features, leading to
a better match of the low SOC area at the cost of an increased distance
between the anode’s stage II and stage III. For higher values of 𝑥lb the
anode’s stages in the mid-SOC area are fitted more accurately at the
cost of an increased error in the low SOC area. This is also reflected in
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the scaling and shifting parameters, which are highly affected by the
lower fitting bound 𝑥lb. 𝑄∕𝑄NE decreases with increasing 𝑥lb, confirming
the trade-off between matching the different anode stages. Especially
noticeable is the positive value of 𝜈NE(0%) for 𝑥lb above 2% SOC,
which means that the simulated full cell is not defined for very low
SOC (up to 2.5% SOC, depending on the fitting method). For values
of 𝑥lb towards the first local minimum of the full cell’s and anode’s
differential voltage (at approx. 15% SOC), the fitting parameters and
error measures converge.

Since it is assumed that lithiation of the silicon mainly takes place
in the low SOC area [45], our observations are in good accordance
with a recent study from Schmitt et al. [45], who investigated the
change in silicon–graphite potential curves during aging and observed
mainly a decrease in the relative capacity contribution of the silicon.
This suggests that the high impact of the lower fitting bound and the
imperfect reconstruction of the full cell from the half cell’s potential
curve for low values of 𝑥lb is mainly due to the different behavior of
silicon inside the anode. For the present measurement data, we propose
to use the first local minimum at approx. 15% SOC of the differential
voltage curve as a lower fitting boundary. This way, the location of
the graphite’s stage II and stage III are matched perfectly and the
cathode’s fitting parameters are not disturbed in order to compensate
the mismatch of the silicon characteristics. Since the influence of the
upper fitting bound on the fitting parameters and error measures is
negligible for high values of 𝑥lb and the H3 phase is an important
feature of the cathode, 𝑥ub =99% SOC is chosen.

5. Kinetic and transport properties

After analyzing the cell’s thermodynamic behavior, it is important
to understand the loss processes during the dynamic operation in order
to get a complete picture of the cell’s performance. Since the kinetics
of LIBs are highly temperature dependent, we performed EIS on the
full cell and half cells at ambient temperatures between −10 °C to
60 °C. Based on the experimental results, we calculate the DRT, which
enables us to assign the loss processes of the full cell to either electrode.
To quantify these loss processes, we determine the time constant and
polarization resistance from the DRT.

5.1. EIS measurements, DRT calculation and parameter identification

EIS was performed using a Gamry Instruments Interface 5000,
whereby the hybrid EIS mode with an AC voltage of 10 mV rms, a fre-
quency range of 5 kHz to 10 mHz for the full cells and 5 MHz to 10 mHz
for the half cells and ten points per decade was used. We increased
the frequency range of half cell measurements due to the occurrence
of additional processes at higher frequencies. EIS was performed for
every 5% SOC with a relaxation period of 3 h after discharging to the
respective SOC. Full cell impedance spectra were recorded at −10 °C,
5 °C, 20 °C, 35 °C, 50 °C and 60 °C. Half cell impedance spectra were only
recorded at 20 °C, 35 °C and 50 °C.

To isolate the individual loss processes, the DRT of an impedance
spectrum can be evaluated. It makes the distribution of the total
polarization resistance in the continuous space of relaxation times
visible and thus provides a higher frequency resolution of the dy-
namic processes [46–50]. Deconvolution of the DRT is based on the
assumption that the impedance of an electrochemical system can be
expressed by an infinite number of RC elements [46,51]. For this study,
the DRT of the recorded impedance spectra were calculated with an
implementation of the algorithm presented by Wan et al. [52]. Since the
DRT reveals the time constant of individual relaxation processes of an
electrochemical system, assignment of full cell processes to individual
electrodes becomes feasible. More details on the methodology can be
found in the research articles by Sabet et al. [19,20], who performed
similar analysis for NCA and NMC cells.

Furthermore, in addition to the time constants 𝜏 of individual
relaxation processes, which can directly be extracted from the DRT at
the respective local maxima of 𝛾, we also determined their polarization
resistance 𝑅 by integration of 𝛾 between the adjacent minima of de-
tected processes. The acquired process parameters are presented over
a large operating range in the following section.

5.2. Assignment of full cell processes to half cells

In Fig. 9, impedance spectra and their corresponding DRT are
plotted for the full cell and both half cells, respectively. The half cell’s
SOC of EIS measurements is expressed with reference to the full cell
SOC according to the half cell fitting. Starting from a fully delithiated
half cell, where the SOC is defined as 0, the half cell was charged in
5% SOC steps according to the precedent pOCV measurement.

Visually analyzing the full cell’s impedance spectra, one distinct
semi-circle and the diffusive branch can clearly be identified. In con-
trast to this, three processes are revealed from the DRT, which are
denoted as F1, F2, and F3. The first process F1 has a time constant
of 1.3ms that does not change with the SOC and its magnitude only
increases slightly towards a high and low SOC. The addition of F1 and
F2 form the charge transfer resistance 𝑅ct of the full cell. Thereby,
F2 is highly dependent on the SOC. It is only visible from 0% SOC
to 20% SOC and from 90% SOC to 100% SOC with a time constant
of around 10 ms. Its resistance increases strongly towards the outer
SOCs. The third process F3 at about 100 ms is least pronounced with a
resistance of approximately 1Ω cm2. It occurs at the transition between
charge transfer and diffusion and is denoted as 𝑅transition.

By analyzing the half cell’s impedance spectra and DRT, processes
of the full cell can be assigned to either the cathode or the anode. The
first observed processes A0 and C0 occur at frequencies which were
not captured during full cell measurements and can be attributed to
the lithium counter electrode of the half cells [20].

The resistance of A1 and C1 show an exact opposite trend with the
SOC while A1 is more pronounced overall. Since for F1 only a small
SOC dependency of the resistance was observed, it can be assumed that
F1 is the superposition of A1 and C1 with the opposed SOC dependency
being counterbalanced in a full cell assembly. The dominance of the
anode gets more pronounced at a high SOC and decreases towards a
low SOC, where the resistance at the cathode side increases. Similar
conclusions have been drawn in [19]. The strong increase of the full
cells 𝑅ct at a high and low SOC due to F2 seems to be resulting from
the cathode’s process C2. The changing resistance with the SOC of C2
coincides well with F2. Only the varying time constant of C2 does not
fit into the picture.

Similar processes at the transition frequency of F3 can also be
observed for the two half cells. C3 on the one hand is distinguishable
in the cathode’s impedance spectra and shows very similar behavior as
F3. A3 on the other hand shows different behavior, especially at a high
SOC, where the resistance of the process increases strongly. A sudden
leap can be seen in the impedance spectra of the anode at the middle
of the diffusion branch, which causes the DRT algorithm to identify
two separate processes within the diffusion branch of the anode. This
might be caused by impurity of the anode or measurement noise of the
EIS measurement. Results at 35 °C (Fig. A.11) and 50 °C (Fig. A.12) are
more reasonable for the anode and no transition process is detected at
the cathode. Overall, no clear conclusion can be drawn as to whether F3
should be assigned to the anode, cathode, or both and the assignment
might vary for different temperatures.

5.3. Quantification of loss process parameters over SOC and temperature

After identifying meaningful processes of the full cell and discussing
the assignment of them to either the anode or the cathode, the de-
termined parameters 𝑅 and 𝜏 of the full cell are now quantitatively
analyzed. Results are plotted in Fig. 10, which can be read as follows:
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Fig. 9. Impedance spectra from EIS measurements (left column) and corresponding DRT (right column) for different SOCs at 20 °C for the full cell (top), anode (center), and
cathode (bottom). DRT plots are subdivided into a high SOC area (100%–50% SOC) and low SOC area (49%–0% SOC). Impedances are normalized by the active electrode surface.
SOCs of the half cells are calculated relative to the full cell according to the half cell fitting. For better visibility, impedance spectra in (a), (d), and (g) are shifted in 𝑦-direction
according to the respective full cell SOC using −Im(Z) = −Im(Z)+SOC/2 and the scale is indicated by the 10 Ω cm2 arrow.

Resistance values of the four main identified processes are plotted in
the first and second row, respectively: (1) The ohmic resistance 𝑅ohm,
calculated as the intersection point with the 𝑥-axis in the Nyquist plot

(2) The charge transfer resistance 𝑅ct, determined as the sum of all
contributing sub-processes (3) 𝑅transition, which was identified around
the transition frequency between charge transfer and diffusion (4) 𝑅dif f
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Fig. 10. Quantification of the time constant (determined at the respective local maxima of the DRT) and polarization resistance (determined by integration of the DRT between the
adjacent minima) of identified loss process. Resistances are normalized by the active electrode surface. 1st row: Logarithm of the resistance over the inverse temperature according
to (7) for different SOC. 2nd row: Resistance over SOC for different temperatures. 3rd row: Resistance over SOC for sub-processes of 𝑅ct . 4th row: Time constants over SOC for
sub-processes of 𝑅ct .

representing the share of the solid state diffusion which was captured
until the lowest frequency of 10 mHz.

In the first row, the logarithm of the resistance is plotted over
the inverse temperature for every SOC to check for the Arrhenius
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dependency according to
1
𝑅ct

= 𝐴 ⋅ 𝑒
−𝐸A
𝑅⋅𝑇 , (7)

with the universal gas constant 𝑅, the activation energy 𝐸A, and the
amplitude 𝐴. A linear behavior over the whole temperature range is
expected for 𝑅ct and 𝑅dif f [53]. In practice, however, confirmation of
the Arrhenius dependency of solid-state diffusion is hardly possible due
to the limited frequency range of EIS measurements, which is also the
case for our measurements. Nevertheless, for 𝑅ct , we observe a good
quality of the linear fit (𝑅2 > 0.996) with resulting activation energies
between 54 kJmol−1 and 65 kJmol−1.

In the second row, the resistance values are plotted over the SOC for
the six different temperatures. For 𝑅ohm and 𝑅ct , the typical ‘‘bathtub’’
shape [54] is consistently observed. Thereby, 𝑅ct is plotted logarithmi-
cally since it shows a strong temperature dependency with a resistance
spread over several decades, reaching from below 1Ω cm2 at 60 °C to
above 100Ω cm2 at −10 °C. The transition process shows a uniform
trend with similar magnitude above 20 °C. For low temperatures, the
resistance increases and is only visible in a narrow SOC interval. 𝑅dif f
increases strongly towards a low SOC and shows characteristic behavior
in the mid-SOC area, which coincides well with the stage 2 transition of
graphite and can be explained by the homogenization effect [55–57].

In the third row, 𝑅ct is further subdivided based on the DRT
analysis. At 20 °C, two separate processes, which form the overall
charge transfer resistance, have been identified. For lower temperatures
(−10 °C and 5 °C) a third process is revealed by the DRT, which is
assumed to be a result of the SEI. In the fourth row, the corresponding
time constants 𝜏 are plotted over SOC for the three sub-processes of
𝑅ct as well as for 𝑅transition. Whereas the time constants of the charge
transfer resistances vary highly with temperature, they are in the same
order of magnitude for the transition process. Per definition, there is no
time constant for 𝑅ohm and 𝜏dif f is constant due to the limited frequency
range.

In this section, we complemented the study by giving detailed
insights into the kinetics of the investigated cell. Thus, physically mo-
tivated design of algorithms on the application level is enabled. Based
on these results, optimization algorithms, such as on-line estimation of
the impedance throughout the lifetime [27], can be initialized and the
number of considered loss processes, e.g., in an ECM, can be reasonably
chosen.

6. Conclusions

Tear-down analysis of LIBs are essential for gathering in-depth
knowledge about the systems’ behavior and for enabling advanced
algorithms to ensure optimal design and operation of LIBs on the
application level. In this study, we presented detailed insights into the
geometrical and electrochemical properties of a commercial NCA LIB
with a Si-doped graphite anode.

In the first step, the cell was opened under inert gas atmosphere to
yield direct measurement of the cell component’s length, width, and
thickness. Additionally, the battery was imaged by CT to get further
insights into the geometrical structure of the jelly roll. The anode
overhang was determined to approximately 7% of the total active
area. Anode and cathode half cells were built for further experimental
investigation of the electrode characteristics, with special focus on their
interaction in a full cell assembly and for further utilization in advanced
algorithms.

We compared different OCV determination techniques and found
that despite small deviations due to different overpotentials, the OCV
can be characterized with the GITT as well as pOCV measurements
with small current rates (> 𝐶∕10). In certain SOC ranges we ob-
served a temperature dependency of the OCV. However, from our
experimental results it is not clear whether this actually is due to
temperature-dependent material properties or slower kinetics and in-
creased overpotentials. We used the anode and cathode half cell voltage

curves to reconstruct the full cell and to determine the correct bal-
ancing and alignment parameters with meaningful assignment of the
electrode’s characteristic material dependent stages and phases. For
fitting in the OCV domain, an additional parameter accounting for
different polarization in the full cell and the half cells had to be
introduced. Using different configurations of the algorithms leads to
slightly different results, which is why it is important to choose consis-
tent measurements data, e.g., throughout the whole parameterization
process of electrochemical models.

By analyzing the impedance spectra of the full cell and half cells,
we gained detailed insights into the loss processes and their origins.
The charge transfer resistance 𝑅ct of the full cell at a low SOC seems
to be dominated by the cathode, while it is dominated by the anode
at a high SOC. 𝑅ct is mainly responsible for the strong temperature
dependency of the kinetic behavior and a good fit to the Arrhenius
equation was confirmed (the activation energy lies between 54 kJmol−1
and 65 kJmol−1 for different SOCs). Between the charge transfer and
the solid state diffusion, a transition process was observed which
might, still inconclusively, be assigned to the anode. These results can
further be used in physically motivated model development, e.g., by
choosing a reasonable number of RC elements for an ECM. For the high
frequent kinetic behavior, a minimum of two RC elements should be
chosen for 𝑅ct , which also could be subdivided into three RC elements,
and 𝑅transition. For the low frequent behavior, i.e., the solid state and
electrolyte diffusion, further investigations, such as pulse relaxation
measurements, should be performed.
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Appendix. Impedance spectra and drt at 35 °C and 50 °C

See Figs. A.11 and A.12.
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Fig. A.11. Impedance spectra from EIS measurements and corresponding DRT for different SOC at 35 °C. See Fig. 9 for detailed caption.
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Fig. A.12. Impedance spectra from EIS measurements and corresponding DRT for different SOC at 50 °C. See Fig. 9 for detailed caption.
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2.2 Methods for Resistance Parameterization in ECMs

2.2.1 Experimental Determination of Resistance Parameters

To accelerate the development cycle of BEVs, electric models are utilized in many stages
of the development process and ECMs are the right approach for a variety of tasks. Study I
demonstrated that assigning full-cell processes to individual electrodes enables the definition of
a model order that reflects kinetic loss processes. Building on this, Study II introduces a new
method to identify physically meaningful resistance parameters over a wide frequency range,
addressing research question 2a). Figure 2.4 gives an overview of the performed measurements,
the proposed algorithm, and brings this section into context with the previous and following
section.

2.2.2
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Figure 2.4: Graphical summary of Study II [2].

The publication describes theory and model equations to calculate the DRT from frequency-
domain and time-domain measurements in detail. The goal of the DRT is to visualize the
distribution of total resistance across the continuous space of relaxation times. Hence, it can
give useful insights into kinetic loss processes since it contains the full information of the cell’s
resistance in the observed frequency range. Existing studies, however, mainly used the DRT
to gain a-priori knowledge for a conventional fitting algorithm either in the frequency or time
domain.
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A purely analytical method is proposed to determine the parameters of RC elements directly from
the DRT. This approach promotes physically meaningful RC parameters and removes the need
for iterative and time-consuming tuning of starting values and boundary conditions. The time
constants τn of RC elements are determined at the DRT’s local maxima and the resistances Rn

are determined by integrating between adjacent minima. In an engineering context, the number
of RC elements is often determined by factors such as available computing resources, rather
than the actual number of kinetic loss processes present. The proposed method takes this into
account by systematically combining RC elements while maintaining physical interpretability. The
parameters obtained with this method were validated against impedance spectra and parameters
obtained from a conventional fitting on impedance spectra.

EIS alone does not provide sufficient insights into low-frequency behavior. Therefore, pulse-
relaxation measurements were additionally conducted across the full SOC range. The goal of
pulse-relaxation measurements is to capture the low-frequency behavior during a long relaxation
phase (60 h in this case) after exciting the cell with a current pulse (10 s in this case). To avoid
distortion of this sensible measurement, relaxation before the procedure is crucial which is
why the cells were at rest for three weeks after being brought to their respective SOC. Pulse-
relaxation measurements were used to complement the DRT derived from EIS, whereby three
different fusing methods were presented and compared:

• Separate DRT: EIS and pulse-relaxation measurements are processed indepen-
dently and resulting RC parameters are allocated to prescribed RC elements.

• Interconnected DRT: The parameters obtained from frequency-domain DRT
are used to subtract the high-frequent overpotentials from the pulse-relaxation
measurements. Time-domain DRT calculation on the remaining voltage response
yields the missing low-frequency RC parameters.

• Combined DRT: Frequency-domain DRT and time-domain DRT are calculated
simultaneously by a merged system of equations.

The proposed methods were validated against a defined validation cycle consisting of CCCV
charging and discharging, resting periods, dynamic pulses, and a real driving profile. All three
methods to combine EIS and pulse-relaxation measurements reached a comparable RMSE of
42-45 mV, which is ≈40 % lower compared to conventional fitting of impedance spectra (73 mV).
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Abstract: Equivalent circuit models (ECMs) are a widely used modeling approach for lithium-ion
batteries in engineering applications. The RC elements, which display the dynamic loss processes of
the cell, are usually parameterized by fitting the ECM to experimental data in either the time-domain
or the frequency-domain. However, both types of data have limitations with regard to the observable
time constants of electrochemical processes. This work proposes a method to combine time-domain
and frequency-domain measurement data for parameterization of RC elements by exploiting the
full potential of the distribution of relaxation times (DRT). Instead of using only partial information
from the DRT to supplement a conventional fitting algorithm, we determine the parameters of an
arbitrary number of RC elements directly from the DRT. The difficulties of automated deconvolution
of the DRT, including regularization and the choice of an optimal regularization factor, is tackled
by using the L-curve criterion for optimized calculation of the DRT via Tikhonov regularization.
Three different approaches to merge time- and frequency-domain data are presented, including
a novel approach where the DRT is simultaneously calculated from electrochemical impedance
spectoscropy (EIS) and pulse relaxation measurements. The parameterized model for a commercial
18650 NCA cell was validated during a validation cycle consisting of constant current and real-world
automotive cycling and yields a relative improvement of over 40 % compared to a conventional
EIS-fitting algorithm.

Keywords: lithium-ion batteries; equivalent circuit model; electrochemical impedance spectroscopy;
distribution of relaxation times; Tikhonov regularization

1. Introduction
1.1. Motivation

In recent years, lithium-ion batteries (LIBs) have become ubiquitous in many ap-
plications. Their advantages in terms of power and energy density over other storage
mediums make them the most promising candidate for electric mobility and stationary
energy storage. To optimize the operation of lithium-ion batteries, the estimation of battery
states such as the state of charge (SOC), state of health (SOH), and state of available power
(SOAP) is required.

To estimate the different states of lithium-ion batteries, battery management systems
(BMSs) typically employ battery models, which are parameterized in order to best re-
produce the electrochemical behavior of the battery. The battery states are then either
estimated directly from model parameters, such as from the impedance parameters for the
SOAP, or by comparing the measured voltage and model voltage to estimate the SOC and
SOH with subsequent algorithms, such as a Kalman filter [1].

To keep the computational effort low to ensure real-time capability and to ensure
convergence of estimation algorithms, the complexity of such models and algorithms has
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to be limited. A widespread type of model used for this purpose is the equivalent circuit
model (ECM), the complexity of which can easily be adjusted by the number of its circuit
elements and the parameterization of which does not require destructive analysis of the
cell’s geometry and material properties. The idea behind ECMs is to model the lithium-ion
battery (LIB) with standard circuit elements such as an ideal voltage source modeling the
open-circuit behavior, and resistors and capacitors, modeling the kinetics of the LIB. The
key challenge lies in parameterization of these circuit elements to ensure high accuracy of
BMS algorithms. Thereby, the characterization of the kinetics especially, expressed by the
lithium-ion batteries impedance, is of great importance, since a limited set of parameters
must cover a broad range of different dynamics in the load profile.

Furthermore, lithium-ion batteries degrade over their lifetime, which, besides capacity
fade, also leads to an increase of the impedance [2]. However, the aging trajectory of
an individual LIB is highly dependent on the operating conditions such as temperature,
voltage window, and current [3,4]. This demands on-line algorithms, which are able to
continuously track the battery impedance parameters to keep the ECM up to date [5]. The
accuracy of such on-line optimization algorithms often depends on suitable initial values [6].
Hence, accurate estimation of impedance parameters under laboratory conditions, before
deployment of the LIB, is needed.

1.2. State of the Art

Many different approaches for estimating the parameters of the circuit elements in
ECMs can be found in the literature [7–9]. There are two types of measurements which are
usually employed for impedance characterization of LIB: electrochemical impedance spec-
toscropy (EIS) in the frequency-domain and measurements in the time-domain, e.g., current
pulses. The most crucial difference between both methods is the frequency range of electro-
chemical processes that can be reliably investigated with them. EIS, on the one hand, is very
reliable in the high-frequency region up to a few MHz [10]. However, due to the long
charging and discharging phases in the sinusoidal excitation at low frequencies, significant
SOC-changes occur, which at some point violate the prerequisite of a linear, time-invariant
and causal system [11]. This limits EIS to frequencies above approximately 1 mHz [12].
Time-domain measurements (TDMs), on the other hand, are better suited to investigate
the low-frequency behavior, while being limited by the sampling rate and measurement
accuracy in the high-frequency region [6].

The impedance spectrum of lithium-ion batteries is usually presented in a Nyquist
plot, where, to some extent, the loss processes of the measured system can be made visible.
However, the time constants of the different electrochemical processes are often close
to each other and cannot be fully separated in the Nyquist plot [13,14]. To isolate the
individual processes, the distribution of relaxation times (DRT) of an impedance spectrum
can be evaluated, since it provides a higher frequency resolution of the dynamic processes.
It shows the distribution of the total polarization resistance in the continuous space of
relaxation times. The DRT can be used to identify and separate dynamic processes and to
investigate how those processes are affected by operating conditions like temperature or
battery states such as SOC and SOH [7,13,15–18].

A combination use of EIS and TDM is advisable if the electrochemical behavior of
a cell is to be investigated in a wide frequency range. For this, the useful insights into
the cell’s loss processes provided by the DRT can be used during the parameterization
process. Previous efforts, combining both measurement methods with varying extent,
are summarized in the following.

Illig et al. [13] used EIS measurements for their ECM parameterization. They first
modeled the low-frequency behavior, as well as the purely capacitive behavior, with a
capacitance and a Warburg-element, the overvoltage of which they then subtracted from
the measurement data. From the remaining impedance spectrum they calculateed the DRT
and used it to identify the occurring processes and to determine the starting values of
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the following fitting algorithm. The model was completed by fitting a series of three RC
elements, an ohmic resistance and an inductance to the preprocessed impedance spectrum.

Gantenbein et al. [7] have introduced a physically motivated ECM consisting of an
ohmic resistance, two RC elements, one Warburg element, an inductance, and a capacitance
in series. These circuit elements model the ohmic and contact loss, interface loss of the
anode, interface loss of the cathode and diffusion loss and capacitive behavior, which they
have identified by investigating the DRT of the full cell and its indivual electrodes. The high
and medium frequency parts of the model were parameterized by conventional EIS-fitting
of the resistance and the RC elements. Diffusion and capacitive behavior were then included
in the model by a time-domain fitting of the remaining model parameters.

Withenhausen directly determined certain RC parameters from the DRT [12]. He cov-
ered some RC elements by frequency-domain measurements; therefore he used an iterative
algorithm, in which several single process peaks were fitted to the DRT. The remaining
elements were parameterized by a time-domain fit to the measured voltage relaxation after
bringing the cell to a defined SOC.

Schmidt et al. [14] identified ECM parameters purely from the DRT. They used EIS
measurements and Fourier-transformed time-domain measurements, which were merged
into one impedance spectrum. From this spectrum the DRT was calculated. Together with
an added ohmic resistance, the discrete DRT then served directly as an ECM, which led
to the relaxation times of its RC elements being evenly spaced on a logarithmic scale like
the data points of the DRT. They evaluated the impact of the chosen model order on their
parameterization procedure by comparing model configurations with 100, 20, 10, and 4 RC
elements. Due to the a priori fixed time constants without physical meaning they needed a
comparatively high number of RC elements to obtain an adequate model accuracy.

It can be concluded that in the previous literature, the DRT is often only used to gain
a priori knowledge on the investigated cell to enhance conventional fitting algorithms,
e.g., by a non-linear least squares algorithm, in either the frequency-domain or time-
domain. Such fitting algorithms have the disadvantage that they are highly dependent
on boundary conditions and initial starting values, which leads to a time-consuming and
iterative parameterization process. The DRT, however, contains the full information of
the cell’s impedance, which is why we propose an approach to determine RC parameters
directly from the DRT.

1.3. Contributions

This work aims to exploit the potential of the DRT during an automated identification
of RC parameters of an ECM. The main contributions of our proposed method can be
summarized as follows:

• Evaluation of frequency- and time-domain measurements:
To capture the full dynamic behavior of a cell, both EIS and TDM measurements
have been considered in the ECM parameterization process and their DRT computed.
Respective measurements in the frequency-domain as well as in the time-domain
were performed (Section 2).

• Optimized calculation of the DRT via Tikhonov regularization:
Since an accurate DRT is essential for the proposed parameterization process, the
L-curve criterion was employed to optimize the calculation of the DRT via Tikhonov
regularization. Moreover, the impact of different regularization terms on the calculated
DRT was investigated (Section 3).

• Process for direct parameterization of RC elements from the DRT:
Instead of using only partial information from the DRT to supplement a conventional
fitting algorithm, the full potential of the DRT was exploited by a parameterization
process which determines RC parameters directly from the DRT (Section 4).

• Analysis of various data merging approaches:
Different methods of combining EIS and TDM data in the parameterization process
are presented in this work. One of those methods includes a new way of calculating
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the DRT using TDM and EIS simultaneously, uniting the steps of DRT calculation and
merging frequency- and time-domain data (Section 5).

A conclusion is given in Section 6.

2. Experimental

In this work, all experiments were performed with a commercial 18,650 cell of type
US18650VTC5A by Sony/Murata with a nominal capacity of CN = 2.5 A h. The anode
active material consists of graphite with a small share of silicon, while the cathode active
material is nickel cobalt aluminium oxide (NCA) [19]. All measurements were performed
at 20 °C inside a Memmert IPP 110 climate chamber.

2.1. EIS

To capture the high-frequency behavior of the cell, EIS measurements were performed
in a frequency range from 5 kHz to 10 mHz with 10 points per decade. Starting at a fully
charged state, impedance spectra were recorded in 10% SOC steps with a relaxation period
of 3 h after discharging to the respective SOC. EIS measurements were carried out using
a Gamry Interface 5000 test device applying a hybrid EIS mode. This modified form of
galvanostatic EIS continuously adjusts the current such that the desired potential of 10 mV
is maintained. In this way, a linear operation range is ensured.

2.2. Time-Domain Measurements (TDMs)

To determine the low-frequency behavior of the cell we performed TDMs. In particular,
we applied pulse-relaxation measurements with a discharge pulse current of Ip = −1 C,
a pulse duration of Tp = 10 s, and a relaxation period of Trelax = 60 h. To match the EIS,
pulse-relaxation measurements were also performed at 11 SOC steps between 100% SOC
and 0% SOC. Results are shown in Figure 1.
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Figure 1. Results of time-domain measurements for all SOC steps between 100% SOC and 0% SOC.
(a) −1 C discharge pulse for 10 s. The voltage is normalized on the starting voltage for every SOC.
(b) Relaxation period of Trelax = 60 h. The voltage is normalized on the last data point of the
relaxation period for every SOC. Note that the voltage was not totally relaxed after 60 h for low SOCs.

After bringing a cell to its respective SOC, it is crucial to ensure a fully relaxed state
before applying the current pulse. Otherwise, the voltage measurement of the relaxation
phase is superimposed by a second relaxation, resulting from the previous SOC change.
If this second relaxation results from a previous discharge, it can lead to an overesti-
mated duration of the relaxation process. If this second relaxation results from a previous
charge, it can lead to an underestimated duration of the relaxation process or even voltage
relaxation in the opposite direction.

Previous researchers observed this behavior and assumed it to be originating from
a self-discharge process [20,21]. To isolate the pulse-relaxation behavior, they proposed a
preprocessing procedure to remove the self-discharge voltage from the relaxation voltage.

2 Contributions

50



Batteries 2021, 7, 52 5 of 23

We observed that, for the investigated cell, at some SOC relaxation processes were still
visible even after two weeks after bringing the cell to its respective SOC. After 3 weeks,
however, a constant voltage (within the voltage resolution of the measurement equipment)
for longer than Trelax was observed at every tested SOC and pulse measurements could
be performed.

In order to reduce the measurement time, a separate pristine cell from the same
production batch was used for the pulse-relaxation measurements for each tested SOC
step. For all time-domain measurements, the cell test system by the BaSyTec GmbH was
used, which records the cell voltage with a resolution of 0.3 mV and an accuracy of 1 mV.
The first half hour of the measurement was sampled with the maximum sample rate of
0.02 s. In the further course of the measurement, we reduced the sampling rate to limit
the amount of data. The raw measurement data were then logarithmically subsampled to
further reduce the number of data points and hence lower computational effort and time,
as proposed by Schmidt [20].

2.3. Open-Circuit Voltage

Besides the dynamic behavior of the cell over a broad frequency range, the cell’s static
behavior at thermodynamic equilibrium needs to be characterized to supplement the ECM.
This is typically done by the measurement of a pseudo open-circuit voltage (pOCV) with a
low current rate or with a galvanostatic intermittent titration technique (GITT), where the
open-circuit voltage is measured after bringing the cell to a respective SOC. In Figure 2,
the pOCV curve with C/50 is compared to the measured voltage after 3 weeks of relaxation
before the pulse-relaxation measurement was performed. Additionally, the differential
voltage was analyzed.
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Figure 2. (a) Measured pseudo-OCV curve during discharging and subsequent charging with C/50
at 20 °C and the corresponding mean curve. Additionally, the relaxed voltage UOCV, TDM, which was
measured right before the discharge pulse IP after three weeks of relaxation, are plotted. (b) Difference
between the charge and discharge pseudo-OCV and difference between mean pseudo-OCV and
UOCV, TDM (c) Differential voltage of the pseudo-OCV curves. (d) Difference between the differential
voltage of the discharge and the mean pseudo-OCV curve.
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It can be seen that the values for UOCV, TDM match well with Umean, C/50 for some
SOCs. For other SOCs, especially for which the differential voltage analysis (DVA) reveals
a greater slope in the voltage curve and also the difference between dU/dQdischarge and
dU/dQmean increases, UOCV, TDM shows smaller values compared to Umean, C/50 (except
for 0% SOC, which is mainly due to the measurement procedure of the pOCV). In our
study, we validated both OCV determination methods and ultimately chose UOCV, TDM,
since it is consistent with the pulse-relaxation measurements for the dynamic behavior.

As discussed in [6], the strong divergence between charging and discharging curves
in the low SOC area, which is assumed to be caused by the (de-)lithiation competition of
graphite and silicon [22], will have a major impact on the validation results, if an averaged
pOCV curve or the values for UOCV, TDM are chosen to parameterize the OCV of the ECM.
This has to be kept in mind when analyzing the validation results of different configurations
of the proposed DRT-fitting (Section 5) and attributing high residuals to either the cell’s
thermodynamic or kinetic behavior.

3. Calculation of the DRT
3.1. DRT Calculated from EIS (EIS-DRT)

The DRT is based on the assumption that the impedance of a capacitive electrochemical
system can be represented by an infinite number of RC elements with continuous relax-
ation times [14,23,24]. Based on this assumption, the impedance spectrum of a capacitive
electrochemical system can be represented by

ZDRT( f ) =
∫ ∞

−∞

γ(ln τ)

1 + j2π f τ
d ln τ. (1)

γ(ln τ) can be understood as the distribution of the total polarization resistance along
the logarithmic scale of continuous relaxation times τ. Therefore, its integral over the entire
space of relaxation times is ∫ ∞

−∞
γ(ln τ) d ln τ = RPol, (2)

To obtain the DRT from EIS, the difference between ZDRT( f ) and the experimental
data Zexp( f ) must be minimized by optimization of γ(ln τ). Using matrix notation and a
discretized DRT, the optimization goal can be expressed as

min
R0,R

∥∥∥∥∥

[√
w′A′EIS

√
w′1√

w′′A′′EIS 0

][
R
R0

]
−
[√

w′Z′exp√
w′′Z′′exp

]∥∥∥∥∥

2

2

(3)

or short

min
x
‖ BEIS x − Zexp ‖2

2. (4)

R is a column vector of the resistances Rn = γn∆τlog. Since a negative resistance
is physically impossible, the additional constraint xn ≥ 0 ∀n has to be considered in
the problem.

