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Abstract

Sodium-ion batteries are gaining attention as a cost-effective and sustainable comple-
mentary technology to their lithium counterpart. However, fully realizing their drop-in
potential and integrating them into applications requires a deeper understanding of their
aging behavior, as well as the implications for the overall system, particularly for manage-
ment strategies. A high-power, cost-sensitive application is selected, where lithium-ion
cells could potentially be replaced by a cheaper complementary technology with similar
power characteristics and energy density. An extensive field dataset from this application
is then analyzed to determine the operational requirements that such a technology must
meet in terms of lifetime and management. Following this analysis, a unique aging study
on 81 commercial 18650 sodium-ion cells with layered-oxide cathode and hard-carbon
anode is conducted giving insights into their degradation behavior. The results show
that while there are distinct aging patterns in the sodium-ion cells, particularly capac-
ity loss predominantly occurring at low State of Charge, the lifetime of the sodium-ion
cells is high with an average capacity loss of 2.8% after approximately 4000 equivalent
full cycles across different operating conditions. The parameterized models, derived from
experimental data, and application-specific requirements are implemented in a simulation
framework to evaluate real-time algorithms commonly used for lithium-ion batteries. The
results show low algorithm errors, indicating high transferability of existing management
strategies to the investigated sodium-ion cells in the target application. Furthermore, we
analyze that the favorable voltage range and steep open-circuit voltage curve of the inves-
tigated sodium-ion cells allow the use of simpler models and lower-cost sensors without
significantly affecting algorithm performance. By quantifying degradation and algorithm
performance, this work guides the integration of sodium-ion batteries into applications,
shortening the time to market for these technologies as viable alternatives to lithium-ion
batteries when economic or political factors make it necessary.
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1 Introduction

The escalating threat of global warming, already evident in increasingly frequent and
severe natural disasters [1], highlights the urgent need for rapid and widespread decar-
bonization. At the same time, global modernization and digitalization are driving a grow-
ing demand for energy. Balancing these two developments requires a major expansion of
renewable energy and storage solutions. Batteries play a crucial role in this transition, en-
abling emission reductions across different applications from powering electric vehicles to
supporting grid stability through stationary storage systems [2, 3]. Over the past decades,
lithium-ion batteries (LIBs) have dominated the market due to their favorable trade-off
between energy and power density, which has been instrumental in advancing electrifica-
tion across various sectors [4–6]. Additionally, economies of scale and progress in battery
science have driven down LIB costs by more than 97% since their first commercial use
in 1991 [7–9]. However, for the first time, lithium-ion cell costs increased in 2022, largely
due to rising raw material prices [4, 10], although these spikes have so far been inter-
mittent. The scarcity of important materials and concerns about future price volatility
as well as geopolitical and economic dependencies in terms of energy security related to
lithium supply have led industry and academia to intensify the search for cost-effective
and sustainable alternatives to conventional LIBs [6, 7].

In recent years, sodium-ion batteries (SIBs) have emerged as a promising commercial
alternative. With similar electrochemical characteristics to lithium-based systems, they
offer potential as a drop-in replacement for certain applications [11, 12]. Sodium is ap-
proximately 1,000 times more abundant than lithium, which could enable substantial cost
savings and greater price stability [7, 11]. The growing relevance of SIBs is reflected in
recent industrial announcements and production efforts [11, 13–15]. Nonetheless, as a rel-
atively new battery technology with distinct storage mechanisms, the suitability of SIBs
for energy transition applications remains to be fully demonstrated. Differences in en-
ergy density, and voltage characteristics may require system-level adaptations for electric
mobility and stationary storage. In particular, aging behavior under diverse operating
conditions, which strongly impacts battery operation and therefore costs, must be under-
stood and analyzed to enable optimal operation and system integration [5], and ultimately
shorten the time to market. Most existing studies about SIB aging focus on fundamental
electrochemical behavior and are based on small sample sizes in aging experiments. This
lack of comprehensive aging data makes it difficult to draw statistically robust conclusions
about the long-term performance of SIBs.

This limited understanding of aging also creates uncertainty about how to monitor and

1



1 Introduction

manage degradation during battery operation. Efficient, safe, and long-lasting operation
in real-world applications relies heavily on effective diagnostic methods. While such meth-
ods are well established for lithium-based systems and widely used in both research and
industry, their applicability to SIBs is unclear, and it remains necessary to quantify the
limitations that may occur [13, 16].

Rapid deployment of new battery technologies as drop-in replacements requires a clear
understanding of their lifetime and appropriate management strategies, which are essen-
tial to reduce time to market. Current high-power applications often rely on NMC/LTO
cells, which provide high performance but come with significant costs. This motivates the
search for more cost-effective and sustainable alternatives that can deliver comparable
power densities while maintaining similar energy densities. To evaluate whether SIBs can
serve as such an alternative, this work focuses on a representative automotive high-power
use case, defining the system-level and lifetime requirements that a replacement technology
must satisfy. Commercial SIBs are experimentally investigated under these application-
relevant operating conditions to analyze their degradation behavior and longevity. Then,
the performance of diagnostic algorithms originally developed for lithium-based systems is
systematically quantified, evaluating the algorithms’ accuracy, robustness, and adaptabil-
ity for SIBs. By combining experimental aging data with simulation-based analyses, this
work evaluates both the suitability of SIBs for real-world applications and the applicability
of existing diagnostic methods to this emerging technology.

Outline of this Work

Following this introductory chapter, Chapter 2 establishes the methodological foundations
by elaborating on the electrochemical and aging behavior of both LIBs and SIBs. It further
introduces the fundamentals and requirements of a battery management system (BMS)
as well as the statistical methods used to analyze field, experimental, and simulation data
throughout this work. The three main chapters, which are depicted in Figure 1.1, build
upon these foundations. Finally, the work concludes with a summary of the main findings
and an outlook on future research directions.

To assess whether SIBs can represent an alternative to LIBs, it is first necessary to define
a representative application. A high-power automotive use case is chosen that relies
on costly lithium-based NMC/LTO cells, making it an ideal scenario to evaluate more
cost-effective replacement technologies. Using field data from more than 600,000 vehicles
and over 12 million readouts, we analyze in Chapter 3 the impact of diverse operating
conditions, such as temperature and State of Charge (SOC), on aging behavior. Outliers
are identified based on industrial tolerance thresholds, offering insights into abnormal
degradation. Moreover, our anomaly detection framework helps to guide manufacturer in
rapidly obtaining feedback on the aging of cells under operation using statistical methods,
ultimately supporting predictive maintenance strategies.
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Chapter 3
Lithium-Ion Battery Aging
during Vehicle Operation Chapter 4

Aging Analysis of a
Commercial Sodium-Ion Battery

Chapter 5
Sodium-Ion Diagnostics

for Battery Management Systems

Application-specific
Requirements

Cell Data
and Models

Figure 1.1: Overview of this work’s structure. To evaluate the transferability of real-
time diagnostic methods from lithium-based to sodium-based systems in
high-power applications, an understanding of both aging and application-
specific requirements is essential. We therefore analyze aging in lithium
vehicle batteries using an extensive field dataset and, moreover, conduct a
comprehensive sodium-ion aging study for degradation analysis. Together,
these investigations provide a foundation for evaluating the practical feasi-
bility of SIBs in the high-power use case, assessing their lifetime, and iden-
tifying management strategies to accelerate deployment and reduce time to
market.

To evaluate whether SIBs can serve as a viable drop-in replacement in the high-power
application, we first need to investigate whether the cells can meet the lifetime require-
ments under realistic operating conditions. Therefore, Chapter 4 presents an extensive
aging study conducted on commercial sodium-ion cylindrical cells with a layered-oxide
cathode and hard carbon (HC) anode. A total of 81 cells were cycled under six defined
conditions, systematically varying SOC and depth of discharge (DOD), for up to more
than 4,000 equivalent full cycles (EFC). Aging diagnostics methods, such as differential
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1 Introduction

voltage analysis (DVA), are performed to generate a deeper understanding of the relevant
degradation mechanisms.

Building on this, in Chapter 5, we introduce two electrical models and one semi-empirical
aging model, all fitted to the experimental data. These models are integrated into a BMS
simulation framework to quantify the accuracy, robustness, and adaptability of real-time
SOC and State of Health (SOH) estimators under realistic operating conditions of the
high-power application. By simulating the sodium-ion cell within the targeted use case,
we evaluate how well SIBs can be integrated into existing BMS architectures and assess
their practical potential as a drop-in replacement, considering both performance and
lifetime requirements.

4



2 Fundamentals

This chapter provides an overview of the fundamental electrochemical principles necessary
to understand the functionality and performance of batteries. Following this, materials,
specific aging mechanisms, and degradation modes of LIBs and SIBs are introduced.
Moreover, we explain the importance of a BMS within a battery system, with a particular
focus on real-time diagnostic methods. Finally, this chapter introduces the concepts of
statistics, applied to analyze the field, experimental, and simulation data in the following
chapters.

2.1 Electrochemical Fundamentals and Definitions

Electrode potential
When a metal is in contact with an electrolyte, the partial dissolution of metal atoms into
the solution leads to an electrode potential at the interface. This potential arises from
the redistribution of electrons in the metal and ions in the electrolyte, continuing until
electrochemical equilibrium is reached. The electrode potential can be described by the
Nernst equation where E0 is the electrode potential at standard conditions, AP denotes
the activity of the relevant products, AR indicates the activity of the reactants, R is the
universal gas constant, F is the Faraday constant, n the number of transferred electrons,
and T the temperature in Kelvin:

E = E0 +
RT

nF
ln

(
AP

AR

)
(2.1)

The equation shows the dependency of the electrode potential on temperature and molar
concentration of ions in the solution. [17]

The electrode potential cannot be measured directly. To address this, a reference potential
is used to define a scale for half-cell or standard potentials. By convention, the standard
hydrogen electrode serves as the reference, with all other potentials expressed relative
to it. [18, 19] When working with batteries we typically refer to a either a Li/Li+ or
Na/Na+ reference electrode.

Cell voltage
In the thermodynamic equilibrium state, the cell voltage corresponds to the potential
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2 Fundamentals

difference between the anode and cathode. It depends on the change in free energy of the
electrochemical couple and is defined as UOCV = Ec − Ea = −∆G

nF
, where UOCV describes

the so-called open-circuit voltage (OCV) [18–21]. The voltage that is additional needed
to drive a reaction during operation is called polarization or overpotential and is the
difference between the OCV and the terminal cell voltage UT [19, 20]. When a current i is
drawn by an external load (here, i is positive during cell discharge), UT can be expressed
as follows:

UT = UOCV − [(ηct)a + (ηcon)a]− [(ηct)c + (ηcon)c]− iRi (2.2)

(ηct)a and (ηct)c describe the activation polarization at anode and cathode, (ηcon)a and
(ηcon)c the concentration polarization at anode and cathode and Ri the internal resistance
[18, 19]. By convention, the negative electrode is called the anode and the positive
electrode the cathode. From an electrochemical standpoint, the designation is based on
the electrode with the lower thermodynamic equilibrium voltage relative to the other,
and is strictly accurate only for the discharge direction. When no current is applied and
the chemical reactions are leveled out, the cell voltage equals the UOCV , which is also a
function of temperature.

Concentration overpotential occurs due to mass transport limitations during operation,
primarily caused by restricted diffusion of active species to and from the electrode sur-
face. When diffusion within the electrolyte solution is constrained, a concentration gra-
dient forms, resulting in polarization. [19] This effect can be described by the following
equation:

ηcon =
RT

n
ln

(
C

C0

)
(2.3)

where C is the concentration at electrode surface and C0 is the bulk concentration in the
solution.

Activation polarization arises from kinetic hindrances to the charge-transfer reac-
tion at the electrode/electrolyte interface. In this context, the Butler-Volmer equation
shown in Equation (2.4) describes how the current density depends on the potential
difference between the electrode and the electrolyte [22], where i0 is the exchange current
density, η the overpotential relative to equilibrium, and α the charge transfer coefficient.
[19] The current density i is expressed in units of A/m2.

i = i0 ·
[
exp

(
αzF

RT
η

)
− exp

(
−(1− α)zF

RT
η

)]
(2.4)

Ohmic polarization arises from the resistance of various cell components, including the
electrolyte, conductive additives, electrodes, current collectors, terminals, and contact
between active material particles as well as between different cell components. [19] Track-
ing the cell voltage is one of the key methods used to monitor degradation effects and
attribute them to the individual electrodes, as detailed in Chapter 4.
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2.2 Lithium-Ion Batteries

Capacity
The theoretical capacity is determined by the amount of active materials, i.e. the number
of ions that can (de-)intercalate in electrodes, the stability of the active material, and the
overall cell design [23].

In practical applications, the available capacity of a battery Cact corresponds to the max-
imum electrical charge Qmax that can be extracted from a fully charged battery under
specific conditions [24]. Qmax is defined according to Equation (2.5):

Cact = Qmax =

ˆ tend

tstart

i(τ)dτ (2.5)

tstart is the time when the battery is fully charged. If the cell is fully discharged, the time
tend is reached. The nominal capacity Cnom is usually specified by the cell manufacturer
and corresponds to the amount of charge that can be drawn from a fresh, fully charged
cell under nominal conditions. In contrast to the available capacity Cact, Cnom is not
dependent on the aging condition of the cell.

Coulombic Efficiency
During cycling of a battery, various parasitic side reactions occur, including Solid Elec-
trolyte Interphase (SEI) growth and electrolyte oxidation. These reactions consume ad-
ditional charge so that the amount of discharged Q is less than the charged Q. The
coulombic efficiency is therefore a measure of the reversibility of the redox reaction and
is defined according to Equation (2.6) [25].

ηC =
Qdch

Qcha

=

´ tend,dch

tstart,dch
i(τ)dτ´ tend,cha

tstart,cha
i(τ)dτ

(2.6)

tstart,dch and tstart,cha indicate the start time of discharging or charging, respectively. tend,dch
describes the time of complete discharging according to the cell’s specification, where
tend,cha indicates the time of complete charging according to the manufacturer specifi-
cation. The coulombic efficiency ηC thus represents the ratio of the discharged to the
charged Q in one cycle [26].

2.2 Lithium-Ion Batteries

LIBs are key enablers for the energy transition, significantly impacting a wide range of sec-
tors. While batteries were historically used primarily in consumer electronics, stationary
storage, and automotive applications, recent literature highlights the growing expansion
of their use across various other industries [27–30]. LIBs offer notable advantages, in-
cluding high power and energy densities, coupled with long lifetime capabilities, posing
favorable attributes for the adoption of electric vehicles. From a chemical viewpoint, the
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2 Fundamentals

advantage of LIBs lies in lithium’s light atomic weight (M = 6.94 gmol−1) and very neg-
ative reduction potential (−3.04V versus the standard hydrogen electrode), making LIBs
particularly well-suited for applications demanding high energy densities [31, 32].

2.2.1 Basic Principles

LIBs are electrochemical devices that convert chemical energy into electrical energy and
vice versa [18, 33, 34]. In general, electrical energy is generated by electrochemical redox
reactions occurring at the electrode/electrolyte interface.

Charge

Li+

Discharge

Li+

Electrolyte CathodeAnode

Separator

cha dch
e−e−

Figure 2.1: Working principle of a LIB, adapted from [35]. The functionality of LIBs is
based on the intercalation of lithium ions into active materials, the so-called
rocking-chair mechanism.

The working principle of a LIB is depicted in Figure 2.1. A LIB consists of two electrodes
made of a different material separated by a thin separator soaked into an ion-conducting
electrolyte. The cathode is equipped with a current collector typically made out of alu-
minum [36–38]. Since aluminum can react with lithium at high cell voltages (i.e. low
anode potentials), the anode current collector is usually made of copper [36, 37]. The
electrolyte serves as the medium for ion transfer between the anode and cathode, and is
typically in liquid form [18], although solid electrolytes, as used in solid-state batteries,
are also an active subject of research.

The functionality of LIBs relies on the migration of lithium ions between two electrodes
and the reversible intercalation of these ions into the active materials. This so-called
rocking-chair mechanism allows for the transfer of lithium ions without altering the macro-
scopic structure of the electrodes [33]. During the discharge process, the electrons flow
from the anode to the cathode through an external circuit, equivalent to a current i
at a voltage V . This electron flow is compensated by the migration and intercalation
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2.2 Lithium-Ion Batteries

of lithium ions through the electrolyte and separator into the cathode. The reaction is
reversed during the charging process where lithium ions transfer back to the anode. [37]

The electrochemical reactions occur at the interface of active material and electrolyte and
depend on the specific materials. The redox reaction can be divided into two half-cell
reactions and can be described at a cobalt-oxide based cathode as follows:

LiCoO2

charge
GGGGGGGGGGBFGGGGGGGGGG

discharge
Li1−xCoO2 + xLi+ + xe− (2.7)

Usually, a carbon-based anode is employed, which absorbs lithium ions through interca-
lation of the ions into the anode during charging [39].

xLi+ + 6C + xe−
charge

GGGGGGGGGGBFGGGGGGGGGG

discharge
LixC6 (2.8)

Not all of the theoretically stored energy can be converted into usable energy. [18, 37]
The losses stem from (i) activation polarization, (ii) concentration polarization, and (iii)
ohmic resistance as described in Section 2.1 [18]. These effects reduce the amount of
extractable energy, with some energy dissipated as heat and some temporarily stored in
concentration gradients.

2.2.2 Materials

The selection of active material plays a fundamental role in the characteristics of a battery
cell, including its energy and power density, as well as its cycling performance under
different environmental conditions. A cell’s lifetime is influenced by the interfaces between
the electrodes and the electrolyte, while its safety mostly depends on the stability of
both the active materials and the electrolyte [31]. Usually, the quest for best-performing
materials is driven by maximizing the energy density requiring high potentials and high
specific capacity. Figure 2.2 depicts a selection of commercial and researched anode
and cathode materials highlighting their specific capacity and corresponding potential.
In addition to achieving high energy densities, active materials must exhibit sufficient
electronic and ionic conductivity as well as high stability throughout the redox reaction
to ensure reliable performance [37].

Widely used LIB anode and cathode combinations along with their resulting full cell
voltage, determined as the difference between cathode and anode potential, are illustrated
in Figure 2.3. It is visible that the voltage window for NMC/LTO is significantly lower
compared to that of NMC/C. Furthermore, the full cell voltage of LFP/C is considerably
flatter than that of NMC/C. The anode and cathode materials as well as their properties
are discussed in more detail in the following section.
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2 Fundamentals
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Figure 2.2: Potential vs. specific capacity for anode and cathode materials. [31, 37,
40, 41]. The ellipses illustrate characteristic trends that may correspond to
different lithiation states. The cell voltage is determined as the difference
of anode (green area) and cathode (orange area) potential.

2.2.2.1 Anode

Theoretically, pure metals would serve as the best anode materials due to their ability
to achieve the highest possible energy density (approximately 3860mAh/g), allowing for
a greater number of metal atoms to be stored in a compact space [38, 42]. However,
the practical use of pure lithium metal as anode material is hindered by the challenge
of dendrite formation [43]. This limitation is still one of the reasons of the widespread
adoption of lithium intercalation materials as anode materials [38]. Hereby, graphite
has emerged as the dominant anode material [44] as it demonstrates good cycle lifetime,
mitigates dendrite formation, and is cost-effective. However, challenges remain, including
low rate capability and irreversible capacity losses caused by electrolyte decomposition at
low potentials and the formation of the so-called SEI. This passivating, protective layer
is formed on the surface of the anode due to the reaction between electrolyte solution
and the anode [40, 45–47]. It acts as an ionic conductor while blocking electron flow,
and is ideally insoluble in the electrolyte [45, 46]. The SEI is formed during the first
charge cycle of a cell and leads to an initial loss of reversible capacity as the lithium ions
are bound and no longer available for cycling. Once established, the SEI prevents direct
contact between the active material, therefore mitigating the further decomposition of
the electrolyte [38, 47]. But it continues to grow at a rate depending on the operating

10



2.2 Lithium-Ion Batteries

020406080100
0

2

4

SOC in %

P
ot
en
ti
al

in
V

NMC/C

020406080100
SOC in %

NMC/LTO

Anode Cathode Full Cell

020406080100
SOC in %

LFP/C

Figure 2.3: Mean anode, cathode and full cell potentials of an NMC/C, NMC/LTO,
and LFP/C cell over SOC. The material composition is denoted as (cathode
material/anode material), where NMC stands for Li1−xNi1−y−zMnyCozO2,
C for graphite, LTO for Li4Ti5O12, and LFP for LiFePO4.

conditions throughout the whole lifetime. This is a main reason for the continuous loss of
capacity and increase of internal resistance. As the SEI is critical to durability, battery
performance and safety, optimizing SEI formation and mitigating growth through the
selection of suitable electrolyte materials remains a focus of ongoing research [45, 46].

The pursuit of higher energy densities has led researchers to explore alternative materials,
with silicon emerging as a promising active material [44]. Silicon offers significantly higher
specific capacity compared to graphite, as shown in Figure 2.2, while simultaneously
maintaining a low voltage potential. However, during lithiation and delithiation silicon
suffers from an immense volume change of approximately 300% [44] (compared to graphite
with approximately 11% [48]). This expansion can cause mechanical stress, fractures
and deformation of the electrode through swelling impacting performance and safety.
Furthermore, silicon is prone to enhanced side reactions with the electrolyte solution,
resulting in excessive formation of the SEI. To leverage the advantages of both materials
while mitigating their respective shortcomings, a combination of silicon and graphite is
favorable, allowing for increased energy density while moderating the volume expansion.
[49]

Another anode material is the spinel Li4Ti5O12. Compared to graphite, LTO generates
a higher potential (1.5V vs. Li/Li+), as shown in Figure 2.2, avoiding the formation of
SEI that typically forms at lower potentials (approximately 0.7V vs. Li/Li+) [32, 50].
This higher voltage also contributes to increased safety, as lithium is stored in a less
reactive state, minimizing the risk of reactions with air or moisture [32]. Furthermore,
LTO is structurally stable, exhibiting minimal volume change during lithium intercalation
and deintercalation. This stability, together with the absence of SEI formation, allows
LTO to maintain long cycle life and high durability [38, 50]. Unlike graphite, which is

11



2 Fundamentals

limited by SEI growth on small particles, LTO can be synthesized with small crystal sizes,
improving lithium ion diffusion and supporting high current rate (C-Rate) applications.
However, LTO’s higher potential lowers the overall energy density of the cell, which can
be a limitation for high-energy applications [50]. Additionally, the material’s low intrinsic
electrical conductivity [50] necessitates the use of conductive carbon coatings to achieve
better performance levels [38].

2.2.2.2 Cathode

The cathode is by convention the positive electrode of the cell and acts as the source of
Li+ during charging. The cathode materials can be grouped into different classes based
on their crystal structure [51].

In layered oxides, composition is denoted as LiMO2, where M corresponds to the el-
ements Co, Ni, Mn and/or Al. Since the first introduction of rechargeable batteries,
LCO has been widely used as a cathode material and is characterized by high energy
density, but has shortcomings when it comes to safety, chemical stability, and costs. Fur-
thermore, dissolution of cobalt ions can lead to capacity and thus performance loss. To
address this, cobalt is increasingly replaced by the cheaper nickel, that still offers high
reversible capacity and good ionic, and electrical conductivity. To further improve sta-
bility, aluminum is often added, resulting in the cathode material LiNi1−x−yCoxAlyO2

(NCA) [43, 52]. Another widely used cathode material is NMC, which can have differ-
ent stoichiometries, typically ranging from NMC111 (LiNi0.33Mn0.33Co0.33O2) to NMC811
(LiNi0.8Mn0.1Co0.1O2). Higher Ni content increases energy density, while Co and Mn
contribute to structural stability and cycle lifetime [53].

For a spinel, composition is denoted as LiMn2O4. While it provides higher thermal,
structural stability, and good rate capability [32] as well as safety, spinels suffer from
poor cycling behavior and reduced performance for high temperature, especially in acid
environments where water can react with conducting salt [38].

Olivine LiFePO4 (LFP) cathodes are characterized by their minimal structural and me-
chanical changes during (de-)intercalation and good stability, resulting in a significantly
higher safety level compared to layered-oxide cathode materials and typically long lifes-
pans. However, a main disadvantage is, first, the material’s low average potential [51], the
flat charging and discharging plateau which is problematic for battery diagnostics, and,
second, their poor electrical and ionic conductivity [54]. To address this, the surface is
often carbon coated [51]. LFP can also sustain high discharge currents [51]. The olivine
structure is not only stable for LFP but also for other lithium transition metal phosphates,
which offer higher voltage and energy density, but suffer poor conductivity [51]. Current
trends in olivine material research include developing mixed iron-manganese phosphates,
which aim to further improve performance and energy density [55, 56].

12
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2.2.3 Aging Mechanisms

The characteristics of a battery change over its lifetime as a consequence of complex
chemical and physical mechanisms leading to a decline in performance [57–60]. This
degradation occurs during usage as well as storage and results in lower available capacity
and increased internal resistance.

The major modes of degradation can be classified as follows [57, 61]:

• loss of lithium inventory (LLI): Lithium ions are no longer available for the
(de-)intercalation. Causes can include the formation and growth of the SEI, lithium
plating and electrolyte decomposition.

• loss of active material (LAM): This involves the reduction in the capacity of
active materials and can be caused by structural changes, particle isolation, or
dissolution of active materials. In literature, it is often differentiated between loss
of active material of the anode LAMNE and cathode LAMPE.

Degradation Mechanism Degradation Mode Aging Effect

Electrolyte decomposition

SEI growth

Irreversible Lithium

Plating/ Passivation

Graphite exfoliation

Binder decomposition
Loss of electric contact

Electrode particle cracking

Corrosion of current collectors

Structural disordering

Transition metal dissolution

Loss of active

anode material

Loss of lithium

inventory

Loss of active

cathode material

Power fade

Capacity fade

Figure 2.4: Interconnection of degradation mechanisms that contribute to the three
investigated degradation modes LLI, LAMNE, and LAMPE adapted from
[57]. The resulting aging effects are highlighted in purple.

As illustrated in Figure 2.4, the degradation modes stem from various underlying mecha-
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nisms that ultimately result in diminished power and energy capabilities. The degradation
mechanisms, highlighted in green, have various causes, such as high and low temperatures,
high and low voltages, high currents, or mechanical stress. The mechanical and chemical
side reactions are influenced by an array of co-interpendent factors. Some of them are
the chosen cell chemistry, the environmental conditions, and volumetric dimension, such
as cell and pack design. The consequence of these side reactions is a reduction in lithium
inventory, and active material, which is indicated in orange. [57, 61]

Figure 2.5 shows systematically the influence of the degradation modes on the single
electrode potentials and the resulting cell voltage of an NMC/C cell.
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Figure 2.5: Simplified schematic representation of degradation modes with correspond-
ing electrode potentials and full cell voltage for an NMC/C cell, adapted
from [57]. The pristine cell is depicted in faded colors, while the aged cell is
shown in full colors. In reality, multiple degradation mechanisms can occur
simultaneously [61]. The degradation modes for the sodium-ion cell and the
influence on the OCV for the sodiated and desodiated states are discussed
in detail in Chapter 4.

During charging, the cathode potential increases and acts as the limiting factor, while dur-
ing discharging, the anode becomes the limiting factor, determining the end-of-discharge
voltage. The charge extractable from the cell, i.e. the capacity, corresponds to the cy-
clable lithium within it and is represented as Qact. In the cell’s pristine state, this charge
equals Qpristine. [57] In the case of LLI, the anode potential curve is shifted resulting
in a shifted full cell voltage. Even though less lithium is available for the cycling, LLI
can also mitigate the occurrence of lithium plating [62] as negative anode potentials may
not occur. In the case of LAMPE (lithiated state), the OCV of the aged cell shrinks
since a smaller amount of active material is available in the cathode. As the cathode
looses more active material, it must operate at higher potentials, which can destabilize
the active cathode material. [57] In the case of LAMNE (delithiated state), the capacity
of the anode shrinks. Initially, the excess of anode material (anode overhang) can mask
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2.2 Lithium-Ion Batteries

the impact of active material loss. With progressive aging, the effects of LAMNE become
more evident, and the limitation during charging gradually shifts to the cathode, reducing
the end-of-charge voltage. Since the cell is still operated up to its maximum voltage, the
anode may be forced into negative potentials, increasing the risk of lithium plating and
dendrite formation. [57]

The degradation mechanisms at the anode differ significantly from those at the cathode.
Consequently, the degradation mechanisms are discussed individually for each electrode
in the following sections.

2.2.3.1 Anode

In the literature, mainly the aging of graphite-based anodes has been investigated and is
described in this section. Generally, aging at the anode is largely driven by changes in the
electrode/electrolyte interface. Beyond reactions of the anode with the electrolyte and the
changes of composite electrodes, structural changes in the active material also contribute
to aging. Graphite exfoliation (separation of graphene layers), particle cracking (caused
by mechanical stress of volume change), electrolyte reduction, and gas evolution (caused
by electrolyte decomposition) within the graphite can accelerate degradation. [59]

A major aging mechanism is the reaction of the anode with the electrolyte. Since the
graphite anode operates outside the electrochemical stability window [61, 63], electrolyte
decomposition and the irreversible consumption of lithium ions can occur, leading to the
growth of the SEI. This effect is particularly pronounced at higher temperatures, where
the SEI continues to grow [61]. As a result, the SEI can grow into the pores of the anode,
reducing the active surface area available for lithium intercalation. Additionally, corrosion
may occur, further promoting SEI growth during cycling and storage. The formation and
growth of the SEI can lead to contact loss within the electrode, while volume changes in
the anode may cause mechanical stress. As a result, electrode porosity is reduced, limiting
electrolyte infiltration. Moreover, binder materials can react with the anode, further de-
grading the mechanical properties of the electrode. At low temperatures, lithium plating
can occur, especially during charging with high current [64]. This process describes the de-
position of metallic lithium on the surface of the anode and can only occur when the anode
potential drops below 0V vs. Li/Li+. Lithium plating can be categorized into reversible
and irreversible lithium deposition [65]. A large part is reversible, meaning that the
plated lithium is either reincorporated into the graphite through subsequent intercalation
or dissolves during the following discharge (so-called stripping) [64, 65]. For irreversible
plating, the lithium is passivated in the SEI and is no longer available for electrochemical
cycling. The metallic lithium can lead to dendrite formation that can penetrate the sep-
arator and lead to short circuits [65]. In the worst case, these short circuits can trigger
high temperatures, ultimately leading to a thermal runaway [65]. Inhomogeneous current
and potential distributions increase the risk of lithium metal reacting with the electrolyte
leading to accelerated aging [59]. Selecting suitable electrolyte materials and binders with
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beneficial properties can help slow down SEI aging processes [59].

2.2.3.2 Cathode

On the cathode side, lifetime degradation is primarily driven by the oxidation of electrolyte
components and the formation of a surface layer known as the Cathode Electrolyte In-
terphase (CEI). Additional degradation mechanisms include the dissolution of electrode
materials, gas generation, irreversible phase transitions, and mechanical stress. These
effects are co-dependent, vary with the cathode material used and are strongly influenced
by operation, such as cycling conditions and SOC [59].