The real part Z′ and the imaginary part Z′′ of the impedance can be taken into account
with different weights w′ and w′′ [25]. Due to the Kramers–Kronig relation [26] either one
of the two would be adequate for DRT calculation [12,24,27]. However, using both can help
to compensate measurement noise. Within this work, both w′ and w′′ are set to 0.5 for an
equal weighting. The derivation of Equation (3) as well as the matrices A′EIS and A′′EIS can
be found in Appendix A. The DRT calculated from EIS is referred to as EIS-DRT further on
in this paper.
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3.2. DRT Calculated from Time-Domain Measurements (TDM-DRT)

Schmidt [20,21] proposes an approach which uses TDM to calculate the DRT. The mea-
surements he uses are conducted in the form of current pulses. To a pulse of magnitude Ip
applied at t0 for a duration of Tp, a single RC element yields a voltage response of

un(t) = Rn Ip[σ(t− t0)(1− exp (− t− t0

τn
))

− σ(t− (t0 + Tp))(1− exp (− t− (t0 + Tp)

τn
))], (5)

with σ(x) being the Heaviside step function. Applying an infinite number of RC elements,
i.e., the DRT, yields

uDRT(t) =
∫ ∞

−∞
γ(ln τ)Ip[σ(t− t0)(1− exp (− t− t0

τ
))

− σ(t− (t0 + Tp))(1− exp (− t− (t0 + Tp)

τ
))]d ln τ. (6)

Analogous to the EIS-DRT, the difference between uDRT(t) and the experimental data
uexp(t) must be minimized by optimization of γ(ln τ). Evaluating the relaxation phase of
the pulse measurement, the matrix equation

min
UOCV,R

∥∥∥
[
ATDM 1

][ R
UOCV

]
− uexp

∥∥∥
2

2
(7)

or short

min
x
‖ BTDM x − uexp ‖2

2, (8)

can be formed. Again the equation must be minimized while obeying the non-negative con-
straint xn ≥ 0 ∀n. As in Equation (3), R is a column vector of the resistances
Rn = γn∆τlog. The derivation of Equation (7) and the matrix ATDM can be found in
Appendix B. The DRT calculated from time-domain data is henceforth referred to as
TDM-DRT.

3.3. Tikhonov Regularization

Since the experimental data Zexp and uexp are subject to measurement noise and
the number of unknowns does not necessarily fit the number of equations, there is no
unique solution to the system of linear equations Bx = Dexp, which makes Equation (3)
and Equation (7) ill-posed problems [20,25]. Hence, a mathematical tool for stabilizing
the problem and generating a unique solution is required. For this purpose we employ
Tikhonov regularization [28]. By adding a regularization term, an additional condition is
introduced to the minimization problem, which stabilizes the solution:

min
x

(
‖Bx− Dexp‖2

2 + λ‖Lx‖2
2
)
. (9)

The regularization factor λ determines how strong the influence of the regularization
term is on the solution. The value of λ has to be chosen carefully to achieve accurate results.
The matrix L of the regularization term is arbitrary in theory. However, choosing L in a
meaningful way allows to penalize specific features of the solution:

• The standard form of the Tikhonov regularization is the regularization with a squared
norm of the solution itself. Hence, it penalizes high magnitudes of the solution and
therefore favors solutions with smaller peaks. L has to be set to be the identity matrix
I such that Lx = x [29].
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• The regularization with the squared norm of the solution’s first derivative penalizes
high gradients in the solution and therefore favors solutions with moderate slopes.
For this, L has to be chosen such that Lx = dx

d ln τ , as shown in Appendix C [27,29].
• The regularization with the squared norm of the solution’s second derivative penalizes

high curvatures in the solution and therefore favors flat and smooth solutions. For this,
L has to be chosen such that Lx = d2x

d(ln τ)2 , as shown in Appendix C [20,21,25,29].

The suitability of different regularization terms depends on the shape of the actual
DRT, which, however, is not known in most cases. As shown in Figure 3, the choice of the
regularization term has a major impact on the solution. Still, the revealed processes are
consistent for EIS-DRT (four identified processes P1–P4) and TDM-DRT (four identified
processes P2–P5).

10−5 10−4 10−3 10−2 10−1 100 101 102 103 104 105 106
0

10

20

30

P1 P2 P3

P4

P5

10−3 10−2 10−1 100
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4

P1

P2

P3

τ / s

γ
(τ

)/
m

Ω
/s

EIS (classical) EIS (1st derivative) EIS (2nd derivative)
TDM (classical) TDM (1st derivative) TDM (2nd derivative)

Figure 3. DRT calculated from EIS and TDM at 50% SOC for different regularization terms, respec-
tively. The EIS-DRT reveals the four processes P1–P4 and the TDM-DRT reveals the four processes
P2–P5.

The regularization with the solution’s second derivative yields wide peaks, especially
in the low-frequency range. The penalty on high values in the standard form Tikhonov
regularization leads to noticeably smaller peaks of the diffusion process. We assume
that the low resistance resulting from this is compensated by shifting the peak to lower
relaxation times. This compensation is possible because of the limited excitation time of
the current pulse, during which the cell is not completely polarized.

The EIS-DRT only covers the higher frequency range. In the EIS-DRT, the magnitude of
all peaks is at a similar level, except P4, which lies beyond the minimal measured frequency.
Hence, the standard form Thikhonov regularization provides an equal regularization of
the solution. When using only EIS-DRT, the ECMs parameterized with applying standard
form Tikhonov regularization yields the lowest voltage error in the validation cycle.

In contrast, ECMs parameterized only by TDM-DRT yields the lowest voltage error
when applying regularization with the solution’s second derivative. It is assumed that the
constraint of a low curvature better characterizes the actual DRT at low relaxation times.
This is not consistent with the findings of Hahn et al. [29], who recommend standard
form Thikonov regularization for most cases. However, their contrary results can be
attributed to the synthetic data used for their investigations. They tested the different
regularization terms by reconstructing the DRT of one RC element in series with one
ZARC element. Since the accurate DRT of a single ideal RC element forms a Dirac delta
function, favoring smooth and wide peaks strongly opposes the correct solution and
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therefore a regularization with the solution’s second derivative leads to unsatisfactory
solutions. In our case, the standard form Tikhonov regularization faces another problem:
Due to the high difference of the DRT’s magnitude between low relaxation times and
high relaxation times, penalizing high function values results in an uneven regularization.
The high relaxation time range, where the diffusion behavior forms a large peak in the DRT,
is affected significantly stronger by this kind of regularization than the low relaxation time
range. This applies especially at low SOC, where the difference in magnitude is the highest.

3.4. L-Curve Method for Optimized Determination of the Regularization Factor λ

The regularization factor λ has a crucial impact on the solution xλ of the fitting
problem. If λ is chosen too high, the regularization term dominates the fitting residual
in Equation (9) and the solution does not fit the data. This results in a flattening and
over-smoothing of relevant peaks. If λ is chosen too low, measurement uncertainties are
included in the solution, which leads to the formation of oscillation without any physical
meaning (over-fitting). Thus, finding the optimal regularization factor λopt is a critical
task and a balance between the quality of the fit and the smoothness of the solution must
be found.

Different criteria for the optimization of the regularization factor, specifically devel-
oped for the DRT calculation, can be found in the literature. These criteria are, e.g., re-im-
cross-validation [25,27,29] or re-im-discrepancy [27,29]. Since these methods are based on
the idea of optimally matching real and imaginary part of the impedance, they do not apply
to the TDM-DRT. Therefore, a more general approach to determine the best regularization
factor, the so-called L-curve method, which was proposed by Hansen et al. [30,31], is used
in this work.

The L-curve method provides a criterion which is universally applicable for Tikhonov reg-
ularization and which does not require a priori knowledge of the measurement noise [29,32].
The L-curve visualizes the compromise between the residual norm ‖Bxλ − Dexp‖2 and
the norm of the regularized solution ‖Lxλ‖2 by plotting the tupels of both values for
different regularization factors, which results in a continuous curve for λ ∈ [0, ∞]. On a
logarithmic scale, this curve typically resembles an L-shape, which is the reason for the
name of this method. The optimal compromise between a low residual and an adequate
regularization can be identified as the corner-point of the L-shape. Starting from this point,
increasing λ results in a rapid rise of the residual norm and therefore a worsening of the
fitting quality. Decreasing λ, in contrast, strongly affects the regularization of the solution
without considerably improving the fitting quality any further [30,31].

3.5. Defining the Vector of Relaxation Times

To calculate the DRT, the vector of relaxation times τ must be chosen a priori. The num-
ber and range of relaxation times τn heavily influence the calculated DRT [29]. The appro-
priate limits for the relaxation times can be derived from the measured frequency range.
While the frequency limits of EIS are defined in the measurement routine, they must be
determined from the sampling rate and the measurement time for TDM. On the one hand,
the maximum frequency in a TDM is limited by the Nyquist–Shannon sampling theorem,
which states that frequencies higher than half the sampling frequency fsample cannot be
detected in the measurement data [20,33]. Since the data are logarithmically sampled and
the Nyquist–Shannon theorem refers to evenly sampled data, the theoretical minimum
relaxation time for the TDM-DRT is raised by a factor of ten, which yields

τmin =
10

2π 1
2 fsample

. (10)

On the other hand, the minimum frequency that can be measured from a current pulse
and subsequent relaxation is limited by the recorded duration of the relaxation phase Trelax.

By definition, the DRT can only portray impedance spectra converging to the real axis
at the boundaries of the chosen interval of relaxation times. Because of this, Hahn et al. [29]
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propose extending the predefined vector of relaxation times τn beyond the measured
frequencies for high relaxation times. This allows the fitted impedance spectrum ZDRT
to adequately approximate the diffusion branch of the measured impedance spectrum.
With this motivation, we extend the relaxation times of the TDM-DRT beyond Trelax

2π to
allow for a more accurate fit if the voltage has not relaxed entirely towards the open circuit
potential after Trelax. Based on these assumptions, the limits of the relaxation times vector
in the DRT calculation listed in Table 1 are chosen.

The discrete values of τ are equally spaced on a log scale with 30 points per decade,
following the recommendation of Hahn et al. [29]. Furthermore, the squared residual
norm of the EIS-DRT in Equation (3) is multiplied by 1

Q to make the minimization problem
independent of the number of measurement points Q. Analogously, the squared residual
norm of the TDM-DRT in Equation (7) is multiplied by 1

M .

Table 1. Limits of predefined relaxation times.

EIS-Data TDM-Data
τmin τmax τmin τmax

1
2π fmax

104

2π fmin

10
π fsample

Trelax · 105

4. ECM Parameterization
4.1. Employed ECM

ECMs with an integer number of RC elements connected in series are one of the most
widely used electrical models for lithium-ion batteries, because of their small number of
parameters. They are an ideal choice for parameterization from the DRT, since the DRT is
described by an infinite number of RC elements connected in series. Hence, parameteri-
zation of RC parameters from the DRT can be interpreted as a model order reduction of
the DRT.

As derived in Section 3.3, five processes are revealed from the DRT. However, when the
DRT-fitting is performed on a merged EIS and TDM (Section 5), we employ an ECM
comprising four RC elements connected in series to model the charge-transfer resistance
(P1 + P2), the transition process (P3), and the diffusion processes (P4 and P5). P1 and P2
both display different subprocesses of the charge-transfer resistance, which become visible
to a greater or lesser extent at different temperatures and SOCs. The implementation of
only one RC element for these high-frequency processes P1 and P2 is chosen because the
models are validated with time-domain measurements with a sampling rate of 100 ms
and thus they do not contribute individually to the validation results. Consequently,
when performing the proposed DRT-fitting on EIS measurements only, three RC elements
(P1 + P2, P3, P4) are used. In addition to the RC elements, there is one additional resistance
in series, which models all ohmic resistances occuring within the cell. The open-circuit
voltage (OCV) is modeled by an ideal voltage source and the OCV-SOC look-up is gathered
from UOCV, TDM, measured right before the pulse-relaxation measurement after three weeks
of relaxation (Section 2.3).

4.2. DRT-Fitting: Direct RC Parameterization from the DRT

We propose to estimate the RC parameters for an ECM directly from the DRT, making
any additional fitting algorithms in the time or frequency-domain superfluous. This ap-
proach circumvents the manual specification of starting values and/or boundary conditions
for these fitting algorithms and promotes physically meaningful parameter sets. Although
our approach is not a fitting algorithm per se, and the RC parameters are determined
analytically from the DRT, we call it DRT-fitting in analogy to conventional EIS-fitting
(fitting RC parameters to impedance spectra) or pulse-fitting (fitting RC parameters to the
time-domain current/voltage data). Since dynamic processes of the investigated system
become visible as peaks in the DRT, the relaxation times τn of n RC elements can be chosen
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at the local maxima of γ. As stated in Equation (2), γ is normalized to the total polarization
resistance Rpol. Therefore, the polarization resistance Rn of a single relaxation process
can be approximated by integrating between the adjacent minima of γ, labeled τa and τb.
Consequently, the parameters Rn and Cn of an RC element can be calculated as

Rn =
∫ τb

−τa
γ(ln τ) d ln τ, (11)

Cn =
τn

Rn
. (12)

In engineering applications, the number of RC elements must often be defined a
priori, notwithstanding the number of occurring processes in the DRT. This can corrupt the
interpretability of RC parameters, when RC elements are not unambiguously correlated to
the same electrochemical processes at all SOCs. On this account, Figure 4 proposes a flow
chart of a decision logic for parameterizing RC elements directly from the DRT and takes
into account the predefined number of RC elements. This process is henceforth denoted as
DRT-fitting and is explained in the following.

P1

P2

ln τ in s

γ
(l

n
τ
)

in
Ω

Find Peaks
P1 and P2

Select all P1

Compare #
P1 with # N

Eq. (11) & Eq. (12)
for each process P

Impedance
Parameters

Pnew = P1low
+ P1close

Remove P1low

Choose Number
of RC-elements N

Include P2high

Split P1wide

Number of P2

Legend
N = Number of RC-elements
P1 = Dominant process
P2 = Secondary process
Plow = Process with lowest peak
Phigh = Process with highest peak
Pwide = Process with widest peak
Pclose = Process with closest peak

P1

P2

P = N

P > N

Pnew

P < N

P2 > 0 P2 = 0

Pnew

Figure 4. Flow chart of the proposed DRT-fitting for automated parameterization of RC elements from the DRT.

Initially, all local maxima in the DRT are identified and labeled P1, while all inflec-
tion points are labeled P2. To identify the inflection points, the second derivative of γ
is consulted and τn is determined at the location of its maxima. The idea is that both
geometric points indicate an underlying electrochemical process. We propose to associate
one RC element to each primary process P1. If the predefined number of RC elements N
matches the number of primary process P1, RC elements can be parameterized according
to Equations (11) and (12) and the parameterization process has finished. If the DRT reveals
more primary processes P1 than the predefined number of RC elements, the polarization
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resistance of the lowest peak is added to the process with the closest relaxation time. If the
predefined number of RC elements exceeds the number of peaks in the DRT, the secondary
processes P2 are associated to an additional RC element in descending order of the polar-
ization resistance. In order to divide the polarization resistance between a secondary and a
primary process, the integration limit is set to the point were the slope of γ is lowest.

For our tested cell, the number of processes and their corresponding time constants
was different at different SOCs. Hence, we ran the algorithm for the DRT of each tested
SOC, in order to assure the consistent allocation of the same processes to the same RC
elements over the entire SOC range.

4.3. Comparison to Conventional EIS-Fitting

To validate the proposed parameterization procedure (DRT-fitting), it is compared
to a reference EIS-fitting algorithm. Conventional EIS-fitting was performed using a
MULTISTART algorithm [34] with 100 starting points to fit three RC elements to the measured
impedance spectra in the frequency-domain. To ensure comparability of the results, we also
only used EIS measurements to calculate the DRT and perform the DRT-fitting. Figure 5
shows the resulting parameters for R and τ and the corresponding impedance spectra
compared to the measured ones.
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Figure 5. Left: Impedance spectra from EIS measurements and impedance spectra estimated by the proposed DRT-fitting
and benchmark EIS-fitting for different SOC at 20 °C. Impedance spectra are shifted in the y-direction according to the SOC
for the sake of better visibility. Right: Resulting ECM parameters over SOC for DRT-fitting and EIS-fitting.
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The Nyquist plots indicate that both ECMs approximate the measured impedance
spectra with similar accuracy. Between 10% SOC and 90% SOC both EIS-fitting and DRT-
fitting identify one process at the first semi-circle displaying the charge-transfer resistance,
one process at the transition frequency and one process at the diffusion branch. While this
is expected for the DRT-fitting, it is noticeable that the EIS-fitting algorithm allocates the
three RC elements in the same manner. Besides minor offsets and shifts between individual
RC elements, parameters of both methods coincide well with each other. At 0% SOC and
100% SOC the assignment of RC elements remains consistent for the DRT-fitting. This leads
to the typical bathtub shape of the charge-transfer resistance [7]. The EIS-fitting algorithm,
however, allocates the second RC elements to the second emerging charge-transfer process
(P2). This leads to inconsistent RC parameters at the edges of the SOC area.

It needs to be noted that the boundaries of the EIS-fitting were set free, which could
be changed in a way to force the algorithm to assign individual RC elements to certain
frequency ranges. While both approaches lead to similar parameters in most cases, the ad-
vantage of the DRT-fitting is that it automatically determines physically reasonable and
consistent parameters without a priori knowledge and the need for a manual, iterative,
and time-consuming fixing of starting values and boundary conditions.

Since both approaches identify similar RC parameters, they also lead to a comparable
accuracy in the validation cycle (Table 2), whereby the error of the DRT-fitting is slightly
higher (in the range of few mV) for all validation regimes. It can be concluded that when
using EIS data alone, the proposed DRT-fitting does not gain any improvements in accuracy
compared to the conventional EIS-fitting algorithm. However, it allows for a convenient
combination of EIS and TDM.

5. Combination of EIS and TDM
5.1. Merging Approaches

As reviewed in Section 1.2, there are already some approaches to combine both
measurement domains. However, most of these use the the DRT only to gain a priori
knowledge and subsequently perform conventional fitting.

In this work, we present and compare three different merging approaches, which oc-
cur at various stages during the parameterization process using either a subset of RC
parameters (Separate DRT-fitting), intermediate results (Interconnected DRT-fitting) or raw
measurement data (Combined DRT-fitting). All three employ the proposed DRT-fitting
for direct RC parameterization from the DRT and without the need for any conventional
fitting algorithm. The three approaches are illustrated in Figure 6, and are explained in
the following:

1. Separate DRT-fitting (blue):
In our first approach, EIS and TDM are used individually to parameterize different
RC elements, the allocation of which is defined a priori. With this assumption,
EIS and TDM are processed independent from each other. The ohmic resistance
and the first RC elements (two in our case) are parameterized purely based on the
EIS-DRT, whereas the remaining RC elements (two in our case) are determined
from TDM-DRT only. Therefore, relaxation times higher than τ̂, with τ̂ being the
highest relaxation time with a local minimum in the EIS-DRT, are ignored in the
EIS-DRT. Likewise, the TDM-DRT is only evaluated at τ > τ̂. Depending on the
sampling frequency, it is difficult to capture high-frequent loss processes during TDM,
where meaningless oscillations can occur at low relaxation times close to τ̂ of the
TDM-DRT. This motivates an interconnected approach.

2. Interconnected DRT-fitting (orange):
The goal of our second approach is to use information of EIS measurements in a
more intertwined calculation of the TDM-DRT to avoid the described problems of
meaningless oscillations at low relaxation times. Since the DRT equals a series of
an infinite number of RC elements, the voltage relaxation which is caused by the
high-frequency processes of the cell can be calculated from the EIS-DRT:
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uEIS(t > (t0 + Tp)) =
∫ ∞

−∞
γEIS(ln τ) Ip [exp (

t0 + Tp − t
τ

)− exp (− t0 − t
τ

)] d ln τ. (13)

This virtual voltage response is subtracted from the measured voltage of TDM.
Since the EIS-DRT is only used to subtract the high-frequency behavior of the cell,
the diffusive branch is removed from the impedance spectrum before evaluating
Equation (13). Afterwards, the remaining voltage response is used to calculate the
TDM-DRT according to Equation (7). Adding EIS-DRT and TDM-DRT finally yields
a DRT of the complete system, which is used for the parameterization of all three
RC elements. A disadvantage of this rather complex approach is that errors within
calculation of the EIS-DRT propagate into the next step and will influence the voltage
signal and thus also the TDM-DRT.

3. Combined DRT-fitting (green):
Based on the disadvantages of the first two approaches, we developed a combined
DRT-fitting, where the calculation of EIS-DRT and TDM-DRT is performed simultane-
ously in one single step. This makes decision of a border time constant τ̂ superfluous
and avoids complex interconnected fitting. Defining one system of equations in order
to find γ(ln τ), such that it best fits both measurements, directly results in a DRT
that displays the complete dynamic behavior of the measured cell from high to low
frequencies. This can be implemented by merging Equations (3) and (7) to

min
UOCV,R0,R

∥∥∥∥∥∥
√

w




A′Z 0 1
A′′Z 0 0
Au 1 0






R
UOCV

R0


 − √w




Z′exp
Z′′exp
uexp



∥∥∥∥∥∥

2

2

(14)

min
x
‖ Bcomb x − Dexp ‖2

2 (15)

This equals a summation of the residuals of EIS-DRT and TDM-DRT. The diagonal
Matrix w applies a weighting between EIS and TDM data to achieve an equal influ-
ence of both measurements, the derivation of which can be found in Appendix D.
Minimizing Equation (15) yields the DRT of the whole system as well as R0 and UOCV
and can thus be used to parameterize all ECM parameters at once.

The presented approaches are validated against a validation cycle in the time-domain
in the following.

5.2. Validation Results

We validated our method by comparing the measured voltage with the simulated
voltage during a validation cycle with a defined current profile (Figure 7a). The validation
cycle started with a CCCV discharge (A) and charge (C) at 1 C with 4 h relaxation (B) after
the discharge and 3 h relaxation (D) after the charge phase. This was followed by a dynamic
stress test (DST) (E), in which the cell was discharged by a sequence of short charge and
discharge pulses between −2 C and 1 C. Finally, after charging the cell back to 100% SOC,
a real driving cycle, recorded with a Volkswagen eGolf (F), was repeated until the lower
cut-off voltage was reached.
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Figure 6. Flow chart of different approaches for combining EIS and TDM before the DRT-fitting is performed to parameterize
the RC elements of an ECM. Blue: Separate DRT-fitting. Orange: Interconnected DRT-fitting. Green: Combined DRT-fitting.
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In Table 2, the root mean square error (RMSE) of the different configurations of
the proposed DRT-fitting as well as the conventional EIS-fitting is listed for the whole
validation cycle and for the different segments A–F separately. Exemplary, Figure 7b)
shows the measured and simulated voltage of the combined DRT-fitting, where the DRT is
calculated from EIS and TDM simultaneously during the validation cycle. In Figure 7c),
the corresponding residual voltage Uerror = Usim − Uexp is plotted.

Table 2. Comparison of the RMSE in mV during the validation cycle of different RC parameter sets.

EIS-Fitting DRT-Fitting DRT-Fitting

Measurement EIS EIS EIS and TDM
Merging Approach n.a. n.a. Separate Interconnected Combined

Regularization Term n.a. x x/ d2x
dln(τ)2 x/ d2x

dln(τ)2
d2x

dln(τ)2

Whole Validation Cycle 72.56 73.14 45.18 41.52 43.38

A: 1 C Discharge 42.88 46.76 28.78 26.41 26.71

B: Relaxation at 0% SOC 148.12 148.17 38.86 52.44 56.87

C: 1 C Charge 49.61 56.85 95.08 60.87 59.63

D: Relaxation at 100% SOC 37.35 37.35 36.33 36.47 36.74

E: DST 24.14 25.63 22.65 20.59 22.16

F: Driving Profile 31.56 32.05 23.69 25.12 27.39

It can be seen that adding TDMs to the parameterization process by using our pro-
posed merging approaches significantly improved the results compared to the conven-
tional EIS-fitting. The lowest overall RMSE (41.52 mV) was reached by the interconnected
DRT-fitting with a relative improvement of 42% compared to the conventional EIS-fitting.
Thereby, the differences of the three merging approaches were comparably low (in the
range of a few mVs for most regimes). The only big difference occurred at 0% SOC and at
the beginning of the charging phase, when using the separate DRT-fitting. In this configu-
ration, apparently, different loss processes were assigned to the RC elements in this region.
The RMSE was lower compared to the interconnected and combined DRT-fitting during the
relaxation phase and higher at the beginning of the charging phase. The magnitude of the
voltage error at 0% SOC and 100% SOC was influenced by the OCV-SOC relationship in this
region anyway, as revealed by the strong hysteresis until approx. 20% SOC (Section 2.3).

The voltage error in Figure 7c lay within the 50 mV error margin for most of the time.
Only at low SOC, at the end of discharging and at the beginning of charging, the error
increased strongly. As discussed before, the high error in the low SOC range could mainly
be attributed to the strong hysteresis, which was not modeled in our ECM. Therefore, in
the future, more detailed investigations on the modeling of hysteresis are needed to further
improve the simulation results, especially for modern LIB with silicon added to anode
active material. It needs to be noted that we completely discharged the cell with a CCCV
profile applying a low cut-off current of C/50. For most applications, however, such as
battery electric vehicles, this low SOC area is of minor importance, since the SOC range is
limited for various reasons such as safety or degradation [35].

6. Conclusions

In this study, we presented and validated a novel parameterization process for RC
elements of ECMs. The main advantages of this approach can be summarized as follows:
(1) merging of frequency- and time-domain measurement data to cover a broad frequency
range, (2) automated DRT calculation using Tikhonov regularization and the L-curve
criterion, and (3) RC parameterization directly from the DRT (DRT-fitting). Furthermore,
we can conclude the following from our investigations.

To cover a broad frequency range of the cell’s dynamic behavior we utilize both
measurements in the frequency-domain (EIS) and measurements in the time-domain
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(pulse-relaxation measurements). The TDMs, which in general are necessary to capture the
low-frequency loss processes of the LIB, have shown that a long relaxation period of more
than two weeks was necessary prior to the pulse-relaxation measurement itself. This was
to eliminate all effects of bringing the cell to its respective SOC. Only when a fully relaxed
state has been reached prior to the pulse-relaxation measurement does the procedure solely
capture the cell’s kinetics and is not biased by any former excitation of the cell.

We investigated different regularization terms in the Tikhonov regularization to sta-
bilize the DRT problem. Besides standard regularization with the solution norm itself,
regularization with the norm of the solution’s first and second derivative were applied in
the calculation of the DRT. The results have shown that in contrast to the EIS-DRT, where the
standard regularization showed the best results, using the solution’s second derivative
leads to an improved deconvolution of the TDM-DRT. During all DRT calculations, the L-
curve criterion has successfully been used to find the optimum regularization factor.

We showed that it is possible to determine RC parameters directly from the DRT
without the use of any conventional optimization algorithm. The parameters resulting
from the DRT-fitting are, with minor differences, comparable to a benchmark EIS-fitting.
However, our approach avoids time-consuming work of setting boundary conditions and
initial guesses for the fitting algorithm to achieve reasonable and consistent parameters
over broad operating conditions.

Additionally, direct DRT-fitting allows for convenient merging of frequency and time-
domain data. Therefore, we ultimately compared three methods of combining EIS and
TDM data to be used in the proposed DRT-fitting. During a comprehensive validation
cycle, all three methods achieved comparable results in most regions. However, they show
a strong improvement compared to the conventional EIS-fitting—the RMSE was reduced
by over 40%. Modeling of the cell at a low SOC proved to be most difficult for all methods,
therefore detailed investigations of the hysteresis behavior are suggested for future work.

Furthermore, it should be kept in mind that the DRT calculation and the ECM pa-
rameterization in general is subject to several other influencing factors, which were not
further investigated in this work. These include, for example, the range and number of
relaxation times in the DRT, the definition of the minimization problem itself (like includ-
ing an inductance or fixing the UOCV or the R0 value in the cost function), or applying a
different measurement routine. For the TDMs especially, the impact of different measure-
ment protocols should be further investigated. In the introduced ECM parameterization
process, the allocation of the total polarization process to the RC elements as well as the
number of RC elements have an important influence. Last but not least, validation of
models is always dependent on the validation cycle, as shown by the separate evaluation
of the different cycle regimes. In this work, we performed parameterization and validation
only at 20 ◦C. In the future, this must be extended to account for the mutual dependency
between dynamic loss process and heat generation inside the cell.
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Abbreviations

BMS battery management system
DRT distribution of relaxation times
DST dynamic stress test
DVA differential voltage analysis
ECM equivalent circuit model
EIS electrochemical impedance spectoscropy
GITT galvanostatic intermittent titration technique
LIB lithium-ion battery
NCA nickel cobalt aluminium oxide
OCV open-circuit voltage
pOCV pseudo open-circuit voltage
RMSE root mean square error
SOAP state of available power
SOC state of charge
SOH state of health
TDM time-domain measurement

Appendix A. EIS-DRT

As an infinite number of RC elements with continuous relaxation times, the DRT
yields an impedance spectrum of

ZDRT( f ) =
∫ ∞

0

g(τ)
1 + j2π f τ

dτ, (A1)

where f stands for the frequencies at which the spectrum ZDRT is evaluated and g(τ) is the
distribution function of resistances at the continuous relaxation times τ. g(τ) is normalized
to the total polarization resistance Rpol :

∫ ∞

0
g(τ)dτ = RPol. (A2)

Substituting γ(ln τ) = τg(τ) in Equations (A1) and (A2) simplifies the use of a
logarithmic frequency scale and yields Equations (1) and (2) given in Section 3.1:

ZDRT( f ) =
∫ ∞

−∞

γ(ln τ)

1 + j2π f τ
d ln τ (A3)

∫ ∞

−∞
γ(ln τ) d ln τ = RPol. (A4)

DRT calculations based on the equations above can be found in various publications
in one form or another [12–14,16,17,25,27,29,32,36–40]. When dealing with discrete data,
the integrals in Equations (1) and (2) can be expressed as sums

ZDRT( fq) =
N

∑
n=1

γn

1 + j2π fqτn
∆τlog =

N

∑
n=1

Rn

1 + j2π fqτn
(A5)

and
N

∑
n=1

γn ∆τlog =
N

∑
n=1

Rn = RPol, (A6)

which is equal to a series of N RC elements. The values γn of the discrete distribution func-
tion equal the function values of γ(ln τ) at the N discrete relaxation times τn, which have
the equal logarithmic difference ∆τlog. The impedance is approximated at Q discrete
logarithmic equidistant frequencies fq.
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To obtain the minimization problem in Equation (3), real and imaginary part of the
impedance are separated and the sum of their squared residuals is used as an error measure
to evaluate the approximation of γ(ln τ):

min
R0,Rn

( Q

∑
q=1

[
w′(R0 + Z′DRT( fq)− Z′exp( fq))

2 + w′′(Z′′DRT( fq)− Z′′exp( fq))
2
])

. (A7)

The resistance R0 has to be added to the real part of the DRT’s impedance, to satisfy
the purely ohmic resistance of the measured impedance spectrum. As mentioned in
Section 3.1, w′ and w′′ are used to allow an adjusted weighting of the real and imaginary
part. By displaying the discrete values of Z in a vector, Equation (A7) can be transformed
into matrix form:

min
R0,Rn

(
w′‖((R01 + Z′DRT)− Z′exp)‖2

2 + w′′‖(Z′′DRT − Z′′exp)‖2
2

)
. (A8)

Stacking the two parts of Equation (A8), yields the minimization problem given in
Equation (3) in Section 3.1:

min
R0,R

∥∥∥∥∥

[√
w′A′EIS

√
w′1√

w′′A′′EIS 0

][
R
R0

]
−
[√

w′Z′exp√
w′′Z′′exp

]∥∥∥∥∥

2

2

. (A9)

Satisfying Equation (A5), the entries of the Q× N matrices A′EIS and A′′EIS have to be
set to

A′EIS,q,n =
1

1 + (2π fqτn)2 (A10)

and

A′′EIS,q,n =
−2π fqτn

1 + (2π fqτn)2 , (A11)

such that
ZDRT = A′EISR + jA′′EISR, (A12)

where Z is a vector containing the discrete impedance values Z( fq) and R is a vector
containing the discrete resistance values Rn = γn ∆τlog.