Oxidative decomposition of the electrolyte can lead to the formation of the CEI on certain
cathode materials. While the CEI is usually not as thick as the SEI, it can significantly
influence the available Li+ inventory, contributing to accelerated aging. Elevated tem-
peratures further influence its growth. As the CEI grows, more lithium ions are bound,
reducing the number of ions available for the (de-)intercalation process [66]. Similar to the
SEI, the CEI consists of both inorganic and organic components [66]. These components
of both the SEI and CEI are often soluble in electrolyte solvents and may transfer onto
the counter electrode surface. To mitigate aging effects caused by the CEI, a suitable
choice of electrolyte components can help improve its properties. Additionally, aging due
to the CEI can be slowed down through the incorporation of additives or by applying a
coating. [67] Furthermore, during cycling at high voltage and temperature, the transition
metals can be dissoluted, where metal ions from the cathode material migrate into the
electrolyte. This issue can be mitigated to some extent by applying cathode coatings. [67]
Mechanical stress can result from volume changes in materials, which induce stress within
the particles and the electrode. This can lead to inhomogeneous chemical reactions and
expose particle surfaces to further deterioration through reactions with the electrolyte
[59]. Additionally, volume changes during phase transitions contribute to these mechan-
ical stresses, further accelerating degradation [67]. Irreversible phase transitions within
the bulk are accompanied by the dissolution and dislocation of transition metals, as well
as oxygen loss, which results from cation mixing between transition metals and lithium
ions. This process increases and hinders the transport of the ions, leading to further
degradation. To mitigate this effect, again, coating and doping methods are used. [67]

2.3 Sodium-Ion Batteries

While the pursuit of higher energy densities has long driven innovations in battery tech-
nology, costs and sustainability are gaining increasing importance [37]. In this context,
SIBs offer a promising alternative to the dominant LIB technology. Research on SIBs
began alongside LIBs in the 1980s, but due to their lower theoretical capacity and slow
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reaction kinetics, LIBs became the preferred technology [15]. However, rising costs of
raw materials for LIBs have renewed interest in the SIB technology. One major factor
driving the costs is the scarcity of lithium, which contributes to price fluctuations in LIBs
[68]. In contrast, sodium is abundant, as it can be extracted from seawater and sodium
carbonates [15, 68], making it a cost-effective alternative that is less vulnerable to raw
material supply risk [34]. Besides raw material availability, certain design-related aspects
of sodium-ion cells offer additional advantages: Unlike LIBs, where aluminum would alloy
with lithium at low anode potentials, aluminum is generally stable in the low-potential
range of sodium-ion anodes. Therefore, aluminum can often be used as current collec-
tor for both electrodes in SIBs [14, 68]. This not only reduces costs but also enhances
safety, as SIBs can be stored at 0V. Additionally, aluminum is lighter than copper, which
improves the overall energy density of the battery [68].

Generally, lithium and sodium exhibit similar chemical characteristics, and therefore, SIBs
operate similarly to LIBs, following the rocking-chair mechanism as discussed in Section
2.2.1 [15, 17, 68]: During discharge, sodium ions migrate from the anode through the
electrolyte and separator to the cathode, where they intercalate into the active material.
Simultaneously, electrons flow from the anode to the cathode through an external circuit
to maintain charge balance. This process is reversed for charging. [23] However, as
illustrated in Table 2.1, sodium’s higher relative atomic mass (6.94 for Li and 22.99 for
Na) and bigger size (0.76 Å for Li and 1.02 Å for Na) has a negative influence on the
electrochemical performance of SIBs when compared to LIBs [17]: lower (volumetric and
gravimetric) theoretical capacity, lower solubility in the solid state, lower cell voltage,
slow transport kinetics, more severe structural damage, and volume change. [68]

Category Lithium Sodium

Relative atomic mass 6.94 22.99
Cation radius (Å) 0.76 1.02
E0 vs. standard hydrogen elecrode (V) -3.04 -2.71
Melting point (°C) 180.5 97.7
First ionization energy (kJ mol−1) 520.2 495.8
Abundance in the earth crust (mg kg−1) 20 23.6× 103

Distribution 70% in South America Everywhere
Theoretical capacity (mAh g−1) 3861 1166
Theoretical capacity (mAh cm−3) 2062 1131

Table 2.1: Comparison of lithium and sodium properties. [17, 69]

2.3.1 Materials

Most of the electrode materials that are commonly used for LIBs cannot be directly
applied to SIBs due to the larger radius of sodium ions [17]. An overview of researched
anode and cathode materials with their characteristics is given in Figure 2.6.
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Figure 2.6: Potential vs. specific capacity for some anode and cathode materials used for
SIBs. [70] The ellipses illustrate characteristic trends that may correspond
to different sodiation states. The cell voltage is determined as the difference
between cathode and anode potential of the used materials.

2.3.1.1 Anode

In contrast to LIBs, graphite is not commonly used as anode material in SIBs, since
graphite is thermodynamically unfavorable to intercalate sodium [71]. Therefore, instead
of intercalating, metallic sodium can deposit on the graphite surface, negatively influ-
encing safety and electrochemical performance. [17] Similar to LIBs, metallic sodium
as an anode material remains an area of research due to the risk of dendrite formation.
However, dendrite formation is less pronounced for SIBs due to sodium’s larger ionic ra-
dius and higher surface diffusion energy, which promotes more uniform deposition during
plating-like behavior. [17] As a result research focuses on intercalation anodes, especially
carbon-based, titanium-based, and alloy-based materials.

Within the literature carbon-based anode materials are typically categorized into three
types: graphite, soft carbon, and HC [72]. Among these, graphite shows the lowest
sodium storage capability [68]. In contrast to graphite, that shows a crystalline form, soft
carbon and HC materials exhibit disordered structure and increased interlayer spacing
[68]. Since the sodium-graphite intercalation compounds are less stable, graphite achieves
a reversible capacity of merely 40mAhg−1, significantly lower compared to 350mAhg−1

in LIBs [68]. As a result, HC has become much attention as anode material for SIBs. HC
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consists of crystalline and disordered domains with structural defects [73]. In between the
disordered and ordered domains, HC has closed pores [73]. Its high porosity and large
interlaying spacing provide more sodium diffusion pathways and numerous active sites to
store sodium ions [68, 74] enabling a reversible capacity of approximately 300mAhg−1

[23]. However, the sodium storage mechanism is still focus of ongoing research [71].
Current literature suggests that sodium ions can be stored by the adsorption of sodium
ions on defects, the intercalation of sodium ions into graphite layers, and the filling of
sodium ions in nanopores. [74] In contrast, soft carbon has a less disordered graphitic
structure compared to HC. While it generally exhibits a lower specific capacity and higher
operating potentials resulting in lower energy density it offers good rate capability making
it an interesting anode material for high-power applications [68].

Besides carbon-based anode materials, alloy-based anodes are also promising candidates
as they have very good sodium storage capabilities and high theoretical capacities. How-
ever, they often exhibit an excessive volume change during (de)sodiation and usually suffer
from low electrical conductivity. Therefore, those materials are typically combined with
carbon to mitigate the volume expansion and enhance conductivity. [17] Interestingly,
silicon, which is a very promising candidate in LIBs, is practically inactive in SIBs [73].

Another family that is suitable for SIB anodes are titanium-based anode materials.
Similar to their lithium counterparts, they exhibit advantageous characteristics, including
favorable structural dynamics, non-toxicity, and 2D diffusion channel for sodium ions
that facilitate the sodium-ion transport [68]. Their relatively high operating voltage can
hinder metallic sodium plating; however it also reduces the overall energy density [73,
75]. Recently, literature and research have mainly focused on titanium dioxide, lithium
titanate, sodium titanate, and sodium titanium phosphate [23]. The storage of sodium
ions in these materials occurs through a (de-)insertion mechanism [73]. Despite their
advantages, titanium-based anode materials face challenges, including poor electronic
conductivity, and sluggish kinetics resulting in poor rate capability and cycling stability.
Additionally, their high operating voltage limits the overall energy density [73]. In contrast
to LTO anode materials, an SEI may be formed on the surface of NTO anodes [73, 75].

2.3.1.2 Cathode

Similar to LIBs, the cathode material of SIBs mainly determines the cell costs, lifetime,
safety and performance, including energy and power density [17]. Since sodium ions are
larger, the cathode materials for LIBs cannot directly be applied for SIBs [23]. The cath-
ode materials for SIBs can be roughly grouped into three different categories, namely (i)
layered transition metal oxides, (ii) polyanion compounds and (iii) prussian blue analogs
(PBA) [76].

The general chemical formula for layered transition metal oxides is NaxMyO2 where M
denotes a transition metal [17, 70, 76]. The most commonly used layered transition metal
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oxides crystallize in O3, P2, or P3 structures. O and P denote octahedral and trigonal
prismatic coordination environment, respectively, while the numbers 2 or 3 describe the
number of transition metal layers in a repeated stacking unit of the crystal [70]. Due to the
larger radius of sodium, transition metal oxides undergo more complex phase transitions
during the removal of sodium ion compared to their LIB counterparts. [17] Among the
structures, P2 allows for more facile sodium-ion mobility resulting in better kinetics and
rate capability. [17] However, less sodium ions can be accommodated compared to the
O3 environment leading to a lower theoretical capacity [76]. In contrast, O3 offers higher
energy densities but undergoes more complex phase transitions.

Polyanionic materials have the chemical formula NaxMy(XO4)n, where M denotes a
transition metal and X=S,P,Si,B [17]. These materials are composed of anionic (XO4)

n−

tetrahedra and the polyhedra MOx [17]. Polyanionic compounds include phosphates,
such as NaFePO4, sulfates, such as NaMSO4F and other oxysalts [17]. The advantages
of polyanionic compounds include higher thermal stability compared to layered transi-
tion metal oxides, enhanced ionic diffusion kinetics, stable 3D structure and restricted
volume changes during (de-)sodiation [17, 23]. Additionally, these compounds exhibit an
improved redox potential, leading to higher energy densities [17]. However, several chal-
lenges remain, including limited capacity (due to the high molecular weight of polyanionic
material), restricted ion mobility, and low electronic conductivity. Therefore, research fo-
cuses on the investigation of materials with a suitable balance of voltage and capacity.
[76]

Prussian blue analogs (PBA) describes a broad family of transition-metal hexa-
cyanometallates [17]. Their general chemical formula is AxMa[Mb(CN)6]y· nH2O, where
Ma and Mb denote transition metal ions, and A denotes an alkali metal such as sodium.
[17] The large channel structure of PBA cathode materials allows for facile transporta-
tion of the large sodium ions. However, their structure contains several vacancies, which
can lead to structural instability, potentially even collapse, and reduced electrochemical
performance [17, 76]. Additionally, the vacancies can decrease the electrical conductivity
resulting in poor rate capability [17]. Furthermore, three discrete forms of water exist
in the PBA structures which can negatively influence capacity and rate capability. The
water molecules hinder the sodium-ion transport, promote side reactions, and destabi-
lize the structure, ultimately leading to a reduced cycle stability [17, 76]. The vacancies
further introduce water reducing sodium content and lowers capacity [17]. PBA may be
a promising cathode material for SIBs due to their low cost, facile synthesis, and high
theoretical capacity [17]. However, practical challenges remain, including poor conductiv-
ity, low structure stability and low energy density through inherent water and vacancies
[17].
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2.3.2 Aging Mechanisms

As for LIBs, the degradation of SIBs strongly depends on the choice of anode, cathode and
electrolyte materials. The electrolyte degradation in SIBs is mainly driven by moisture as
water can react with NaPF6 to form toxic hydrofluoric acid (HF). HF can then react with
sodium materials and form NaF on the electrode surface and dissolve transition metals
from the cathode. These dissolved metals can migrate to the anode causing dendrite
formation and an increased risk of short circuits. [74] Figure 2.7 illustrates the various
aging mechanisms occurring in SIBs. The HC anode is shown in green, and the layered-
oxide cathode in blue. Unlike LIBs, SIBs can generally use aluminum for both current
collectors, as it is stable even at low potentials of the anode [68]. However, the cell
investigated in Chapter 4 uses copper on the anode side and aluminum on the cathode
side. Apart from this, the cell design and aging mechanisms in SIBs generally closely
resemble those of lithium-based systems.
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Figure 2.7: Aging mechanisms in SIBs based on [57, 74]. TM stands for transition
metal.

In the following, degradation is categorized into anode and cathode aging. Since the
underlying mechanisms are similar to those in LIBs and have already been discussed, we
provide only a summary of the most relevant differences between SIBs and LIBs.

2.3.2.1 Anode

The anode degradation is primarily driven by reactions at the electrode/electrolyte in-
terface. Similar to LIBs, a passivation layer, i.e. SEI, forms on the surface of the anode
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during the first cycle due to reactions of the electrolyte with the electrode. The pres-
ence of a stable SEI is advantageous for cell performance as it hinders further electrolyte
decomposition; however, it also reduces the number of sodium ions available for cycling.
The SEI typically forms at approximately 0.8V vs. Na/Na+. Usually, the SEI in SIBs
exhibits reduced stability, and increased solubility compared to the SEI of LIBs [46]. As
a result, the SEI is more prone to breakdown even at lower temperatures. The suscep-
tibility to breakdown can expose the electrode and thereby facilitate further SEI growth
and, consequently, an increase in resistance. Additionally, an exothermic breakdown may
generate heat and in extreme cases, trigger a thermal runaway. The increased solubility
of the SEI necessitates continuous replenishment, leading to an increased inefficiency in
cycling and further utilization of salt and electrolyte solvent which can ultimately deplete
the electrolyte. [74] Besides the SEI formation, growth and breakdown, mechanical stress
of the materials also contributes to anode degradation. During sodiation, the active ma-
terial expands as sodium ions are inserted, inducing mechanical strain. Since sodium ions
have a larger radius than lithium ions volume expansion is more severe in SIBs [17]. How-
ever, HC expands less than graphite and does so in 3D rather than 2D, which is beneficial
for the stress. In contrast, alloy-based anode materials experience significant expansion.
This can ultimately result in particle and electrode cracking, exposing the electrode to the
electrolyte which accelerates SEI growth. If the SEI continues to grow, electrode pores
can block, increasing the resistance and potentially causing the particles to lose contact
to the current collector. Detached particles might move through the cell, damaging the
separator and block its pores. This can create inhomogeneous current distribution and
localized high current density, increasing the risk of overcharge and overdischarge as well
as dendrite formation. [74] Inhomogeneous current distribution, structural changes [74]
as well as an interfacial overpotential near 0V vs. Na/Na+ can cause sodium plating to
occur [17]. Sodium plating can lead to additional SEI, electrolyte decomposition and an
increased resistance accelerating degradation. [74] Additionally, dendrites can be formed
that may lead to short circuits. Other consequences of volume change of particles are
pulverization and delamination stemming from loss of electronic contact [17].

2.3.2.2 Cathode

The degradation of cathode is driven by material degradation, phase changes, mechan-
ical stress, and foreign molecule insertion [17]. Transition metals can dissolute in the
electrolyte resulting in loss of capacity and the destabilization of the SEI [17]. Addi-
tionally, the redox potentials of layered-oxide materials lie outside the upper limit of the
electrolyte stability window, causing electrolyte oxidization at the cathode, resulting in
decomposition and the formation of the CEI. Beyond CEI formation and growth that
directly influence cathode degradation, the species from the anode SEI can also influence
the stability of the CEI when the species from the SEI migrate to the cathode or react
through the electrolyte similar to LIBs. To mitigate this effect, protective coatings can be
applied to the cathode to reduce electrolyte decomposition, preventing transition metal
dissolution and inhibiting structural degradation [74]. When it comes to layered transi-
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tion metal oxides, at elevated temperatures, active cathode materials can undergo thermal
runaway as the high temperatures release oxygen from the structure and accelerate the
oxidation [17]. Besides the material degradation, phase changes during cycling impact
cathode stability. During overcharging, where too many sodium ions are extracted, the
structure can collapse leading to cell failure [17]. The structural changes of sodium-layered
compounds differ fundamentally from their lithium-ion counterparts. Sodium-ion cathode
materials usually are more stable which is due to the lower number of sites suitable for
sodium storage [17]. However, the larger ionic radius of sodium can lead to more pro-
nounced volumetric changes during cycling in certain cathode materials. This expansion
and contraction introduces mechanical stress, which at high voltages may cause particle
cracking and electrode exposure, as also observed for the anode [74]. An additional degra-
dation mechanism observed in some SIB cathodes is the insertion of foreign molecules such
as water or carbon dioxide into sodium sites [17]. These species usually originate from
precursor impurities or exposure to air during manufacturing [17]. The presence of these
molecules reduces capacity and cyclability of the cathode material [17].