Appendix B. TDM-DRT

Schmidt starts the deduction of the system of equations from the voltage response of
a single RC element to a current pulse of magnitude Ip applied at t0 for a duration of Tp,
which is given in Equation (5) in Section 3.2 as

un(t) = Rn Ip[σ(t− t0)(1− exp (− t− t0

τn
))

− σ(t− (t0 + Tp))(1− exp (− t− (t0 + Tp)

τn
))], (A13)

where σ(x) is the Heaviside step function. In the relaxation phase, where (t < t0 + Tp),
this simplifies to

un(t) = Rn Ip[− exp (
t0 − t

τn
) + exp (

t0 + Tp − t
τn

)]. (A14)

A summation of N RC-elements with logarithmic evenly spaced relaxation times τn
directly yields the equation for discrete DRT data:
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uDRT(tm) =
N

∑
n=1

Rn Ip[exp (
t0 + Tp − tm

τn
)− exp (

t0 − tm

τn
)] (A15)

=
N

∑
n=1

γn∆τlog Ip[exp (
t0 + Tp − tm

τn
)− exp (

t0 − tm

τn
)] (A16)

at M discrete sampling points in the time domain tm. As before, γn ∆τlog = Rn. The equa-
tion for a continuous DRT γ(ln τ) is obtained when ∆τlog approaches 0 and N approaches ∞:

uDRT(t) =
∫ ∞

−∞
γ(ln τ)Ip[exp (

t0 + Tp − t
τ

)− exp (
t0 − t

τ
)]d ln τ. (A17)

The squared residual is used to find γ, such that uDRT best fits the measurement
data uexp:

min
UOCV,Rn

( M

∑
m=1

[
((UOCV + uDRT(tm))− uexp(tm))

2
])

. (A18)

Here, the constant value UOCV has to be added to the the DRT’s voltage response
to satisfy the offset of the measured cell voltage caused by the open circuit potential.
Analogously to the EIS approach, Equation (A18) can be transformed into matrix form by
displaying the discrete values of u in a vector:

min
UOCV,Rn

‖(UOCV1 + uDRT)− uexp‖2
2. (A19)

This is equal to Equation (7) in Section 3.2:

min
UOCV,Rn

∥∥∥
[
ATDM 1

][ R
UOCV

]
− uexp

∥∥∥
2

2
.

Following Equation (A16), the entries of the M× N matrix ATDM have to be set to

ATDM,m,n = Ip[exp (
t0 + Tp − tm

τn
)− exp (

t0 − tm

τn
)], (A20)

such that
uDRT = ATDMR, (A21)

where u is a vector containing the discrete voltage values u(tm) and R is a vector containing
discrete resistances, analogous to Equation (A12).

Appendix C. Regularization Terms

For a regularization with the norm of the solution’s first or second derivative, the reg-
ularization matrix L is determined via numerical differentiation. Forward differentiation
of x yields the Newton’s difference quotient:

d
d(ln τ)

x(ln τ) ≈
x(ln τ + ∆τlog)− x(ln τ)

∆τlog
. (A22)

Hence the regularization term is set to be the first derivative of x, by choosing L to be
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L =
2

∆τlog




−1 1 0 · · · 0

0 −1 1
. . .

...

0 0 −1
. . . 0

...
. . . . . . . . . 1

0 · · · 0 0 −1




. (A23)

The second derivative is obtained using backward differentiation of Equations (A22)
and (A23). This leads to

d2

d(ln τ)2 x(ln τ) ≈
x(ln τ + ∆τlog)− 2x(ln τ) + x(ln τ − ∆τlog)

∆τ2
log

(A24)

and

L =
2

∆τ2
log




−1 0.5 0 · · · 0

0.5 −1 0.5
. . .

...

0 0.5 −1
. . . 0

...
. . . . . . . . . 0.5

0 · · · 0 0.5 −1




. (A25)

Since the last entries of the vector x, UOCV, and/or R0 are actually not part of the
discrete DRT γ(ln τn), the corresponding lines and columns in L are set to 0.

Appendix D. Weighting of EIS and TDM Data

To achieve an equal influence of EIS and TDM data on the solution of Equation (15)
an adequate weighting of the data has to be found.

For an EIS with Q sampling points and a TDM with M sampling points, the matrix
Equation (15) consists of 2Q + M lines. An unequal number of measurement points of
TDM and EIS is evened out by dividing all lines of the equation system corresponding to
EIS data by Q and all lines corresponding to TDM data, by M. However, EIS and TDM
data are also presented with different physical units and are subject to different noise levels.
This has to be additionally compensated by a fit weighting factor. To determine this factor,
the squared residual norms of EIS-DRT and TDM-DRT of the conducted measurements are
compared. Averaged over all SOCs, a ratio of

1
2Q‖BEISxEIS − Zexp‖2

2
1
M‖BTDMxTDM − uexp‖2

2
≈ 150

Ω

V
(A26)

has been observed. Hence the weighting in the combined DRT calculation is chosen to be

w = diag
[

1
2Q

1
Ω , . . . , 1

2Q
1
Ω , 150

M
1
V , . . . , 150

M
1
V

]
. (A27)
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2.2.2 Online Estimation of Resistance Parameters in Electric Vehicles

Once in operation within a BEV, the resistance of lithium-ion cells changes due to aging, and the
extent, to which different kinetic loss processes are affected, depends on the aging domain and
conditions. To accurately reflect the dynamic behavior during advanced aging, the RC parameters
of a deployed ECM must be updated over time to maintain validity. The method presented in the
previous section relies on specific test protocols and high-precision measurement equipment. In
contrast, BEV operation profiles consist of a repetitive yet unpredictable sequence of charging,
parking, and driving. Additionally, current and voltage sensors are of lower quality to save costs.
This makes the previously proposed method based on the DRT inapplicable for the online
application. Motivated by research question 2b), this section presents a new method for online
parameterization of high- and low-frequency resistance, which works with arbitrary load profiles
in BEVs. Figure 2.5 illustrates how the results and methods from the previous sections are
utilized and provides an overview of the proposed method presented in Study III.
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Figure 2.5: Graphical summary of Study III [3].

Despite its unpredictability, typical BEV load profiles contain valuable information to determine
resistance parameters. Regenerative braking and subsequent acceleration at a traffic light, for
example, excite the battery similarly to current pulses in the lab. The first step of the proposed
algorithm is to detect suitable parameter identification windows, which fulfill certain requirements:

1. Initiate the window if the current remains below a certain threshold for a specified
time.

70



2 Contributions

2. Accept the window if the current remains above a certain threshold for a specified
time.

3. Terminate the window if the amount of collected data exceeds the storage capacity
of the computing hardware.

The design of the parameterization algorithm was further motivated based on theoretical consider-
ations about the smallest and largest observable time constants in such parameter identification
windows. The smallest observable time constant τmin = ∆t/π is determined by the sampling
rate ∆t according to the Nyquist-Shannon theorem. Assuming a sampling rate of 100 ms, this
means that distinct determination of the pure ohmic resistance Rohm is not feasible. The extent
to which RSEI and Rct can be separated depends on the cell type and operating conditions. The
largest observable time constant τmax is dependent on the measurement duration Tmeas and
determined as τmax = Tmeas/(2 ·π). Violating the criteria for the largest observable time constant
can result in unrealistic resistance parameters with no physical relevance, which means that the
low-frequency behavior cannot be captured reasonably within a parameter identification window.

The basic idea to overcome this challenge is to decouple the parameterization of the high-
frequency and low-frequency resistance into a separate logic. Concretely, an ECM with 3
RC elements is employed out of which the first two RC elements are parameterized using a
conventional non-recursive fitting algorithm during the identified windows. The third RC element,
which should reflect the low-frequency behavior, is determined outside of the window by using a
closed-loop feedback cycle. R3 is adjusted iteratively by minimizing the remaining error of the
simulated voltage in the parameter identification window with a proportional control algorithm. In
this approach, all resistance parameters are either fitted or adapted and good starting values
are beneficial for numerical stability. For this purpose, the parameters determined from the DRT
can be used.

To test the algorithm, real-world operation was mimicked by scaling current profiles from vehicle
measurements with a Volkswagen e-Golf to the cell level. Parameters obtained with this method
were validated against measured impedance spectra. Furthermore, parameters were compared
with the results of a benchmark algorithm, in which R3 was determined within the parameter
identification window rather than through out-of-window adaptation by the proposed observer
logic. The presented algorithm delivers consistent and physically reasonable parameters and is
superior compared to the benchmark algorithm, especially in the low-frequency region. Lastly,
a similar validation cycle to that in the previous section was used to validate the obtained
parameters in the time domain, i.e., when integrated into an ECM. Compared to the benchmark
algorithm, the proposed algorithm achieved a considerably lower RMSE and less systematic
error across all phases of the validation cycle.
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A B S T R A C T   

Impedance is an important characteristic of lithium-ion batteries since it directly influences their power cap
ability. However, battery impedance is highly dependent on the operating condition and increases over the 
lifetime of the battery, due to degradation of the latter. Continuous tracking of the impedance can hence provide 
meaningful insights into the aging status of a battery. However, the on-line determination of battery impedance 
parameters, especially for its low-frequency part, is a challenging task, which has not yet been solved un
ambiguously in literature. This work provides an algorithm for the on-line determination of battery impedance, 
which features a novel approach to quantifying the impedance caused by diffusion processes at low frequencies. 
The algorithm works by parameterizing an equivalent circuit model comprised of RC elements, which re
produces the Li-ion kinetics. The on-line functionality is enabled by parameterizing the model during parameter 
identification windows of battery operating data, which allow for the separation of high-frequency and low- 
frequency dynamics. The developed algorithm is designed in such a way that it can in future be embedded into a 
low-cost microcontroller by taking into account the relevant computational and memory limitations. During 
experimental validation with a commercial Li-ion battery, the root-mean-square error of the simulated voltage 
during diverse static and dynamic loads is reduced by over 50% compared to a benchmark algorithm without the 
proposed approach.   

1. Introduction 

1.1. Motivation 

Car manufacturers are increasingly working on the development of 
battery electric vehicles (BEVs) to replace the traditional internal 
combustion engine vehicle, so as to reduce the greenhouse gas footprint 
of their range [1]. Lithium-ion batteries (LIBs) have so far been the first 
choice as the primary source of energy for BEVs due to their high power 
and energy densities [2]. Aging is an important concern, since the LIB 
represents the single largest cost factor for BEVs [3]. Crucially, all aging 
mechanisms evolve at substantially different rates depending on oper
ating and storage conditions, and are specific to the battery chemistry  
[4]. Therefore, these mechanisms must be determined for each battery 
individually in order to estimate the remaining service life, to ensure 
safe operation and to permit decision making on second-life applica
tions [5]. 

Determination of battery impedance can be used to non-destruc
tively quantify the kinetics inside a cell, which is reflected in the dy
namic relationship between the input current and the resulting battery 
voltage. Under laboratory conditions, prior to the deployment of the 
battery in the field, battery impedance can be determined from either 
time-domain measurements (e.g. current pulses [6]) or from frequency- 
domain measurements (e.g. by electrochemical impedance specto
scropy (EIS) [7]). Here, the cell is typically excited by specific, pre- 
defined excitation signals [8–13], which are designed in such a way 
that all electrochemical effects to be identified are clearly discernible. 

However, such a priori characterization can only be employed on 
the pristine LIB, while impedance estimation over the service life of a 
LIB can provide meaningful insight into its aging state [14–18]. 
Therefore, on-line impedance estimation algorithms which run on the 
battery management system (BMS) are needed. Using updated im
pedance parameters also enhances important BMS functionalities such 
as the accurate estimation of the state of available power [19]. 
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Depending on the application, the load profiles are typically un
predictable and contain a broad range of different dynamics, which 
makes on-line impedance estimation a challenging task. 

The on-line estimation of battery impedance parameters has been 
the subject of many studies in the past. In the following subsection, an 
overview about different methods of on-line impedance parameter es
timation is given. The main challenges posed by hardware limitations 
and unpredictable load profiles are presented and previous approaches 
to cope with these problems are summarized. 

1.2. State of the art in on-Line impedance estimation 

To separate the characteristic impedance parameters influencing the 
current-voltage relationship on-line, battery models are often deployed 
and continuously parameterized. On-line model parameterization al
gorithms must comply with strict hardware requirements, as the com
putational resources provided by the BMS are limited. Compared to 
physics-based and data-driven models, equivalent circuit models 
(ECMs) are the dominating technique for on-line applications due to 
their simplified mathematical and numerical approaches [19,20], 
which allow them to predict battery behavior in real time. 

ECMs use passive electrical components, such as resistors and ca
pacitors, to mimic the behavioral response of an LIB. ECMs are ideally 
designed in such a way that there is a strong physical relation between 
the model parameters and the underlying electrochemical processes 
within the cell. For battery applications, the simplest ECM is in the form 
of an ideal voltage source, modeling the open circuit behavior, in series 
with a resistor, which models the ohmic resistance caused by current 
collectors, active material, electrolyte and separator. However, this 
approach, typically referred to as the RINT-model [21], neglects dy
namic effects inside the battery. More complex ECMs include resistor- 
capacitor (RC) elements to characterize the battery transient response 
as a result of the solid electrolyte interphase, the charge transfer and 
diffusion inside the active materials as well as in the electrolyte. In 
previous studies, the number of RC elements connected in series varied 
between one RC element [22–24], two RC elements [8,9] and higher 
numbers of RC elements [25,26]. The number of RC elements are ty
pically chosen with respect to the dynamics of the load profile, the 
required modeling accuracy and the parameterization method. 

Farmann and Sauer [27] showed in their review that models with 

more sophisticated ZARC elements have the potential for higher model 
accuracy. However, there is no transfer function from the frequency- to 
the time-domain for ZARC elements. Because of this, they are also ty
pically approximated by a discrete number of serial RC elements in the 
time-domain. Other reviews of different ECM layouts have been con
ducted by Hu et al. [28] and Nejad et al. [20], where the trade-off 
between modeling accuracy and computational effort is highlighted. 

It is not only with regard to the model structure, but also in terms of 
the chosen parametrization algorithm, that a large variety can be found 
in literature. Waag et al. [29] reviewed different algorithms for the on- 
line estimation of impedance parameters from time-domain data. In 
general, one can distinguish between two groups of estimation algo
rithms: recursive algorithms and non-recursive algorithms. Recursive 
algorithms include Kalman-filters and their derivate algorithms, such as 
employed in [30,31], as well as recursive least squares (RLS) ap
proaches. The advantages of such algorithms are that, because of their 
recursive nature, little memory is needed, and computation times are 
fast [32]. However, this comes at the cost of possible divergence pro
blems when the battery model inaccurately reproduces the behavior of 
the battery [30]. The stability of such approaches can be improved by 
introducing a sliding window, where the error squares are averaged 
over a pre-defined number of historical sampling points, such as em
ployed in [33–35]. Whereas recursive methods can be improved by 
using more sampling points, non-recursive methods are explicitly de
signed to make use of such a batch of data [32]. Because parameters are 
iteratively searched using the same batch of data until convergence 
requirements are met, non-recursive methods provide higher stability 
and accuracy than recursive methods [29]. 

Waag et al. [36] and Farmann et al. [26] introduced systematic 
criteria for the initializiation and acceptance of these data batches used 
for parameter estimation. The definition of criteria for such parameter 
identification window (PIWs) is superior to the above-described sliding 
window approach, since meaningful impedance parameters can only be 
generated when, e.g., the initial voltage in the model capacitances are 
known [26]. Baumann et al. [5] expanded on this idea by proposing an 
impedance estimation algorithm, which searches for precisely defined 
patterns in the current profile to identify suitable PIWs. The goal was to 
find current profiles which resemble reproducible laboratory conditions 
to enable the consistent estimation of parameters during non-recursive 
fitting. The functional principle of a PIW search and subsequent ECM 

Nomenclature  

Cmax Maximum C-rate to be considered small enough for the 
search of parameter identification windows 

Cmin Minimum C-rate to be considered large enough for the 
search of parameter identification windows 

ERMS Root-mean-square error 
UError Model error voltage, equivalent to the difference between 

measured and simulated voltage 
IC Current over a capacitance in an RC element 
Imeas Measured current 
IR Current over a resistor in an RC element 
N Total number of sampling points in a time-discrete signal 
P Parameter set for an equivalent circuit model 
Preduced Simplified parameter set for an equivalent circuit model 
Ri Resistance of the i-th RC element in an equivalent circuit 

model 
Rct Current-dependent charge-transfer resistance of the first 

RC element in an equivalent circuit model 
Ci Capacitance of the i-th RC element in an equivalent circuit 

model 
Cnom Nominal cell capacity 
Thc Time of sufficiently large current for the search of 

parameter identification windows 
Tmeas Measurement duration 
Trelax Relaxation time before parameter identification window 

(PIW) initiation 
Usim Terminal voltage in an equivalent circuit model, i.e. si

mulated battery voltage 
Ui Voltage over the i-th RC element in an equivalent circuit 

model 
Uerr,iRC Error voltage for an i-RC equivalent circuit model 
R0 Resistance of the ohmic resistor 
fcost Cost function, which is minimized during the search for 

optimal parameters 
fmax Maximum observable frequency 
fmin Minimum observable frequency 
fmeas Measurement frequency 
fobs Observable frequency for a given measurement duration 
n Sampling point in a time-discrete signal 
k1 Currentdependence of the first RC element in an equiva

lent circuit model 
τmax Largest observable time constant 
τmin Smallest observable time constant 
Δtmeas Measurement sampling interval 
t Time   
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parameter fitting is schematically presented in Fig. 1. 
The memory and computational capability of a BMS narrow down 

the degrees of freedom in designing a PIW, as they limit the maximum 
length of the PIW and the data sampling rate, respectively. The influ
ence of the sampling rate on the quality of identified parameters was 
previously studied by Gu et al. [37], who found that the accuracy of a 
2RC ECM can be greatly improved when the sampling frequency is 
increased from 0.2 Hz to 10 Hz during parameter estimation. This result 
is expected, because the sampling rate dictates the upper limit in the 
observable spectrum of the estimated impedance. Lower sampling rates 
reduce the visibility of high-frequency (HF) dynamics, i.e., ohmic, solid 
electrolyte interphase and charge-transfer resistances. The influence of 
the window was studied by Huai et al. [32]. They investigated window 
sizes between 30 s and 600 s, and found that a longer PIW is beneficial 
to the fitting accuracy of the model voltage. This is also expected, since 
the amount of data stored in a PIW dictates the lower limit in the ob
servable spectrum of the estimated impedance. The longer the PIW, the 
more low-frequency (LF) dynamics, i.e., diffusion effects, become 
visible. 

One could suggest increasing the sampling rate and window size 
until all impedance parameters of interest are identifiable. However, a 
higher sampling rate and longer window size lead to a higher demand 
of BMS memory and computational resources, which are limited in 
practice. Additionally, even if more hardware resources were available 
on a BMS, the parameterization of LF impedance from an ever longer 
PIW is difficult. This is because, under dynamic battery load, the vol
tage response is influenced by both HF dynamics, and LF dynamics. 
When fitting ECM parameters with different timescales simultaneously, 
optimization algorithms can suffer from numerical problems [38], as 
was illustrated in [39–41]. Furthermore, since the impedance is de
pendent on the SOC and temperature, larger window sizes increasingly 
violate the assumption of constant operating conditions. Thus, mapping 
a single set of impedance parameters to such windows becomes un
reasonable. 

In previous publications, these issues were often tackled by simply 
neglecting LF impedance parameters during on-line parameter estima
tion [29]. However, LF impedance contributes significantly to the ab
solute impedance of a LIB during real-world loading, and accurately 
estimating these diffusion characteristics can provide meaningful in
sights into the aging state. 

A small number of approaches have already worked on algorithmic 
solutions to overcome these problems. Hu et al. [41] proposed a two- 
timescale scheme, where HF and LF dynamics were estimated in
dividually. They assumed the HF and LF ranges to be far enough apart 
that they could be separated using linear high-pass and low-pass filters 
on the measurement data. They used an RLS estimation and para
meterized a 2RC ECM from pulses of varying frequency, and found an 
accuracy improvement over a fitting approach without filtering. 

Zhang et al. [39] expanded on [41] by employing non-linear filters 
that were iteratively applied to increase the modeling accuracy even 
further. They labeled their approach ’decoupled weighted RLS’. 

Dai et al. [40] suggested a different method of estimating the bat
tery dynamics on separate timescales. They also used a 2RC ECM, but 
only parameterized one RC element using RLS, while the LF RC element 
was adapted at specific timesteps by an extended Kalman-Filter, when 
the change in state of charge (SOC) was greater than 0.2%. This con
dition was chosen to be indicative of the excitation of diffusion pro
cesses. The experimental results demonstrated modeling accuracy im
provement over a conventional RLS approach for both RC elements. 

While these approaches are promising and show an improvement 
over estimation algorithms without separate timescales, they do not use 
the potential of employing a non-recursive algorithm, since they do not 
implement PIWs, which are designed on the basis of systematic criteria. 
Instead, they all employ RLS approaches, which can suffer from stabi
lity issues. In addition, using a filter to separate HF and LF frequencies 
carries the disadvantage of possibly missing the physical 

interpretability of impedance parameters when the cut-off frequency of 
a filter is chosen poorly. 

1.3. Goal, novelty and outline of this work 

Based on the review of the state of the art in on-line estimation of 
battery impedance, the following major conclusions can be drawn: i) 
ECMs seem to be the most suitable modeling approach for on-line ap
plications due to their low computational effort. ii) To continuously 
update impedance parameters on-line, non-recursive algorithms are 
favorable over recursive algorithms, since they promise higher nu
merical stability when initiated incorrectly. iii) Non-recursive algo
rithms require suitable PIWs to find physically reasonable parameters. 
iv) There is a clear advantage in separating HF and LF impedance fitting 
in two different algorithms. 

To the best of our knowledge, there is no approach in the literature 
which fulfills the aforementioned requirements for a robust and accu
rate on-line impedance estimation algorithm covering a broad range of 
impedance dynamics, and which also considers BMS hardware limita
tions. 

Therefore, this work aims to systematically derive such an algo
rithm. In summary, the main contributions of this work are:  

• Provision of a theoretical background to the observable range 
of an impedance spectrum in a PIW: Based on BMS limitations, 
the smallest and largest observable time constants in a window- 
based impedance estimation approach are reviewed and applied to 
impedance spectra of a commercial LIB under various conditions. 
Implications for observable processes are derived. (Section 2)  

• Presentation of a novel observer-based approach for an on-line 
impedance estimation: Based on the theoretical findings of  
Section 2, the integer-order time-domain ECM to model the im
pedance is derived. Furthermore, design characteristics of the PIW 
used to parameterize the ECM are presented. The new para
meterization method consists of two algorithms running in parallel 
and on separate timescales. A distinction is drawn between HF im
pedance, which is identified within the PIW, and low-frequency (LF) 
impedance, which is identified outside of the PIW. (Section 3) 

• Experimental validation of the novel algorithm with a com
mercial LIB: The novel approach is deployed on measurements with 

Fig. 1. Schematic representation of a) the parameter identification window 
(PIW) search, b) parameter fitting on the voltage signal and c) the employed 
ECM of the battery for the estimation of the battery impedance. 
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real driving cycles. The performance of the estimated impedance 
parameters is validated using a multi-step validation cycle and 
compared to a non-recursive benchmark algorithm. (Experimental 
methodology: Section 4, Validation results: Section 5) 

The conclusions and the outlook for future work can be found in  
Section 6. 

2. Theoretical considerations 

2.1. Smallest observable time constants 

The concept of a smallest observable time constant τmin implies that 
all processes with a time constant smaller than τmin cannot be modeled 
from measurement data [42]. The highest observable frequency of any 
time-discrete signal, such as a current and voltage signal measured by a 
BMS, is limited by the Nyquist-Shannon sampling theorem [43]. The 
theorem states that if a function contains no frequencies higher than the 
maximum observable frequency fmax Hz, it is completely determined by 
giving its ordinates at a series of points spaced 1/(2fmax) s apart. By 
analogy, the inversion of this theorem states that for a given spacing of 
the sampling interval =t f1/ ,meas meas the largest observable frequency 
is defined by 

=f
f

t2
1

2obs
meas

meas (1)  

Using the definition of the time constant τ for an RC element, the 
smallest observable time constant can be calculated as [44]: 

= t
min

meas
(2)  

However, the Nyquist-Shannon theorem holds for periodic signals 
only and for an infinite observation period. For a finite observation 
period, Schmidt et al. [12] claim that the smallest observable time 
constant for the laboratory-based parameter identification of lithium- 
ion cells with pulse measurements can be estimated by 

= t100 .min,[12]
meas

(3)  

2.2. Largest observable time constants 

Parameters for electrochemical processes with large time constants 
are typically determined from the relaxation behavior of the cell after a 
current pulse, since this allows for the largest observable timeframe of 
dynamic behavior without changing the SOC. For these types of re
laxation measurements [44], there are again some empirical values 
derived from pulse measurements for the largest observable time con
stants based on the total measurement time Tmeas. Klotz et al. [45] 
derive a value of 

f
T

4
obs

meas (4) 

based on the relation of the width of a function in the time domain and 
the width of its spectrum in the frequency domain (leakage). This yields 
a largest observable time constant of 

= T
8

.max,[45]
meas

(5)  

Neglecting the effect of leakage yields the theoretically largest time 
constant under the assumption of one full excitation of a periodic 
process 

= T
2

,max,[44]
meas

(6) 

which is used by Schindler [44]. Violating the criterion for the largest 
observable time constant can lead to the formation of pseudo-processes 
with an unrealistically high resistance and which have no physical re
levance. This happens because if model time constants are so large that 
they become unobservable, the algorithm can assign any arbitrary value 
without influencing the quality of the model fit. All of these limits are 
plotted for impedance spectra of a commercial 18650 cell of type 
US18650VTC5A by Sony/Murata (Section 4) at different temperatures 
and SOCs in Fig. 2 assuming =t 100msmeas and =T 60smeas . These 
values can be derived as typical limitations for a BMS [37]. 

2.3. Implications for observable processes 

Within this work, HF impedance refers to the impedance at all 
frequencies above the inflection point at which the impedance changes 

Fig. 2. Nyquist-Shannon limit and limit used by Schmidt [12] for the smallest observable time constant and limit used by Schindler [44] and Klotz et al. [45] for the 
largest observable time constant for the measured impedance spectrum of a commercial 18650 cell of type US18650VTC5A by Sony/Murata at different SOC at a) 

10 C ambient temperature and b) 20∘C ambient temperature. Assumptions for calculation of the respective limits: =t 100msmeas and =T 60smeas . 
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to a quasi-linear behavior in a Nyquist plot, sometimes referred to as the 
transition frequency [46]. This transition frequency is marked by a 
black triangle in Fig. 2. LF impedance comprises the impedance at all 
frequencies below this transition frequency. The figure shows that the 
value of the transition frequency varies greatly between the different 
temperatures and SOCs. Hence, the electrochemical processes ob
servable within the derived observable frequency range vary as well. 
Here we apply the more optimistic limit in either case. At 20∘C, the 
observable range lies mostly within the LF region, while the HF region 
is mostly unobservable, even under the optimistic assumption of the 
Nyquist-Shannon limit. For LIBs, the semicircle in the HF region is ty
pically associated with the charge transfer and double-layer capacitance 
at the electrodes [47]. If two semicircles are observable, they are ty
pically attributed to the transport of ions across the solid electrolyte 
interface (SEI), which occurs at a higher frequency, and to the charge 
transfer and double-layer capacitance at the electrodes [48]. At 10 C,
the majority of the first semicircle is observable under the assumption 
of the Nyquist-Shannon limit. At all temperatures, under the optimistic 
assumption in [44], the observable range of LF impedance is compar
able to the typical lowest frequency of EIS measurements (10 mHz). It is 
noticeable that the observable frequency range at 10 C almost totally 
collapses when applying the more conservative limits presented in lit
erature [12,45]. 

The full impedance spectrum of a nickel manganese cobalt oxide 
(NMC)-based lithium-ion cell is described in [11]. Schönleber describes 
that while the impedance changes significantly for the different SOCs, a 
subsequent analysis of the distribution of relaxation times reveals that 
the time constants of the LF processes stay approximately constant. 
Additionally, the distribution of relaxation times (DRT) reveals that the 
solid-state diffusion consists of two individual processes representing 
the solid-state diffusion of different particle sizes [11]. One of the two 
processes can be considered dominant in terms of the magnitude of the 
overvoltage, which is why the impedance spectrum approaches the 
form of a semicircle at the lowest frequencies. For the HF impedance 
however, SOC independence does not hold. Sabet et al. [49,50] reveal 
that, depending on the SOC, the charge transfer resistance is dominated 
by the charge transfer process of either the cathode or anode, leading to 
a shift in frequency over the SOC. 

Based on the previous discussion of observable and real impedance 
spectra and the respective time constants, we can conclude the fol
lowing: It is expedient to model three major kinetic properties of the 
battery on-line: charge-transfer, electrolyte diffusion and solid-state 
diffusion. With =T 60meas s however, the solid-state diffusion cannot be 
parametrized inside the PIW, even considering the less restrictive sce
nario given by Eq. (6). This demands a new method of parameterizing 
the LF impedance in the μHz-range outside of the PIW. 

3. Proposed method 

The functional principle of the observer algorithm, which is de
scribed in detail in the following section, is illustrated in Fig. 3. First, 
the employed ECM, which is used to describe the battery impedance, is 
derived. Afterwards, the design characteristics of the PIW, which trig
gers the two separate parameter estimation algorithms, are presented. 
Finally, the decoupled parametrization of HF impedance (HF fitting) 
and LF impedance (LF adaption) are described. 

3.1. Employed ECM 

Based on the findings in Section 2, the employed ECM consists of an 
ohmic resistance and 3 RC elements to model the three major kinetics 
(Fig. 1c)). Fractional-order models have recently attracted increasing 
interest in the field of on-line battery parameter identification [51,52]. 
For a behavioral battery model however, an integer-order ECM has 
proven sufficient for the real-time estimation of lithium-ion battery 
states [20]. Moreover, the novel method for the parametrization 

proposed in this work can be transformed to other ECM layouts without 
much effort. 

In this model, the HF dynamics of the battery are modeled by the 
ohmic resistance and one current-dependent RC element. This ECM 
subset is identical to the proposed ECM in [36]. In particular, the term 
for the current-dependence of the charge transfer Eq. (9) is adopted 
from [36], where it is derived as a time-discrete formulation of the 
Butler-Volmer equation. The implementation of only one RC element 
for the HF dynamics is purposeful due to the derived limitation of the 
smallest observable time constant, which means that the SEI cannot be 
parametrized on-line under the assumption of typical BMS sampling 
rates. The LF impedance is modeled by the two remaining RC elements, 
which model electrolyte and solid-state diffusion respectively. One 
important thing to note is that parametrizing this ECM using any 
adapting algorithm neither guarantees nor necessitates that the para
meters precisely reflect the intended physical effects in the battery. In 
fact, this model can never precisely reflect the intended physical effects, 
since RC elements can only approximate the impedance spectra of 
electro-chemical systems [53]. For a behavioral model however, only 
convergence to meaningful values must be ensured [29]. This con
vergence is maintained by having derived the model on the basis of a 
physical understanding of the battery. 

For an on-line application, the described model can be described by 
the following set of discretized equations at sampling step n: 

= + + + +U U R I U U Un n n n n nsim, OC, 0 meas, 1, 2, 3, (7) 

with 

= +U U e R I e· 1i n i n j n n, , 1 , meas,
tn

Rj nC
tn

Rj nCi, 1 ,
(8) 

with i ∈ {1, 2, 3} and j ∈ {ct, 2, 3} using the term derived by Waag et al.  
[36]: 

=
+ +

R R
ln k I I k I I

k I I
( ( ) ( ( )) 1 )

( )n
n C n n C n

n C n
ct, 1

1 meas, , 1 1 meas, , 1
2

1 meas, , 1 (9) 

using 

=I I
U
R

.n n
n

n
C, meas,

1,

ct, (10)  

Fig. 3. Functional principle of the novel method for the on-line determination 
of RC elements with large time constants. The separate parameter estimation 
algortihms HF fitting and LF adaption are described in Sections 3.3 and 3.4 
respectively. 
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In Eq. (9), k1 is used as a factor that indicates the current-depen
dence of the charge-transfer process. The unit of k1 is A 1. Based on this 
set of equations, the model behavior is determined by the parameter set 

= R R k C R C R CP { , , , , , , , }0 1 1 1 2 2 3 3 (11) 

or, using = RC, by 

= R R k R RP { , , , , , , , }.0 1 1 1 2 2 3 3 (12)  

To increase the numerical stability of the system, it can be useful to 
refrain from determining the time constants during the model fit  
[11,12], which reduces the system’s degrees of freedom. This approach 
may be motivated by the discussed consistency of diffusion time con
stants over the SOC. The model behavior is hence described by the 
reduced parameter set 

= R R k R RP { , , , , }.reduced ohm 1 1 2 3 (13)  

For such a reduced parameter set, the time constants have to be 
selected a priori, for example, by analyzing the DRT for appropriate 
measurements. The assumption of constant τs over the aging of the cell 
should be further investigated in the future, and for each cell in
dividually before application in the field, but has been found to hold 
reasonably well over the aging of NMC pouch cells [54]. 