2.4 Battery Management System

A battery system consists of a number of in series and parallel connected cells, the wiring,
the housing, and the BMS. The latter is the central processing unit managing the whole
battery system. Depending on the cell design and intended application, the exact require-
ments regarding the management of the battery differ [77–80]. The BMS itself can be
thought of as a gatekeeper, supervising the energy flow and ensuring the safe and effi-
cient operation of the battery. Moreover, the BMS consists of processing units containing
algorithms to calculate internal battery states [80]. A BMS is often organized using a
hierarchical topology referred to as controller-responder. Within this topology, the re-
sponder units are responsible for collecting measurement data from individual battery
cells or modules and the energy management. The collected data is then transmitted to
the control unit (CU), where it is interpreted, temporarily stored, and forwarded to the
vehicle’s system via a Controller Area Network (CAN) bus. This hierarchical structure
ensures efficient data acquisition, monitoring, and management within the BMS. [77]

As illustrated in Figure 2.8, the responsibilities of a BMS can be categorized into protec-
tion, monitoring, state estimation, and energy management. These interconnected tasks
share their specific outputs with other CUs. For example, the engine controller in a car re-
lies on the BMS to determine how much power the battery can provide, enabling optimal
power delivery to the wheels.

During operation, voltage, current, and temperature are monitored non-invasively at both
cell and pack levels, with temperature measurements typically focused on specific locations
such as hotspots rather than every individual cell [79]. The selection of digital or ana-
log sensors for these measurements depends on various application-specific requirements,
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Figure 2.8: Simplified overview of the interconnection of different BMS responsibilities.
In the center is the BMS CU that manages critical tasks such as state
estimation, protection, monitoring, and energy management. The CU acts
as the controller and hosts a computing unit which calculates the internal
battery states. The monitoring and parts of the energy management are
carried out by the responder. This part of the BMS, directly connected
to the cells, is sending the cell data to the controller and supervises the
cell energy management. A fuse box contains the main protections and
connection fuses to the consumer.

including cost, bandwidth, accuracy, measurement range, and size. This data collection
plays a crucial role in ensuring the battery’s safe operation within its defined safe operating
area (SOA). Battery protection encompasses both electrical and thermal aspects. Electri-
cal protection involves actively bounding current and voltage during operation to prevent
excessive currents, overcharging, and deep discharging, with limits typically specified by
the manufacturer. Thermal protection, on the other hand, maintains the battery’s tem-
perature within an appropriate range to mitigate risks such as lithium or sodium plating,
an effect that, as already described, can occur at low temperatures and high currents. To
mitigate this, the BMS manages the heating or cooling mechanisms. In the case that the
limits defined by the SOA are violated, the BMS is able to trigger active circuit breakers
to stop the operation.

Based on the sensor measurements, internal states such as SOC and SOH are estimated
by diagnostic algorithms as described in Section 2.4.1. These estimates not only provide
valuable insights into the battery’s condition but also contribute to maintaining operation
within the SOA, for example, by preventing overcharging. The configuration of these
algorithms needs to be adapted to the cells and the sensor hardware. [77]

Due to production tolerances and varying operational and environmental conditions, cells
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can exhibit different characteristics, manifesting in variations of voltage and SOC [81]. An
imbalance leads to limitations of the maximum of chargeable energy or the capacity of the
whole pack, as the cell with the lowest SOC should not be discharged below the boundary
and the cell with the highest SOC should not be overcharged [81]. Furthermore, in an
unbalanced system, some cells are subjected to higher loads, which results in uneven
aging and thus negatively impacts the lifetime of the overall system [81]. The energy
management is aiming at balancing the voltages or SOCs of the cells to mitigate this and
optimize energy and capacity of the system. There are two common approaches, namely
active and passive balancing: An active balancing system transfers the excess charge from
one cell to another, whereas a passive system dissipates the charge from all cells that have
accumulated an excessive amount of charge. [77]

2.4.1 Battery Diagnostics

Battery diagnostics aim to estimate the internal states of cells within a battery system that
cannot be directly measured. Depending on the use case, different states are estimated
using methods of varying complexity [77]. In this work, we focus on the widely used states
SOC and SOH. The estimation methods for these states range from direct approaches
[82, 83] to model-based [84–86] and data-driven [87–91] methods. Here, we concentrate
on direct and model-based methods, as they are suitable for real-time implementation in
a BMS. Specifically, we analyze the transferability of direct methods as well as Kalman
filter-based and least-squares-based algorithms.

2.4.1.1 Internal Battery States

State of Charge
The SOC is a state parameter correlating with the remaining charge in a battery cell.
In existing literature, there are numerous definitions [24, 77]. However, one of the most
commonly used definitions is the ratio between the charge currently stored in the battery,
represented by the variable Qresidual(t), and the battery’s capacity, represented by C in
Equation (2.9), where C is either the nominal or the actual capacity considering the aging
of the cell. The initial SOC at time t0 is denoted as SOC(t0). i is positive during charge
and negative during discharge. The coulombic efficiency ηc, defined in Equation (2.6), is
included in the definition to account for side effects. However, for this work, the parameter
is set to 1.

SOC(t) =
Qresidual(t)

C
= SOC(t0) + ηC · 1

C
·
ˆ t

t0

i(τ)dτ (2.9)

State of Health
The performance of batteries deteriorates over time and with increasing usage. To quantify
this aging, the indicator SOH is estimated by the BMS. Wile several definitions for the
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SOH exist in literature, the SOH usually reflects the decrease of capacity, State of Health
capacity (SOHC), or the increase in internal resistance, State of Health resistance (SOHR)
[92]. A commonly used definition to quantify capacity degradation is shown in Equation
(2.10), where Cact represents the remaining, actual capacity, and Cnom denotes the nominal
capacity of the pristine cell. For the SOHR, we use Equation (2.11), where Ri denotes the
current resistance and Ri,nom a nominal value given by the manufacturer. Typically, the
End-of-Life is reached when the capacity Caged is 80% of the nominal capacity Cnom or
the resistance Ri,aged doubles compared to the nominal resistance of the fresh cell Ri,nom.
This threshold is commonly used as a reference for warranty-related performance, not as
a limit of cell usability.

SOHC =
Cact

Cnom

(2.10)

SOHR =
Ri,act

Ri,nom

(2.11)

2.4.1.2 Direct State Estimation

Direct state estimation is an open-loop approach, meaning that the state is determined
solely based on measurements, without any correction. For both SOC and SOH esti-
mation, the definition of SOC from Equation (2.9) is applied. The estimation involves
integrating the measured current over time. While this method has low computational
effort, it comes with the drawbacks that current measurement errors accumulate during
integration and that initial state errors cannot be corrected [77, 92, 93].

2.4.1.3 Model-based State Estimation with Kalman Filters

Model-based methods for state estimation emulate the behavior of a system using a model
and connect the non-observable internal system state with the observable output. An
observer or filter, such as a Kalman Filter (KF), is then used to minimize the discrepancy
between the model’s estimated value and the observable but noisy output.

For linear systems with uncorrelated, mean-free, Gaussian distributed, white noise, the KF
provides an optimal estimate with minimummean squared error. [94] Figure 2.9 illustrates
the steps of the KF. Each estimated state consists of an expected value x̂ and an associated
probability distribution, which is characterized by its covariance matrix P. [94] The KF
relies on two equations that describe the relationship between the system’s internal state
and the measurable quantities. These equations are defined in Equations (2.12) and
(2.13), where A is the state transition matrix and B is the input matrix, describing
how the input u affects the state transition. H is the observation matrix, describing
how the measured value is derived from the state x. The vectors w and v describe the
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Figure 2.9: Illustration of the estimation of a new state in the KF based on an initial
state estimate and a measurement adapted from [95]. The pink curve repre-
sents the updated distribution after combining prediction and measurement.

uncorrelated, mean-free, Gaussian, white noise. z is the measured output [94].

xk+1 = Axk +Buk +wk (2.12)

zk = Hxk + vk (2.13)

The filter operates in two successive steps, prediction and update. These steps are de-
scribed mathematically in Supplementary Material A.1 and are thoroughly discussed in
literature.

If a Gaussian-distributed state were to be transferred to the next state using a non-
linear function, the state would generally not remain Gaussian-distributed. As a result, it
would no longer be sufficient to characterize the state using only an expected value and a
covariance matrix. To ensure that the principle of the KF is nevertheless also applicable
for non-linear systems, a linearization of the model is necessary [93, 95].

The Extended Kalman Filter (EKF) linearizes the model in each step by a first-order
Taylor expansion at the position of the expected value of the previous estimate. The
probability distribution around the expected value is transferred to the next state using
the linearized function. The necessary linearization results in an additional error and the
filter is no longer optimal. The computational effort increases for the EKF, since the
Jacobian matrices have to be calculated at every iteration [95].

The Unscented Kalman Filter (UKF) describes the Gaussian distribution of the state
not by an expected value and a covariance matrix, as it is the case in the KF or EKF,
but by a few selected sample points. These sample points, also known as sigma points,
are then transferred to the next state with the non-linearized model using an unscented

27



2 Fundamentals

transformation. The transformed sigma points describe the new probability distribution
of the state. [96]

2.5 Statistics

Statistical analysis employs various indicators to gain a comprehensive understanding of
the characteristics of the underlying data distributions. First, the metrics associated with
the probability distributions of discrete random variables with finite values are introduced,
followed by an introduction of different goodness-of-fit tests. Throughout this work, we
use the statistical analysis to gain insights into our field data in Chapter 3, aging data in
Chapter 4, and simulation data in Chapter 5.

2.5.1 Statistical Indicators

Mean
When considering a finite sample set with N elements, the mean value, also known as the
arithmetic mean, is calculated using Equation (2.14). [97–99]

µ = x̄ =
1

N

N∑
i=1

xi (2.14)

Median
The median x̃ is the value that divides an ordered set of data points into two equal halves
so that 50% of the values are less than or equal to and 50% greater than or equal to the
median. For odd sample sizes, the median is the central value in the ordered list, while
for even samples it is the arithmetic mean of the two central values as shown in Equation
(2.15). [98, 99]

x̃ =

{
x(N+1)/2, if N is odd,
1
2
(xN/2 + xN/2+1), if N is even.

(2.15)

Variance and standard deviation
The variance, as defined in Equation (2.16), measures the spread of the values of a distri-
bution or a data set around its mean value. It describes how much the individual values
deviate on average from their mean value [99]. The unit of variance is the square of the
unit of the original variable. The standard deviation (σ), as shown in Equation (2.17),
is defined as the square root of the variance. Its unit is identical to that of the original
variable and the mean value, which is why it is often preferred for statistical analyses, as
it can be interpreted more intuitively.
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σ2
x =

1

N

N∑
i=1

(xi − x̄)2 (2.16)

σx =
√

σ2
x (2.17)

Equation (2.16) describes the population variance, valid when the entire dataset is avail-
able. For a sample, however, the denominator is instead N − 1 (Bessel’s correction) to
obtain an unbiased estimate of the population variance.

Quantile
An α-quantile, is defined as the value Qα(x) for which at least one proportion αN of the
data is less than or equal to Qα(x) and at least one proportion (1− α) ·N of the data is
greater [98]:

Qα(x) =

{
x⌊αN⌋+1 if α ·N ̸∈ N,
1
2
(xαN + xαN+1) if α ·N ∈ N.

(2.18)

The median x̃ can also be referred to as the 0.5 quantile Q0.5(x). [98]

Skewness and kurtosis
Skewness and kurtosis are two indicators that provide insights into the shape and symme-
try of distributions [100]. The skewness, which is defined according to Equation (2.19),
quantifies the extent of asymmetry around the mean value in a distribution, indicating
whether it is skewed to the left or right [98, 99].

γ1[x] = ⟨(x− x̄

σx

)3⟩ (2.19)

Positive skewness indicates that the distribution possesses a longer tail on the right side,
whereas negative skewness signifies a longer tail on the left side [98, 99]. Symmetric
distributions, such as the normal distribution, have a skewness of 0. Kurtosis measures the
degree of peakedness or flatness of a distribution in comparison to a normal distribution
and is defined according to Equation (2.20) [99, 100].

β1[x] = ⟨(x− x̄

σx

)4⟩ (2.20)

Confidence interval
A confidence interval is a range of values within which a population parameter is likely
to fall, with the level of confidence representing the percentage of intervals that would
contain the parameter if the sampling process were repeated numerous times. For instance,
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a confidence interval of (1-α)·100% means that when taking many random samples from
the population, approximately (1-α)·100% of the resulting intervals would contain the
true population parameter. A confidence interval consists of two so-called confidence
limits, between which the population parameter is expected to lie [101].

2.5.2 Probability Density Functions

Frequency distributions can be represented visually using bar charts or histograms. In
probability theory, a probability mass function indicates the likelihood of a discrete ran-
dom variable assuming specific values. For continuous random variables, the probability
of falling within a specific range is represented by the area under the probability density
function (pdf). [98] Generally, the pdf pX is defined as follows, where FX is the culumative
distribution function (cdf) [98]:

FX(u) =

ˆ u

−∞
pX(ξ)dξ (2.21)

In practice, the exact shape of a pdf is often unknown and must be estimated from data. A
common non-parametric approach is the kernel density estimation (kde), which provides
a smooth estimate of the underlying probability density. For bandwidths h1, . . . , hN ∈
(0,∞), the kde is defined as [98]:

ph1,...,hN
(u) =

N∑
n=1

1

Nhn

K

(
u− xn

hn

)
(2.22)

Here, K is the kernel, a nonnegative, even function whose integral from −∞ to ∞ equals
1. In this work, we use a Gaussian kernel, which is defined as [98]:

K(u) =
1√
2Π

exp[−0.5u2] (2.23)

While the kde is flexible and does not assume a specific parametric form, it is inherently
descriptive, thus it reproduces the observed data but is not easily used for analytical
calculations, or integrated into models. Therefore, in addition to kde, field data is also
fitted to standard theoretical distributions such as normal, lognormal, Weibull, exponen-
tial, gamma, and beta distributions. These parametric functions provide interpretable
parameters, and allow generalization beyond the observed data. Figure 2.10 provides an
overview of the shapes of these theoretical distributions dependent on different parameter
configurations. The mathematical definitions are provided in the following based on Lista
[97] and Mouais et al. [102].
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Figure 2.10: Exemplary parameter variation for the considered pdfs.

The normal distribution is defined for x ∈ (−∞,∞), where µ ∈ R and σ > 0 represent
the arithmetic mean and σ, respectively:

pn(x;µ, σ) =
1

σ
√
2π

exp[−(x− µ)2

2σ2
] (2.24)

The normal distribution is symmetric around its mean and has two inflection points at
x = µ ± σ. It is commonly used to model symmetric variations around a mean, such as
differences in initial battery performance.

The lognormal distribution pln has the following pdf for x > 0 where Y = ln(X) follows
a normal distribution:
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pln(x;µ, σ) =
1

xσ
√
2π

exp[−(ln(x)− µ)2

2σ2
] (2.25)

Here, µ and σ denote the mean and standard deviation of the variable Y = ln(X). The
lognormal distribution has been commonly employed for product lifetime analysis [102].

Especially in the scope of failure analysis, the Weibull distribution is a common model
and has been analyzed for the lifetime modeling of batteries [103]. The pdf of the Weibull
distribution is defined for x > 0 as described in Equation (2.26), where the scale parameter
λ > 0 and the shape parameter β > 0:

pw(x; k, λ) =
β

λ

(x
λ

)β−1

exp[−
(x
λ

)β

] (2.26)

The scale parameter λ determines the steepness of the failure density distribution curve,
and β affects the geometric shape of the pdf [102].