3.2. Design characteristics of the PIW 

There are three requirements which are used to characterize the 
initiation, termination and acceptance of a PIW:  

• The PIW should only be initiated after a certain period of low 
current: The recursive characteristic of Eqs. (7)–(12) implies that all 
initialization values U U,n n1, 2, and U n3, must be known or equal to 
zero at the beginning of the PIW for the calculated overvoltages to 
be independent of the previous parameter set. Note that ”recursive 
characteristic” in this context refers only to the characteristic of the 
equations and not to the design of the optimization algorithm, 
which operates non-recursively because the parameters are searched 
on a batch of data simultaneously. These initialization values ap
proach zero when I 0nmeas, and are below 36.8% of their maximum 
values U Ilim ( )n i n, 0 after τ seconds of zero current. This yields the 
condition for the initialization of the PIW, which is that it should 
only be initiated after a certain period Trelax of I 0nmeas, . Violating 
this condition means that the dynamics of the previous operating 
data, which cannot be influenced by the adaption of the new 
parameter set, are carried over into the PIW. This leads to incon
sistent determination of parameter sets dependent on the previous 
operating data. Within this work, a zero current period of Trelax > τ2 

proved to be sufficient for the consistent determination of parameter 
sets. The reason for the dependence of Trelax on τ2 lies in the pro
posed parameterization procedure presented in the next subsection. 
This condition can be further accentuated by employing zero current 
periods of up to 5τ2, where the overvoltage has dropped to  < 1% of 
its maximum value. Because an exactly-zero current condition is 
non-practical, the condition is employed as 

<
I
C

Cnmeas,

nom
max

(14) 

where Cmax must be large enough for the condition to not be vio
lated by measurement noise, and small enough to ensure that the 
influence of I nmeas, on the overvoltages is negligible. Sometimes, the 
more lax condition of =I const.nmeas, is employed as a condition for 
the initialization of a PIW [29]. With this condition, the initializa
tion values approach U Ilim ( )n i n, 0 and become quasi-constant. The 
problem with this is that the maximum overvoltage U Ilim ( )n i n, 0
also changes if the parameters in the ECM change, so that the pre
vious dynamics are not fully decoupled from the new PIW.  

• The PIW data cannot exceed the hardware storing capability: 

The definition of the length of the PIW depends on the maximum 
number of storable datapoints. Dependent on the sampling fre
quency Δtmeas, this can be translated into a maximum measurement 
period Tmeas. The search pattern for the PIW cannot be longer than 
Tmeas but should be long enough to determine the largest time 
constant of the determined RC elements, in this case R2.  

• The PIW should only be accepted if it contains a certain period 
above a threshold current: The final requirement for the PIW is 
that all parametrized physical effects must be sufficiently excited. 
This can be guaranteed by introducing a minimum C-rate Cmin, 
which has to be surpassed for a minimum time Thc (time of high 
current). The reasoning behind this condition can be easily under
stood by looking at the boundary case of I 0nmeas, over the entire 
PIW. In this case, the algorithm can assign any arbitrary value 
without any impact on the quality of the fit. 

The above-derived characteristics of the PIW search pattern are 
schematically illustrated in Fig. 4. This pattern allows for a separation 
between HF and LF impedance, since the HF dynamics are reasonably 
decayed at the beginning of the PIW. The number of integer-second 
sampling points in a PIW is henceforth denoted as N. The subscript n 
refers to the sampling steps inside a PIW. 

The derived separation of HF and LF impedance means that the 
parameterization of the ECM can also be divided into two separate 
procedures. For this, the recursive Eqs. (7)–(12) are continuously cal
culated for the employed 3RC ECM at every sampling step (Usim,3RC in  
Fig. 3). Additionally, the model voltage without the overpotential of the 
third RC element (Usim,2RC in Fig. 3) is continuously calculated: 

=U U Usim,2RC sim,3RC 3 (15)  

Whenever a PIW is identified, two individual algorithms are exe
cuted. 

Fig. 4. Top: Current profile of a real driving cycle with identified parameter 
identification window (PIWs). Bottom: Schematic illustration of the char
acteristics of the PIWs. 
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3.3. HF Fitting 

The HF fitting algorithm uses a non-recursive least-squares optimi
zation to fit the parameters of the first and second RC element during 
the PIW. The goal of this optimization is to minimize the following cost 
function: 

=
=

f U U U min( ) .
n

N

n ncost
1

meas, sim,2RC, err,2RC
2

(16)  

U nsim,2RC, refers to the 2 RC model voltage inside a PIW, while U nmeas,
is the corresponding measured voltage. The overvoltages in the two RC 
elements U n=11, and U n=12, at the beginning of the window are initialized 
as zero as a boundary condition for the optimization. This assumption is 
justified by the low-current period Trelax at the start of the PIW. 

However, this is not true for U ,n=13, which is not decayed after Trelax 

because of the higher time constant. This voltage difference at the be
ginning of the PIW, which is induced by LF overpotentials, must be 
taken into account. Subtracting U n=13, is not suitable, because un
certainties of the estimated R3 would be carried over into the fitting of 
R1 and R2. 

This is why Uerr,2RC and Uerr,3RC are introduced and are defined as 
the difference between measured and simulated voltage at the first 
sampling step n = 1 of the PIW, respectively: 

= = =U U Un nerr,2RC meas, 1 sim,2RC, 1 (17) 

and 

= = =U U Un nerr,3RC meas, 1 sim,3RC, 1 (18)  

These two values are connected by the third RC element via 

= =U U U .n 1err,3RC err,2RC 3, (19)  

Uerr,2RC is used in the cost function Eq. (16). This implies the as
sumption that the diffusion overvoltage is constant during the PIW, 
which is justified if the order of magnitude of the time constant of the 
third RC element is much greater than the order of magnitude of the 
time constant of the second RC element. 

In this work, the non-recursive least-squares optimization is carried 
out by means of the lsqnonlin [55] in MATLAB. The lsqnonlin function 
employs a trust region-based algorithm to generate the optimal para
meter set. A trust region is constructed around the initial parameter 
values and describes the region where the change of the cost function is 
predictable. 

3.4. LF adaption 

The third RC element representing the LF impedance is adjusted by 
using a closed-loop feedback circle. The input to this feedback loop is 
the Uerr,3RC introduced above. This variable represents the model error 
of U nsim,3RC, caused by the third RC element, since the overvoltages 
U n=11, and U n=12, were previously assumed as zero. The output of the 
feedback loop is the adaption of R3. Within this work, the adaption of 
R3 is proportional to Uerr,3RC 

= +R R U R K ,p3,new 3,old err,3RC 3,old (20) 

which represents the basic equation of a proportional control algo
rithm. This classifies the feedback loop as a Luenberger observer [56]. 
R3 is decreased or increased to minimize Uerr,3RC at every iteration. 
Changing R3 changes the value of Uerr,3RC in the next iteration (Fig. 7a) 
so that R3(SOC) converges towards a steady-state solution (Fig. 7b). 

It should be noted that the behavior of Uerr,2RC, which is used inside 
the HF fitting algorithm, is different to the plotted behavior of Uerr,3RC 

(Fig. 7a). Uerr,2RC is not intended to be minimized by the algorithm. It 
only shows how strongly the diffusion effects are excited, resulting in a 
difference of U nsim,2RC, compared to Umeas even after the defined re
laxation period at the beginning of the PIW. 

Using this approach, R3 can be adapted in intervals smaller than τ3. 

Therefore R3 can be expressed as a function of SOC, where the re
solution is only limited by the time between two PIWs, which is not 
possible when fitting R3 inside a PIW of size τ3. 

4. Experimental 

The proposed algorithm is tested on a commercial 18650 cell of type 
US18650VTC5A by Sony/Murata with a rated capacity of =Cnom 2.5 Ah. 
The anode active material consists of graphite with a small fraction of 
silicon added, whilst the cathode active material is nickel cobalt alu
minum oxide (NCA) [57]. In the following, the current profiles used for 
parametrization and validation are introduced, respectively. Further
more, tested configurations of the algorithms are presented. 

4.1. Open-circuit potential 

In our proposed algorithm, the open-circuit voltage (OCV) is not 
fitted but pre-determined and used as an input for the algorithm. In  
Fig. 5a), the pseudo-OCV obtained from averaging a charging and 
discharging curve with C/50 is shown. The corresponding differential 
voltage of the charging, discharging and mean curves is shown in  
Fig. 5b). Furthermore, the difference between the differential voltage of 
the mean and discharging curve is shown in Fig. 5c). It is noticeable 
that the location of the anode peaks at around 30% SOC and between 
60% and 70% SOC is slightly shifted for charging and discharging 
curves, which is also reflected in a higher value for 
dU dQ dU dQ/ /discharge mean in these ranges. Furthermore, it can be seen 
that the charging and discharging curves diverge strongly below 20% 
SOC to over 100 mV, which is assumed to be caused by the (de-)li
thiation competition of graphite and silicon during charging and dis
charging in this SOC region [58]. Strong divergence between charging 
and discharging curves will cause high errors when averaging the two 
curves to a mean pseudo-OCV curve, which is used by the algorithms 
during parameterization and also during validation. This in turn might 
influence the parameter fitting and validation in these ranges, meaning 

Fig. 5. a) Measured pseudo-OCV curve from C/50 charging and discharging at 
20∘C b) corresponding differential voltage of the charging, discharging and 
mean curves. Due to strong hysteresis in the low SOC area, validation results in  
Section 5 are presented separately from 100% to 20% SOC and 20% to 0% SOC. 

A. Karger, et al.   Journal of Energy Storage 32 (2020) 101818

7

2 Contributions

79



that this cell behavior must be kept in mind when analyzing the vali
dation results. To account for this, we distinguish between the two SOC 
ranges (100% 20% SOC and 20% 0% SOC) during model validation 
in Section 5. 

4.2. EIS 

To validate whether the algorithm estimates physically reasonable 
parameters, validation is also carried out in the frequency-domain by 
comparing the estimated impedance parameters with the measured 
impedance spectra. Therefore, EIS measurements were performed at 
20∘C using a Gamry Instruments Interface 5000, whereby the hybrid EIS 
mode with an AC voltage of 10 mV rms, a frequency range of 5 kHz to 
10 mHz and ten points per decade was used. EIS was performed every 
5% SOC with a relaxation period of 3 h after discharging to the re
spective SOC. 

4.3. Driving cycle for parameterization 

The ECM parametrization is carried out with current profiles re
corded during real driving cycles with a Volkswagen eGolf, which are 
concatenated so as to discharge the battery entirely. The employment of 
real driving profiles is crucial, in order to cover realistic frequency 
spectra of the load current [29] and to test the applicability of the PIW 
search pattern to real-world load. The sampling rate of this data is 

=f 10Hzmeas . One of the current profiles used is presented in Fig. 4, 
together with the PIWs identified by the window search algorithm. For 
the depicted current profile, the algorithm finds 13 PIWs, distributed 
over the entire SOC range. 

4.4. Validation cycle 

The validation is carried out by applying a defined current profile to 
the cell and to the parameterized ECM, and comparing the measured 
voltage with the simulated voltage. This specific current profile (Fig. 6), 
henceforth referred to as the validation cycle, consists of subsequent 
constant current (CC) charge (A) and discharge (B) phases with C/5, a 
repetitive synthetic profile (dynamic stress test (DST)) by means of 
discharging and charging current pulses between C2 and 1C (C) and a 
dynamic driving profile (D), similar to the one used for the para
meterization of the cells. Fig. 6 shows the validation cycle and the cell’s 
voltage response, and highlights the respective regions evaluated 
during validation. 

4.5. Configuration of the proposed algorithm 

Table 1 lists the numerical values of the configuration parameters of 
the proposed algorithm. These parameters are: a) Trelax with Cmax, 
which define the initiation condition for the PIW; b) Thc with Cmin, 
which define the acceptance condition for the PIW; c) Kp, which is the 
adaption parameter for R3. These values can be used as an initial esti
mate when employing the described algorithm on different cell types.  
Table 2 lists the initial values used, as well as the lower and upper limits 
of the impedance parameters used as boundary conditions for the 
proposed algorithm. 

The limits for the time constants are chosen with the following 
reasoning: 

• = 0.91 s is chosen based on the calculation of the DRT of the im
pedance spectrum in Fig. 9 at 50% SOC. In this spectrum, = 0.005s 
is identified as the smallest time constant, which is, however, un
observable according to Eq. (1). Hence, R1 can be interpreted as a 
blend between charge-transfer resistance and the resistance from ion 
transport through the SEI.  

• = 252 s is also chosen based on the DRT, where a large peak appears 
at = 100s. However, this peak appears mainly because of the EIS 

measurement limitations, where lower frequency processes cannot 
be distinguished from each other. Hence, R2 can be interpreted as a 
blend of charge-transfer resistance and electrolyte diffusion re
sistance.  

• = 20003 s is estimated from [11], where it is identified as the time 
constant of solid-state diffusion during low-frequency DRT. R3 can 
be interpreted as a blend of electrolyte and solid-state diffusion. 

This assignment of electrochemical effects is however only an ap
proximation, since the kinetics of these effects change dramatically at 
different ambient temperatures (Fig. 2). 

4.6. Benchmarking the algorithm 

To assess the results of the proposed algorithm and the advantage of 
separating the fitting of the HF and LF impedance in two parallel al
gorithms (HF fitting and LF adaption in Fig. 3), a benchmark algorithm 
is needed. The configuration of this benchmark algorithm is also given 
in Table 1. The benchmark algorithm utilizes all described considera
tions about observable frequencies and the derived PIW pattern, 
meaning that it finds precisely the same PIWs as the proposed algo
rithm. However, R3 is not adapted by the observer logic but instead also 
fitted inside the PIW. This is achieved by adding R3 as a fitting para
meter to the simplified parameter set from Eq. (12). This represents an 
equivalent implementation to the approach employed by Baumann [5]. 
Adding R3 as a fitting parameter requires two adaptions to the para
meterization procedure. Firstly, the cost function has to be adapted by a 
constant subtraction of Uerr,3RC instead of Uerr,2RC: 

=
=

f U U U min( ) .
n

N

n ncost
1

sim, meas, err,3RC
2

(21)  

This is required to compensate any difference in overvoltages be
tween the model and the measurement at =n 1 resulting from incorrect 
diffusion parameters. Secondly, an initialization value for =U n( 1)3 has 
to be defined. An initialization of = =U n( 1) 0V,3 equivalent to 

=U n( 1)1 and =U n( 1),2 is not practical, because the time-constant of 
R3 is too large to allow for any significant change in U3 over the course 
of the PIW. Hence, we initialize the overvoltage with the previous 
overvoltage so as to allow U3 to change during a charge-throughput 
outside the PIW. As pointed out in Section 2, such an initialization is not 
desired, as the dynamics are then influenced by previously estimated 
parameters. However, it is required in order to benchmark the ad
vantage of separate HF and LF impedance estimation. 

Fig. 6. Current profile (top) and voltage response (bottom) of the applied va
lidation cycle at 20∘C ambient temperature, used to validate the estimated 
impedance in the time domain. The validation cycle consists of a CC charge (A) 
and discharge (B) phase with C/5, a DST by means of discharging and charging 
current pulses between C2 and 1C (C) and a dynamic driving profile (D). 
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5. Model validation 

5.1. Parameter identification 

The parameterization is carried out by iteratively applying the al
gorithm to the same driving cycle for parameterization described in  
Section 4.3 until the value of Uerr,3RC is reached, and R3 therefore 
converges to a steady-state solution. This process is illustrated in Fig. 7, 
where a steady-state solution is achieved after around 10 iterations with 
the configuration in Table 1. 

Fig. 7 a) shows the decreasing value of Uerr,3RC over the course of 
the iterations and Fig. 7b) shows the corresponding course of R3 for the 
different PIWs. After reaching a steady-state solution, the proper 
functioning of the algorithm is shown by a physically reasonable dis
tribution of R3 over the SOC range. A strong increase towards low SOCs 
and small peaks during the stage transitions of graphite between 
20% SOC and 30% SOC and between 60% SOC and 70% SOC reflect the 
typical SOC dependency of the impedance [59–61]. 

Fig. 8 displays the parameterization results for all parameters with 
the proposed algorithm, as well as with the benchmark algorithm. One 
immediate result when comparing the parameter sets generated by the 
different algorithms is that the fitting of R0 through R2 is almost in
dependent of the algorithm employed. This is expected, since the fitting 
procedure for these HF parameters is identical. The slight differences 
between these parameters result from the addition of R3 during fitting 
with the benchmark algorithm. 

The resistance R3 on the other hand differs greatly between the two 
algorithms. The diffusion resistance is greatly underestimated with the 
benchmark algorithm, since R3 is unobservable in the PIW according to  
Eqs. (5) and (6) and hence the benchmark algorithm always assigns the 
lower bound of 1 mΩ. This underestimation is also the reason why the 
calculated total resistance of the ECM is higher with the proposed al
gorithm. 

There are two exceptions to this behavior, which are the PIWs at the 
two lowest SOCs. The reason for this is the discussed hysteresis of the 
tested cell at low SOCs. For the two mentioned PIWs, the difference 
between discharge and mean differential OCV (Fig. 5c) is greater than 
0.2 V/Ah. During an exemplary PIW with a length of 20 s with an 
average current of the charge-throughput is around 14 mAh. This leads 
to a voltage error of 0.2 V/Ah  · 14 mAh = 2.8 mV. This voltage dif
ference is compensated for this exemplary current pulse by 

= =( )R U

I e1
112.5 m ,3

3

0
Tmeas

3 (22) 

which lies in the range of the values estimated by the benchmark al
gorithm for these PIWs. Hence, these values are attributed to the hys
teresis of the OCV in this range and do not reflect a correctly estimated 
diffusion. With the proposed algorithm, this issue is circumvented, since 
R3 is estimated outside of the PIW. 

5.2. Validation in the frequency domain 

In this section, the impedance parameters estimated by using the 
proposed algorithm are analyzed in the frequency domain and vali
dated against impedance spectra experimentally determined via EIS 
measurements. In Fig. 9, impedance spectra are plotted for different 
SOCs, respectively. In the HF region, a small semi-circle resulting from 
R1 at the fixed time constant of 0.9 s is visible. It covers the range until 
the diffusion processes start. The time constant was revealed by the 
DRT of the measured impedance spectra. The next semi-circle, resulting 
from R2, coincides well with the diffusive branch of the measured im
pedance spectra. In the high SOC region however, R2 seems to be 
slightly under-estimated. This might be due to the fact that, as the 
dynamic driving profile starts from a fully charged and relaxed state, 
diffusion is not yet excited as much in the first PIWs as it is during EIS 

Fig. 7. a) Course of Uerr,3RC using Eq. (20) during deployment of the algorithm 
on the real driving cycle for different SOCs. b) Corresponding adaption of R3 for 
the PIWs found by the algorithm. 

Table 1 
Configuration parameters of the parameter identification window (PIW) ap
plied for validation of the proposed and benchmark algorithm.      

Purpose Parameter Proposed 
algorithm 

Benchmark 
algorithm  

Initiation of PIW    
Trelax in s 20 ≈ τ2 20 ≈ τ2  

Cmax in h 1 0.1 0.1 
Acceptance of PIW    

Thc in s 1 1  
Cmin in h 1 0.5 0.5 

Initialization of PIW    
=U n( 1)1 in V 0 0 
=U n( 1)2 in V 0 0  
=U n( 1)3 in V - =U n n( 1)3

R3 adaption Kp in V 1 0.5 - 

Table 2 
Initial values and lower and upper limits for the estimated impedance para
meters used for the proposed algorithm.       

Initial value Lower limit Upper limit  

R0 in mΩ 20 0.1 250 
R1 in mΩ 5 0.1 150 
k1 in A 1 0.01 0.01 0.01 
R2 in mΩ 20 0.1 150 
R3 in mΩ 50 1 900 
τ1 in s 0.9 0.9 0.9 
τ2 in s 25 25 25 
τ3 in s 2000 2000 2000    
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measurements. In the overlapping region covering both measured fre
quency points from EIS and observable frequencies during a PIW, it can 
be concluded that the impedance spectra estimated by the proposed 
algorithm correspond reasonably well with the experimental data. In 

the frequency region below =f 0.01min,EIS Hz, the impedance spectrum 
can no longer be compared with the experimental data. 

5.3. Validation in the time domain 

The validity of the identified impedance parameter in frequency 
ranges below that of the EIS measurements has to be investigated in the 
timedomain, which is described in the following. Only when the error 
between the simulated voltage and the measured voltage is low for a 
properly designed validation cycle, it can be assumed that the identified 
parameters are physically reasonable. 

Table 3 lists the root-mean-square error (RMSE) and absolute 
maximum error of the modeled voltage in the validation cycle (Fig. 6) 
for the two different algorithms. In this table, the regions from Fig. 10 
are further differentiated based on the SOC between 100% 20% SOC 
and 20% 0% SOC. This is because of the discussed large hysteresis 
below 20% SOC. As a result, the absolute maximum model errors in this 
region are high, irrespective of the algorithm used. However, the table 
still shows that in all regions of the validation cycle, the RMSE of the 
proposed algorithm is lower than for the benchmark algorithm. The 
same is true for the absolute maximum error, with the exception of the 
CC charge between 100% 20% SOC. 

Fig. 10 shows the changes in the model error for the respective 

Fig. 8. Parameterization results with the proposed algorithm and the benchmark algorithm for the real driving cycle at 20∘C.  

Fig. 9. Impedance spectra from EIS measurements (solid line) and impedance 
spectra estimated by the proposed algorithm (dotted line) for different SOC at 
20∘C. Impedance spectra are shifted in the y-direction according to the SOC, for 
the sake of better visibility (as seen in [49]). 

Table 3 
Validation results with parameters from the proposed algorithm versus the 
benchmark algorithm at 20∘C.       

Regime RMSE in mV Abs. max. error in mV  

Proposed Benchmark Proposed Benchmark  

A: CC discharge 
SOC 100% 20% 8.17 20.46 22.74 42.89 
SOC 20% 0% 49.70 63.92 138.40 112.11 
B: CC charge 
SOC 100% 20% 13.34 14.47 42.78 39.34 
SOC 20% 0% 162.56 166.22 527.76 530.70 
C: DST 
SOC 100% 20% 6.82 15.99 30.40 40.02 
SOC 20% 0% 27.42 38.35 195.81 235.11 
D: Driving profile 
SOC 100% 20% 5.50 15.66 18.17 38.21 
SOC 20% 0% 28.25 53.01 235.89 265.71 
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regions of Table 3 for the developed algorithm versus the benchmark 
approach. This figure reveals the reason why the maximum error is 
higher with the proposed algorithm during the CC charge than with the 
benchmark algorithm. This behavior results from the residual over
voltage in the third RC element due to the hysteresis-dominated low 
SOC-region, resulting in an initially higher voltage error. Other than 
that, the reduced error during the driving cycle is particularly note
worthy, since this represents the most realistic BEV use-case. A second 
result is that the model error during the CC charging and discharging 
phases shows a specific pattern. A likely explanation is that this pattern 
can also be ascribed to the aforementioned hysteresis behavior, where 
the OCV is different between charging and discharging. The most re
levant result from the course of the model errors is that, while the 
model error of the benchmark algorithm grows over time during all 
discharge phases, it stays constant with the proposed algorithm. This 
result is also reflected in the error histograms, where the mean error is 
shifted towards zero compared to a constant positive error during dis
charge, and compared to a constant negative error during charge with 
the benchmark algorithm. This behavior can most likely be ascribed to 
the improved diffusion fitting developed in this work. An incorrect 
diffusion model results in a constant drift of the model voltage versus 
the measured voltage over continuous discharge or charge. The results 
presented are in accordance with those of previous studies [39,40], 
which also decoupled HF and LF impedance. 

6. Conclusions 

In this work, a novel method for the parameterization of an ECM- 
based impedance is presented. This method features a novel approach 
to parameterizing the low-frequency range by separating the fitting 
procedure into two individual algorithms. Thereby, high-frequency and 
low-frequency impedance are estimated separately, which was found to 
be necessary based on theoretical considerations regarding observable 
time-constants in parameter-identification windows. 

Using this approach, R3 can be adapted in intervals smaller than τ3. 
Therefore R3 can be expressed as a function of SOC, where the 

resolution is only limited by the time between two PIWs, which is not 
possible when fitting R3 inside a PIW of size τ3. 

Ideally, the algorithm is initialized with an a priori laboratory 
measurement, which has only been considered for the HF impedance 
within the scope of this work. However, even without such measure
ments, the algorithm achieves an average voltage RMSE of 5.50 mV/ 
Unom ≈ 0.15% during the driving profile for the tested NCA round-cell. 
This value is well below the error achieved with an identical algorithm 
without the developed novel approach. Because the reduced error is 
due to a reduced drift of the model voltage versus the measured voltage, 
it is ascribed to an improved low-frequency impedance determination. 

Future work based on these results will involve the detection and 
quantification of aging mechanisms, such as lithium-plating, using the 
impedance parameters. 

Ideas concerning the improvement of the developed algorithm 
should verify the possibility of employing a constant-phase element 
(CPE) instead of the RC elements, by means of a Fourier transform of 
the CPE [62]. Additionally, the novel method for the on-line determi
nation of RC elements with large time constants can possibly be im
proved by using a PI or PID control loop instead of the proposed P 
control loop. Other future efforts should also focus on increasing con
vergence of the current-dependence factor k1. This factor was fixed 
within the scope of this work to reduce the degrees of freedom of the 
ECM to increase the numerical stability. Additionally, in this work, we 
parameterize and validate the algorithm at only one temperature. While 
the assumption of constant time constants holds reasonably well there, 
these time constants are typically highly dependent on temperature. 
This issue can be tackled by either adding the time constants as fitting 
parameters during HF fitting at the cost of decreased numerical stabi
lity, or by estimating reasonable values for different temperature ranges 
a priori. 
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2.3 Experimental Degradation Study

The electric behavior of lithium-ion batteries changes due to complex degradation mechanisms
which eventually reduce the driving range and performance of BEVs. Targeting the third research
question, this section provides the results of a large-scale experimental degradation study
covering calendar aging and cycle aging under all main stress factors. Figure 2.6 gives an
overview of the input from other sections, the performed measurements, the applied analysis
techniques, and the results of the presented Study IV.

Laboratory
Measurements

Insights & 
Outcome

Data 
Processing

Electrode
balancing
(new cell)

2.1

Aging Check-up

Influence of
CU procedure

Electrode
balancing

Determination 
of LLI, LAMan
and LAMcat

Determination 
of RDC and 

SOHR

Determination 
of C and SOHC

Summary 
statistics of
resistance

2.4

Influence of T, 
SOC on 

calendar aging

Influence of T, 
SOC, DOD, I

on cycle aging

Repetitive sequency of
aging and check-up

196 cells tested under
different aging conditions

(> 4000 check-ups)

Electrode capacities & lithium inventory

Mean batch resistance

Group Domain Operation Test points (ID) Motivation & scope

A Cyc Check-up (CU) only 1 (1) • Impact of check-up on aging

B Cal Constant (CU every 6 w.) 27 (2–28) • Influence of T and SOC
• Parameterization of calendar aging models

C Cal Constant (CU every 12 w.) 13 (29–41) • Influence of check-up on calendar aging

D Cal Constant (CU after 96 w.) 7 (42–48) • Influence of check-up on calendar aging

E Cal Constant (duplicate) 8 (49-56) • Analysis of cell-to-cell aging variations

F Cal Alternating 16 (57–72) • Analysis of path dependency
• Validation of calendar aging models

G Cal Randomly changing 4 (73–76) • Validation of calendar aging models

H Cyc Constant 72 (77–148) • Influence of T , SOC, DOD, Idischarge, Icharge

• Parameterization of cycle aging models

I Cyc Alternating 22 (149–170) • Analysis of path dependency
• Validation of cycle aging models

J Cyc Randomly changing 3 (171–173) • Validation of cycle aging models

K Cal/ Cyc Alternating 6 (174–179) • Analysis of path dependency
• Validation of combined aging model

L Cyc Real-world driving profiles 10 (180–189) • Validation of aging models

M Cal/ Cyc Real-world driving profiles 7 (190–196) • Validation of aging models

All data available as open source

Figure 2.6: Graphical summary of Study IV [4].
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Aging tests were performed with a total number of 196 lithium-ion cells which are classified into 13
groups according to their aging domain and operation of stress factors. The check-up procedure
was designed to enable regular tracking of aging effects and degradation modes. The capacity
was measured during CCCV charging and discharging and SOHC was calculated according to
Eq. (1.21). To determine the resistance, discharge and charge pulses were performed at 100 %
SOC, 50 % SOC, and 20 % SOC. The presented article evaluates the resistance RDC,10s at 50%
SOC. Since resistance measurements are prone to higher scattering due to small fluctuations of
the ambient temperature during experiments (Section 2.4), the mean resistance of the batch of
cells was used as Rnew to calculate SOHR according to Eq. (1.22).

As concluded in Section 2.1, CC measurements with a current rate of C/10 were observed to be
suitable to identify the capacities of both electrodes and lithium inventory, which is why such
a charging phase was incorporated into the check-up procedure. By performing the half-cell
fitting on every check-up measurement, the degradation modes LLI, LAMan and LAMcat could be
obtained according to Eq. (1.24–1.26). Hence, all aging effects and degradation modes could
be calculated with a measurement duration of less than 24 h. This was important considering
that over 4000 check-up measurements, all at 20 °C, were performed in this aging campaign.

The open source contains the raw cycling and check-up data of all groups [13]. In the presented
article, the results of groups A, B, C, D, and H were investigated. One main outcome of this
study is that a periodic check-up procedure significantly influences the aging rate compared to
pure calendar aging. At 20 °C and 50 % SOC, for example, pure calendar aging led to a SOHC of
96.6 % after 96 weeks. If a check-up measurement was performed every 6 weeks, the SOHC was
determined to be 5.4 % lower. This means that the capacity fade induced by the 15 additional
check-ups was greater than the capacity fade due to pure calendar aging.

During cycle aging, LAMan was significantly triggered at high DOD, which probably was caused
by the increased degradation of silicon at low SOCs. For a DOD of 100 %, a knee point was
observed. The influence of the discharge rate on cycle aging was dependent on the mean
SOC and DOD and rapid degradation of the cathode was observed in certain SOC ranges.
It is assumed, that LAMcat increases when specific material phases are transitioned, which
happens more heterogeneously at higher currents. Cells cycled with varying charging rates at
low temperatures all experienced nonlinear aging but showed an unexpected trend because
smaller charging currents led to an earlier onset of a knee-point. One reason for this behavior
might be the additional self-heating induced by the higher currents. Overall, the presented study
showed that the analysis of degradation modes enables deeper insights into the root causes of
aging.
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H I G H L I G H T S

• Open source dataset with aging over wide operating conditions.
• Determination of capacity, resistance, LLI, and LAM during 4000 CU measurements.
• Periodic check-ups have significant influence on calendar aging.
• Depth-of-discharge has the highest influence on cycle aging rate.
• Low charging rates lead to early non-linear degradation.

A R T I C L E I N F O

Keywords:
Lithium-ion batteries
Aging
State-of-health
Degradation modes
Open-source data

A B S T R A C T

In this study, we analyze data collected during the aging of 196 commercial lithium-ion cells with a silicon-
doped graphite anode and nickel-rich NCA cathode. The cells are aged over a large range of calendar and
cycle aging conditions. For different cells, these conditions are constant, alternating or randomly changing.
The total test time and reached cycles are 697 days and 1500 equivalent full cycles for the calendar and
cyclic aging tests respectively. A periodic check-up procedure was consistently performed at 20 °C controlled
temperature, which allows for good comparability between different aging scenarios. In addition to capacity
fade and resistance increase, we provide data of the degradation modes LLI, LAMNE, and LAMPE obtained from
half-cell fitting of the full cell’s and both electrode’s differential voltage. During calendar aging, we quantify
the influence of the check-up procedure, which significantly increases the aging observed after 697 days. For
certain conditions, the degradation induced by the check-up even exceeds the pure calendar aging, which
reveals that the lifetime of lithium-ion batteries was underestimated in previous studies and models. Fitting of
the Arrhenius equation on calendar aging at four temperatures at different SOCs shows a varying activation
energy, which lies between 23.6 kJmol−1 and 29.9 kJmol−1 for the capacity. The activation energy of resistance
increase is almost twice as high. The influence of SOC on the calendar aging is highest at about 85% SOC,
presumable due to a cathode-driven shuttle mechanism. Next to current rates, temperature and mean SOC,
the depth-of-discharge has the highest impact on cycle aging. Additionally it is shown that lower charging
rates favor the onset of accelerated aging in certain conditions. For all tests, the raw data is made publicly
available, which fosters the development of data-based aging models or state-estimation algorithms.
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Acronyms

BoC Beginning-of-charge
CC Constant current
CCCV Constant current constant voltage
CU Check-up
DM Degradation mode
DOD Depth of discharge
EFC Equivalent full cycles
EoC End-of-charge
LAM Loss of active material
LAMNE Loss of active material at the negative electrode
LAMPE Loss of active material at the positive electrode
LIB Lithium-ion battery
LLI Loss of lithium inventory
NCA Nickel–cobalt–aluminum
NE Negative electrode
OCP Open-circuit potential
OCV Open-circuit voltage
PE Positive electrode
pOCP Open-circuit potential
pOCV Open-circuit voltage
SEI Solid electrolyte interphase
SiG Silicon–graphite
SOC State of charge
SOH Relative state of health
SOHC Relative state of health based on the capacity
SOHLI Relative state of health based on the lithium

inventory
SOHNE Relative state of health based on LAMNE
SOHPE Relative state of health based on LAMPE
SOHR Relative state of health based on the resistance

1. Introduction

1.1. Motivation

Lithium-ion batteries are inevitable for the electrification of the mo-
bility sector and renewable energy adoption. Lifetime and aging are key
parameters for the economic and ecologic benefit of both battery elec-
tric vehicles as well as stationary electrical energy storage. To support
important design and business decisions, it is therefore important to
develop a good understanding of the aging behavior of a given battery
type under different operating conditions and to develop accurate aging
models for lifetime prediction. For use cases such as cell selection,
dimensioning of a battery system and its peripheral components such
as the cooling system, and optimization of operating strategies, (semi-
)empirical aging models have long been a popular choice for battery
engineers, due to their robust predictions and easy interpretability [1–
4]. For in-life use cases such as predictive maintenance, warranty
tracking or fleet optimization, machine learning models have recently
gained increasing attraction, due to their ability of self-adaption with
field data [5–8], and potentially higher accuracy [9].