The exponential distribution for x ≥ 0 is expressed as follows where λ describes a constant,
positive normalization factor:

pe(x;λ) = λexp[−λx] (2.27)

It models positive data with a constant hazard rate, meaning that the probability of an
event occurring is independent of the elapsed time.

The logistic distribution has the following pdf for the scale factor s > 0:

pl(x;µ, s) =
exp[−(x−µ)

s
]

s(1 + exp[−(x−µ)
s

])2
(2.28)

The logistic distribution models data with a symmetric distribution that has heavier tails
than the normal distribution.

The gamma distribution is defined for x > 0 as follows, where α and β are positive
values:

pg(x;α, β) =
βαxα−1exp[−βx]

Γ(α)
(2.29)

The gamma distribution models positive and right-skewed quantities, such as accumulated
capacity loss, and can represent varying levels of skewness.

The beta distribution can be described as follows, where x ∈ [0,1] and the shape factors
α,β > 0:

pb(x;α, β) =
xα−1(1− x)β−1

B(α,β)
(2.30)
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B(α,β) is the Beta function, which serves as a normalization factor. The beta distribution
is symmetric for α = β. The beta distribution models data constrained to a finite interval,
such as normalized SOH and can capture symmetric or skewed behaviors.

2.5.3 Goodness of Fit

As a complement to graphical analyses of a distributional fit, goodness-of-fit tests assess
the deviations between data points and density curves, generating characteristic values
that allow for a comparison of different fitting methods. We use these tests in Chapter 3 to
analyze the fitting results of SOH values to different theoretical distribution functions.

The residual sum of squares (RSS) is defined as the sum of the squared deviation of the
expected probability and the accurate probability that a specific SOH value occurs:

RSS =
n∑

i=1

(yi − ŷi)
2 (2.31)

In our application example of assessing the fit of distribution functions to our SOH field
data, yi represents an observed SOH value, and ŷi the corresponding value predicted by
the fitted distribution.

With the Kolmogorov-Smirnov test (KS), we assess the hypothesis that the empirical data
is compatible with being randomly extracted from a given theoretical pdf. We then state
the null hypothesis H0 : FN(x) = F (x) and the alternative hypothesis H1 : FN(x) ̸= F (x),
where FN(x) is the empirical cdf of the observed SOH values for a cluster, and F (x) is
the cdf of a fitted theoretical distribution (e.g., normal, lognormal). The KS statistic
represents the largest vertical difference between the empirical and theoretical cdf and is
defined as:

DN = sup
x

|FN(x)− F (x)| (2.32)

DN is then compared to a critical value that depends on the number of values and the
significance level. The critical value can be calculated according to Rithatgi and Saleh
[104]. If the supremum is higher than the critical value, the null hypothesis is rejected,
and it can be assumed that the observed data does not belong to the respective theoretical
distribution. If the supremum is lower than the critical value, the null hypothesis is not
rejected based on a significance level and it can be assumed that the empirical distribution
follows the specific theoretical distribution function. However, it’s essential to consider
the potential impact of a Type II error that arises when we fail to reject a false null
hypothesis [101]. This means that despite the empirical distribution not adhering to the
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theoretical distribution function under consideration, our hypothesis test fails to detect
this deviation, resulting in a false non-rejection of the null hypothesis.

Other goodness-of-fit tests, such as the Cramér-von-Mises [105] and Chi-Square [106,
107] tests, are also commonly employed to evaluate the agreement between empirical and
theoretical distributions. In this work, we focus on the KS test, which provides a robust
measure of the maximum deviation between the empirical and theoretical cdfs, together
with the RSS, which quantifies the overall squared deviations.
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Operation

To evaluate the drop-in potential of SIBs as possible replacements for LIBs within a
specific application, it is first necessary to understand the specific requirements of the
intended use case and assess whether a specific SIB can meet them. Early adoption will
likely occur in applications where cost reduction is particularly relevant, such as systems
currently relying on expensive high-power NMC/LTO batteries. Commercial SIBs typi-
cally offer high power capability [12] and have the potential for lower costs, making them
a promising alternative for these applications. Accordingly, this chapter establishes the
foundation for evaluating SIBs in such contexts by identifying and analyzing the opera-
tional conditions (e.g., current, SOC, and temperature ranges) and lifetime requirements
encountered in a high-power mobile application. In Chapter 4, we then investigate whether
a commercial SIB can fulfill these lifetime requirements under application-relevant condi-
tions and discuss specific aging characteristics that must be considered before integration.
The identified operating conditions additionally serve as the basis for Chapter 5, where
the on-board diagnostic performance of SIBs is evaluated under application-relevant sce-
narios.

Operational data is rarely publicly available, even though it forms the foundation for
understanding system requirements. To bridge this gap, we collaborated with a car man-
ufacturer to analyze an entire global vehicle fleet equipped with LIB NMC/LTO systems.
Our analysis is based on an extensive field dataset of 600,000 batteries in a 48V appli-
cation. Moreover, we introduce an anomaly detection framework for SOH values, which
identifies batteries with atypical aging and provides manufacturers with a systematic way
to rapidly assess in-field battery degradation and support reliability decisions.

The subsequent analyses have been published as a peer-reviewed article in the Journal
Cell Reports Physical Science under the title ”Detection of abnormal SOH estimates in
battery field data using statistical learning”[108].

3.1 Variability in Battery Aging

Field observations show that the aging behavior of individual cells varies significantly. This
so-called cell-to-cell variance can stem from an array of influencing factors, encompassing
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distinct operating conditions, environmental variables, usage patterns, production-related
inconsistencies [109–111], and the presence of corrupted software versions.

The production of battery cells involves a long and complex process chain as described in
[112]. In principle, any manufacturing-related variation in cells results from fluctuations
in process or material parameters [113]. Depending on the extent of these fluctuations,
the impact on battery performance can range from slightly accelerated aging to severe and
safety-critical cell failures [111, 114]. To mitigate these risks, End-of-Line tests are im-
plemented to ensure a quality standard for battery cells. Common tests include measure-
ments of voltage, voltage drop over time, capacity, and impedance [113, 115]. However, a
certain degree of statistical variation in cell quality remains unavoidable, manifesting in
differences in initial performance as well as aging behavior over time [111]. For instance,
Ank et al. [113] demonstrated that even under highly consistent process conditions, an
initial standard deviation of approximately 25% in internal resistance and 10% in capac-
ity can still occur. Notably, this study did not include any cells that were rejected based
on End-of-Line tests. Beyond initial performance variation, further differences emerge
over time. Baumhöfer et al. aged 48 cells under nearly identical environmental and cy-
cling conditions [116]. Their study revealed substantial inter- and intra-cycle differences.
Similar to Ank et al., an initial variation in quality was observed, but with capacity de-
viations below 1%. It is important to note that these were commercial cells subjected to
End-of-Line quality testing and sorting. However, as aging progressed, variance increased
significantly. Particularly striking was the lack of a clear correlation between initial capac-
ity and the value after 1200 cycles, highlighting the complexity and sensitivity of battery
aging.

Cells age differently not only due to inherent manufacturing variations but also because
of multiple degradation mechanisms occurring simultaneously [62]. These mechanisms
are strongly influenced by external conditions and usage patterns, such as temperature,
SOC, C-Rate, and DOD [58]. Temperature is a significant factor affecting battery ag-
ing [117]: At low temperatures, graphite-based cells are susceptible to lithium plating,
which negatively impacts both degradation and safety [117]. In contrast, high tempera-
tures accelerate SEI growth and structural changes [117]. Beyond SEI growth, elevated
temperatures also accelerate cathode degradation and the breakdown of inactive mate-
rials, such as binders. Schmalstieg et al. demonstrated that high temperatures are the
primary external factor driving calendar aging [118]. Typically, battery degradation oc-
curs up to ten times faster at elevated temperatures compared to operation at 25 °C [60].
Additionally, high current rates accelerate aging, primarily due to the anode’s capacity
limitations, which can lead to lithium plating and structural deterioration [59, 60]. Fur-
thermore, ohmic losses and temperature might increase which can accelerate degradation
[119]. This effect is particularly relevant for high-power applications, where batteries are
exposed to extremely high currents. While high currents and elevated temperatures drive
battery degradation, the way a battery is cycled also plays a crucial role in its longevity.
Von Geslin et al. observed lifespan extensions of up to 38% for dynamic cycling com-
pared to constant current tests, despite identical average current and voltage limits [120].
This suggests that laboratory-based battery lifetime assessments tend to be highly con-

36



3.2 Vehicle Field Data

servative. The impact of DOD on cycle life varies significantly depending on the cathode
material used [60]. According to the Wöhler curve, the lifetime increases with decreasing
DOD [121].

In addition to environmental conditions and production tolerances, variation in battery
aging can also arise from faulty estimations. Therefore, field data based on measured and
estimated BMS values may be inaccurate if the models or estimator are flawed, potentially
leading to misinterpretation of aging data.

3.2 Vehicle Field Data

As the advent of the information age, the advancement of big data technologies opens
up opportunities for precise monitoring of the battery pack health status [122, 123].
Consequently, car manufacturers collect real-world customer field data by accessing the
BMS memory, specifically the estimated SOH and relevant characteristics such as charge
throughput, and transmitting it to a centralized data pool for subsequent processing and
analysis. This systematic collection of periodic readouts facilitates thorough monitoring of
battery operation [124], encompassing various measured signals like temperature, voltage,
and current, as well as estimated states such as SOH and SOC.

In the following, we undertake an in-depth examination of a substantial real-world dataset
spanning from July 2020 to June 2023 to gain insights into estimated battery aging and
system requirements. The dataset comprises 12 million readouts originating from 600,000
customer and prototype vehicles, all equipped with 48V LIB systems. As a transitional
technology, these low-voltage batteries find utility in various vehicle applications, offering
fuel economy gains in mild-hybrid vehicles by assisting the combustion engines through
boosting and recuperation. Additionally, 48V batteries play a vital role by providing high
current peaks to support systems like roll stabilization, notably alleviating the load on the
conventional 12V battery [125]. In one battery system 20 individual cells are connected
in series. The characteristics of the system’s lithium-ion cell are depicted in Table 3.1.

Each readout encapsulates a snapshot of the vehicle’s load history, comprising an array
of vehicle-specific variables, including a hashed identification number, mileage, and the
order country, as well as storage variables obtained from the BMS of the LIB. Therefore,
this comprehensive battery dataset is constructed from a fusion of measured signals,
such as current, temperature, and voltage, alongside estimated variables like SOC and
SOH derived from on-board BMS estimation models. The variables encompass both
single-value metrics and histogram data. Single-value metrics offer instantaneous insights
into accumulating variables, such as energy throughput, (dis)charge counts, and SOH.
Conversely, histogram variables are used to characterize time-series data. This compressed
representation, driven by hardware limitations and storage constraints, enables efficient
storage and analysis of the battery’s load history. Examples of histogram variables include
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Table 3.1: Specifications of the underlying cell in the dataset [119].

Specification Unit Value

Nominal capacity Ah 10.6
Material cathode – NMC
Material anode – LTO
Nominal voltage V 2.2
Upper voltage limit V 2.65
Lower voltage limit V 1.9
Max. pulse discharge current (1s) A 760 (≈72 C)
Max. pulse charge current (1s) A 520 (≈49 C)
Allowed temperature range ◦C [-30, 70]

the time spent within estimated SOC ranges or charge counts within specific temperature
ranges. An initiation of a readout occurs via one of two methods: either during vehicle
operation, where it is transmitted over the air, or when the customer visits a service
facility. Consequently, the readouts from individual customers exhibit uneven sampling
intervals, with an average time span of 28 days between consecutive readouts. Figure 3.1
illustrates the SOH behavior provided by the readouts of three exemplary vehicles.
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Figure 3.1: Estimated SOH values for three exemplary vehicles across various energy
throughputs (left). Each data point corresponds to a singular readout, with
SOH values presented as integers. For each readout, the operating condi-
tions in the form of singular values or histograms are recorded (right). The
histogram represents counts of values within a range without distinguishing
the exact magnitude of each individual value.

Each readout comprises an integer SOH value (left) associated with a set of single and
histogram value variables which characterize the load history and operation conditions of
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the battery (right). Bank et al. already presented a detailed analysis of the environmen-
tal and operational factors for this dataset such as temperature, C-Rate, SOC, and DOD
[119] revealing that most values follow an approximately normal distribution within de-
fined operating ranges: Temperatures predominantly range from 10 °C to 40 °C, although
values up to 60 °C may occur in warmer regions. The SOC mostly remains between 40%
and 80%, C-Rate generally stays below 10 C, although occasional higher peaks are ob-
served, and DODs are predominantly under 10%. These conditions form the basis for the
operational assumptions and modeling approaches developed in Chapter 5.

Figure 3.2 shows the trajectories of SOH values for 100 thousand exemplary vehicles.
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Figure 3.2: SOH trajectories of 100 thousand exemplary batteries over energy through-
put. The whole dataset comprises 12 million readouts from 600 thousand
vehicles. It is essential to emphasize that the collected SOH values are dis-
crete integers. Thus, we employ linear interpolation for the visualization of
continuous SOH values.

While the majority of these trajectories reveal a relatively slow average aging speed,
certain trajectories exhibit a notably accelerated aging pace based on the estimated ag-
ing values. As described in Section 3.1, this diversity in aging rates can be attributed
to an array of influencing factors, encompassing distinct operating conditions, environ-
mental variables, usage patterns, production-related inconsistencies, and the presence of
corrupted software versions. Furthermore, there is a noticeable correlation between an
increased energy throughput and a broader dispersion of aging trajectories, signifying the
impact of usage intensity on battery aging patterns.

In Figure 3.3A, we employ the Gaussian kde, defined in Equation (2.22), to derive prob-
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ability curves at predefined energy throughput intervals of 200 kWh. Since SOH values
progressively spread over time, the distribution characteristics undergo an evident trans-
formation. They evolve from steep and narrow distributions associated with new batteries
to progressively broader distributions characteristic of older batteries. Furthermore, it is
noteworthy that all these distributions exhibit a left-skewed asymmetry, reflecting the
natural degradation of battery SOH over time and use. The change of distribution char-
acteristics can be quantified with the help of the coefficient of variation [109]. This metric
enables to assess variations in the context of a dataset’s mean, making it particularly
useful for comparing the standard deviation of datasets with differing means. Figure 3.3B
shows the deviation of maximum and minimum SOH values in orange and the coefficient
of variation, defined as the ratio of σ and µ, in green across different energy throughputs.
Generally, the deviation increases with higher energy throughput, considering a decreas-
ing mean. The difference between the minimum and maximum SOH remains relatively
constant with increasing energy throughput indicating that for all energy throughputs we
have some batteries that exhibit low SOH values.
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Figure 3.3: Statistical properties of the field dataset.
A: The kdes of SOH values across different energy throughputs exhibit vary-
ing distributional characteristics as energy throughput increases.
B: The coefficient of variation, i.e., the ratio of σ to µ, is depicted in green
for different energy throughputs. The difference between maximum and
minimum SOH is illustrated in orange.

Overall, the batteries can sustain an energy throughput of more than 6,000 kWh over their
lifetime in our application, corresponding to approximately 6,000 EFC. At this point, the
batteries reach an estimated SOH between 75% and 98%. In addition, all batteries
exhibit a distinct aging behavior that cannot be explained solely by calendar or cycle
aging, highlighting the need to analyze degradation in the context of specific operating
conditions.
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3.3 Aging Anomaly Detection Framework

Anomaly detection of SOH values enables manufacturers to identify batteries exhibiting
atypical aging. By detecting outliers without removing vehicles from service and without
requiring prior knowledge, we introduce an anomaly detection framework that is particu-
larly valuable when deploying new battery technologies, offering a systematic and reliable
approach for early identification of potential issues. In addition, we use this framework
to evaluate the sensitivity of detection performance to the SOH threshold, providing a
foundation for assessing whether comparable diagnostic accuracy can be achieved for the
investigated SIB. We validate our statistical framework by introducing pseudo SOHs as
known outlier data points and by using data from a corrupted prototype software version.
An overview of our anomaly detection framework is given in Figure 3.4.

600,000 vehicles
12,000,000 readouts

Aging Data Clustering Statistical
Learning

Outlier
Detection

Figure 3.4: Overview of aging anomaly detection framework based on the extensive
aging dataset.

The literature provides valuable research on anomaly detection, outlier detection and sta-
tistical fault diagnosis, all of which are relevant to battery safety [126–129], quality control
[130, 131] and predictive maintenance [132, 133]. Furthermore, researchers analyze real-
world vehicle data to build upon insights gained from controlled battery experiments and
employ statistical methods for advanced diagnosis [124, 134]. In particular, the field of
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statistical learning, which focuses on inferring statistical properties from data, has seen
increased adoption in the analysis of battery data [103, 135, 136]. However, existing re-
search does not focus on real-world aging-related data, instead, it investigates algorithms
designed for outlier detection through the analysis of measured time-series data [137].
Such data fundamentally differs from field aging data by a high sample frequency and the
characterization of variables in the time domain. In contrast, field data contains a rela-
tively low number of readouts per vehicle and includes compression of time-series variables
to the histogram and single-value data. Hence, the adoption of existing algorithms on
field aging data appears impractical. Moreover, conventional statistical outlier detection
methods tend to isolate data within individual vehicles, treating each one as a distinct
experiment. Consequently, there exists a need for an unsupervised method that thrives on
the increasing volume of data it encounters. Such a method can fulfill the role of a robust
monitoring system for field battery aging data, serving as a foundational component of
predictive maintenance strategies.

3.3.1 Load-History-Related Clustering

To account for various operation conditions and usage-patterns in our field data, we con-
duct a load-history-related clustering. Clustering, in general, is an unsupervised learning
task that aims to find distinct groups in data called clusters. Instead of density-based
clustering methods, we utilize a grid-based approach to account for physical aspects with
regard to battery aging instead of quantitative accumulations of SOH values. Such a
grid-based approach groups data points within the same value range of clustering vari-
ables irrespective of the proximity of neighboring data points. In contrast, DBSCAN
or DENCLUE, both representatives of unsupervised density-based clustering methods,
group data points that share the same area of akin data density [138]. While those meth-
ods can be applied to directly detect outliers by localizing isolated data points, detections
do not necessarily exhibit anomalous battery aging but also unique operational behavior
[139, 140]. Moreover, density-based constructed clusters would not ensure comparability
over the load history since no spatial restriction is given. Consequently, values within the
same cluster would not necessarily provide a similar load history with regard to battery
aging. Therefore, we apply a spatially restricted grid-based approach.

Previously, the representation of SOH distributions in Figure 3.3A solely accounts for the
variability of SOH values with respect to the energy throughput by neglecting potential
influences from temperature or SOC on battery aging. To account for further relevant
operation conditions, Table 3.2 lists available BMS variables from the field data readouts.
Notably, histogram variables encompass multiple values within corresponding bin ranges
and are pre-determined by the car or BMS manufacturer.

For instance, the histogram variable time soc x incorporates ten values to represent the
time spent in SOC ranges such as 0%-10%, 10%-20%, ..., 90%-100%. To streamline
the clustering process, we extract the most relevant information from all bin values by
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Table 3.2: Available clustering features from field data readouts. Histogram variables
comprise multiple bins for the respective variable range.

Name Description Unit

energy throughput Total battery energy throughput until readout kWh
mileage Driven mileage until readout km
time soc x1, . . . ,
time soc x10

Time spent in SOC range
x ∈ [0, 10, 20, . . . , 100] %

d

time temp x1, . . . ,
time temp x6

Time spent in temperature range
x ∈ [< 0, 0, 20, . . . , > 70] °C

d

charge temp x1, . . . ,
charge temp x6

Charge throughput in temperature range
x ∈ [< 0, 0, 20, . . . , > 70] °C

kAh

employing Principal Component Analysis (PCA) on each histogram variable. PCA applies
a linear transformation on the data, aligning the first component of the new coordinate
system with the direction of maximum variance of the data. The transformation of
the PCA can be derived from the following assumptions: Consider a data matrix X
of dimensions n × m, where each row signifies a variable, and each column represents
a sample from that variable. The covariance matrix CX captures both the variance of
individual variables along its diagonal and the covariances between pairs of variables in
its off-diagonal elements. Variances indicate the degree of dispersion within a variable,
while covariances denote the linear relationship between pairs of variables. Ideally, the
covariance matrix of transformed variables should possess exclusively diagonal values.
This configuration maximizes the information content along the axis directions while
minimizing redundant information. By that, the dimensionality of the data can be reduced
by selecting the first n principal components with maximum variance.

To illustrate the use of PCA for clustering our battery field data, we consider a simplified
and schematic example for the histogram variable time soc x comprising ten bins. Each
bin represents the time spent in a specific SOC range. First, the data are centered
by subtracting the mean of each SOC bin. Next, the covariance matrix is computed to
quantify how SOC bins co-vary, revealing patterns such as which ranges tend to increase or
decrease simultaneously. Eigenvalue decomposition of the covariance matrix then defines
the principal components, with the first component (PC1) capturing the largest variation
in the dataset. Conceptually, this can be seen as a rotation of the original axes, aligning the
new axis along the direction of maximum variance. Each battery can be represented by a
single score along PC1, which summarizes its overall SOC-time behavior for the variable
time soc x. Batteries with similar scores for this variable exhibit similar operational
patterns, while differences in the scores highlight distinctions in SOC usage that are not
evident from the original histogram bins. We represent each histogram variable from
a battery readout exclusively using its first principal component. It is important to
emphasize that principal components lack physical interpretations and, therefore, cannot
be expressed in units corresponding to their original variables. To validate the quality of
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the data reduction process, the amount of information covered in the original data has to
be analyzed. Since the size of the eigenvalue represents the degree of dispersion along the
corresponding eigenvector, the quotient of the ith eigenvalue and the sum of all remaining
eigenvalues quantifies the amount of explained variance of the considered eigenvector. As
shown in Figure 3.5A, the amount of explained variance ranges from 0.72 to 0.82 when
employing only the first principal component.
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Figure 3.5: Features of the PCA.
A: Explaining variance over the number of principal components. The first
principal component provides an explaining variance of around 0.8 for all
variables.
B-D: Loading plots of the original data for the first two principal components
PC1 and PC2. Main operating points (operation between 50 and 60% SOC,
20 °C to 40 °C) of the 48V battery have higher absolute loadings on PC1.
Table 3.2 lists the definitions of the variables.

As the histogram variable time soc x comprises ten bin ranges, its first principal com-
ponent provides the least explaining variance with 0.72, in contrast to time temp x and
charge temp x which both comprise six bin ranges and therefore reach an explaining vari-
ance of around 0.8. Furthermore, we investigate the influence of original variables on the
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principal components by computing the loading matrix L defined as the covariance of
the principal components and the original data. The loading of an original variable can
be computed by the product of the eigenvectors times the square root of the eigenvalues,
which denote the weight of their corresponding eigenvector: L = V

√
Λ. Now, selecting

the ith row of the loading matrix yields the loadings of the ith original variable for all prin-
cipal components. The results can be found in Figure 3.5B-D where a greater absolute
value of the original variable loading represents a stronger influence of that variable on the
respective principal component. This unveils a dominant influence of primary operating
points of the 48V battery, such as an SOC range of 50% – 60% on the first principal
component.

Overall, we identified the features in our field dataset that characterize the load history,
consisting of both single values and histogram-based features with multiple bins. To re-
duce the dimensionality of the histogram features, we applied PCA and demonstrate that
the first principal component captures sufficient information for subsequent clustering.

3.3.1.1 Set of Cluster Variables

To account for similar operating conditions within a cluster, it is necessary to identify
suitable clustering variables and assign each an optimal step size that defines how con-
tinuous values are discretized. This ensures that readouts falling within the same grid
cell share comparable conditions and can be meaningfully analyzed together. Ideally, for
such an approach, a cluster variable with an appropriate step size should yield evenly
sized clusters across the entire value range of that variable. In contrast, a poor clustering
variable would provide a few clusters that contain the majority of data points and an
abundance of empty clusters. To assess the quality of a clustering variable, we investigate
the distribution of cluster sizes for a given step size of that variable with the number of
resulting clusters n, the mean of cluster sizes µ and the standard deviation of cluster sizes
σ. In this context, the cluster size refers to the number of readouts a cluster contains
but not to the range of SOH values it comprises. Since we opt for evenly distributed
cluster sizes, a small standard deviation is desired as it indicates a low dispersion of clus-
ter sizes around their mean. The tree diagram in Figure 3.6 illustrates the number of
resulting clusters n, along with the mean µ and σ of cluster sizes for all possible variable
combinations.
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Figure 3.6: Number of resulting clusters n as well as mean µ and σ of cluster sizes for
all feature variable combinations. To ensure an equal distribution of cluster
sizes, we opt for a small σ, meaning we want clusters with a high number
of readouts. Consequently, we choose the variable combination A-D-E for
the clustering of vehicle readouts.
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We selected a step size of 170 kWh for energy throughput, 2500 km for mileage, 3.15 days
for pc1 time soc, 4 days for pc1 time temp and 1.2 kAh for pc1 charge temp so that each
variable yields the same number of clusters (n = 58) in the first step. Since we consider
a total of five cluster variables, five stages of combinations are possible where duplicates
have been omitted for the sake of clarity. The root node of the tree diagram represents
all available readouts before clustering. Hence, it comprises one cluster (n = 1), which
holds all available readouts (µ = 1.2e7). In the first stage, readouts get clustered by one
variable only to assess the clustering performance of each individual variable. It shows that
pc1 time soc (C) yields the highest σ of cluster sizes whereas energy throughput provides
the lowest one and therefore ensures a more even distribution of cluster sizes around the
mean µ. To identify the top three clustering variables, we follow the path of minimum
standard deviation and select the combination A–D–E (order irrelevant), corresponding
to energy throughput, pc1 time temp, and pc1 charge temp. These variables ensure that
the resulting clusters are as balanced in size as possible.

3.3.1.2 Step Size of Cluster Variables

In addition to the feature set selection, a feasible step size for each variable has to be
determined so that readouts within that value range are grouped together. To ensure
physically meaningful step sizes for the PCA variables we first round each histogram
variable to the nearest multiple of its step size before applying the PCA. Since battery
readouts within a cluster are assumed to share comparable load histories with respect to
the feature variable, an excessively large step size may lead to the clustering of inconsistent
vehicle readouts, while choosing an overly small step size can result in narrow clusters
that contain insufficient readouts for the statistical validity of our model.

In order to determine the optimal selection of step sizes quantitatively, we apply an
iterative method that continuously decreases the step size of each cluster variable and
checks the acceptance of a robustness condition across all data points. Based on the 1%
integer sampling of SOH values, we define the 95% confidence interval range W around
the estimated mean of each cluster to be less than 0.5% as a condition for statistical
robustness, given as follows:

W =
t95σ√
n

< 0.5%. (3.1)

with t95 as the 95% T-score from the Student’s t distribution, σ as the estimated standard
distribution and n as the sample size from each cluster. Here, we use the Student’s t
distribution instead of the Gaussian since both the variance and the mean are estimated
from each cluster. As given by Equation (3.1), the confidence range W increases with a
higher σ of a cluster and decreases with a larger cluster size. Next, we iteratively decrease
the stepsize from each cluster variable starting at 500 kWh for energy throughput, 20 d
for pc1 time temp, and 5 kAh for pc1 charge temp respectively, as long as the above
condition is met for 99% of all data points. Table 3.3 lists an excerpt for the resulting
condition acceptance when varying the step size of each cluster variable.
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Table 3.3: Excerpt of resulting acceptance from Equation 3.1 across all data points for
different step sizes. The chosen step sizes across the features are colored in
.

energy throughput pc1 time temp pc1 charge temp acceptance

500 kWh 20 d 5 kAh 99.37%
500 kWh 15 d 4 kAh 99.05%
400 kWh 20 d 3 kAh 99.10%
400 kWh 15 d 2 kAh 98.67%
300 kWh 20 d 3 kAh 98.95%
300 kWh 15 d 1 kAh 98.53%
200 kWh 15 d 1 kAh 98.26%

The smallest cluster configuration that would yield a 99% acceptance across all data
points of a total of 949 resulting clusters is 300 kWh for energy throughput, 15 d for
pc1 time temp, and 1 kAh for pc1 charge temp and will therefore be used for the grid
clustering.

With this clustering approach, the field data can now be assessed in the context of the
operating conditions. To this end, we identified three features for clustering the data,
namely energy throughput, pc1 time soc, and pc1 charge temp. For each feature, an
appropriate step size was determined to group the data accordingly.

3.3.2 Statistical Modeling Considering Usage Patterns

To capture the statistical characteristics of battery aging across the fleet, it is essential to
select a pdf that closely matches the observed empirical distributions within each cluster.
We assess the suitability of several pdfs, including normal, lognormal, Weibull, exponen-
tial, gamma, and beta distributions, which are detailed in Section 2.5.2. To fit these
theoretical distribution functions, we employ General Maximum-Likelihood-Estimates.

While many theoretical distribution functions typically exhibit a right-skewed pattern,
our battery field data presents distinct left-skewed distributional characteristics stemming
from the decreasing SOH values upon aging. To ensure an appropriate fit, we perform
fitting and assess pdfs for the ∆SOH values defined as follows:

∆SOH = 100%− SOH. (3.2)

Figure 3.7 showcases the empirical data alongside fitted distribution functions for ∆SOH,
considering two exemplary energy throughput scenarios at 600 kWh and 6,000 kWh re-
spectively.
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Figure 3.7: Various distribution functions are fitted to the empirical data, which is
represented by the histogram in gray. As the majority of the theoretical
pdfs are right-skewed, we analyze the pdfs and cdfs for ∆SOH values.

Notably, at lower energy throughputs, a majority of batteries exhibit high SOH values,
implying a low ∆SOH. However, as the SOH decreases, the empirical data becomes in-
creasingly diverse, resulting in a broader spectrum of SOH values and a more favorable fit
for pdfs. This shift in distributional characteristics with progressive aging underscores the
inherent diversity in the aging behaviors of batteries within the field data. Nevertheless,
it’s important to acknowledge that the field data’s aging values are estimated and are
susceptible to estimator inaccuracies.

The Cullen-Frey diagram is widely used to visually compare the distributional charac-
teristics of the dataset and evaluate its fit to specific distribution functions. Figure 3.8
illustrates the Cullen-Frey graph for the seven distribution functions described in Sec-
tion 2.5.2. Each data point represents the kurtosis and squared skewness of the empirical
distribution of SOH values for a given energy throughput. By evaluating the placement
of these data points within the Cullen-Frey diagram, we visually assess the goodness of fit
between the observed data and the particular pdf, gaining insights into the underlying dis-
tributional properties. While the normal, logistic, and exponential distribution functions
exhibit constant skewness and kurtosis values, the beta, lognormal, gamma, and Weibull
distributions introduce varying shape parameters that yield different kurtosis and skew-
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ness values. It is visible that the underlying empirical distribution has a diverse range of
distributional shapes. Hence, a pdf is necessary that allows for flexible modeling of the
different empirical distributions across various energy throughput scenarios.
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Figure 3.8: Cullen-Frey graph showing the distributional character of different pdfs and
the dataset. The points represent the dataset, while the lines indicate the
relationships between squared skewness and kurtosis for the theoretical dis-
tributions. The position of the dataset points relative to these lines provides
an indication of which distribution function may best describe the data.