Both model types are data-driven because they are built on data col-
lected during the aging of batteries, which in the following is referred
to as aging data. The aim of these models is to correlate operating
conditions to aging effects extracted from the aging data, with the
difference being that they employ different mathematical constructs
for this correlation. (Semi-)empirical aging models employ analytic
equations, which usually contain few parameters and thus require little
data for parameterization. In these analytic equations, discrete stress

factors, such as e.g., SOC or cell temperature, are correlated with
discrete aging rates. Hence, they require aging data from experimental
aging tests under defined conditions where these stress factors remain
constant [1–4]. Machine-learning-based models on the other hand do
not need constant aging conditions, allowing them to also be trained on
real operating data [5]. However, this comes at the cost of an increased
number of model parameters, which in turn increases the aging data
required for training.

In the academic literature, many data-driven models are developed
and tested with a relatively small number of cells only, since the
collection of aging data is time- and cost-consuming. Typical numbers
of cells incorporated in data-driven models varies between 30 [1] at the
lower end and above 100 at the higher end of the spectrum [9–11]. The
number of different test points is often even lower, since test points are
repeated with multiple cells to identify statistical outliers.

Many yet unresolved research questions such as choosing an optimal
design of experiments for new cell types, applying the right analytic
model equations, selecting optimal features and machine learning ar-
chitectures, and analyzing the transferability of aging models across
different cell types could be tackled faster and better with more publicly
available open-source aging datasets.

Recently, Dos Reis et al. [12] reviewed existing open-source datasets
and showed how they vary with respect to cell chemistry, cell type,
the number of tested cells, the testing conditions and the given data
sensors. While they review over 30 datasets, the overall number of
available aging data is still small with a total number of 1099 tested
cells. Therefore, any new open-source dataset of aging data constitutes
a significant improvement on the status quo. The usefulness of sets of
aging data for future research is, however, not only characterized by the
amount of data, but also by the actuality and relevance of the tested
cell, the test conditions and the measured state of health parameters.

Many researchers, e.g., have used a dataset published by National
Aeronautics and Space Administration (NASA) [13] to develop data-
based models [14–18]. However, since this dataset was published over
10 years ago, the cell characteristics are outdated and researchers are
starved for datasets with state-of-the-art cell design, material properties
and production quality standards [19,20].

With regard to test conditions, aging data from both calendar,
i.e. storing of the battery, and cycle aging, i.e. during operation, is
desired. Furthermore, data gleaned under a wide range of stress factors
is desirable [21]. Under laboratory conditions, stress factors often are
kept constant over the test period. However, in real-world scenarios,
the sequence of stress factors depends on the individual driving and
charging behavior and changes in environmental conditions. In addi-
tion, small changes in the test procedure, such as the relaxation period
between charge and discharge cycles, can have a big impact on the
degradation behavior [22]. Therefore, aging data is needed for test
scenarios where the stress factors are changing over time and where
dynamic loads are applied.

Often, the lifetime of a battery is determined by the time or cycles
until the capacity reaches a certain threshold, e.g. 80% or 70%. This is
why the usable capacity, often represented as SOHC, is the most popular
parameter to be analyzed during aging experiments and is mostly
used as the model target for lifetime prediction models. Moreover,
the resistance increase over lifetime is also analyzed in many aging
studies and is considered in aging models [23]. However, to better
understand the cause-and-effect relationship of battery aging, the well-
known degradation modes, namely loss of lithium inventory (LLI), loss
of active anode material (LAMNE) and loss of active cathode material
(LAMPE) have gained increased attention as a non-destructive method
for lithium-ion cell aging characterization [24–28]. They can be seen
as an aggregated form of the underlying fundamental degradation
mechanisms such as SEI growth or particle cracking. Analyzing the
degradation modes can therefore give meaningful insights between the
aging stress factors on the one side and capacity fade and resistance
increase on the other side. Hence, datasets which give information
beyond capacity and resistance can help to track down the origins of the
aging and support the development of advanced modeling approaches.

2 Contributions

90



Journal of Power Sources 560 (2023) 232498

3

L. Wildfeuer et al.

Table 1
Classification of all performed aging experiments according to the aging domain and
operation of stress factors. Cal: storing under open-circuit conditions, only CU data at
20 °C available. Cyc: cycling with periodic CU at 20 °C, cycling and CU data available.
Const: stress factors remain constant over test period. Alter: Stress factors alternate
periodically between CU. Rand: Stress factors change randomly after CU. Dyn: Dynamic
discharging using driving profiles. If not specified further, CUs are performed every
6weeks. Otherwise, the CU interval is given in brackets after the test conditions. The
number of cells is listed in the # cells column, where each cell underwent different
test conditions (Besides group E, where cells are doubled test conditions from group B).

Group Domain Operation : Test variables # Cells

A Cyc Const: CU only 1
B Cal Const: T, SOC 27
C Cal Const (12w CU): T, SOC 13
D Cal Const (96w CU): T, SOC 7
E Cal Const (doubled): T, SOC 8
F Cal Alter: T, SOC 16
G Cal Rand: T, SOC 4
H Cyc Const: T, SOC, DOD, Cch, Cdis 72
I Cyc Alter: T, SOC, DOD, Cch, Cdis 22
J Cyc Rand: T, SOC, DOD, Cch, Cdis 3
K Cal/Cyc Alter: T, DOD 6
L Cyc Dyn: T, chrg & dschrg protocol 10
M Cal/Cyc Dyn: T, chrg & dschrg protocol 7

1.2. Contribution of this work

We performed a large aging campaign with 196 lithium-ion cells in
total. The main contribution of the article is the open-source publica-
tion of the experimental data of the whole aging study, which can be
accessed under [29]. The main characteristics of this dataset are:

• Different aging domains and operation: We performed cal-
endar and cycle aging with constant, alternating and randomly
changing operating conditions. Additionally, cells were tested
with dynamic driving profiles.

• Over 4000 check-up (CU) measurements: The periodic CU
procedure was consistently performed at 20 °C and allows for
good comparability between different aging scenarios.

• Five state of health parameters: In addition to capacity fade
and resistance increase, we provide data of the degradation modes
LLI, LAMNE, and LAMPE obtained from half-cell fitting of the full
cell’s and both electrode’s differential voltage.

In Table 1, all performed aging experiments are classified into
13 groups according to their aging domain and operation of stress
factors. The open source contains the data of all groups. However,
in this paper we only analyze the results of group A, B, C, D, and
H (calendar and cycle aging with constant conditions). Cycle aging
tests under alternating conditions (Group I) were already analyzed
in [30] about modeling the capacity fade of lithium-ion batteries during
dynamic cycling considering path dependence. The remaining groups
will eventually be analyzed in future work.

In this article, the experimental procedures (Section 2) and the
methods for determining the five health parameters, i.e. capacity fade,
resistance increase and the degradation modes LLI, LAMNE and LAMPE,
from the CU measurements (Section 3) are described. In Section 4, we
present the results of all five health parameters for constant calendar
and for a subset of constant cycle aging (groups A, B, C, D, H). While the
main purpose of this aging campaign is the development of data-driven
aging prediction models, this study focus on the analysis of the aging
behavior of the different health parameters to provide labeled data for
downstream modeling. The investigation consists of:

• The CU influence on calendar aging: By analyzing calendar
aging with a periodic 6, 12, and 96-week CU interval, we demon-
strate the significant effect of periodic CUs. (Section 4.1.1)

Table 2
Parameters of the investigated cell.

Parameter Value

Manufacturer Sony Murata
Cell type US18650VTC5A
Anode material SiG
Cathode material NCA
Electrolyte material n.a.
Nominal capacity 2.5Ah
Nominal voltage 3.6V
CCCV capacitya 2.53Ah
10 s DC resistancea 32.42 mΩ
Weighta 47.65 g

aExperimentally determined in a previous study [31].

Table 3
Precision of the used measurement equipment.

Instrument Variable Precision Range

BaSyTec CTS Voltage 𝛥𝑈 = ±1mV 𝑈 ∈ [0V, 6V]
Current 𝛥𝐼 = ±1mA 𝐼 ∈ [300mA, 5A]
Current 𝛥𝐼 = ±50 μA 𝐼 ∈ [15mA, 300mA]
Current 𝛥𝐼 = ±2.5 μA 𝐼 ∈ [1mA, 15mA]
Current 𝛥𝐼 = ±0.2 μA 𝐼 ∈ [0mA, 1mA]

BaSyTec XCTS Voltage 𝛥𝑈 = ±1mV 𝑈 ∈ [0V, 6V]
Current 𝛥𝐼 = ±20mA 𝐼 ∈ [20A, 40A]
Current 𝛥𝐼 = ±10mA 𝐼 ∈ [15A, 300A]

NTC Sensor Temperature 𝛥𝑇 = ±0.25 °C 𝑇@25 °C

• The Arrhenius dependency of calendar aging: We analyze the
temperature dependency by employing the Arrhenius equation at
different SOC and different CU intervals. (Section 4.1.2)

• The SOC dependency of calendar aging: The SOC dependency
of calendar aging is analyzed and linked to the electrode’s mate-
rial stages. (Section 4.1.3)

• Factorial analysis of cycle aging: The aging rate dependency
on the main stress factors DOD, temperature, and current rates in
charge and discharge direction are analyzed. (Section 4.2)

2. Experimental

2.1. Investigated cell and measurement equipment

196 cells from the same production batch of commercial 18650 cells
of type US18650VTC5 A by Sony/Murata with a nominal capacity of
2.5Ah were aged under different conditions. Table 2 summarizes the
parameters of the investigated cell.

The anode active material is silicon-graphite (SiG) with 1.4wt% sil-
icon and the cathode active material is nickel-cobalt-aluminum (NCA)
with the formulation LiNi0.80Co0.15Al0.05O [32]. The capacity, resis-
tance and weight variation of a total of 600 cells of this production
batch at beginning of life was examined in a previous study [31]. The
second previous study described the tear-down, building of half-cells
and characterization of the thermodynamic and kinetic behavior at a
pristine state [33]. The corresponding data can be found under [34].

Fig. 2 shows the cell holder including cell connection and tempera-
ture sensing. Table 3 lists the precision of the respective measurement
devices. All CU measurements were performed using BaSyTec cell
test systems (CTS). Additionally, for cycling with higher currents, the
BaSyTec XCTS MKII was used.

2.2. Check-up measurement

Fig. 1 gives an overview of the test protocols. At the beginning of the
CU, cells rest for 3 h to precondition the cells to the desired temperature
of 20 °C. Afterward, there is a second rest of 2 h, before the cells were
constant current (CC) discharged (𝐼 = 2.5A, 𝑈min = 2.5V) in order
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Fig. 1. Overview of the testing sequence. After the check-up, the cell was at rest at 20 °C until it was switched to the respective climate chamber for cyclic or calendaric aging.
After the cycle protocol was finished, the cell was at rest at the respective climate chamber until it was switched to the designated climate chamber for check-up measurements.

Fig. 2. Picture of the cell holder used for all experiments.

to achieve comparable starting conditions independent of the SOC at
the end of cycling or storing.

To measure the cell’s capacity, two consecutive constant current
constant voltage (CCCV) charging and discharging cycles were per-
formed (𝐼 = 2.5A, 𝑈max = 4.2V, 𝑈min = 2.5V, 𝐼cut,CV = 0.02C,
𝑡cut,CV = 1 h). Afterward, we performed a slow rate charging
(𝐼 = 0.25A, 𝑈max = 4.2V, 𝐼cut,CV = 0.02C, 𝑡cut,CV = 1 h) to
calculate the differential voltage and to perform the half-cell fitting
for degradation mode detection. To calculate the DC resistance of the
cell, we performed 18 s discharge and charge pulses with 𝐼 = 2.5A
at 100% SOC, 50% SOC, and 20% SOC. The determination of state of
health measures from this CU procedure is described in Section 3.

Next, the cells were brought to the desired Start-SOC by either
charging or discharging them if the Start-SOC was >20% or <20%
respectively. For calendar aging, the Start-SOC is the storage SOC. For
cycle aging, the Start-SOC is SOClow, which is calculated from the

desired mean SOC and DOD. After the CU, cells were at rest at 20 °C
ambient temperature until they were moved to their respective thermal
chamber for cyclic or calendar aging. This time period could not be
controlled perfectly due to resource availability, available test channels,
etc.

2.3. Factorial design of experiments for calendar aging with different check-
up interval

The rate of calendar aging with constant conditions depends on
the cell’s temperature and SOC during storing. The cells were stored
at open-circuit conditions and were only connected to the test device
for periodical CUs. Hence, the influence and cross dependencies of
these stress factors can be investigated with a full-factorial design of
experiments in the 2-dimensional T -SOC space with manageable testing
effort. However, performing a CU during aging tests changes the aging
condition. On the one hand, the calendar conditions are changed due to
the change of temperature and SOC during CUs. On the other hand, the
cells are charged and discharged for the capacity measurement during
CUs inducing cyclic aging. The cycles performed during the CUs can
trigger different aging mechanisms and lead to recovery effects due
to the electrode overhang [35–37]. Thus, the degradation estimated
during CUs might be biased by the CU procedure and frequency, i.e. at
which intervals CUs are performed. Previous studies have already re-
ported a significant influence of the CU on the observed aging [38,39],
as well as the mutual influence between cycle and calendar aging [40].
Thus, choosing a CU interval is a compromise between minor influence
caused by the periodic cycling and observed data points to generate a
comprehensive data set for aging modeling. As shown in Fig. 3, three
test matrices with different CU intervals were performed.

In the first test matrix (Group B), the CU was performed every 6
weeks. It is a full factorial test matrix that includes cross dependencies
with four temperature levels (20 °C, 35 °C, 50 °C and 60 °C) and four
SOCs (10%, 50%, 70% and 100%). Additional SOC levels were added at
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Fig. 3. Test matrix of the static calendar aging study. (a) differential voltage of pristine
full-cell over SOC, as well as differential voltage of electrode potentials obtained from
half-cell fitting. (b) Test points with 6 weeks CU interval. (c) Test points with 12 weeks
CU interval. (d) Test points with no CU until the end-of-life of the corresponding cells
with 12 week CU interval is reached or the study is terminated.

50 °C to capture a more distinct picture of the effect of electrode mate-
rial stages on the reversible and irreversible calendar aging effects [41],
leading to 27 test points with 1 tested cell per test point. The second
test matrix (Group C) consists of a subset of test points (13 tested cells)
where the only difference is the CU interval, which, with 12 weeks of
storing before regular CU, was chosen to be twice as long as in the first
test matrix. In the third test matrix (Group D, 7 cells), besides the initial
CU, no CUs are performed at all. The second CU was performed when
we terminated the aging study, which was after 96 weeks (672 days).

2.4. D-optimal design of experiments for cycle aging

In contrast to calendar aging, five stress factors influence the mag-
nitude of cycle aging with constant conditions: temperature, ∅SOC,
depth of discharge (DOD), and current rate in charge and discharge
direction. A full factorial design of experiments would lead to an
excessive number of test points. For example, only three factor levels of
each stress factor would lead to 35 = 243 test points. Since we wanted
to cover a wide stress factor range, we applied a D-optimal design of
experiments as a starting point to reduce the number of tests signifi-
cantly, in theory without losing information of the underlying system.
The software Visual-Xsel by CRGRAPH [42] was used. Table 4 lists the
stress factor levels which were given as input into the D-optimal design
of experiments and which resulted in 38 test points.

A D-optimal design of experiments comes with the disadvantage
that the influence of individual stress factors cannot be analyzed
phenomenologically without model parameterization. This is why we
added additional factorial test points during the course of this aging
study, where only one selected stress factor was varied at a time (34
additional test points). In total, we performed 72 aging tests with
constant cycle aging conditions (Group H). All test conditions not
specifically stated in this article can be found in the data repository.

Table 4
Stress factor levels as input for the D-optimal design of
experiments.
Stress factor Levels

Temperature in ◦C [5, 20, 35, 50]
∅SOC in % [10, 20, 30, 40, 50, 60, 80, 90]
DOD in % [5, 20, 40, 60, 80, 100]
Ccharge in 1/h [0.5, 1, 1.5, 2]
Cdischarge in 1/h [1, 2, 5, 10, 14]

At the beginning of the cycling procedure, cells were at rest for 5 h
to reach the desired temperature. Then, starting at SOClow = ∅SOC -
DOD/2, the first cycles with the desired DOD were performed Ah-based,
depending on the last measured capacity 𝐶new. These initial cycles
allowed temperature increase and cell polarization until cycling became
quasi-stationary, i.e. temperature was not increasing across cycles. For
certain conditions, e.g., low temperatures and high current rates, we
increased the number of Ah-based cycles to 10 because we expected a
longer necessary time-interval until quasi-stationary cycling. Then we
switched to voltage- and current-based cycling. This means, that the
lowest voltage of the discharge phase and the highest voltage of the
charge phase remain constant over the remaining cycles. In the case of
a CV phase at 2.5V or 4.2V during the initial Ah-based cycles, the cutoff
current was set accordingly for the remaining cycles. This was done,
because imperfect current integration can cause unintended drifts in
the cycling conditions, i.e., the mean SOC, when cycling is performed
Ah-based for a longer period of time. Same as for the DOD and the
mean SOC, also the charging and discharging currents are adapted
based on the new capacity 𝐶new, measured during the last CU to assure
a constant C-rate over the entire lifetime. In this study, we defined
the C-rate as the charge and discharge current with respect to latest
capacity measurement. This means that the absolute current rates were
reduced over the lifetime. The pause between charging and discharging
was set depending on the DOD to a maximum of 10min according to
𝑡Pause = 600 s ⋅𝐷𝑂𝐷. After the cycle protocol was finished, the cell was
at rest at SOClow at the respective climate chamber until it was moved
to the designated climate chamber for CUs.

Here, the CU interval for most test points was 50 equivalent full
cycles (EFCs), where 1 EFC is defined as the charge throughput during
one full charge–discharge cycle based on the capacity measured at the
last CU (𝐶new). As already discussed for calendar aging, the CU will
also influence the aging behavior of cycled cells. Although we varied
the CU interval for some cells, no systematic investigation as done for
calendar aging was performed. Still, it has to be kept in mind that in
the case of 50 EFCs between every CU, the share of charge throughput
induced by the check-up corresponds to 3 EFC/50 EFC = 6%.

2.5. Cell-to-cell variations

In this study, a higher variety of stress factor combinations was
chosen over testing multiple cells for one condition. Previous publi-
cations showed negligible variation in the aging rate [3]. We confirm
this observation for 8 storing conditions (Group E), where the relative
capacity difference is below 0.1% for most cases and below 0.3% for
all cases. Furthermore, as elaborated in [31], the impact of external
influencing factors such as temperature inhomogeneities inside the
climate chamber is assumed to be dominant compared to the inherent
variability due to the manufacturing process.

3. Determination of state of health parameters

3.1. Aging effects: capacity and resistance

In this study, the SOH with respect to the capacity is determined
from the second CCCV discharging phase and is defined as:

SOHC,𝑖 =
𝐶CCCV, Dis2,𝑖
𝐶CCCV, Dis2,0

. (1)
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Fig. 4. Aging of cell with continuously repeated check up measurements. (a) Visualization of half-cell fitting and identified parameters used for calculation of degradation modes.
The fit limit determined by the minimum (black circle) in the full-cell DVA is highlighted by a black dashed line. (b) Evolution of half-cell fitting over aging. Every 6th check
up is plotted. (c) Evolution of the error of the half-cell fitting over aging. (c)–(e) are plotted over the number of check up’s. One check up cycle corresponds to approx. 3 EFC.
(c) Evolution of degradation modes. SOHLI, SOHPE, SOHNE-C, and SOHNe-Si are plotted absolute (dashed line; mark = x), and normalized to the initial full cell capacity (solid line;
mark = *). (d) Evolution of the relative share of the degradation modes SOHLI, SOHPE, SOHNE-C, and SOHNe-Si with respect to SOHLI. (e) Evolution of the fitting error in the OCV
domain and in the DVA domain (= fitting domain). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

CCCCV, Dis2,0 is the measured capacity at the initial check-up of an
individual cell and CCCCV, Dis2,i is the measured capacity at check-up
𝑖. We chose the second discharge phase to reduce any potential effect
from different stress factor combinations of individual cells.

The SOH with respect to the resistance is determined from the
DC-resistance calculated after 10 s of the discharge pulse at 50% SOC
according to Ohm’s law. The SOHR is defined as:

SOHR,𝑖 =
𝑅10s, 50% SOC,𝑖

1
𝑁

∑𝑁=196
𝑛=1 𝑅10s, 50% SOC,0

. (2)

Here, we use the mean of the initial resistances of all 196 cells as
reference due to the higher non-inherent scattering of the resistance
measurement compared to capacity measurements [31]. Using the
initial resistance of individual cells for the calculation of SOHR changes
the results compared to the absolute resistance values because the
starting value influences the resulting aging curve.

In contrast to the capacity definition, the chosen resistance defi-
nition has a high impact on the SOHR. Choosing smaller time steps
for evaluating Ohm’s law, e.g. 1 s, leads to higher values for SOHR,
meaning that the aging rate of the resistance is slower. This is expected,
since only a share of the individual contributors to the dynamic loss
processes is observed, e.g. the solid electrolyte interphase (SEI) and
charge-transfer resistance, and the other share is neglected, e.g. the
electrolyte and solid-state diffusion [33]. But the SOC also strongly
influences the observed aging rate. In our case, the resistance at 100%
SOC increases slower, while the resistance at 20% SOC increases faster
compared to 50% SOC. Different SOH definitions are included in the
open-source dataset and can be analyzed in detail in the future.

In Fig. 4(b) , SOHC and SOHR are plotted over EFC for the cell,
which was aged only with repeating CU measurements (group A). It
can be seen that only after 50 CUs, the cell has lost 10% of its original
capacity. The resistance decreases at the beginning of aging before the
expected resistance increase starts to dominate the aging behavior. This
can be explained by a break-in mechanism due to micro-cracks in the
electrodes surfaces [23] or increased electrode wetting [23,43]. Both
phenomena lead to an increase in electrode surface area and therefore
to a decrease in internal resistance. For certain operating conditions,
this effect dominates the resistance increase due to SEI growth at the
beginning of aging.

3.2. Degradation modes: loss of lithium inventory and active material

In addition to capacity and resistance, we determine the three
commonly reported degradation modes (DMs): loss of lithium inven-
tory (LLI), loss of active cathode material (LAMPE) and loss of active
anode material (LAMNE) [27]. In this study, we use the transformed
expressions SOHLI = 100%− LLI, SOHPE = 100%− LAMPE, and SOHNE =
100% − LAMNE, respectively, to allow for better comparison with the
other SOH measures.

SOHLI, SOHNE and SOHPE become visible in the full cell open circuit
voltage (OCV) due to a relative shift or scaling of the electrode open-
circuit potentials (OCPs). To this end, many researches have employed
different optimization algorithms where the OCPs curves of the elec-
trodes are aligned to match the full cell OCV [24–26,33,44–54], hence
allowing estimation of the DMs.

In this study, we track the DMs of all cells by using the C/10
differential pseudo-OCPs (pOCPs) during lithiation of the anode and
delithiation of the cathode to reconstruct the full-cell differential C/10
pseudo-OCV (pOCV) during charging. The employed fitting algorithm
is described in detail in a previous publication [33] where we also de-
scribe how the electrode potential curves were obtained. The algorithm
is executed at every CU indexed 𝑖 and yields a capacity for the negative
electrode (NE) 𝐶NE,𝑖 and a capacity for the positive electrode (PE) 𝐶NE,𝑖.
Comparing these capacities of the electrodes for an aged cell to the ca-
pacities of the electrodes for a pristine cell allows us to directly estimate
the relative loss of active material and thus the SOH of the anode:

SOHNE,𝑖 =
𝐶NE,𝑖
𝐶NE,0

(3)

and of the cathode:

SOHPE,𝑖 =
𝐶PE,𝑖
𝐶PE,0

. (4)

To estimate LLI, we only consider the cyclable lithium interca-
lated in the electrodes and assume a constant concentration of solvent
lithium-ions in the electrolyte over aging. The intercalated lithium in
the negative and positive electrode is calculated by multiplying the
electrode’s states of charge 𝑥NE,𝑖 and 𝑥PE,𝑖 with the electrode’s capacities
𝐶NE,𝑖 and 𝐶PE,𝑖 respectively. The electrode’s states of charge 𝑥NE,𝑖 and
𝑥PE,𝑖 are defined as 0% and 100% at the upper and lower cut-off voltage
of the manufactured half-cells [33]. The total intercalated lithium of the
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full cell is the sum of the intercalated lithium of the electrodes, if 𝑥NE,𝑖
and 𝑥PE,𝑖 are taken for the same full cell SOC. This full-cell SOC can be
any value between beginning-of-charge (BoC) and end-of-charge (EoC),
which will only influence in which electrode the lithium is intercalated.
Using, for example, the loading state of the electrodes at EoC yields the
SOH of the lithium-inventory at CU 𝑖:

SOHLI,𝑖 =
𝑥NE,EoC,𝑖 ⋅ 𝐶NE,𝑖 + 𝑥PE,EoC,𝑖 ⋅ 𝐶PE,𝑖
𝑥NE,EoC,0 ⋅ 𝐶NE,0 + 𝑥PE,EoC,0 ⋅ 𝐶PE,0

(5)

During fitting, we always use the pristine electrode pOCPs, although
a change in OCP for Si-C blend-electrodes was reported due to the faster
aging of the silicon share compared to the graphite [55]. We assume
that the electrochemical activity of the silicon share in the anode is
highest in the low SOC region of the full cell, because of the higher
potential of silicon compared to graphite against metallic lithium. Thus,
to ensure accurate tracking of the characteristic features of the full cell
with pristine electrode pOCPs, we always exclude a low SOC region
from fitting, which is already discussed in [33]. The boundary for this
low SOC region is determined by automatic identification of the first
minimum in the full-cell charge pOCV.

Fig. 4(a) illustrates the estimation of DMs over aging for the cell,
which was cycled only with periodic repetition of the check-up pro-
cedure. The measures used in Eqs. (3), (4) and (5) and the minimum
defining the fitting range are also marked. Below the measured curve,
the fitted differential voltage, composed of the fitted PE and fitted
NE curves, is visualized, which shows the shifting and scaling of the
electrode potential curves over aging. Fig. 4(b) shows the resulting
SOHLI, SOHPE, and SOHNE together with the other SOH measures.
Fig. 4(d) shows the RMSE of the difference between the modeled pOCV
and measured pOCV (OCV domain) and modeled differential pOCVs
measured differential pOCV (DVA domain) for these CUs.

For some aged cells, the fitting procedure fails, i.e. the algorithm
is not able to align the electrode pOCP curves in such a way that the
peaks in the differential pOCV curve of the full cell are reconstructed.
This happens if peaks in the full cell differential pOCV disappear, or
if additional peaks appear. Such appearing or disappearing of peaks
in the differential voltage has been previously reported in other stud-
ies [56,57] and is typically associated with inhomogeneous electrode
degradation. While fitting is performed in the DVA domain, the failing
of the fitting algorithm can be detected by a sudden increase in RMSE
in the OCV domain. For CUs, where the algorithm failed, we cannot
report the values for SOHLI, SOHNE and SOHPE.

All data analysis was performed with MATLAB by MathWorks®.

4. Results

4.1. Calendar aging

In Fig. 5, the five health parameters (Fig. 5, five rows) are plotted
for the full-factorial test matrix of calendar aging under constant con-
ditions with 6 weeks CU interval (Group B). The four columns show
the four storing SOCs and the different colors represent the different
temperatures. In addition, where applicable, the test point with a larger
CU interval are shown by different markers (Group C with 12 weeks CU
interval and Group D with 96 weeks CU interval).

4.1.1. Influence of the check-up procedure
After 96 weeks, the state of health of the cells subjected to the same

calendar aging conditions but with different CU intervals are compared.
An influence of the CU procedure on the capacity fade estimation
during calendar storage has been previously reported in the literature.
However, the CUs caused increased capacity fade in one study [38],
while leading to reduced capacity fade in another study [39]. For the
cells stored at 50% SOC, the state of health estimations after 96 weeks
are compared in the enlarged sections in the middle of Fig. 5. When
interpreting these results, the state of health estimation of the cells with

96 week CU interval can be interpreted as the result of the degradation
due to ‘‘pure’’ calendar aging, while the state of health values for the
other cells are influenced by the CU procedure. In Fig. 6, the absolute
difference of state of health between the cells subjected to ‘‘pure’’
calendar aging and the cells subjected to CUs every 6 weeks and 12
weeks is shown.

The determined capacity is significantly lower for an increasing
number of CUs. Exemplary, for the cells stored at 20 °C, the absolute
difference for the 6 week CU interval and 12 week CU interval is 5.4%
and 2.9% compared to the ‘‘pure’’ calendar aging (SOHC= 96.6%), re-
spectively. This translates to a relative difference of additional capacity
fade of 158.8% and 85.3%, which means that for these conditions, the
degradation induced by the 15 additional CUs over 96 weeks is greater
than the degradation due to ‘‘pure’’ calendar aging.

The additional capacity fade observed in the cells subjected to ad-
ditional CUs increases when the temperature during storage increases.
This can be seen in Fig. 6. However, there is no clear trend of increased
capacity fade when the SOC during storage increases. Note that we
cannot compare the CU influence for the cells stored at 100% SOC,
since the cells subjected to additional CUs dropped to 0V after around
500 days.

At 50 °C and 60 °C ambient temperature during storage, the influ-
ence of the CU procedure on resistance increase is qualitatively similar
to the influence on capacity fade, i.e. the cells subjected to more CUs
show increased degradation in the form of increased SOHR. However,
for the cells stored at 20 °C and 35 °C, the trend is reversed and SOHR
is lowest after 96 weeks for the cells subjected to the highest number
of additional CUs. We assume that this happens since the resistance
decreases during the first cycles for this cell type, which can be seen in
Fig. 9. Fig. 6 reveals that, analogous to the capacity fade, there is a clear
trend of increased CU influence on resistance increase with increasing
storage temperature, but no trend with increasing SOC.

The estimated loss of lithium inventory, indicated by a reduction
of SOHLI, is influenced similarly by the CU as SOHC. We assume that
the reason is that capacity fade is mainly driven by SEI growth during
calendar aging, reducing lithium inventory in the process. This, in turn,
leads to a strong correlation between SOHC and SOHLI and thus also to
a similar CU influence on both values.

The CU influence on loss of active material at the positive and neg-
ative electrode is qualitatively similar to the CU influence on capacity
fade. However, for the positive electrode, the CU influence is lower at
35 °C compared to 20 °C, but they are close to each other and we assume
that this is not statistically significant. At the negative electrode, SOHNE
of the cell with 96 weeks CU interval stored at 35 °C is higher compared
to the cell stored at 20 °C. However, this might also be a statistical
outlier, since only one cell is used per test point and due to the overall
lower values of SOHNE compared to SOHLI and SOHPE.

To summarize, the CU influence on the various state of health
estimations across different storage conditions depends significantly on
the storage conditions. Hence, we assume that the additional aging seen
in the groups with higher CU intervals does not only result from the
aging induced during the CU itself. This assumption is strengthened by
the fact that the additional aging observed in the 6 weeks CU group
is much smaller than two times the additional aging observed in the
12 weeks CU group, although there are exactly two times as many
additional CUs. We believe that a reason for this might be that the CU
causes accelerated aging in the subsequent calendar phases, possibly by
cracking of the electrodes induced during the CUs, causing additional
SEI formation during the subsequent open-circuit phase.

A possibly complementary, model-based explanation, can be de-
rived from [30]. In this study, we showed that, at a given aging state,
the subsequent capacity fade is mostly determined by the current capac-
ity and not the elapsed time or charge-throughput. In this model-based
explanation, the CU can be seen as periodic switching between two
aging conditions. Thus, a possible explanation for the higher absolute
capacity fade induced by the CU at higher temperatures is that the
aging induced by the CU accelerates below a certain SOHC, past what
is commonly referred to as a ‘‘knee’’-point [58].
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Fig. 5. Health parameters estimated during CUs of calendar aged cells over a timeframe of 96 weeks (672 days). The different rows show the state of health estimations for
capacity, resistance, lithium inventory, positive electrode and negative electrode, from top to bottom respectively. The different columns show groups of cells stored at the same
SOC, to avoid overplotting. Cells are tested with different CU intervals of 6 weeks, 12 weeks and 96 weeks to quantify the influence of the CU on calendar aging. The zoomed
section in the middle shows the data collected during the last CU of all cells stored at 50% SOC.

4.1.2. Influence of the temperature
To analyze the temperature dependency of health parameters, we

evaluate the Arrhenius equation:

𝜅(𝑇amb) = 𝜅0 ⋅ 𝑒

𝐸A
𝑅gas ⋅ 𝑇amb (6)

for all SOH parameters. In this equation, 𝜅 is the aging rate and
calculated as the respective 𝛥SOH from BOL until the last recorded CU,

normalized by the storing time until the last CU. 𝑅 is the universal gas
constant, 𝐸A is the activation energy, and 𝜅0 is a constant prefactor.
In Fig. 7, the logarithm of the five health parameters is plotted over
the inverse temperature for different SOCs and different CU intervals
to check for the Arrhenius dependency. The regression lines are con-
structed as follows. To compare the slopes of the regression lines, the
aging rates are normalized to ln(𝛥SOH) = 0 at 60 °C, by subtracting
the aging rate at 60 °C for every health parameter. Moreover, the linear
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Fig. 6. Absolute difference of state of health after 96 weeks between the cells subjected to ‘‘pure’’ calendar aging (96 weeks CU interval) and the cells subjected to CUs every 6
weeks and 12 weeks. The extra loss of state of health correlates positively with increasing ambient storage temperature 𝑇amb for all SOHs, indicated by the one-headed arrow. Only
extra -SOHPE96w is smaller at 35 °C than at 20 °C, indicated by the double-headed arrow. There is no correlation of extra loss of state of health with increasing SOC, indicated
by the double-headed arrow. The extra loss of state of health from 16 additional CUs after 96 weeks is always smaller than two times the extra loss of state of health from 8
additional CUs after 96 weeks, indicating that the extra loss of state of health does not result from the CU itself, but rather accelerates aging during the subsequent open-circuit
phase.

regression lines are only fitted to the aging rates at 35 °C, 50 °C, and
60 °C, since the aging rate at 20 °C distorted the regression fit for most
cases. We assume that a reason for this might be that at 20 °C, the
relative influence of the CU on the state of health parameters is larger.
In addition to the Arrhenius plot, we show the activation energy 𝐸A
and the 𝑅2 as a measure of the goodness of the regression fit.

The 𝑅2 of SOHC and SOHR is above 0.99 for all cases, which
confirms the expected Arrhenius dependency of capacity fade and re-
sistance increase. The activation energy increases for higher SOC from
23.6 kJmol−1 to 29.9 kJmol−1. The increased capacity fade observed in
the cells subjected to a larger number of CUs leads to an underesti-
mation of the activation energy by 15% (26.3 kJmol−1 with 6 week CU
interval compared to 30.9 kJmol−1 with 96 week CU interval).

For the resistance, the trend is again reversed due to the above
discussed break-in mechanism. The underestimation of the resistance
increase at lower temperatures and the overestimation of the resistance
increase at higher temperatures leads to an overestimation of activation
energy and thus, of temperature dependence. With 56.8 kJmol−1 at
50% SOC and 96 weeks CU interval, the activation energy of resistance
increase is almost twice as high compared to the activation energy of
capacity fade.

Since LLI is the dominating degradation mode, the temperature
dependence behaves similar to the dependence of capacity fade with
𝑅2 > 0.99 for all cases. For the active material loss, results are more
ambiguous. For SOHPE, the 𝑅2 at 50% SOC and 70% SOC is above 0.99.
At 100% SOC, however, the Arrhenius equation fails to describe the
data due to increasing values of SOHPE. It is not clear why SOHPE is in-
creasing for this case. Possible reasons include particle cracking leading
to increased accessibility of active material [59], electrode overhang
effects leading to lithium transport into or out of the electrodes [60]
or aging-induced changes in the open-circuit potentials [55,61]. The
latter seems likely, due to the silicon–graphite anode of the cell, where
the open-circuit potential is reported to change significantly in shape
during aging, due to the faster degradation of silicon compared to
graphite [28,61,62]. We want to validate this assumption in a future
study. At 10% SOC, the calculated activation energy is negative. We
assume however, that this is only an artifact and no real effect, since
SOHPE only reduces negligibly for all cases (SOHPE > 98.5% for all
temperatures).

For SOHNE, the 𝑅2 is slightly lower compared to the other health
parameters, but still high at >96%. There is a trend towards lower
activation energies with increasing number of CU. With SOC, the
activation is highest at 70% and decreases towards higher and lower
SOCs. This dependence of SOHNE on SOC is discussed in the following
subsection.

4.1.3. Influence of the storage SOC
Fig. 8 shows the SOH estimations for the cells stored at 50 °C, now

plotted over storage SOC. At 50 °C, cells were stored over the largest
range of SOCs, thus revealing the dependency of calendar degradation
on storage SOC. Again, the SOH estimations of the cells stored with 12
weeks CU interval and 96 weeks CU interval are plotted, but in this
subsection, only the results of the cells subjected to CUs every 6 weeks
are discussed.

The observed capacity fade generally increases with higher storage
SOCs but for the cells stored between 40% and 65% storage SOC,
capacity fade is very similar. We assume that this results from the quasi-
constant anode potential in this SOC region, driving SEI formation
at a similar rate. Between 70% and 85% storage SOC, capacity fade
rapidly accelerates, which coincides with the reduced anode potential
at SOCs above the transition from LiC12 to LiC6, which can be seen
by the characteristic peak in the differential voltage at the bottom of
Fig. 8. However, above 85% storage SOC, capacity fade reduces slightly.
This results in a spoon-shaped graph of capacity fade over SOC for
the first 5 CUs, which was previously reported by Zülke et al. [63]
for a similar 21700 cylindrical cell with, also, an NCA cathode and a
silicon-doped graphite anode. They hypothesized that capacity fade was
higher between 80% and 90% compared to 100% SOC, due to a cathode-
driven shuttle mechanism at higher storage SOCs that alleviates loss of
lithium to the (re)formation of SEI. Similar observations have also been
reported for other cell types [39], where capacity fade during calendar
storage was the same at 70% and 90% storage SOC for an NMC/graphite
pouch cell. However, capacity fade between CU 0 and CU 1 is much
higher compared to the other CUs. This might be an indication that
passive electrode effects [60] influence the capacities measured at the
beginning of life, thus distorting the dependence of capacity fade on
storage SOC, which should be investigated in the future. Moreover,
the spoon shape of SOHC over storage SOC gets distorted after 6 CUs,
corresponding to 30 weeks of storing. After this time, capacity fade at
100% accelerates, leading to a kink at the tip of the figurative ‘‘spoon’’.
This might be an indication, that capacity fade enters a non-linear
regime, although it is not visible in the capacity fade curve in Fig. 5.

The resistance increase also correlates with increasing storage SOC.
Furthermore, the different stages of the anode potential also correlate
with different levels of resistance increase, i.e. resistance increase is
similar between 40% and 65% storage SOC, but increases at higher
storage SOCs. Because of this correlation with anode potential, we
assume that SOHR increase is primarily driven by the growth of the
SEI and thus, by an increase in charge-transfer resistance. The noise of
SOHR estimation is generally higher than the noise of SOHC estimation,
because of the higher sensitivity to temperature variations and higher
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Fig. 7. Temperature dependence of state of health measures during calendar aging.
Left side: aging rate 𝛥SOH over storage temperature 𝑇amb. Aging rates are normalized to
ln(𝛥SOH) = 0 at 60 °C, by subtracting the aging rate at 60 °C for every health parameter.
Linear regression lines are fitted to the aging rates at 35 °C, 50 °C, and 60 °C. Right side:
calculated activation energy 𝐸A and 𝑅2 as a measure of the goodness of the regression
fit. 𝑅2 shows the Arrhenius dependence of the different state of health measures.

demand on measurement accuracy [31]. Hence, it remains unclear from
this data, if resistance increase generally decreases at storage SOCs
above 85% and if it follows a spoon shape over storage SOC, similar
to the spoon shape observed for the capacity fade.

The state of health measures of lithium inventory and the electrodes
could be extracted for all cells for the first 3 CUs, but for the cells stored
at SOCs between 80% and 95%, the half-cell fitting gradually fails. The
failing occurs after 3 CUs for the cell stored at 80% SOC, after 7 CUs for

Fig. 8. Evolution of state of health measures for the calendar aged cells, plotted over
storage SOC. The grey area in the subplots of SOHLI, SOHPE and SOHNE represents
the region, where half-cell fitting failed. The bottom plot shows the differential voltage
signature of a pristine cell, to highlight the correlation of state of health evolution with
phase transitions in the electrodes. It can be seen, that there is a correlation of SOHC
and anode potential, and that SOHC follows a characteristic spoon shape over storage
SOC for the first 6 CUs. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

the cells stored at 85% and 90% SOC and after 10 CUs for the cell stored
at 95% SOC. The reason for the failing of the half-cell fitting is that an
additional peak in the C/10 charge differential voltage starts to emerge
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for these storage conditions, located at around 70% SOC. This peak,
likely resulting from inhomogeneous aging of the electrodes, cannot be
reproduced by shifting and scaling of the half-cell OCPs, thus leading
to a sudden increase in RMSE in the OCV domain.

Analyzing the results, where the half-cell fitting could be performed
successfully reveals that SOHLI depends similarly on SOC as SOHC. This
is expected, since we assume that degradation is mostly driven by SEI
growth during calendar aging. SOHPE, however, depends differently on
SOC. At low SOCs, SOHPE remains almost constant over the entire 96
weeks. Between 30% and 50% storage SOC, there is a sudden increase
in degradation at the positive electrode, which coincides with the
occurrence of the monoclinic phase in NCA, which can be seen at the
bottom of Fig. 8. At higher storage SOCs, the degradation at the positive
electrode reduces, suggesting it to be the culprit of the spoon shape
of SOHC. However, with increasing CUs, SOHPE drops dramatically at
the high storage SOCs. SOHNE, again, increase with increasing storage
SOC. However, different to any of the other health parameters, there
is a local minimum of degradation of the cell stored at 35% SOC. At
higher storage SOCs, degradation increases and there is no spoon shape
of SOHNE with respect to storage SOC.

4.2. Cycle aging

In Fig. 9, the five health parameters (five rows) are plotted for
a selection of cells from the cyclic D-optimal test matrix. For this
comparison, we selected cells, where only one of the stress factors 𝑇amb,
∅SOC, DOD, Ich or Idis is changed versus other cells, to evaluate the
effect of the individual stress factors on degradation.

Across most test conditions, the cycle life of the tested cell type
well exceeds 1000 EFC when using SOHC<80% as the end-of-life cri-
terium. The resistance increase is in the same order of magnitude,
and SOHR does not exceed 120% before 1000 EFC for most cells. Also
across most test conditions, there is an initial reduction in SOHR,
which was discussed above for the influence of the CU procedure on
calendar aging. Similar resistance break-in during initial cycling has
been reported in the literature [43,64–66]. Authors assume that the
resistance decreases due to an increased active surface at the anode,
either through particle cracking [65,66], or through increased pressure,
which in turn improves the wetting with electrolyte [43].

The degradation modes, calculated from the half-cell fitting proce-
dure, reveal that the dominant degradation mode during cyclic aging
of this cell type is LLI. In the following, the individual influence of the
different stress factors on degradation is discussed.

4.2.1. Influence of depth of discharge
The influence of the depth of discharge on degradation is visible

in the subfigures in the left column of Fig. 9. Here, 5 cells are com-
pared, where the DOD was varied between 20% and 100%. The other
stress factors were kept constant and the values can be taken from
the respective legend in Fig. 9. Degradation increases with increasing
DOD. However, the correlation between DOD and degradation is not
linear: SOHC evolves similarly, i.e. it decreases sublinearly with charge-
throughput, for the four cells at 20%, 40%, 60% and 80% DOD and
capacity fade increases slightly with increasing DOD. The evolution
of SOHR between these four cells is even indistinguishable. However,
the degradation of the cell cycled with 100% DOD is different, both
qualitatively and quantitatively. For this cell, capacity fade evolves at
a much higher rate during early cycling and even accelerates past a
knee-point after around 500 EFC. Even before this knee-point, SOHR
increases at a higher rate.

The degradation modes reveal that the accelerated capacity fade
and resistance increase is mostly driven by LLI and LAMNE, which
evolve differently for this cell compared to the cells cycled at lower
DODs. A possible explanation for this increased degradation at high
DODs might be that at high and low SOCs, the cell active materials
undergo additional phase transitions during lithiation and delithiation.

For NCA, the phase transition from monoclinic to hexagonal-2 at
high potential causes a volume reduction, which has been reported to
cause subsequent microcracks in the material [59]. For silicon–graphite
compounds, the silicon only becomes electrochemically active at high
potentials, i.e. low SOCs of the full cell, leading to accelerated silicon
degradation, when cycling at low SOCs [67].

4.2.2. Influence of temperature
The influence of the temperature on degradation is visible in the

subfigures in the second to left column of Fig. 9. We compare three
cells cycled with a low discharge rate of 1C at 20 °C, 35 °C and 50 °C
ambient temperature, as well as two cells cycled with a high discharge
rate of 10 °C at 20 °C and 35 °C ambient temperature.

For the three cells cycled with a low discharge rate, an increase
in ambient temperature correlates with increase capacity fade and
resistance increase. However, the increase in capacity fade and resis-
tance is larger between 35 °C and 50 °C than between 20 °C and 35 °C,
suggesting that the correlation between temperature and degradation
during cycling is non-linear. SOHLI, again, correlates strongly with
SOHC. The degradation of the electrodes also show a dependence on
temperature, but this dependence is more pronounced in SOHPE than
in SOHNE. In fact, SOHNE of the cells cycled at 20 °C and 35 °C ambient
temperature are indistinguishable from one another.

For the two cells cycled with a higher discharged rate, degradation
is higher overall compared to the same test points with a low discharge
rate. However, the temperature dependence of the state of health
parameters is qualitatively the same.

4.2.3. Influence of discharging rates
The influence of the discharge rate on degradation is visible in the

subfigures in the second-to-right column of Fig. 9. We compare two
cells cycled with a low DOD of only 5% with 1C and 10C discharge
current, as well as two cells cycled with a higher DOD of 30% with 1C
and 10C discharge current.

For the two cells cycled with the low DOD, the influence of the
discharge current on degradation is comparatively small. SOHC de-
grades slightly faster at the higher discharge current, but SOHR is
indistinguishable between both cells. The degradation modes reveal the
reason for the difference in SOHC. The electrodes states of health SOHPE
and SOHNE evolve indistinguishably for these conditions and are not
influenced by the increased discharge rates. SOHLI, however, correlates
with SOHC, suggesting that LLI is the main reason for accelerated
capacity fade at the higher discharge rate.

For the two cells cycled with the higher DOD, however, the influ-
ence of the discharge current on degradation is significantly higher.
In this case, the difference in SOHC after 1000 EFC is close to 10%
and SOHC of the cell cycled with the high discharge rate has already
dropped to about 80%, commonly used as the end-of-life criterium.
The degradation modes reveal the cause for this higher dependence on
discharge rate. Compared to the cells cycled with the low DOD, where
no dependence of electrode degradation on discharge rate was present,
SOHPE rapidly decreases for the cell cycled with the high discharge
rate, compared to the cell cycled with the low discharge rate. In fact,
degradation at the positive electrode is so rapid, that half-cell fitting
fails after around 900 EFC. We assume that this high dependence of
SOHPE on discharge rate for these conditions is due to the SOC range
during cycling. With a mean SOC of 60% and a DOD of 30%, the cells
are always cycled across the phase transition between the hexagonal-1
and the monoclinic phase. At the higher discharge rate, we assume that
this phase transition occurs more heterogeneously across the electrode.
This leads to a higher stress between the active particles due to the
heterogeneous volume change during phase-transition and thus, to a
higher loss of active material due to a loss of electric contact.

To summarize, these results suggest that the influence of the dis-
charge current on aging strongly depends on the SOCs range during
cycling.
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Fig. 9. Health parameters estimated during CUs of cycle aged cells over 1500 EFC. The different rows show the state of health estimations for capacity, resistance, lithium inventory,
positive electrode and negative electrode, from top to bottom respectively. The different columns show groups of cells, where only one stress factor was changed to reveal the
influence of temperature, mean cyclic SOC, DOD, charge current and discharge current, from left to right respectively.

4.2.4. Influence of charging rates
The influence of the charge rate on degradation is visible in the

subfigures in the right column of Fig. 9. We compare three cells cycled
at 5 °C ambient temperature, with charge rates of 0.2C, 1C and 2C.
In contrast to all other described cells, with the exception of the cell
cycled with high discharge currents with a high DOD, these are the only
three cells, where SOHC does not evolve sublinearly. Instead, capacity
fade accelerates after a certain point, which is at around 500 EFC for
the two cells charged with 1C and 2C and at around 200 EFC for

the cell charged with 0.2C. A likely explanation for the occurrence of
accelerated capacity fade in these three cells is that the high charge
currents in combination with the low ambient temperature facilitate
lithium plating, which is often associated with superlinear capacity
fade [58]. Usually, higher charge rates are reported to result in an
increase of lithium plating [68]. However, in our tests, capacity fades
most rapid for the cell charged with 0.2C. A possible explanation for
this observation might be that the cells charged with higher currents
are less prone to lithium plating due to the additional heating induced
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by the higher currents, such as suggested in [69]. Moreover, due to the
lower overpotentials during charging with lower current rate, the cell
charged with 0.2C reaches the CV phase during discharging. This is not
the case for the higher charging rates, thus resulting in faster cycles and
less time to cool down after discharging.

The resistance increase follows the same trend, and the cell charged
with the lowest current shows the highest increase in SOHR. For the
degradation modes, we have only limited data available, since the half-
cell fitting failed for all cells after a certain amount of degradation. And
even before the half-cell fitting fails per our definition described earlier,
the results from half-cell fitting are not physical; e.g. SOHNE increases
for all cells.

5. Summary

We aged 196 commercial lithium-ion cells with a silicon-doped
graphite anode and nickel-rich NCA cathode during a variety of dif-
ferent cycle and calendar aging conditions. For all test conditions,
we performed periodic check-ups to measure capacity fade, resistance
increase, loss of lithium inventory, loss of active material at the anode
and loss of active material at the cathode.

During calendar aging, we quantify the influence of the check-up
on aging by comparing degradation of cells subjected to CUs at differ-
ent frequencies, while being stored at the same ambient temperature
and SOC. We show that the CU influence on degradation depends
significantly on the storage conditions and thus, we assume that the
additional aging seen in the groups with higher CU intervals results
from accelerated aging in the subsequent calendar phases.

Capacity fade during calendar aging increases with SOC and tem-
perature and LLI is the dominating degradation mechanism. The cells
stored at 60 °C and 50 °C with 100% SOC and at 60 °C with 70% failed
(0V) before the end of testing after 697 days. During cyclic aging, the
influence of DOD, temperature, charge rate and discharge rate are com-
pared. DOD has the highest influence on capacity fade and resistance
increase, while the influence of the discharge rate on capacity fade and
resistance increase depends on the cycling SOC window. During cycling
at high SOCs, capacity fade is accelerated and we assume that particle
cracking in the cathode is the primary cause, which is visible in an
accelerated fade of SOHPE. For the cells cycled with different charging
rates at 5 °C, half-cell fitting fails after few CUs and the capacity fades
non-linearly. We assume that lithium plating is the primary cause for
this. However, capacity fade is highest at low charge currents, which
we ascribe to self-heating of the cells at higher charge currents.

Further investigations are required for the state of health mea-
sures of lithium inventory and the electrodes, due to inhomogeneous
electrode degradation, resulting in a failing of the half-cell fitting algo-
rithm. In the future, we want to develop a model that can reflect the
inhomogeneous electrode degradation, by combining multiple pristine
electrode curves, representing different regions of the electrodes.
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2.4 Quantification of Inherent Cell-to-Cell Parameter Varia-
tions

Inhomogeneities in lithium-ion battery packs can reduce their performance and increase the
risk of system failure. Multiple origins of inhomogeneities trigger a complex cause-and-effect
chain with mutual interactions. This section analyses the initial point of this chain and quantifies
inherent cell-to-cell variations of commercial lithium-ion cells aimed at answering research
question 4. Figure 2.7 gives an overview of measurements, data processing, and investigations
performed in the presented Study V. The processed data has been made publicly available as
open source [14].
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Figure 2.7: Graphical summary of Study V [5].

A total of 600 fresh cells from the same production batch were weighed and tested using an
initial check-up procedure to determine their capacity and the DC resistance at a controlled
ambient temperature of 20 °C. Additionally, EIS was performed on 100 of these cells. Calculation
of the summary statistics revealed low coefficients of variations for the mass (0.11 %), the OCV
(0.06 %), the capacity (0.22 %), and the resistance (0.86 % for RDC,10s, 0.46 % for Rohm, and
1.64 % for Rct).

As in previous studies, the resistance variation was greater than the capacity variation—
approximately five times greater in this case. Already the fact that Rct scattered 3 times more
than Rohm was suspicious having in mind that the influence of temperature on Rct is of magni-
tudes higher compared to Rohm. Moreover, a correlation analysis revealed inconsistent results.
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Correlation coefficients of resistance parameters among each other were strongly dependent on
the measurement method and the chronology of measurements yielded contradictory correla-
tion coefficients. Therefore, several possible sources of misinterpretation were systematically
investigated.

Firstly, it was shown that measurement uncertainties caused by sensor tolerances of the testing
equipment are significantly higher for resistance measurements (75 % in this study) compared
to capacity measurements (<2 % in this study) because they are calculated differently from the
current and voltage sensor data.

Secondly, a Monte Carlo simulation was performed to investigate the mutual influences of
temperature and resistance. The Arrhenius equation was used to simulate the effect of temper-
ature variation on resistance and a simple thermal mass model, considering irreversible heat
generation, was used to simulate the effect of resistance variation on cell temperature. It was
demonstrated that elevated resistance variation is more likely caused by extrinsic temperature
variation, rather than the other way around. While resistance variation in the order of 1 % leads
to temperature variations in the order of 0.03 °C, temperature variation of 0.5 °C leads to a
resistance variation of 1.5 %.

Thirdly, it was shown that temporal effects significantly impacted the results, as a clear trend
over time was observed. Since only 32 cells were tested at a time, this was explained by manual
processes involved in the experiments, which are handled differently by different people and
faster over time.

Systematic spatial distortion of the measurement results was the last hypothesis tested. A picture
of said 32 test channels inside the climate chamber is shown in Figure 2.7, and the mean and
standard deviation of resistance measurements are plotted on top. The resistance shows a
clear pattern which is in accordance with a complementary pattern of temperature and can
be explained by an uneven temperature distribution within the climate chamber. Interestingly,
analysis of data from a previous publication [197] revealed a similar pattern.

Based on described seasonal and spatial effects, the coefficients of variation could be systemat-
ically adjusted leading to a relative reduction of up to 50 % for the resistance and a coefficient of
variation of 0.17 % for the capacity and 0.45 % for the resistance RDC,10 s. Taking into account the
higher measurement uncertainties, this study showed that the magnitude of inherent resistance
variation of commercial lithium-ion cells caused by production tolerances was well overestimated
in the past. It was concluded that compared to other origins of parameter variations, inherent
cell-to-cell variations are negligible in the context of scaling the electric behavior of individual
cells to battery packs in BEVs.
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a b s t r a c t

Parameter variations of lithium-ion batteries are an important concern because they can reduce the
performance of a battery pack. To quantify inherent variations due to production tolerances, battery
parameters of a batch of individual cells are experimentally determined and the latest studies show
capacity variations of 0.2 %e0.3 % and impedance variations of 0.7 %e3.8 %. Motivated by the question of
why impedance variation is consistently reported to be higher than the variation of other parameters, we
show that measuring inherent parameter variations caused by production tolerances is superimposed by
effects of an imperfect measurement setup. By breaking down external influence factors on own
experimental results of a batch of 600 commercial lithium-ion cells as well as a previously published
data set, we found that in fact parameter variations are substantially biased by temporal and spatial
temperature inhomogeneities during the experiments. By systematically compensating these effects,
resistance variation is reduced by almost 50% to only 0.45 %, which is the smallest value reported so far
and closer to the variation of capacity (0.17%) and mass (0.11%) in our case. Compensation is justified by a
Monte-Carlo simulation of the charge-transfer resistance and the cell temperature to investigate the
mutual interaction between resistance and temperature variation. Our results show that extrinsic
temperature deviations of only 0.5�C can lead to resistance variations of more than 1.5 %. Based on our
findings, we recommend incorporating more restrained initial parameter variations into system simu-
lation models and setting the focus on external origins of parameter variations such as temperature
inhomogeneities.

© 2021 Elsevier B.V. All rights reserved.

1. Introduction

1.1. Motivation

Parameter variations among individual lithium-ion batteries are
an important concern because they can reduce the performance of
a battery pack consisting of hundreds or thousands of single cells
[1]. As assessed in Ref. [2], multiple origins can cause parameter
variations before and during battery pack operation. They can be
originated from production tolerances, the system assembly pro-
cess, or can be a result of inhomogeneous operating conditions such
as imperfect cooling of the battery pack. For battery system man-
ufacturers, it is important to gain knowledge about the magnitude
of all types of occurring parameter variations for quality

management reasons and optimal product design. When they
purchase individual cells from cell manufacturers, non-
influenceable and thus inherent variations resulting from the cell
manufacturing process and the supply chain until the cells arrive at
the customer are of particular interest.

1.2. State of the art

In Table 1, previous studies, which experimentally quantified
inherent parameter variations, are listed in ascending order ac-
cording to their year of publication. Accompanying in Table 2, the
stated variations alongside the applied measurement procedure is
listed for capacity C, DC-resistance RDC, AC-resistance RAC and mass
m, respectively. For comparability reasons, the variation of a
parameter X is listed relative as kX ¼ sX/mX with the coefficient of
variation k, the standard deviation s, and the mean m. Additionally,
we list the ratio of resistance variation compared to capacity vari-
ation with the factor kR / kC.
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Dubarry et al. [3] were one of the first authors to experimen-
tally determine parameter variations for the purpose of system
modeling and analyzed the capacity and weight variation of 100
AAA cells. Subsequently, over the time span of more than a
decade, many researchers followed and experimentally quantified
the variation of various cell characteristics for production new cell
batches. Among them, the most comprehensive study in terms of
number of tested cells and parameters was performed by Rumpf
et al. [10], who investigated two batches (600 and 500 cells,
respectively) of LFP 26650 cells and analyzed the distribution and
correlation of mass and various capacity and impedance param-
eters. Besides capacity and impedance parameters, Zilberman
et al. [13] also analyzed the variation of characteristic points in the
differential voltage curve of 48 nickel-rich, silicon-graphite 18650
lithium-ion cells. Since they found no correlation between ca-
pacity or resistance and any characteristic peak in the differential
voltage curve, they concluded that the capacity variation does not
depend on either material parameters, manufacturing processes,
cell assembly, or cell finishing [13]. Using the same cell as in [13],
Schindler et al. [14] most recently investigated the evolution of
initial cell-to-cell variations during a three-year production cycle
with three batches (48, 160, and 200 cells, respectively) and found
significant differences in initial cell-to-cell variations.

It is noticeable that over the years, with exceptions, the re-
ported relative capacity variations have converged to smaller
values below 0.4 % with the smallest (kC ¼0.16 %) reported by
Campestrini et al. [8]. On the one hand, this can be traced back to
the increased demand and thus the increased production quality
of lithium-ion cells. On the other hand, the accuracy of test

equipment and professionalization of academia’s battery labs also
evolved during that time, allowing for more precise measurement
setups and test procedures. Rothgang et al. [5], e.g., found a
comparably moderate value for kR, but they report a relatively
high coefficient of variation for the capacity compared to the other
studies following in the years after (2.36 % for 1C discharge). Most
probably, this can be linked to their test procedure as they
measured the capacity inside a limited voltage window between
4.1 V and 2.7 V with only CC discharging and hence no equaliza-
tion of varying polarization, which would happen during a CV
discharge step, took place.

In general, all studies consistently report higher relative varia-
tions of impedance parameters compared to the capacity, as rep-
resented by the factor kR / kC. Some authors explain this by the fact
that the production process and cell sorting is optimized to reach
small capacity variations, since it is the most commonly used
characteristic by cell manufacturers [14,16].

In particular, Zheng et al. [4] report an unexpected high varia-
tion in the distribution of ohmic resistances (19.47%) obtained from
96 cells using electrochemical impedance spectroscopy (EIS)
measurements. One reason could be that they performed their
experiments at room temperature instead of a temperature
controlled climate chamber. Experiments performed by Barreras
et al. [11] and Devie et al. [12] also show ambiguous results.
Whereas the capacity variation lies within the range of other
studies, the resistance shows a much higher relative variation (kR/
kC > 9.0). Both used the first point of the discharge phase for the
calculation of the resistance; however, they do not specify the exact
time step. Depending on the measurement equipment, slightly

Table 1
Overview of existing studies quantifying parameter variations within multiple lithium-ion cells.

Reference Year Cells CN / Ah Manufacturer Cell Model Chemistry Format

Dubarry et al. [3] 2009 100 0.3 commercial e C e LiCoO2 AAA
Zheng et al. [4] 2013 96 70 commercial e C e LiFePO4 Prismatic
Rothgang et al. [5] 2014 700 5 e e C - NMC Prismatic
Schuster et al. [6] 2015 484 1.95 E-one Moli IHR18650A C - NMC 18650
Devie et al. [7] 2016 100 3.35 Panasonic NCR 18650B C - NCA 18650
Campestrini et al. [8] 2016 250 2.8 Panasonic NCR 18650PD C - NCA 18650
Fang et al. [9] 2017 138 2.9 Panasonic NCR18650PF C - NCA 18650
Rumpf et al. [10] 2017 1100 3 Sony/Murata US26650FTC1 C e LiFePO4 26650
Barreras et al. [11] 2017 > 200 53 Kokam SLPB 120216216 C - NMC Pouch
Devie et al. [12] 2018 51 2.8 LG Chem ICR18650C2 C e LiCoO2/NMC 18650
Baumann et al. [2] 2018 164 2.9 Panasonic NCR18650PF C - NCA 18650
Zilberman et al. [13] 2019 48 3.5 LG Chem INR18650-MJ1 SiC - NMC 18650
Schindler et al. [14] 2021 160 3.35 LG Chem INR18650-MJ1 SiC - NMC 18650
This study 2021 600 2.5 Sony/Murata US18650VTC5A SiC - NCA 18650

Table 2
Overview of stated parameter variations within existing literature. *Data was obtained extracting the raw data of Fig. 5 from Ref. [9] using the WebPlotDigitizer [15]. **The
values of two batches (600 and 500 cells, respectively) were averaged. *** The first tested batch is identical with [13], which is why we listed results of the second batch.