As a complementary approach to the graphical examination of the distributional fit, we
employ analytical methods to assess the goodness of fit. To quantitatively evaluate how
well the empirical distribution fits with various pdfs, we employ two statistical metrics:
the RSS and the KS test, both described in Section 2.5.3. The results of these two
goodness-of-fit assessments are depicted in Figure 3.9. In Figure 3.9A, the RSS for each
fitted pdf is displayed, with scatter points illustrating RSS values across different energy
throughput scenarios. Notably, the RSS values for lognormal, Weibull, gamma, and
beta distributions are lower compared to the other distribution functions. Table 3.4
confirms this by additionally revealing that the mean and the median RSS values for
various energy throughput scenarios are lowest for the lognormal distribution. Figure 3.9B
presents the KS test results for different theoretical distributions, considering varying
energy throughputs. Remarkably, for lower energy throughput scenarios (< 1000 kWh),
it becomes apparent that none of the given distribution functions can feasibly fit the
distributional characteristics of the empirical data. Consequently, for all pdfs, the null
hypothesis that the data follows the respective distribution is rejected at a significance
level of α = 0.1. However, as we move to higher energy throughput scenarios, the null
hypothesis is not rejected for the lognormal, Weibull, gamma, and beta functions.

The lognormal distribution consistently exhibits superior fitting performance when com-
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Figure 3.9: Results of goodness-of-fit tests.
A: Boxplot that visualizes the RSS for the different theoretical distributions.
The data points depict the RSS for different energy throughputs.
B: Results of the KS test for the different theoretical distribution functions
with a significance level of α = 0.1. If DN = supx |FN(x)− F (x)| is smaller
than the critical value it falls within the green area, indicating that the
observed data aligns with the respective distribution. In case that DN is
greater than the critical value, it falls in the red area, indicating that the
null hypothesis is rejected. The critical value is calculated dependent on the
number of SOH values and the significance level.

pared to the other theoretical distributions across a range of energy throughput scenarios.
This is evident from its lowest total RSS sum, mean RSS, and median RSS. The results
from the KS test align with the RSS analysis, with the null hypothesis not being rejected
for energy throughputs above 1000 kWh, providing strong support for the selection of the
lognormal distribution to fit the field data. Considering both the RSS analysis and the
KS test results, the lognormal distribution emerges as the most suitable choice for fitting
the empirical data across a spectrum of energy throughput scenarios for diverse operation
conditions. Its ability to reliably represent distributional characteristics, especially in the
context of higher energy throughputs, justifies its selection for our battery dataset.

3.3.3 Anomaly Detection

Having selected the lognormal function as the most suitable pdf to describe the SOH value
distribution within each operation-specific cluster and identified the optimal cluster vari-
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Table 3.4: Analysis and quantization of the goodness of fit according to the error mea-
sure RSS. The best-case statistical metrics for RSS are colored in .

Error measure Distribution functions
normal lognormal weibull exponential logistic gamma beta

RSS

total sum 1.76 0.86 1.74 11.6 1.53 3.91 3.94
mean 0.057 0.027 0.056 0.37 0.049 0.13 0.13
median 0.031 0.0073 0.015 0.071 0.027 0.0081 0.009
σ 0.057 0.076 0.1 1.30 0.051 0.49 0.49
max. value 0.23 0.41 0.46 7.41 0.21 2.76 2.74

ables for achieving well-distributed cluster sizes, we proceed to determine the parameters
µ and σ2 of the lognormal function for each cluster containig the readouts as follows:

µ =

∑n
i ln(xi)

n
(3.3)

σ2 =

∑n
i (ln(xi)− µ)2

n− 1
. (3.4)

To ensure a right-skewed empirical distribution, x denotes the ∆ SOH= 100%-SOH values.
Additionally, since the logarithm is only defined for positive numbers, we set all ∆SOH
values that are zero to 0.1. This approximation is considered sufficiently close to zero,
given that the collected SOH values are integers. In this work, we focus on the detection of
contextual anomalies, often referred to as conditional outliers, within the presented field
data. These anomalies are values that distinctly deviate from other SOH values within the
same cluster of batteries sharing a similar load history, but are not necessarily outliers
when considering the overall data. We employ statistical learning methods and utilize
percentile techniques for the identification of those anomalies. Percentiles divide a dataset
into 100 equal parts, with the xth percentile representing the value below which x % of
observations fall, and (100-x) % are greater [141]. They form the basis for calculating the
two-sided confidence interval, which delineates the range of permissible SOH values for
a cluster. In our approach, we calculate the α/2 and 1 − α/2 percentiles of the cdf and
apply the following condition to detect a data point as an outlier:

is outlier(x) = x < ⌊pα/2⌋ ∨ x ≥ ⌈p1−α/2⌉ (3.5)

In the first part of Equation (3.5), a floor rounding operation to the nearest integer is
employed, along with a less-than condition, to account for the zero value replacement.
This operation aims to identify potential outliers characterized by slower estimated aging
compared to all other SOH values within the cluster. In the subsequent part of Equation
(3.5), we apply an equal or greater condition after rounding up the (1-α/2) percentile
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value. This condition is applicable to identify batteries exhibiting accelerated estimated
aging. The choice of the significance level α determines the probability of detecting false-
positive outliers. Therefore, it represents a trade-off between detecting an outlier and
the certainty that identified data points are actual outliers. Hence, a smaller confidence
interval results in a higher percentage of identified outliers, accompanied by an increased
likelihood of false-positive detection.

Figure 3.10A provides an overview of the resulting clusters of SOH values at a fixed
energy throughput of 300 kWh and illustrates the graph of the lognormal pdf based on
the distributions of ∆SOH=100%-SOH values from one exemplary cluster.
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Figure 3.10: Overview of cluster properties.
A: Available SOH data for a fixed energy throughput of 300 kWh across
all clusters (left). Distribution of ∆SOH values in the exemplary cluster
(right). Values falling under the orange segment of the distribution func-
tion are flagged as outliers within the specified confidence interval.
B: Cluster sizes for a fixed energy throughput of 900 kWh. The orange
clusters are omitted since the robustness condition is not accepted.
C: Amount of readouts before and after the robustness check. The relative
amount of readouts is depicted in purple.
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It shows a clear majority of lower ∆SOH values with a decreasing tendency towards higher
values. In this case, the estimations of the logarithmic mean µ and variance σ2 as given
in Equations (3.3) and (3.4) are accurate due to the cluster size and the evident trend
of the data. In contrast, smaller clusters with a comparable spread of SOH values could
not ensure a robust parameter estimation and, hence, not guarantee a valid result for the
outlier detection. Consequently, to account for too small cluster sizes with respect to the
σ of SOH values, we again apply Equation (3.1) to check for the statistical robustness
of a cluster so that the estimations of function parameters are not distorted by outlier
data points. Therefore, we define the range of the 95% symmetric confidence interval of
the mean to be less than 0.5% points. Those clusters that do not satisfy the robustness
condition will not be considered for the outlier detection. Figure 3.10B illustrates all
clusters at a fixed energy throughput of 900 kWh and also those that do not pass the
robustness check. As can be seen, only clusters with a small cluster size are affected by
the robustness filter and, therefore, do not substantially influence the total database size
as shown in Figure 3.10C.

3.3.4 Validation

Since the outlier detection model represents an unsupervised approach with no target
values to be trained on, the validation step requires labeled data of SOH values that are
considered outliers. Afterward, the detected and the considered true outlier values can be
compared to assess the quality of the model. To obtain those true outlier values, we apply
two different approaches for the validation of our framework. The first one utilizes pseudo
aging values, which are appended to each cluster to check for the detection sensitivity of
our method. By defining the relative SOH drop or rise for each artificial value of a cluster,
we can ensure validation for known outlier values and test the sensitivity of our method
for single data points that could have resulted from unusual battery aging. The second
approach employs the data of a corrupted development software version, which is known
to comprise under-estimated SOH values. Hence, we employ real driving data with a high
percentage of outlier values to investigate the detection rate of the model.

3.3.4.1 Validation with Pseudo Values

This validation step introduces pseudo SOH values, which are considered actual outliers,
and checks for the detection of those values. Hence, to validate the performance of the
outlier detection model, we add one artificial SOH value to each cluster i according to the
following equation:

SOHadd,i = Cpseudo · SOHi (3.6)

with SOHi as the mean SOH value of cluster i and Cpseudo as the rate representing the
outlier magnitude of the added value SOHadd,i. As given by Equation (3.6), the added
SOH value is the product of the mean SOH of the respective cluster and the constant
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Cpseudo, which determines the distance of the pseudo value to the mean SOH of the cluster.
As an example, a Cpseudo of 0.99 would add an artificial SOH value of 99% to the cluster
if its mean was 100%. Since SOH values usually increasingly spread over time and usage,
the magnitude of an outlier considered in an early cluster would not represent an outlier in
an older cluster due to a wider spread of SOH values. Hence, we increase the pseudo-rate
Cpseudo for clusters that comprise older battery readouts to guarantee the generation of
actual outlier values considering variations. Afterward, we filter all clusters based on the
robustness check from Equation (3.1) and apply the outlier detection framework to the
resulting data.

Figure 3.11 illustrates the detection of the pseudo SOH values at three energy throughputs
300 kWh, 2100 kWh and 3900 kWh and a significance level of α = 10 %. Hence, we
accept a 5% probability of incorrectly classifying a valid value as an outlier on either
side of the distribution. To account for the increasing spread of older SOH values, we
apply a pseudo-rate Cpseudo of 0.97, 0.94 and 0.92, respectively, following an industry-
standard acceptance threshold. These values define the acceptable range for aging-related
deviations [116] and ensure a balanced approach to anomaly detection: If the pseudo-
rate were set too high, minor cell-to-cell variations could be misclassified as anomalies,
potentially leading to warranty claims and increased costs. Conversely, if the pseudo-rate
were too low, critical aging might go undetected, potentially resulting in battery failures
in the field. By aligning with industry standards, our framework provides a practical
trade-off between early fault detection and avoiding excessive warranty cases. The left
panels of Figure 3.11 show the clusters at the fixed energy throughputs, where green
indicates a successfully detected pseudo SOH (’1’) value and orange a failed detection
of the artificial value (’0’). The right panels of Figure 3.11 illustrate the distribution
characteristics when fitting the lognormal distribution function on the ∆SOH values of
each cluster. Thereby, the two outer gray circles depict the upper and lower limit of the
two-sided 90% confidence interval and the middle circle is the mean of ∆SOH values.
Moreover, the circle marks show the pseudo SOH values of each cluster with the same
color scheme as of the left plot. One can see that for the energy throughput scenario at
300 kWh, all pseudo SOH values lie outside the defined confidence range and are thus
detected as outliers providing a too high ∆SOH value with respect to the remaining
∆SOH values of the cluster. At an energy throughput of 2100 kWh, four SOH values with
a pseudo-rate of 0.94 are not detected. The right plot shows a wider confidence range of
∆SOH values resulting from a higher dispersion of SOH values in those clusters. The same
applies to the not detected pseudo SOH value at an energy throughput of 3900 kWh and
a pseudo-rate of Cpseudo = 0.92. The resulting detection rates for the three scenarios are
100%, 97.8% and 96.2%, respectively. The sensitivity of anomaly detection to different
SOH deviations is discussed in the Supplementary Material A.2.
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Figure 3.11: Pseudo-SOH validation for different energy throughput scenarios. 1 indi-
cates a successfully identified artificial SOH value and 0 is not detected.
(a) Detection of outliers Cpseudo = 0.97 across all clusters at
energy throughput=300 kWh. The overall detection rate is 100 %.
(b) Detection of outliers Cpseudo = 0.94 across all clusters at
energy throughput=2100 kWh. The overall detection rate is 97.8%
(c) Detection of outliers Cpseudo = 0.92 across all clusters at
energy throughput=3900 kWh. The overall detection rate is 96.2%

.
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3.3.4.2 Validation with Field Data

In addition to the validation with artificial SOH values across different clusters, we employ
data points obtained from a corrupted software version deployed on batteries in prototype
vehicles to validate our framework. This specific software version is known for generating
underestimated SOH values, as depicted in Figure 3.12.
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Figure 3.12: SOH trajectories of 100 thousand exemplary vehicles and corrupted pro-
totype vehicles.

Figure 3.13A shows the congruence for each cluster variable based on the 90% confi-
dence interval. Purple-outlined, orange-filled circles signify successful outlier detection of
SOH values from the corrupted software version. Conversely, purple-outlined, green-filled
circles indicate that the SOH value from the validation software version has not been
identified as an anomaly. To analyze the detection rate of the validation software version,
Figure 3.13B shows the ratio of detected outliers within the corrupted software version
for all clusters of the respective cluster variable. Moreover, the histograms illustrate the
quantity of validation data for each specific SOH cluster related to the three selected
features. The corrupted software version is consistently identified across the entire range
of cluster variables with a total of 79% of detected validation data points as anomalies.
However, significant drops of the detection rate in Figure 3.13B are noticeable. These
drops result from a higher number of corrupted data points within a cluster. This is
confirmed by the green line showing the relative number of corrupt data points within
a cluster where higher percentages perfectly correlate to a drop in the detection rate.
For further analysis, Figure 3.14 shows two exemplary clusters to illustrate the distortion
of probability functions together with a shift of the confidence interval due to a higher
percentage of corrupt data points.
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Figure 3.13: Validation of the statistical framework with battery field data.
A: Validation of outlier detection based on a 90% confidence interval for
the three features. The data points outlined in purple are from a faulty
software version that should be identified with the developed framework.
B: Relative number of outlier detection of faulty SOH values. The his-
tograms show the count of data points within each cluster of the validation
data.
C: Relative number of identified vehicles with a corrupted software ver-
sion. Once a vehicle has been detected with an anomalous battery aging,
its later readouts will be ignored to mitigate the distortion of distribution
functions.
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Figure 3.14: Distortion of probability distribution functions in clusters with a high per-
centage of corrupted data points.

In order to evaluate the effectiveness of our framework to detect vehicles with an anoma-
lously aging battery, we investigate the number of detected vehicles from the prototype
fleet. Therefore, we will only account for vehicles with more than one available read-
out. Furthermore, we will ignore later readouts of a vehicle once it has been detected
with an anomalous SOH value to mitigate the distortion of fitted probability functions.
Figure 3.13C shows the resulting ratio of detected vehicles from the prototype fleet with
a corrupt software version which reaches a final value of 98%. Thereby, the detection
rate shows a decreasing trend due to fewer and fewer detectable vehicles remaining in the
prototype fleet.

3.4 Conclusion

Battery field data collection provides valuable insights into battery system performance
over their operational lifetimes, serving as a key resource for understanding real-world
behavior. In this work, we utilize an extensive dataset comprising over 12 million readouts
from 600,000 prototype and customer vehicles equipped with LIBs to identify relevant
operational behavior and degradation patterns in a high-power application. This data is
essential for defining the operational requirements that a new cell chemistry, like a SIB,
must meet when considered as a drop-in replacement for that application. Significantly,
the field data provides a detailed picture of the operational demands in the target high-
power mobile application. Batteries are regularly exposed to high C-Rates of 10 C and
typically operate within a temperature range of 10 °C to 40 °C. DODs are usually below
10%. Even though some batteries have an operational energy throughput of 6,000 kWh,
most batteries sustain an energy throughput of 4,000 kWh while retaining an SOH above
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95%. At the same time, degradation behavior shows notable variability across the fleet,
with SOH values differing by up to 30% in extreme cases.