Factor Capacity DC-Resistance AC-Impedance Mass

Reference kR / kC Method kC Method kR Method kZ km

Dubarry et al. [3] CC0.5C 1.90% 1.70%
Zheng et al. [4] Zohm 19.47%
Rothgang et al. [5] 1.2 CC1C 2.36% R4C, 10 s 2.87 %
Schuster et al. [6] 2.4 CC1CCVI < C/20 0.80% Zohm 1.94%
Devie et al. [7] 3.7 CC0.5C 0.80% R0.5C, 1st point 2.95 % 0.16%
Campestrini et al. [8] 4.5 CC1CCVI < C/30 0.16% Zohm 0.72%
Fang et al. [9]* 3.7 CC0.2C 1.03% R1C, 18 s 3.78 %
Rumpf et al. [10]** 4.8 CC1CCVI < C/20 0.28% RCI, 10 s 1.33 % Zohm 1.28% 0.10%
Barreras et al. [11] 16.6 CC1C 0.35% R1C, 1st point 5.80 %
Devie et al. [12] 9.0 CC0.2C 0.40% R0.2C, 1st point 3.60 % 0.20%
Baumann et al. [2] 2.6 CC1CCVI < C/20 0.35% R1C, 2 s 0.92 %
Zilberman et al. [13] 3.4 CC0.2CCVI < C/70 0.20% R1C, 10 s 0.68 %
Schindler et al. [14]*** 2.3 CC0.2CCVI < C/70 0.40% Zohm 0.90%
This study 3.9 CC1CCVI < C/25 0.22% R1C, 10 s 0.86 % Zohm 0.46% 0.11%
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different time intervals to set the specified current may lead to
higher measurement uncertainties. In addition, Barreras et al. [11]
found a correlation between the resistance and temperature mea-
surements and corrected the resistance by a linear gain factor. The
resulting coefficient of variation, however, remained almost unaf-
fected. Baumann et al. [2] and Fang et al. [9] used the same cell
model for their investigations, whereby Baumann et al. report
much lower parameter variations. This deviation might be caused
by numerous reasons such as different test procedures, accuracy of
measurement equipment, and batch quality.

Overall, the cell’s mass shows the lowest variations below 0.2%.
This is particularly noticeable, since in contrast to electrochemical
parameters such as capacity and impedance, which are prone to be
strongly dependent on operating conditions such as temperature,
the mass of a cell can simply be determined by weighing, where
ambient conditions do not play a significant role.

Based on this literature overview, we conclude that there are
various reasons for the different magnitudes of stated inherent
parameter variations such as production year, cell type, cell chem-
istry, batch quality, etc. However, there is no physically motivated
theoryofwhy impedance variations are inherentlyhigher compared
to other parameters such as mass and capacity. This leads to the
assumption that external factors such as the measurement setup
and test procedure could be the reason for this discrepancy.

1.3. Goal and outline of this work

Reasonable quantification of inherent parameter variations is
important, since these results are often incorporated into battery
system simulation models to investigate various aspects of the in-
fluence of these parameter variations on the battery pack perfor-
mance [17,18], e.g., on the current distribution inside parallel
connections [19e21]. This in turnmeans that the simulation results
and conclusions drawn by these studies are to a greater or lesser
extent affected by the assumptions made for initial parameter
variations. It is therefore of interest for different fields of lithium-
ion battery research to critically re-evaluate the quantifiability of
inherent parameter variations. Thus, we set up the hypothesis that
the stated values for parameter variations in existing studies are
biased by the measurement itself. The main contributions of this
paper are as follows:

C Experimental investigation of a batch of 600 commercial
lithium-ion cells: The mass and different capacities, DC-
resistances and AC-impedances are experimentally deter-
mined via initial checkup (CU) measurements and electro-
chemical impedance spectroscopy and their variation and
correlation is analyzed (Section 3.1).

C Monte-Carlo simulation of the mutual interaction of cell
temperature and resistance: The influence of cell temper-
ature on the resistance variation is simulated using the
Arrhenius dependency of the charge transfer resistance and
the influence of the resistance on the cell temperature is
investigated by employing a simple thermal model (Section
3.3).

C Analysis of external influence factors on parameter vari-
ations: The influence of spatial and temporal temperature
inhomogeneities on the investigated parameters is exam-
ined. This is also done for a previously published dataset.
Thereupon, parameters are systematically adjusted and the
coefficient of variation is re-evaluated (Section 3.4 and 3.5).

The experimental details are described in Section 2 and a
conclusion is given in Section 4. The experimental dataset can be
downloaded under [22].

2. Experimental

In this study, a full batch of commercial 18650 cells of type Sony
US18650VTC5A with a nominal capacity of 2.5Ah is examined. The
anode active material consists of graphite with a small share of
silicon added and the cathode active material is NCA [23]. In total,
600 cells from the same production batch are experimentally
investigated in this study.

2.1. Measurement sequence

From the individual cell label by the manufacturer, the pro-
duction date was determined as being January 12, 2019. The batch
of cells arrived in one single package consisting of 12 boxes with
50 cells each on May 20, 2019. To investigate the batch’s mass
variation, the 600 cells (#1e#600) were weighed one at a time on
June 5, 2019 at controlled room temperature ( z 20�C) using a
high-precision balance (XP2004S by Mettler Toledo). The initial
checkup (CU) of all cells was performed between the 6th and 13th
of June 2019. EIS of 100 cells (#51e#150) was performed between
the 11th and 13th of June 2019 with one cell tested at a time and a
minimum pause of four days between the end of CU and EIS.

2.2. Initial checkup (CU)

Initial CU measurements were performed with all 600 cells
sequentially, with 32 cells tested simultaneously, using a 32-
channel BaSyTec cell test system inside a VC3 4100 - S climate
chamber by the Voetsch Industrietechnik GmbH set to 20�C. In
Table 3, the precision of the respective measurement devices are
listed.

During one set of CUs, there was a malfunction of the mea-
surement equipment (CU-ID: 18; cells #545e#576), wherefore
32 cells have to be excluded from the analysis. We adopted the test
procedure from Rumpf et al. [10] (Fig. 1a). Thus, the same param-
eters could be calculated, guaranteeing a good comparability. In
this procedure, the resistance was calculated at current interrup-
tion after charging the cell to 50% SOC (referred to as current
interruption (CI) in this study). In addition, we applied a 30 s
discharge pulse at the beginning of the measurement in order to
calculate the DC-resistance before any cycling of the cells (referred
to as pulse (P)). We calculated the resistance after 100 ms, 1 s, and
10 s.

2.3. EIS measurements

After the initial CU, 100 cells were used to perform EIS (pack-
aging Box-ID 2 and 3, cell #51e#150), again at 20�C. EIS-
measurements were performed using a Gamry Instruments Inter-
face 5000, whereby the hybrid EIS mode with an AC voltage of
10 mV rms, a frequency range of 5 kHz to 100 mHz, and ten points
per decade was used (Fig. 1b). Same as in Ref. [10], we calculated

Table 3
Precision of the used measurement equipment.

Instrument Variable Precision Range

BaSyTec CTS Voltage DU ¼ ±0.3 mV U 2 [0 V,6 V]
Current DI ¼ ±200 mA I 2 [300 mA,5A]
Current DI ¼ ±10 mA I 2 [15 mA,300 mA]
Current DI ¼ ±0.5 mA I 2 [1 mA,15 mA]
Current DI ¼ ±0.05 mA I 2 [0 mA,1 mA]

NTC Temperature DT ¼ ±0.25 K T @ 20�C
Gamry Interface 5000 Impedance DZ ¼ ±0.5 % f 2 [10 mHz,5 kHz]
Metler Toledo Mass Dm ¼ ±0.1 mg m 2 [0 g,2300 g]
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three characteristic points from the measured impedance spectra
to characterize the AC impedance. RAC,Im0 was defined as the zero
crossing and was determined at the interpolated frequency fAC,Im0,
where the imaginary part equals zero. Themean value of fAC,Im0 was
determined to 1802 Hz with a small relative variation of 1.45%.
RAC,Max was defined as the local maximum of the semi-circle and
consistently was determined at a frequency fAC,Max of 125.56 Hz.
RAC,Min was defined as the local minimum after the semi-circle and
was found to lie at a frequency fAC,Min of either 1.58 Hz, 2.00 Hz,
2.49 Hz, or 3.18 Hz. Interpolating the impedance spectra did not
change the resulting coefficient of variation, wherefore the

measured frequencies are reported. Subtracting RAC,Im0 from RAC,-
Max and RAC,Min yields the parameters RAC,Max-Im0 and RAC,Min-Im0,
which are used in this paper to characterize the variation of the
dynamic loss processes.

3. Results and discussion

3.1. Summary statistics and correlation analysis

The summary statistics of the main investigated parameters are
listed in Table 4 and selected histograms are plotted in Fig. 2. The
respective correlation coefficients are visualized in Fig. 3. The
experimental data of all investigated parameters can be down-
loaded under [22].

The capacity CCCCV has a relative variation of 0.22% and the
distribution is slightly left-skewed. Whereas the distribution of CCC
has a higher kurtosis than a normal distribution (kNormal ¼ 3), the
distribution of CCV has a smaller kurtosis with no distinct peak close
to the mean value. Deviation from a normal distribution is not
surprising per se, but should be investigated further since it can be
a result of a systematic drift or external influence factor.

The coefficient of variation of the initial voltage, which was
measured at the beginning of the checkup, is the smallest with
0.06%. This means that the variation of RDC(P) at the beginning of the
CU is not distorted by the SOC dependency of the resistance [24]. In
fact, resistance variations determined during the discharge pulse P
are in the same range compared to RDC(CI) determined at the current
interruption at 50% SOC. Resistance variations are in the same range
compared to recent literature and almost constant for the different
pulse lengths of RDC(P), whereas RDC(CI) shows slightly decreasing
variation for increased pulse lengths. The different mean values of
RDC(P) and RDC(CI) are expected due to the differences in SOC (z 20%
SOC vs. 50% SOC), temperature (at 20.9�C vs. 23.6�C), and mea-
surement method (discharge pulse vs. current interruption).

For CCV, a strong positive correlation is found for RDC(CI) and a
moderate correlation for RDC(P). This is expected since a higher

Table 4
Univariate statistics of the experimental results of the initial CU (32 cells out of
600 cells had to be excluded) and EIS (100 cells). k ¼ coefficient of variation;
m¼mean; s¼ standard deviation; s¼ skewness, a measure of the asymmetry of the
probability distribution (s ¼ 0 for a normal distribution); k ¼ kurtosis, a measure of
the peakedness of the probability distribution (k ¼ 3 for a normal distribution).

Parameter Unit k ¼ s/m m s s k

Weighing
Mass g 0.11% 47.652 0.054 �0.505 2.925
CU: Capacities from CCCV discharge (DCH)
CCC(DCH) Ah 0.23% 2.475 0.006 �0.381 4.038
CCV(DCH) Ah 2.45% 0.052 0.001 �0.116 2.158
CCCCV(DCH) Ah 0.22% 2.527 0.006 �0.253 3.772
TMean(DCH) �C 1.67% 22.768 0.38 0.167 3.038
CU: DC Resistances from initial discharge pulse (P)
Voltage V 0.06% 3.459 0.002 �0.779 5.255
RDC,100 ms(P) mU 1.11% 20.237 0.224 0.012 3.321
RDC,1s(P) mU 1.06% 22.004 0.234 0.023 3.382
RDC,10s(P) mU 1.10% 32.423 0.356 0.106 3.741
TStart(P) �C 1.14% 20.899 0.239 0.645 3.579
CU: DC Resistances from current interruption (CI) at 50% SOC
RDC,100 ms(CI) mU 1.28% 13.769 0.177 �0.118 2.603
RDC,1s(CI) mU 1.13% 15.238 0.172 �0.055 2.486
RDC,10s(CI) mU 0.86% 21.502 0.185 �0.044 2.146
TStart(CI) �C 2.25% 23.625 0.532 0.189 2.843
EIS: AC Resistances
RAC,Im0 mU 0.46% 9.577 0.044 �0.384 2.962
RAC,Max-Im0 mU 1.62% 3.670 0.060 0.620 2.467
RAC,Min-Im0 mU 1.64% 7.090 0.116 0.182 2.593

Fig. 2. Histograms of RDC, 10s(P), CCCCV(DCH), and RDC, 10s(CI) determined during the initial CU.

Fig. 1. Test procedures applied in this study: a) Voltage and temperature during the initial checkup (CU) with the initial discharge pulse (P) marked in blue, the CCCV discharge
(DCH) marked in orange and current interruption (CI) marked in green. b) Impedance spectrum and characteristic parameters determined during EIS. (For interpretation of the
references to color in this figure legend, the reader is referred to the Web version of this article.)
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resistance leads to higher over-potentials during the CC discharge
and the lower cut-off voltage is reached earlier. This results in a
longer CV phase (with higher Ah-throughput) where the remaining
capacity is discharged. Following this argument, CCC is expected to
correlate negatively with CCV and the resistance. Dubarry et al. [25]
introduced two additional attributes, the rate capability and the
capacity ration, and discuss the complex inter-dependency be-
tween capacity and resistance in more detail. In our case, only a
moderate to weak negative correlation between the capacity CCC is
observed for RDC(CI) and a moderate negative correlation is
observed for RDC(P). Furthermore, there is only a weak negative
correlation between CCC and CCV (p ¼ �0.2).

The AC impedances, where one cell was tested at a time, show
lower coefficients of variation compared to the literature. The
variation of the ohmic resistance RAC,Im0 (0.46%) is also smaller
compared to the DC-resistances obtained from the initial CU. When
taking into account dynamic loss processes such as the solid elec-
trolyte interphase (SEI) and the charge-transfer, which together
become visible as a semi-circle in the impedance spectrum, the
coefficient of variation slightly increases (0.64% for RAC,Max and
0.81% for RAC,Min).

Here, only a weak correlation with CCV is present for any char-
acteristic resistance value. In contrast, the ohmic resistance RAC,Im0
shows a moderate positive correlation with CCC and CCCCV. These
contradictory observations are also reflected in the correlation
between all three differently determined resistances, since only a
moderate or weak correlation is observed between RDC(P), RDC(CI),
and RAC(EIS), respectively. One exception is the strong positive
correlation between RDC,1s(P) and RAC,Max-Im0.

As the AC impedances, the mass was measured for one cell at a
time and the resulting coefficient of variation is 0.11%. A positive
correlation of the mass with the capacity due to a different amount
of active material would theoretically make sense. However, since
we only observe a weak correlation (p ¼ 0.09 with CCCCV), the
variation of the cell’s mass is more a result of other cell components
such as housing or the measurement procedures of weighing and
CU are not comparable. A moderate negative correlation is
observed for RDC(P), a weak negative correlation for RDC(CI), and a
negative correlation with varying strength for RAC(EIS) (with the
highest correlation of p ¼ �0.76 for RAC,Max-Im0 and the mass). A
potential explanation could be that higher weight of the cell
housing leads to a higher thermal mass and hence slower cooling of
the cell core to the desired temperature inside the climate chamber.
Thus, the cell’s core temperature is still higher, leading to a lower
resistance during the experiment.

In addition to the investigated parameters, summary statistics of
the temperature are listed in Table 4. We analyzed the values right
before the resistance measurements (TStart(P) and TStart(CI)) and the
mean temperature during the CCCV discharge to determine the
capacity CCCCV (TMean(DCH)). We note that temperature variation
increases during the course of the CU (1.14% at the start of the pulse
P, 1.67% during the capacity measurement and 2.25% at the start of
CI). During EIS, no temperature was recorded.

3.2. Possible sources of misinterpretation

In general, the coefficients of variation are in good accordance
with the values reported in recent literature. However, experi-
mental results must be critically analyzed with respect to mea-
surement errors [26]. Taylor et al. [26] investigated the errors and
uncertainty of characterization experiments with respect to
researcher variation, experimental rig design, and test chamber
variation. They revealed systematic measurement errors and
concluded that certain errors can be accounted for by carefully
evaluating the testing process and the measurement data.

We follow this example and first analyze the measurement
uncertainty due to the limited accuracy of the measurement
equipment. Using the stated tolerances of the basic measured
quantities in Table 3, the measurement uncertainty u(x) can be
calculated in the sameway as described by Rumpf et al. [10]. For the
DC-resistance, which is calculated according to Ohm’s law, the
propagation of errors of the basic quantities voltage and current can
be determined as:

uðRÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�

vR
vDU

�2
,u2ðDUÞ þ

�
vR
vI

�2
,u2ðIÞ

s
; (1)

using the partial derivatives of R ¼ DU/I. For the uncertainty of the
voltage drop DU, the voltage tolerance has to be considered twice.
The relative measurement uncertainty u(R)/sR of RDC,10s(CI) was
determined to lie at 75%. Hence, in the worst case, 75% of the
determined resistance variation might be due to tolerances of the
voltage and current sensor. This value is much higher compared to
the determined relative measurement uncertainty in Ref. [10]
(28%), which can be explained by two reasons. First, the standard
deviation of RDC,10s(CI) is much lower in our case (0.185 mU
compared to 0.407 mU). Thus, the same voltage and current tol-
erances lead to higher relative measurement uncertainties. Second,
the voltage drop DU is smaller, which also leads to a smaller ab-
solute resistance RDC,10s(CI) (21.502 mU compared to 28.485 mU).
Again, according to Eq. (1), this leads to higher relative measure-
ment uncertainties.

Fig. 3. Correlation matrix of the investigated parameters. The color indicates the
classification of correlation coefficients into weak (|p| � 0.3), moderate (0.3 < |p| � 0.7),
and strong (0.7 < |p|). Additionally, the bubbles size is scaled with the respective
correlation coefficients. (For interpretation of the references to color in this figure
legend, the reader is referred to the Web version of this article.)
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Furthermore it is noticeable that the relative measurement un-
certainties of the resistance parameters aremuch higher compared to
the capacities,whicharebelow2%[10]. This again canbeexplainedby
two reasons. First, resistance and capacity are calculated differently
from the basic measured quantities current and voltage. The voltage
sensor tolerance does not affect the current integration for deter-
mining the capacity but strongly influences the measurement uncer-
taintyof the voltagedropDUduring the resistancedetermination. The
second reason is the magnitude of the standard deviation, which is
roughly one order smaller for the resistance compared to the capacity.
Therefore, the same sensor tolerance has a higher influence on the
relative measurement uncertainty u(x)/sx. It can be concluded that
systematic higher measurement uncertainties are one reason for the
higher resistance variation.

However, in addition to measurement uncertainties, the
following observations motivate further investigations concerning
systematic bias in the quantification of parameter variations:

C There is no argument of why resistance variations are higher
than the variations of other parameters. As described above,
higher values might be a result of higher measurement un-
certainties due to the equipment’s precision. The influence of
limited accuracy of the measurement devices is expected to
result in a noise with normal distribution [10]. However,
measured parameters show a deviation from a normal dis-
tribution to a greater or lesser extent (as revealed by the
skewness and kurtosis), which might be a result of other
external influencing factors during the experiment.

C The determined coefficients of variation of resistance pa-
rameters and correlation coefficients of these parameters
among each other depend strongly on the measurement
method (discharge pulse, current interruption, EIS) and the
chronology of the measurements (reflected in the increased
variation of the measured temperature) and show contra-
dictory behavior for some measurements.

C The variation of the ohmic resistance RAC,Im0 is roughly three
times lower compared to the polarization resistances due the
charge transfer (RAC,Max-Im0 and RAC,Min-Im0). In Ref. [10], this
observation was explained by the limited number of
measured frequencies during EIS. However, since the charge
transfer resistance shows a higher temperature dependency
than the ohmic resistance [27], temperature variations dur-
ing the measurement also cannot be excluded as a reason for
this behavior. Inconclusive results of correlation analysis
with other parameters further substantiate the suspicion of
external factors influencing the measurement.

Therefore, we analyze the measurement data with respect to
several influencing factors that could potentially bias the statistical
analysis. First, the cell number (Cell-ID) could influence the
measured parameters caused by drifts in process parameters dur-
ing cell production. Second, the box (Box-ID) inwhich the cells have
been shipped could have an impact due to their respective position
in the package and varying temperatures during shipping.
Mentioned factors occur before the cells’ arrival and lead to non-
influenceable (from the perspective of a customer) and therefore
inherent parameter variations within a batch of lithium-ion cells.
However, the sequence number of the CU (CU-ID) was also exam-
ined to reveal potential trendswithin the sequential measurements
of 32 cells at a time. Furthermore, we analyzed the influence of the
test channel during the CU (Channel-ID), which in turn represents a
certain position inside the climate chamber, and potential tem-
perature inhomogeneities can be revealed.

The mutual interaction between temperature and resistance is
complex and it is not easy to fully distinguish between cause and
effect. A difference in cell temperature will lead to different re-
sistances, while two cells with different resistance, if subjected to
an identical current, will acquire different cell temperatures.
Therefore, in the next section we evaluate the mutual interaction
between cell temperature and resistance in more detail with a set
of Monte-Carlo simulations to provide a foundation for interpreting
the results in the following sections.

3.3. Monte-Carlo simulation of the mutual interaction of cell
temperature and resistance

As discussed earlier, the relative variation of the pure charge-
transfer resistance Rct, defined as RAC,Min � RAC,Im0, is observed to
be more than three times as high as for the pure ohmic resistance
RAC,Im0 and might result from a higher dependency of the ambient
temperature during the experiment. The question arises, whether it
is physically reasonable that small deviations of the ambient tem-
perature are responsible for the variation of the charge transfer
resistance or whether this results from inherent parameter varia-
tions due to different characteristics on cell material level.

To answer this question and to investigate the mutual inter-
action of resistance and temperature in more detail, we per-
formed a simple set of simulations. Since especially Rct strongly
depends on the temperature, we chose the Arrhenius dependency
of Rct (Eq. (2)) to estimate the influence of temperature deviations
on the resistance measurement.

RctðTÞ ¼ A,e

EA

Rgas,ðmT þ randn,sT|fflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflffl}
T

Þ

: (2)

R is the universal gas constant, EA is the activation energy, and A
is the amplitude. The term (mT þ randn , sT) gives a random tem-
perature value from a normal distribution with the mean temper-
ature mT and the standard deviation sT using Matlab’s RANDN [28].
Here, we use the absolute variation sT and we assume the tem-
perature deviation inside a climate chamber to be constant over the
whole temperature range. To see the effect of temperature de-
viations over a wide temperature range, we vary the mean ambient
temperature mT between 0�C and 40�C in 5�C steps. Furthermore,
we analyze the effect of different temperature variations sT in 0.1�C

Table 5
Parameters for Monte-Carlo simulation of the cell temperature for varying re-
sistances. * The values for EA and A have been determined at 50%SOC based on EIS at
six temperature levels between �10�C and 60�C. ** The specific heat capacity was
determined analytically according to the mass and thermal properties of the indi-
vidual cell components after cell opening, analogous to Ref. [29].

Parameter Symbol Unit Value

General
Ambient temperature mT

�C [0 : 5 : 40]
Ohmic resistance Rohm mU 9.577
Arrhenius equation
Temperature variation sT

�C [0 : 0.1 : 1]
Amplitude* A e 2.0975 , 1013

Activation energy* EA kJmol�1 61.990
Universal gas constant Rgas Jmol�1 K�1 8.314
Lumped mass model
Resistance variation kRtot

% [0 : 0.2 : 2]
Cell mass m g 47.652
Specific heat capacity** cp J kg�1 K�1 845
Current I A 2.5
Simulation time dt s 1800
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steps until 1�C. The respective parameters used for this simulation
study are listed in Table 5.

For better comparability with the effect of resistance variation
on the temperature variation, which is described below, we use the
sum of ohmic and charge transfer resistance according to

RtotðTÞ ¼ Rohm þ RctðTÞ: (3)

whereby the ohmic resistance Rohm, which has a much lower
temperature dependency compared to Rct, is assumed to be con-
stant over the whole temperature range for reasons of simplicity.
For each combination of the ambient temperature mT and different
magnitudes of temperature variations sT, the coefficient of variation
kRtot is calculated from 10,000 simulations of Rtot. Results are shown
in Fig. 4, where the green to blue color coding represents the
different magnitudes of temperature variation.

For mT ¼20�C and sT ¼0.5�C, which was observed during our
experiments, kRtot

lies at 1.53%. The pure charge transfer resistance
at these conditions even shows a variation of 4.30%.

In order to interpret the results with respect to the mutual
interaction of temperature and resistance, we additionally estimate
the opposite effect of resistance variation on the heat generation
and cell temperature variation. Therefore, we use a simplified
thermal mass model, only considering the irreversible heat gen-
eration Qirr ¼ I , URtot

with the current I and the overpotentials due
to the superimposed ohmic and charge transfer resistance URtot

. For
Rtot (Eq. (3)), we use the mean value of the previous simulation
results for the different ambient temperatures mT, respectively.
Since the purpose of the model is to estimate the impact of resis-
tance scattering on the cell heating, we do not consider any dy-
namics of the cell’s kinetic behavior. Furthermore, any additional
effects on the cell’s temperature such as reversible heat generation,
thermal radiation, and dissipation of heat due to free and forced
convection are neglected. The cell temperature Tcell after a simu-
lation time dt under constant current load I at ambient temperature
mT can be calculated according to

Tcell ¼ mT þ
�
mRtot

þ randn,kRtot

�
mRtot

�zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{R

,I2

m,cp
,dt: (4)

m and cp display the cell’s mass and heat capacity, respectively.
Again, the term (mRtot

þ randn , kRtot
/mRtot

) gives a random resistance
from the normal distribution with mean resistance mRtot

, which
changes with ambient temperature and the standard deviation
kRtot

/mRtot
. We analyze the effect of different resistance variations

kRtot
in 0.2 % steps until 2 %. For each ambient temperature, the co-

efficient of variation kTcell due to different magnitudes of resistance
variations kRtot

is calculated from 10,000 simulations of Tcell. Results
are additionally plotted in Fig. 4, where the white to black color
coding represents the different magnitude of resistance variation.
For mT ¼20�C and kRtot

¼1%, which was observed during our ex-
periments, kTcell lies at 0.17%.

Comparing the results of kRtot
and kTcell from these simplified

simulations, we conclude that it is much more likely that the
observed resistance variation is a result of extrinsic temperature
variation than vice versa. Based on these findings, we assume that
for other studies also the share of observed resistance variation
caused by extrinsic temperature variation is higher than the share
of observed temperature variation due to inherent resistance
variation. In our experiments, we observed a resistance variation of
roughly 1% and a temperature variation of 0.5�C. Since from the
Arrhenius dependency we would expect even higher resistance
variations, wemust keep in mind that the temperature is measured
only at the cell’s surface and the variation of the cell core temper-
ature might be smaller due to the cell’s thermal mass.

After revealing themutual cause and effect chain of temperature
and resistance variation, we analyze the measurement data with
respect to seasonal, i.e., in which order the cells were tested, and
spatial, i.e., at which location the cells were tested, temperature
inhomogeneities.

3.4. Seasonal effects: influence of the Cell-ID, Box-ID, and CU-ID

Fig. 5 shows the parameters RDC, 10s(P) (left column), CCCCV
(medium column),and RDC, 10s(CI) (right column) plotted over the
cell number. In the same column, below the parameters itself, the
temperature just before (in the case of the resistance) and themean
value during (in case of the capacity) their measurement is plotted
in the same manner. As elaborated in the previous section, it is
important to keep inmind that the temperature is measured only at
the cell’s surface.

RDC, 10s(P) shows a drift towards lower resistances for increasing
cell numbers. The corresponding temperature TStart(P) shows no
obvious drift in the observed direction, except for the last sequence
of CUs and some minor seasonal fluctuations. CCCCV, with some
exceptions, shows a drift towards higher capacities for increasing
cell numbers. The corresponding temperature TMean(DCH) shows
only a minimal drift in the opposite direction. RDC, 10s(CI), deter-
mined from the current interruption at 50% SOC, shows a slight
drift towards lower resistances for increasing cell numbers, which
are, however, smaller in magnitude compared to RDC, 10s(P), deter-
mined during the initial pulse. The corresponding temperature
TStart(CI) behaves similarly to the capacity.

There are three possible explanations for the observed param-
eter drifts, which are discussed in the following. First, differences in
the Cell-ID, e.g., due to changes during the production process,
might be the cause for inherent parameter variations. In our
opinion, this is rather unlikely because the cells originated from the
same production lot and were produced on the same day. Also, no

Fig. 4. Monte-Carlo simulation results for 1) Relative resistance variation kRtot due to
different magnitudes of temperature variations, represented by the color coding from
green to blue. 2) Relative temperature variation kTcell due to different magnitudes of
resistance variations, represented by the color coding from white to black. (For
interpretation of the references to color in this figure legend, the reader is referred to
the Web version of this article.)
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drift in the Cell-ID was observed in Ref. [10], which analyzed cells
from the same manufacturer. Second, the Box-ID could lead to this
drift due to inhomogeneous temperature stress during shipping.
However, this also is rather unlikely for a package with the size of
roughly 50 cm � 50 cm x 50 cm. The fact that the drift is much less
pronounced for RDC, 10s(P) compared to RDC, 10s(CI) also speaks
against the two previous arguments.

Third, this drift might be a result of the sequential testing pro-
cess and occurring temperature deviations over the consecutive
experiments of 32 cells at a time (CU-ID). Two peoplewere involved
in placing the cells into the cell holders, closing and starting the
climate chamber, and starting the tests in the test software. Such
processes are handled faster with time, which reduces the time to
cool the cells from room temperature to the desired temperature of
20�C. Since the test plan included a pause of only 15 min before the
initial discharge pulsewas performed, just small time differences in
the process before the test is started can have an impact on cell
temperature.

Potentially, the cell’s core temperature at the beginning of the
pulse P was still deviating from the measured temperature at the
cell’s surface and was larger for the later CU-IDs, which leads to the
lower resistances RDC, 10s(P) for increasing Cell-ID. A higher core
temperature would also result in a higher capacity CCCCV, which in
fact is observed for increasing cell numbers. After the capacity is
determined, the cell is charged to 50% SOC and the resistance is
determined during the current interruption (CI). For RDC, 10s(CI), the
decreasing trend towards higher cell numbers and the distinct
group building of the last CU-ID apparently vanished during the
course of the CU. It appears that deviations of the cell core tem-
perature resulting from differences at the beginning of the

sequential number of CU disappeared gradually during the CU
duration of roughly 3 h.

From the previous observations, an externally induced drift due
to variations of the core temperature over the consecutive CU
measurements is more likely than any inherent parameter varia-
tion, in our opinion, and we conclude that the actual inherent
variation of capacity and resistance are smaller than experimentally
quantified. By calculating the mean of a parameter X for each CU-ID
separately, we can compensate this drift and adjust the respective
parameters according to

XCU�ID ¼ X � ðmXðCU�IDÞ � mXÞ (5)

with XCU-ID as the adjusted parameter, X as the experimentally
determined parameter, mX(CU-ID) as the separate mean over each
CU-ID, and mX as the mean over the whole dataset. The resulting
coefficients of variation (Table 6) slightly decrease for every
parameter, e.g., for RDC, 10s(P) at the beginning of the CU the vari-
ation is reduced by 15% relative to the raw experimental results.
The small reduction of only 6% for RDC, 10s(CI) reveals the decreased
influence of seasonal temperature effects during the course of the
CU.

3.5. Spatial effects: influence of the Channel-ID

In addition to the seasonal drift over CU-ID, there is also a
noticeable temperature variation within individual CU-IDs, where
the measurement data is analyzed in more detail with respect to
spatial patterns. By plotting the cell’s parameters over the respec-
tive Channel-ID, inhomogeneities regarding the position inside the

Fig. 5. RDC(P), CCCCV, and RDC(CI) plotted over the cell number (1st row). Additionally, the corresponding temperatures just before the resistance measurements (TStart(P) and
TStart(CI)) and during the CCCV discharge (TMean(DCH) are plotted (2nd row).

Table 6
Parameter variations after the systematic adjustment of measured parameters due to seasonal (CU-ID) and spatial (Channel-ID) temperature inhomogeneities. Additionally,
the relative reduction of the coefficient of variation compared to measured parameters is given.

Pulse P CCCV Discharge Current Interrupt CI

Adjustment Variable RDC,10s(P1) TStart(P1) CCC CCV CCCCV TMean(DCH) RDC,10s(P2) TStart(P2)

Original: kX in % 1.10 1.14 0.23 2.45 0.22 1.67 0.86 2.25
Seasonal: kXCU�ID

in % 0.94 / ¡15% 1.01 / ¡12% 0.19 / ¡17% 2.38 / ¡3% 0.18 / ¡20% 1.64 / ¡2% 0.81 / ¡6% 2.23 / ¡1%
Spatial: kXChannel�ID

in % 1.01 / ¡8% 0.57 / ¡50% 0.21 / ¡7% 1.16 / ¡53% 0.21 / ¡3% 0.67 / ¡60% 0.54 / ¡38% 0.83 / ¡63%
Both: kXChannel�ID;channel�ID

in % 0.84 / ¡24% 0.23 / ¡80% 0.17 / ¡26% 1.01 / ¡59% 0.17 / ¡24% 0.58 / ¡65% 0.45 / ¡48% 0.74 / ¡67%
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climate chamber and corresponding spatial temperature in-
homogeneities can be revealed.

Fig. 6a) shows the mean temperature over the whole CU pro-
cedure Tmean(CU) as a boxplot for each Channel-ID. Tmean(CU) was
chosen to make the analysis comparable with Rumpf et al. [10]. A
distinct pattern is observed, which can be attributed to tempera-
ture inhomogeneities inside the climate chamber. In fact, the pic-
ture fits well to the positioning of the cell holders inside the climate
chamber, which were placed in two rows with 16 neighboring cells
behind each other. Apparently, cells at the edge of the chamber
were warmer during the CU, whereas cells placed in the middle of
the chamber experienced a better conductive cooling by the
chamber’s fan.

Since the resistance decreases with higher temperatures due to
the Arrhenius dependency of the charge transfer resistance and the
solid state diffusion [27], we observe an inverse pattern for RDC,
10s(CI) (Fig. 6c)). Since RDC(CI) correlates strongly with CCV, the same
pattern is also observed here.

Fig. 6b) and Fig. 6d) show the same parameters for the published
dataset by Rumpf et al. [10]. Here, we see a similar pattern, which
we assume to also result from temperature inhomogeneities inside
the climate chamber. From their way of plotting the data (over Cell-
ID), the authors concluded that errors within parametric variations
due to the temperature can be excluded [10]. While this may be
true regarding seasonal drifts between the groups of 64 cells that
have been tested at the same time, it is not true for spatial drifts
within one group of 64 cells.

Analogous to the CU-ID, we can adjust the respective parame-
ters according to

XChannel�ID ¼ X � �
mXðChannel�IDÞ � mX

�
(6)

with mX(Channel-ID) as the mean calculated separately over each
Channel-ID. The resulting coefficients of variation are additionally
listed in Table 6, once with sole adjustment of the Channel-ID and
once with combined adjustment of the CU-ID and Channel-ID.

In contrast to the seasonal adjustment, the spatial adjustment

leads to a much higher relative reduction of resistance variation for
RDC, 10s(CI) (38%) compared to RDC, 10s(P) (8 %). This makes sense,
since the cells are subjected to inhomogeneous cooling inside the
climate chamber for a longer period of time during the course of the
CU. Since the temperature is measured at the cell’s surface, the
adjustment of temperature is in a similar range for TStart(P),
TMean(DCH), and TStart(CI) (50%e63%). The effect of adjusting the
capacity parameters CCC and CCV seems to counterbalance and the
reduction of the variation for CCCCV is only 3%. Combining seasonal
and spatial parameter adjustment leads to a relative reduction of
parameter variations of up to 48% for RDC, 10s(CI). The resulting
coefficient of variation is 0.45%, which is almost equal to the vari-
ation of the ohmic resistance RAC,Im0 (0.45%) andmuch closer to the
variation of other parameters such as mass and capacity.

4. Conclusion

In this study, we experimentally investigated cell-to-cell varia-
tions of various characteristic parameters of a batch of 600 com-
mercial lithium-ion cells. As in all previous studies which
quantified cell-to-cell variations, our experimental results revealed
higher scattering of the resistance compared to the capacity and
mass. However, we observed inconclusive summary statistics and
contradictory correlation between some of the measured parame-
ters and there is no physically motivated explanation for higher
resistance variation. Therefore, we analyzed our data as well as a
previously published data set with respect to systematic trends and
confirmed the hypothesis that quantification of cell-to-cell varia-
tions is substantially biased by the measurement procedure itself.
Our observations allow the conclusion that the inherent resistance
variation is smaller than consistently reported in the literature and
closer to the relative variation of other characteristic parameters
such as weight or capacity.

In particular, we found that seasonal and temporal temperature
inhomogeneities are a major reason for biased experimental re-
sults. By compensating the measurement data for these effects, we
re-calculated the cell-to-cell variations and found a significant

Fig. 6. Influence of the temperature gradient inside the climate chamber on the measured resistance. Left side: Temperature (a) and resistance (c) over Channel-ID for every tested
cell in this study. Right side: Temperature (b) and resistance (d) over Channel-ID for the published data set (Batch 1) by Rumpf et al. [10]. *Since the Channel ID was not explicitly
reported, it is counted repetitively from 1 to 64, as they used a 64-channel cell test system.
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reduction of resistance variation (RDC, 10s) by 48% and capacity
variation (CCCCV) by 24%, leading to a coefficient of variation of
0.45% and 0.17%, respectively. Compensation was justified with a
simple set of Monte-Carlo simulations where we showed that the
effect of resistance variation caused by extrinsic temperature
variation is much higher than the effect of temperature variation
due to inherent resistance variation. Still, the ratio of capacity and
resistance variation is 1:2.65, but with the smallest reported values
for capacity and resistance variation so far. It has to be noted that
we did not compensate the parameter variations with respect to
the measurement uncertainties, which are much higher for the
resistance (75%) compared to the capacity ( < 2%) and could
explain the higher coefficient of variation of the resistance.

Based on our findings, we assume that the relatively higher
resistance scattering is mainly due to the fact, that the experi-
mental setup has a much higher influence on measuring imped-
ance parameters and that the measurement uncertainty due to the
limited accuracy of the measurement equipment is much higher for
resistance calculation compared to other parameters such as mass
and capacity. Hence, due to the small magnitude of cell-to-cell
variations of high-quality commercial lithium-ion cells, quanti-
fying the true inherent variation is a challenging task. High-
precision measurement equipment is needed and the influence of
seasonal and spatial temperature inhomogeneities and other dis-
torting factors must be reduced to a minimum. This can be done by
performing the experiments with only one cell tested a time, with
long relaxation times to reach thermal and electrochemical equi-
librium, and a highly standardized process before and during the
experiment. It is preferable to choose the ohmic resistance from EIS
or the DC-resistance evaluated at short time intervals in the range
of ms and to perform the experiments at higher temperatures.
Thereby, due to the exponential Arrhenius dependency of the
charge transfer resistance, the influence of the environmental
temperature on the measured resistance variation can be reduced.

Compared to other origins of parameter variations which occur
during the system assembly process (e.g., variations of the contact
resistance) or during operation of the battery pack (e.g., tempera-
ture variations due to inhomogeneous cooling), inherent cell-to-
cell variations caused by production tolerances are assumed to be
negligible. This should be taken into account in future modeling
efforts, where inherent variations should be induced with more
caution so as not come to misleading conclusions. Furthermore, the
results of this study can also be transferred to the statistical vari-
ation of the degradation rate of lithium-ion cells aged with the
same load profile under laboratory conditions. It can be assumed
that previous reported divergence of individual lithium-ion cells is
more likely due to non-identical experimental conditions than due
to statistical variation. However, further investigations are needed
in the future.

CRediT authors contribution statement

L. Wildfeuer: Conceptualization, Methodology, Formal Analysis,
Investigation, Visualization, Data curation, Software, Validation,
Writing - original draft, Writing - review & editing. L.W. is the first
author. M. Lienkamp: Resources, Supervision, Writing - review &
editing.

Declaration of competing interest

The authors declare that they have no known competing
financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

Acknowledgements

The authors want to acknowledge the Bavarian Ministry of
Economic Affairs, Regional Development and Energy for funding
the project bawaii battery analytics with artificial intelligence (IUK-
1808-0013). The fruitful discussions with Nikolaos Wassiliadis
(TUM) and Alexander Karger (TWAICE) are gratefully
acknowledged.

References

[1] Rothgang S, Baumh€ofer T, van Hoek H, Lange T, De Doncker RW, Sauer DU.
Modular battery design for reliable, flexible and multi-technology energy
storage systems. Appl. Energy 2015;137:931e7. https://doi.org/10.1016/
j.apenergy.2014.06.069.

[2] Baumann M, Wildfeuer L, Rohr S, Lienkamp M. Parameter variations within li-
ion battery packs e theoretical investigations and experimental quantifica-
tion. J. Energy Storage 2018;18:295e307. https://doi.org/10.1016/
j.est.2018.04.031.

[3] Dubarry M, Vuillaume N, Liaw BY. From single cell model to battery pack
simulation for Li-ion batteries. J Power Sources 2009;186(2):500e7. https://
doi.org/10.1016/j.jpowsour.2008.10.051.

[4] Zheng Y, Han X, Lu L, Li J, Ouyang M. Lithium ion battery pack power fade fault
identification based on Shannon entropy in electric vehicles. J Power Sources
2013. https://doi.org/10.1016/j.jpowsour.2012.09.015.

[5] Rothgang S, Baumhofer T, Sauer DU. Diversion of aging of battery cells in
automotive systems. In: IEEE vehicle power and propulsion conference
(VPPC). IEEE; 2014. p. 1e6. https://doi.org/10.1109/VPPC.2014.7007050.

[6] Schuster SF, Brand MJ, Berg P, Gleissenberger M, Jossen A. Lithium-ion cell-to-
cell variation during battery electric vehicle operation. J Power Sources
2015;297:242e51. https://doi.org/10.1016/j.jpowsour.2015.08.001. doi:
10.1016/j.jpowsour.2015.08.001. URL.

[7] Devie A, Dubarry M. Durability and reliability of electric vehicle batteries
under electric utility grid operations. Part 1: cell-to-cell variations and pre-
liminary testing. Batteries 2016;2(3):1e13. https://doi.org/10.3390/
batteries2030028.

[8] Campestrini C, Keil P, Schuster SF, Jossen A. Ageing of lithium-ion battery
modules with dissipative balancing compared with single-cell ageing.
J. Energy Storage 2016;6:142e52. https://doi.org/10.1016/j.est.2016.03.004.

[9] Fang Q, Wei X, Dai H. A study of parameter inconsistency evolution pattern in
parallel-connected battery modules. SAE Technical Paper; 2017. https://
doi.org/10.4271/2017-01-1194.

[10] Rumpf K, Naumann M, Jossen A. Experimental investigation of parametric
cell-to-cell variation and correlation based on 1100 commercial lithium-ion
cells. J. Energy Storage 2017;14:224e43. https://doi.org/10.1016/
j.est.2017.09.010.

[11] Barreras JV, Raj T, Howey DA, Schaltz E. Results of screening over 200 pristine
lithium-ion cells. In: 2017 IEEE vehicle power and propulsion conference,
(VPPC). IEEE; 2018. p. 1e6. https://doi.org/10.1109/VPPC.2017.8331054.

[12] Devie A, Baure G, Dubarry M. Intrinsic variability in the degradation of a batch
of commercial 18650 lithium-ion cells. Energies 2018;11(5):1e14. https://
doi.org/10.3390/en11051031.

[13] Zilberman I, Ludwig S, Jossen A. Cell-to-cell variation of calendar aging and
reversible self-discharge in 18650 nickel-rich, siliconegraphite lithium-ion
cells. J. Energy Storage 2019;26(August):100900. https://doi.org/10.1016/
j.est.2019.100900.

[14] Schindler M, Sturm J, Ludwig S, Schmitt J, Jossen A. Evolution of initial cell-to-
cell variations during a three-year production cycle. eTransportation
2021;8(March):100102. https://doi.org/10.1016/j.etran.2020.100102.

[15] Rohatgi A. Webplotdigitizer: Version 4.4. URL, https://automeris.io/
WebPlotDigitizer; 2020.

[16] An F, Huang J, Wang C, Li Z, Zhang J, Wang S, et al. Cell sorting for parallel
lithium-ion battery systems: evaluation based on an electric circuit model.
J. Energy Storage 2016;6:195e203. https://doi.org/10.1016/j.est.2016.04.007.

[17] Dubarry M, Pastor-Fern�andez C, Baure G, Yu TF, Dhammika Widanage W,
Marco J. Battery energy storage system modeling: investigation of intrinsic
cell-to-cell variations. J. Energy Storage 2019. https://doi.org/10.1016/
j.est.2019.02.016.

[18] Rumpf K, Rheinfeld A, Schindler M, Keil J, Schua T, Jossen A. Influence of cell-
to-cell variations on the inhomogeneity of lithium-ion battery modules.
J Electrochem Soc 2018;165(11). https://doi.org/10.1149/2.0111811jes.

[19] Hofmann MH, Czyrka K, Brand MJ, Steinhardt M, Noel A, Spingler FB, Jossen A.
Dynamics of current distribution within battery cells connected in parallel.
J. Energy Storage 2018;20(August):120e33. https://doi.org/10.1016/
j.est.2018.08.013. doi:10.1016/j.est.2018.08.013. URL.

[20] Fill A, Koch S, Pott A, Birke K-P. Current distribution of parallel-connected cells
in dependence of cell resistance, capacity and number of parallel cells. J Power
Sources 2018;407:147e52. https://doi.org/10.1016/j.jpowsour.2018.10.061.

[21] Reiter C, Wildfeuer L, Wassiliadis N, Krahl T, Dirnecker J, Lienkamp M.
A holistic approach for simulation and evaluation of electrical and thermal
loads in lithium-ion battery systems. In: 2019 14th international conference

L. Wildfeuer and M. Lienkamp eTransportation 9 (2021) 100129

10

2 Contributions

116



on ecological vehicles and renewable energies (EVER). IEEE; 2019. https://doi.
org/10.1109/EVER.2019.8813640.

[22] Wildfeuer Leo, Lienkamp Markus. Quantifiability of inherent cell-to-cell var-
iations of commercial lithium-ion batteries - Dataset. ResearchGate 2021.
https://doi.org/10.13140/RG.2.2.31720.60160.

[23] Lain MJ, Brandon J, Kendrick E. Design strategies for high power vs. High
energy lithium ion cells. Batteries 2019;5(4). https://doi.org/10.3390/
batteries5040064.

[24] Wildfeuer L, Wassiliadis N, Reiter C, Baumann M, Lienkamp M. Experimental
characterization of Li-ion battery resistance at the cell , module and pack level.
In: 2019 fourteenth international conference on ecological vehicles and
renewable energies (EVER). IEEE; 2019. p. 1e12. https://doi.org/10.1109/
EVER.2019.8813578.

[25] Dubarry M, Baure G. Perspective on commercial Li-ion battery testing, best
practices for simple and effective protocols. Electronics (Switzerland)

2020;9(1). https://doi.org/10.3390/electronics9010152.
[26] Taylor J, Barai A, Ashwin TR, Guo Y, Amor-Segan M, Marco J. An insight into

the errors and uncertainty of the lithium-ion battery characterisation exper-
iments. J. Energy Storage 2019;24. https://doi.org/10.1016/j.est.2019.100761.

[27] Mertens A, Vinke IC, Tempel H, Kungl H, de Haart LGJ, Eichel R-A, Granwehr J.
Quantitative analysis of time-domain supported electrochemical impedance
spectroscopy data of Li-ion batteries: reliable activation energy determination
at low frequencies. J Electrochem Soc 2016;163(7). https://doi.org/10.1149/
2.0511607jes. H521eH527.

[28] The MathWorks inc, MATLAB randn. URL, https://de.mathworks.com/help/
matlab/ref/randn.html; 2021.

[29] Bolsinger C, Birke KP. Effect of different cooling configurations on thermal
gradients inside cylindrical battery cells. J. Energy Storage 2019;21:222e30.
https://doi.org/10.1016/j.est.2018.11.030.

L. Wildfeuer and M. Lienkamp eTransportation 9 (2021) 100129

11

2 Contributions

117





3 Discussion

This chapter discusses the results of the presented studies. A general limitation of this thesis is
that all investigations were performed on a single cell type. The transferability to other cell types
was not explored and could be addressed in future studies. However, since the investigated
cell type features a silicon-doped anode and a high-nickel cathode—both material trends in the
automotive industry—many of the presented processing methods and insights can be applied to
automotive batteries with similar material compositions.

3.1 Leveraging Half-Cell Measurements

Understanding the electric behavior was the entry point in this work and the primary electrical
parameters were introduced. Study I presented the methodology of building half-cells and the
results of an in-depth half-cell and full-cell characterization to answer the following research
question:

1
Can half-cell measurements enhance the parameterization of electric models and
facilitate the identification of degradation modes during aging studies?

Half cells ̸= half full cells
Mini-pouch bags were built out of electrodes harvested from the full cell. Besides the electrode
material, however, half cells have little in common with the original commercial cell. A different
counter electrode, separator, electrolyte, and different current collectors were built into a different
cell format with different mechanical compression. These discrepancies significantly influence
the kinetic loss process, which impacts the measurement of OCV and resistance to varying
degrees. An improved process of constructing the half cells [96] or a three-electrode setup [175]
can reduce these differences to some extent, but transferring the results to the full-cell level
remains challenging.

Some tweaks were needed to enable tracking of degradation modes
When applying the vanilla version of the mechanistic OCV model as described in Eq. (1.5),
superimposition of half-cell curves couldn’t reconstruct the full-cell OCV in a physically meaningful
way due to the described differences between half cells and full cells. The phase transitions
of anode and cathode were not matched and the RMSE between simulated and measured
full-cell voltages was high. Eventually, this could be circumvented by extending the mechanistic
OCV model in two ways. Firstly, a vertical adjustment parameter was introduced to account
for impedance differences between half cells and full cells. Secondly, the low SOC range was
excluded from half-cell fitting. This way, the full cell could be reconstructed with an RMSE of
1.3 mV within the fitting range and the capacities of electrodes and lithium inventory could be
determined.
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Parts of silicon’s contribution to the anode capacity could not be captured
Excluding the low SOC range has broader implications, which are discussed in more detail.
Stepwise increase of the lower SOC fitting boundary showed that scaling and alignment pa-
rameters converged at approximately 12–15 % SOC. Since lithiation of the silicon mainly takes
place in the low SOC area [173], a potential explanation is that silicon behaved differently in the
constructed half cells compared to the full cell. In fact, previous investigations demonstrated that
the shape of the OCP curve of silicon–graphite anodes can change significantly during cycle
aging and that this can be attributed to a decreased contribution of silicon to the blended anode
capacity [173]. Thus, the assumption that the change in OCV over aging can be described
purely with a change of shifting and alignment parameters does not hold for silicon-doped
anodes. In this case, apparently, silicon behaved differently even for fresh half cells. On the one
hand, excluding the lower SOC range made half-cell fitting feasible because the area where the
half-cell OCP curve behaved differently is ignored. On the other hand, this means that parts of
the silicon’s contribution to the anode capacity Can are not captured. The reconstructed full cell
was not defined below approx. 2 % SOC. To avoid these pitfalls, the presented method could be
extended by modeling Uan with a blend-electrode model [16, 17, 223–225].

A qualitative assignment of full-cell processes to half cells was feasible – a quantitative was not
The described discrepancies between mini-pouch bags and cylindrical cells made a quantitative
superimposition of half-cell impedances to the full-cell level impossible. Half-cell measurements
revealed an additional process attributed to the lithium counter electrode, which could be circum-
vented by utilizing a three-electrode setup instead of half cells. Still, the full-cell processes could
be qualitatively assigned to either electrode by evaluating the DRT, which enabled physically
meaningful parameterization of the high-frequency RC parameters of ECM. Future work should
include pulse-relaxation measurements into the half-cell characterization procedure to investigate
the low-frequency behavior of both electrodes.

3.2 Parameterizing Resistance Throughout Development and
Operation of BEVs

To address shortcomings of conventional fitting algorithms in the time domain or frequency
domain, the goal of this work in the modeling dimension was to provide solutions for determining
high- and low-frequency resistance parameters so that kinetic loss processes are reflected
in a physically meaningful way. Study I presented a method to combine frequency-domain
and time-domain measurements to cover dynamic effects with time constants over a broad
spectrum. Study II built on that and proposed a decoupled parameterization method for high-
and low-frequency resistance based on real-world operation. Together, Studies II and III wanted
to answer the following research question:

2
How can high- and low-frequency resistance be parameterized to represent kinetic
loss processes in a physically meaningful way:

a) Pre-life (during the development phase) under laboratory conditions?
b) In-life (in electric vehicles) under real operating conditions?

DRT is a powerful tool – but has its own challenges
The DRT gives valuable insights into the kinetic loss processes and allows the determination
of physically meaningful resistance parameters. The main challenge, however, lies in the de-
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convolution of the measurement data to obtain the DRT in the first place because results are
sensitive to the quality of the measurement data. Pulse relaxation measurements, in particular,
can be distorted by effects such as self-discharge, which necessitates careful design of the
test procedure. To check impedance spectra for validity, it is recommended to evaluate the
Kramers-Kronig relationship. Moreover, optimizing the respective equations to compute the
DRT requires mathematical stabilization. Tikhonov regularization [116] was applied in this case.
Here, the chosen regularization factor and regularization term have a major influence on the
solution. An attempt to reduce as many tuning parameters as possible has been made by
using the L-curve method for an automatic determination of the regularization factor. Still, the
argument can be made that computing the DRT is of similar complexity as the iterative process
of adjusting starting and boundary values of conventional fitting algorithms. However, once
computed, analyzing the DRT provides powerful insights that surpass the conventional analysis
of the underlying data. Optimizing the measurement and calculation methods should be the
focus of future research [116].

Impact of temperature on OCV should be investigated further
The impact of temperature on the OCV was small over the vast majority of the SOC range.
Therefore, the presented ECMs were parameterized with OCV look-up tables at 20 °C only. A
considerable systematic difference greater than a few mV was found at low SOC, where silicon
is most active. It is not clear, however, whether this is caused by temperature-dependent material
properties or higher kinetic loss processes distorting the measurement. Further investigations
are needed before adding complexity to ECMs by implementing a temperature-dependent OCV
is justified.

OCV hysteresis cannot be neglected, especially for silicon-doped anodes
Section 2.1 presented OCV curves measured in charge direction only. For OCV look-up tables in
ECMs, also discharge measurements were evaluated and a mean OCV, Umean, was calculated.
Thereby, the effect of voltage hysteresis was observed to have a great impact on UOCV. Figure 3.1
shows the difference between the OCV measured in charge direction, Ucharge, and discharge
direction, Udischarge, together with the differential voltage. Strong divergence is observed in SOC
areas of stage transitions of the anode. The magnitude of voltage hysteresis is particularly high
in the low SOC range, where it is assumed to be caused by the (de-)lithiation competition of
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Figure 3.1: OCV hysteresis measured as the difference between constant current measurement with
C/50 in charge direction (Ucharge) and discharge direction (Udischarge). Additionally, the differen-
tial voltage of the charge, discharge, and mean curve is plotted.

121
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graphite and silicon [228]. The observed hysteresis effect was not analyzed in more detail in this
thesis. However, due to the considerable voltage difference in certain SOC ranges, it significantly
impacts model accuracy. Therefore, voltage hysteresis should be part of future investigations
and half-cell measurements can build the foundation to develop modeling approaches.

3.3 Impact of Aging on SOHC, SOHR, LLI, LAMan, and LAMcat

The goal of this work in the aging dimension was to gain a deeper understanding of how
degradation mechanisms impact electric behavior. Study IV presented the results of a large-
scale aging campaign covering calendar aging and cycle aging under all main stress factors.
These experiments were performed to answer the following research question:

3
How do different aging domains and drivers influence SOHC, SOHR, LLI, LAMan, and
LAMcat? The experimental results should support the development of data-driven
aging models.

Degradation modes were successfully determined – with some exceptions
Half-cell fitting was successfully applied to fresh cells following systematic modifications to the
mechanistic OCV model. The same configuration of the algorithm was applied to every check-up
measurement, and, with some exceptions, degradation modes were determined with consistent
fitting results across the entire aging dataset. Half-cell fitting failed for a few cells subjected to
extreme aging conditions such as high temperature and high SOC, or low temperature and high
current. In these cases, characteristic peaks in the differential voltage became less pronounced
after advanced aging, likely due to inhomogeneous aging of the electrodes. Consequently, the
full-cell OCV could no longer be reconstructed from the pristine half-cell OCPs. The relatively
high current rate of C/10 might have amplified this issue and a lower current rate could be
chosen in future studies at the cost of a longer check-up. As discussed previously, degradation of
silicon was not captured fully while tracking Can over aging because of the reduced fitting range.
This means that LAMan does not represent loss of active material of the whole anode. In future
studies, the determination of degradation modes could be enhanced by utilizing blend-electrode
models that account for the effects of inhomogeneously aged electrodes [229]. In the presented
article, only RDC,10s at 50% SOC was evaluated. The dataset, however, contains different SOCs
and pulse durations which can be evaluated in more detail in the future, e.g., to investigate the
influence of different aging conditions on the SOC dependency of various kinetic loss processes.

Calendar aging was overestimated in the past
During aging studies, periodic check-up measurements were performed. Calendar aging tests
with different check-up intervals revealed that their influence on the aging rate is immense. As
the integration of check-up measurements into aging studies is a common approach among
researchers, it can be concluded that the calendar life of lithium-ion cells has been significantly
underestimated in the past. The extent to which cycle aging experiments are affected depends on
the specific combination of stress factors. The check-up procedure, which in this case consisted
of three full cycles between 0–100 % SOC, poses significant aging stress on the cell, suggesting
a considerable influence on cycle aging tests as well. When designing future aging campaigns,
the influence of check-up measurements must be taken into account carefully. One potential
measure would be to perform aging tests on multiple individual cells, so that only one check-up
procedure is performed on each cell, respectively. This, however, would increase testing costs
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significantly. A more economical approach would be to systematically compensate for the effect.
Figure 3.2 shows a first heuristic attempt that uses the measurement data with the different
check-up intervals [44]. Due to path dependency [15], however, calendar aging and cycle aging
do not simply add up [230]. Therefore, Karger et al. went one step further and developed a
model based on the theory of SEI growth on cracks in the active material particles, which can
describe the influence of check-up measurement using the same experimental data [230].
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Figure 3.2: Illustration of a heuristic approach to compensate the influence of check-up measurements
and results for calendar aging at 50 °C and 50 % SOC. After 24 weeks, the cell with a 6-week
interval underwent 4 check-up procedures and the cell with a 12-week interval has only seen
2 check-up procedures (both without the initial check-up). The difference between SOHC

after 24 weeks is attributed to the two additional check-ups. As a first step, ∆SOHC was
distributed equally. The approach was presented in the Semester Thesis of Deniz Aygül [44].

3.4 Role of Inherent Cell-to-Cell Variations in Battery Packs
of BEVs

The goal of this work in the system design dimension was to understand the occurring effects
when scaling electric parameters from cell level to pack level. Study V, presented in Section 2.4,
provided statistical results of the experimental characterization of 600 fresh lithium-ion cells to
answer the research question:

4 Why are resistance variations greater than capacity variations, and how significant
are initial cell-to-cell variations overall?

Cell-to-cell resistance variation is not greater than capacity variation
It was shown that measurement uncertainties and external influences during the experiments
could explain the greater relative variation of resistance parameters. Temperature variations
were identified as the main distorting factor during the test procedures. Systematic adjustment
of seasonal and spatial effects reduced the coefficient of variation of the resistance RDC,10 s by
50 %, which partly compensated the differences to the capacity variation. Taking into account the
greater measurement uncertainties of experimental resistance determination, enough justifiable
indicators hint that inherent resistance variation is not greater than capacity variation.
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Cell-to-cell variations caused by production tolerances have minor significance
The study revealed low variations of 0.17 % for the capacity and 0.45 % for the resistance
RDC,10s. Such small variations were considered negligible compared to extrinsic origins of inho-
mogeneities such as temperature gradients. A Monte Carlo simulation showed, that resistance
variations in the order of 1 % lead to temperature variations in the order of only 0.03 °C, but
that a temperature variation of 0.5 °C can lead to resistance variations of 1.5 %. Despite active
cooling, battery packs in BEVs can suffer from an uneven temperature distribution and extreme
operating conditions such as fast charging can easily result in a temperature spread of several
degrees Celsius [232]. This has a much greater impact on electrical performance than initial
parameter variations of lithium-ion cells produced for the automotive industry under high-quality
standards. Hence, the conclusion that inherent cell-to-cell variations are of minor significance is
legitimate.

Inherent cell-to-cell variations of aging rates also play a minor role
Additionally, it was hypothesized that variations in the aging rate due to production tolerances
are also negligible. High variations reported in previous studies might also have been influenced
by temperature variations during the aging experiments [188, 221]. To give preliminary insights,
the duplicate test points of calendar aging tests under different conditions are evaluated in
Figure 3.3. The biggest difference of SOHC, for example, is 0.13 % after a capacity fade of over
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Figure 3.3: Cell-to-cell variations during calendar aging (measurement group E of the aging study
presented in Section 2.3). The absolute difference of all five health parameters between two
tested cells is plotted over their mean value, respectively.

26 %. This translates to a relative deviation of 0.005 %. Slightly higher relative deviations of
the degradation modes might be due to noise in the half-cell fitting and, again, the influence of
temperature variations on the resistance measurement. This is a first indication that intrinsic
aging rate variations of commercial lithium-ion cells can be considered negligible compared to
the total capacity fade. Similar observations were made in [233].
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4 Conclusion

To achieve the goal of decarbonizing the mobility sector, the market share of BEVs must increase
in the future. This thesis aimed to develop methods and present findings that help overcome
purchasing barriers preventing customers from adopting BEVs. These barriers—such as long
charging times and limited battery lifespan—prompted research into the dimensions of modeling,
aging, and system design, all within the context of the electric behavior of lithium-ion batteries.
Based on the current state of the art in these areas, specific research questions were formulated.
To address these questions, five studies focused on optimizing the development and operation of
lithium-ion batteries in electric vehicles were presented and discussed. This chapter concludes
the thesis by summarizing how the experimental results and analytical methods presented
enable OEMs to bring new BEVs to market more quickly and make them more appealing to
customers. Additionally, proposals for future work are outlined. Figure 4.1 brings the individual
studies into the context of the broader objectives of this thesis.
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Figure 4.1: Contextualization of the presented studies within the broader objectives of this thesis.

Study I-III present a framework that enables resistance parameterization across the development
and operation of BEVs. The first step is to assign the kinetic processes on the full-cell level
to either electrode by calculating the DRT from half-cell and full-cell measurements (Study I).
Thereby, EIS can capture the high-frequency behavior and pulse-relaxation measurements can
identify the low-frequency effects. Both methods can be coupled with one of the presented
merging approaches (Study II). Based on these results, an appropriate number of RC elements
that represent specific kinetic loss processes can be chosen. The next step is to determine RC
parameters directly from the DRT. The resulting parameters can be incorporated into simulation
models, such as the holistic simulation framework presented in [21]. Thereby, simulative inves-
tigations must eventually consider the whole battery pack instead of individual cells. Study V
demonstrated that parameter variations due to production tolerances are negligible compared to
extrinsic origins of inhomogeneities such as temperature gradients and can be neglected when
scaling the behavior of individual cells to the pack level.
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The parameters further serve as starting values for the proposed online algorithm that works on
field data (Study III). One use case of the proposed algorithm is the estimation of a pack-level
resistance for accurate range estimation over lifetime [70]. In this case, resistance parameters
determined for a single cell have to be scaled to pack level, and system-level voltage and current
sensor data are used as input to the algorithm. Again, cell-to-cell variations due to production
tolerances can be neglected (Study V). Another use case is anomaly detection of individual
cells within the battery pack to prevent cell failures from causing thermal runaways [226]. For
this purpose, the algorithm can be fed with cell-level sensors. In the future, the presented
parameterization approaches can be extended to model anode and cathode separately, e.g., to
monitor the anode potential during model-based fast charging control strategies [73, 227].

Beyond accurate electrical parameters, accounting for battery aging is equally crucial to main-
taining model validity throughout its lifetime. Study I laid the foundation to leverage the benefits
of analyzing the evolution of degradation modes LLI, LAMan and LAMcat alongside the tracking
of capacity fade and resistance increase. In the experimental aging series presented in Study IV,
data with constant aging conditions was collected. Thereby, all main stress factors for calendar
aging (as part of a full-factorial design of experiments) and cycle aging (as part of a D-optimal
design of experiments) have been varied. These measurements build the foundation for develop-
ing (semi-)empirical aging models, where either of the five health parameters can be chosen as
target variable [36–45]. Additionally, tests with alternating and randomly changing stress factors,
and tests with dynamic automotive load profiles were performed. These kinds of tests allow for
thorough validation of developed models.

Because of the high number of 196 tested cells and a great variety of load profiles and their
sequence, this open source data set is a valuable resource to develop machine learning aging
models as well [46–53]. Over 4000 available check-up measurements can be used to generate
labeled data, such as the presented degradation modes and effects. The corresponding cycling
data can be used to develop suitable features which can predict different aging trajectories.
Such models can be continuously re-trained with field data collected during the operation of
BEVs. Under real operating conditions in mobility applications, however, phases with a small
constant current over the full SOC range, which are needed to determine degradation modes via
the mechanistic OCV model, typically don’t occur. Thus, new methods are needed to determine
OCV curves from field data to leverage the benefits of degradation modes for enhanced health
monitoring and prediction of a BEV fleet [86, 231]. Moreover, as the static behavior of lithium-ion
batteries can change significantly, OCV tracking over lifetime would complement the proposed
resistance estimation algorithm to enable accurate electric model parameters for aged batteries.

Previous conclusions on the negligible magnitude of production tolerances do not imply that mon-
itoring production processes is not important. On the contrary, quality assurance of lithium-ion
cell production becomes more and more relevant to meet the expected ramp-up of electrification
in the mobility sector in the upcoming years [234, 235]. On the one hand, the outcome of
Study V suggests that production quality requirements could be reasonably lowered to reduce
costs [236]. On the other hand, impurities in the raw materials and cell defects can lead to
extreme outliers which can reduce the performance of battery packs and in the worst case cause
safety critical incidents [226, 237]. As concerns about battery safety are one of the purchasing
barriers preventing customers from buying BEVs, future research activities should focus on
early detection of cell anomalies [179, 238] and the development of measures to prevent such
incidents in order to make battery systems even more reliable in the future.
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