We introduce a framework for detecting batteries with anomalous estimated aging, which
may result from either atypical degradation or a faulty vehicle software version. This
framework enables the analysis of in-field aging data without requiring prior knowledge of
the specific battery type, making it particularly valuable when deploying new technologies.
Identifying batteries with unusual aging patterns can guide manufacturer decisions, such
as battery replacements or software updates, and provides a systematic approach to assess
reliability directly in the field. For this analysis, we first grouped batteries with similar
usage histories based on carefully selected feature variables. These feature variables play a
crucial role in clustering batteries with comparable aging characteristics while distinguish-
ing those with distinct load patterns. We chose three BMS variables, considering charge
throughput, temperature range, and SOC range, to ensure balanced cluster sizes while
providing sufficient data for robust statistical analysis. For detecting irregular SOH values
within the individual clusters, we fit theoretical distribution functions to these clusters,
ultimately selecting the lognormal distribution function as the best-fitting representation
for our data. Then, we identified outliers for each cluster using a two-sided confidence
interval. To experimentally validate our statistical framework, we introduced individual
pseudo SOH values that represent known outlier data points. We conducted a sensitivity
analysis for an array of pseudo SOHs to account for different aging trajectories that have
been observed in literature [116]. For three given scenarios, our framework successfully
detected 98% of outliers across all clusters. Additionally, we used a corrupted software
version applied to prototype vehicles, deliberately underestimating the SOH. With our
methodology, we identified an average of 79% of data points and a total of 98% of vehicles
from the corrupted software as outliers. Importantly, across various SOH clusters, data
points from the corrupted software were recognized as anomalies, highlighting the frame-
work’s robustness across various battery operations. However, its effectiveness hinges on
the accuracy of the SOH estimates provided by the BMS. Consequently, if the framework
is to be applied to replacement technologies such as SIBs, their SOH must be estimated
with comparable precision under real-world conditions.
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4 Aging Analysis of a Commercial Sodium-Ion
Battery

High-power applications, such as the automotive case discussed in Chapter 3, currently
rely on NMC/LTO cells, which provide excellent power capability and long cycle life but
are limited by low energy density and high cost. These limitations make them suitable
candidates for replacement. Recent studies further indicate that SIBs can achieve compa-
rable power performance at substantially lower cost [12]. To successfully introduce SIBs
into such high-power applications, however, their lifetime under realistic operating con-
ditions must be well understood. Chapter 3 showed that temperature, current, and SOC
strongly influence the aging of high-power systems, which in field operation sustain up
to 6,000 EFC. If SIBs are to replace NMC/LTO-based systems, they must demonstrate
a comparable lifetime behavior. Understanding the influence of operating parameters
on degradation is a crucial prerequisite for assessing the technology’s suitability and en-
abling reliable lifetime prediction [58, 142, 143]. However, most existing studies on SIBs
remain limited to fundamental electrochemical analyses or small datasets involving only
a few cells [144, 145]. This lack of statistically robust aging data for commercial cells
restricts insights into long-term performance and complicates the identification of major
degradation modes relevant to practical applications.

This chapter addresses this gap by presenting the experimental setup and results of an
extensive aging study on a commercial SIB using a layered-oxide cathode and HC anode.
The study systematically investigates the influence of cycling conditions, particularly
DOD and mean SOC, on capacity fade and impedance growth within operating ranges
that are relevant to the high-power application. Diagnostic techniques such as DVA and
electrochemical impedance spectroscopy (EIS) are applied to track aging-related changes.
Finally, we perform a feature importance analysis to identify which parameters most
strongly correlate with capacity fade within the tested conditions. While not intended as
a complete aging study, this chapter provides an important foundation for gaining initial
indications of dominant aging mechanisms for the early-commercial SIB.
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4.1 Experimental Data

4.1.1 Commercial Sodium-Ion Battery

Within the aging study we age 81 commercial 18650-format sodium-ion cells produced
by Shenzhen Mushang Electronics Co., Ltd. The cells feature a layered-oxide (NaMO2)
cathode and a HC anode. Specifications are summarized in Table 4.1, where the main
characteristics are a nominal capacity of 1.2Ah, a specific energy density of 97Whkg−1,
and a specific power density of 810Wkg−1, with an operating voltage range between 1.5V
and 3.8V. The cells were comprehensively characterized in a previous publication [12],
which provides the foundation for the experimental design presented in this chapter.

Table 4.1: Cell specification and material characteristics based on the post-mortem
analysis conducted by Laufen et al. [12].

Cell specifications

Nominal capacity 1.2Ah
Nominal voltage 3.0V
Unit price 1.1 US$ (0.31 US$/Wh)
Dimensions (Ø × H) 18 × 65 mm
Weight 37 g
Internal resistance ≤25mΩ (1 kHz for 50% SOC)
Voltage range 1.5 – 3.8V
Current limits (charge) 0.6A (0.5C) for 0 °C – 10 °C

1.2A (1C) for 10 °C – 20 °C
3.6A (3C) for 15 °C – 25 °C
6.0A (5C) for 20 °C – 45 °C

Current limits (discharge) 9.6A (8C) for 10 °C – 50 °C

Post-Mortem analysis

Separator
Material Polymer without coating
Thickness 15 µm
Porosity 40.6% (Hg-Intrusion)

Electrolyte
Solvent DMC:EMC:EC:PC:EP
Solvent mass 3.4 g

Positive electrode Negative electrode
Active material Layered oxide (NaMO2) hard carbon (HC)
Porosity 29.9% (Hg-Intrusion) 31.4% (Hg-Intrusion)
Coating weight 31.61mgcm-2 16.02mgcm-2

Coating surface 798.10 cm2 857.86 cm2

Number of layers 1 (double coated) 1 (double coated)
Dimensions (L × B × D) 70 × 57.5 × 0.111mm 76.9 × 59 × 0.154mm
Thickness of current collectors 17µm (aluminum) 6 µm (copper)
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4.1 Experimental Data

Figure 4.1 presents the quasi open-circuit voltage (qOCV) of a pristine cell, measured
at a low current rate (C/20) at 25 °C. The voltage curve exhibits a distinct hysteresis,
i.e. a difference between charge and discharge curve, in the lower SOC range, while the
remainder of the curve shows a comparably steep slope with low hysteresis.
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Figure 4.1: The qOCV of the investigated SIB. The curves are determined by discharg-
ing and charging the cell at 25 °C within their voltage range using a C/20
current [12].

4.1.2 Initial Cell-to-Cell Variance

Cell-to-cell variation affects system design, aging behavior, and safety aspects [109, 111,
146]. These variations either result from differing operating conditions or from inherent
electrochemical differences between individual cells, often traceable to production inconsis-
tencies [109], as discussed in Section 3.1. According to the manufacturer, all investigated
cells originate from the same production batch. Figure 4.2 shows the distributions of the
initial capacity and resistance for each cell, based on the initial reference performance test
(RPT). The green line represents the kde, while the orange line indicates the respective
σ intervals. Capacity was determined from a full discharge at 0.5 C, and resistance refers
to the 10 s pulse resistance measured at 50% SOC.

The mean initial capacity is 1.162Ah, with a standard deviation of 0.028Ah, resulting
in a coefficient of variation of 2.41%. For resistance, the mean value is 53.1mΩ, with a
standard deviation of 1.83mΩ, yielding a coefficient of variation of 3.44%. These values
are slightly higher than those reported in the literature: For example, Rumpf et al. [109]
observed a coefficient of variation of 0.41% for capacity and 1.43% for pulse resistance.
Given that SIBs have only been commercialized recently, the results still indicate relatively
low initial variation, particularly with regard to capacity.
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Figure 4.2: Frequency distribution and kde for initial capacity and 10 s pulse resistance
at 50% SOC for all 81 cells. The orange lines indicate the σ intervals and
the mean for capacity and resistance.

4.1.3 Design of Experiment

The test bench used for the aging experiments is shown in Figure 4.3. Inside a cli-
mate chamber maintained at 25 °C, a rack holds eight main boards arranged in rows,
each accommodating four cells connected via four-wire measurement. Besides the overall
temperature control of the chamber, the cell temperature is not individually regulated;
instead, the cells remain in constant contact with the surrounding air. The maximum
current per cell is 10A, corresponding to a C-Rate of approximately 8 C. Adjacent to the
chamber is the cycler unit, which controls the charge and discharge of each cell, while
an Inspectrum device mounted on top of the chamber performs EIS measurements. The
hardware used in this study is summarized in Table 4.2. A fixture consisting of a moth-
erboard and piggyback printed circuit board (PCB) ensures temperature homogeneity
within the chamber by positioning the cells in the direction of the airflow. This leads to a
temperature variation of no more than 1K. For EIS, 12 out of the 81 cells are character-
ized using the multi-sine excitation method from the manufacturer, which allows multiple
frequencies to be measured simultaneously. 32 evenly spaced frequency points between
10mHz and 10 kHz are used to capture sufficient data on electrochemical processes while
optimizing measurement time.

To design the cycling conditions for this aging study, we first determine the voltage limits
based on the qOCV curve shown in Figure 4.1. By selecting voltage windows centered
around DVA peaks we aim to cycle the cells near phase transitions that are hypothesized
to trigger specific aging mechanisms enabling us to distinguish between individual degra-
dation effects [147]. Using these defined voltage windows, we cycle 81 SIBs in a climate
chamber at 25 °C with a 2C/2C rate under six different conditions that vary in mean SOC
and DOD, as shown in Figure 4.4.
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Table 4.2: Accuracy of the measured signals for the devices used in this aging study.

Instrument Name Variable Precision Range

Cycler MCT 10-6-384(360) HD

Voltage ±3mV 0 V - 6 V
Current ±0.5mA 0.01A - 1A

±1.25mA 0.025A - 2.5A
±2.5mA 0.05A - 5A
±5mA 0.1A - 10A

Temp. measurement ±0.5K −55 °C - 125 °C

Temp. Chamber LabEvent T/500/30/3 Temp. control ±1K −60 °C - 130 °C

EIS Galvanostat Inspectrum.10-5 HD
Impedance ampl. ≤ 1% 0.1mΩ - 100mΩ
Impedance phase ≤ 0.5◦ −90◦ - 90◦

Figure 4.3: Testbench for the conducted aging tests. The cells are cycled in a tem-
perature chamber at 25 °C. For 12 cells, we additionally perform EIS mea-
surements. The device is placed on the top of the chamber. The cycler,
responsible for charge and discharge of each cell, is next to the temperature
chamber.

During aging, we account for cell hysteresis by discharging to the voltage on the discharge
curve and charging to the voltage on the charge curve, ensuring cycling occurs within a
consistent SOC range. For simplicity, we introduce the notation meanXDODY, where X
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Figure 4.4: Design of Experiment for the aging study We focus on six conditions, where
we vary DOD and mean SOC.

denotes the mean SOC and Y the DOD, corresponding to an SOC range from (X − Y/2)
to (X + Y/2). To ensure statistical significance and to properly analyze aging variations,
the following number of cells were cycled for each condition:

• For the conditions mean20DOD20, mean20DOD40, mean40DOD20, and
mean80DOD40, 8 cells were cycled.

• For the condition mean50DOD80, 40 cells were cycled, following the statistical ap-
proach of Baumhöfer et al. [116].

• For the condition mean80DOD20, 9 cells were cycled.
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4.1.3.1 Reference Performance Test

To monitor cell degradation consistently, each cell undergoes a RPT after reaching the
equivalent of 400 EFC, in line with values commonly reported in the literature [148]. This
interval balances diagnostic resolution with minimal interruption to the cycling process.
However, because the cells are cycled within fixed voltage windows, the actual charge
throughput per cycle can vary depending on the cell’s internal resistance and aging state.
At higher C-Rates such as 2C/2C, increased overpotentials can cause the voltage limits
to be reached more quickly, reducing the effective capacity utilized in each cycle and
thereby lowering the actual charge throughput. To account for this variation, we calculate
the average charge throughput per cell during cycling and estimate how many cycles
correspond to 400 EFC. Based on this mapping, each cell is scheduled for an RPT at the
cycle count that aligns with this charge-equivalent threshold. The detailed test protocol
of the RPT is shown in Figure 4.5. The capacity is determined by fully discharging the
fully charged cell and determining the charge throughput by integrating the measured
discharge current. The pulse tests consist of 10 second pulses in both charge and discharge
directions, followed by charge balancing after each pulse. To capture current and SOC
dependency, pulse tests are conducted for several C-Rates at 90%, 50%, and 10% SOC.
However, to reduce analytical complexity and focus on the core aspects of this work,
we limit the evaluation to the results obtained at 1 C and 50% SOC and calculate the
resistance according to Equation (4.1), whereas t represents the current time.

R =

∣∣∣∣V (t+ 10 s)− V (t)

I

∣∣∣∣ (4.1)

The qOCV measurement involves a full charge and discharge cycle using a C/20 cur-
rent. Besides capacity, pulse, and qOCV measurements, the EIS spectra for 12 cells are
measured.

4.1.4 Overview Aging

Figures 4.6, 4.7, and 4.8 summarize the results of the aging study, which serve as the
foundation for all subsequent analyses. The SIBs are grouped according to their respective
aging conditions, with the color scale representing the aging rate. The capacity-based
aging rate is defined by Equation (4.2), where t denotes the time of evaluation (i.e., the
most recent RPT) and CBOL the initially measured capacity.

aging speedC =

CBOL−C(t)
CBOL

· 100 %

Ah throughput(t)
(4.2)

The resistance-based aging rate is defined analogously in Equation (4.3), with RBOL rep-
resenting the initial resistance. Negative values indicate an increase in internal resistance,
while positive values reflect a decrease. Because the charge throughput differs across cells
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Start

Capacity test @ 0.5 C

Pause for 2h

Discharge 10% SOC @ 0.5 C

Pulse, (EIS)

Discharge 40% SOC @ 0.5 C

Pulse, (EIS)

Discharge 10% SOC @ 0.5 C

Pulse, (EIS)

qOCV

Stop

1. CC CHA with 0.5 C
2. CV until I<C/20
3. CC DCH until cut-off voltage
4. 1h rest
5. Set capacity
6. CC CHA with 0.5 C until end-of-charge voltage
7. CV until I<C/20

1. Wait until ∆V<0.5mV in 30min
(2. EIS measurement)
3. 1C CC DCH for 10 s, wait 10 min and continue if

∆V<1mV in 2 min,
0.5 CC CHA until ∆Q=0

4. 1C CC CHA for 10 s, wait 10 min and continue if
∆V<1mV in 2 min,
0.5 CC DCH until ∆Q=0

5. 2C CC DCH for 10 s, wait 10 min and continue if
∆V<1mV in 2 min,
0.5 CC CHA until ∆Q=0

6. 2C CC CHA for 10 s, wait 10 min and continue if
∆V<1mV in 2 min,
0.5 CC DCH until ∆Q=0

1. CC CHA with 0.5 C
2. CV until I<C/20
3. 2h rest
4. CC DCH with C/20 until cut-off voltage
5. 30 min rest
6. CC CHA with C/20 until end-of-charge voltage
7. 10 min rest

Figure 4.5: The test protocol for the RPT. Each cell undergoes this test approximately
every 400 EFC to determine its current state and identify aging indicators.
CC stands for constant current, whereas CV denotes constant voltage.

due to condition-dependent cycling, the aging rate provides a more meaningful comparison
than relative capacity loss alone, as it normalizes degradation by the charge throughput.
Using these metrics makes it possible to directly compare cells aged under different con-
ditions and test durations.

aging speedR =

RBOL−R(t)
RBOL

· 100 %

Ah throughput(t)
(4.3)

Figure 4.6 shows the result of capacity loss across all conditions and reveals significantly
different aging behaviors depending on the operating conditions. Based on experience with
lithium-based aging, it was expected that the aging would increase with higher DOD [118].
However, the aging for the mid mean SOC with a high DOD is surprisingly low. As shown
in Figure 4.7, the capacity loss in mean50DOD80 is only 1% (median) after more than
4,000 EFC. The maximum relative capacity loss is below 6%. Furthermore, we observe
two distinct behaviors which may be due to variations in cell batches or different initial
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Figure 4.6: Overview of capacity results of the SIB aging data grouped into the six
operating conditions. Each point corresponds to a specific capacity value
resulting from the capacity test during RPT. The color represents the aging
speed defined by Equation (4.2).

aging states. For cycling in the range from 30% to 50%, i.e., the condition mean40DOD20,
the capacity loss remains also remarkably low. In both categories, the variation in aging
speed at Begin-of-Life (BOL) and over the aging process are minimal. For lower mean SOC
values, i.e., the conditions mean20DOD20 and mean20DOD40, a different aging pattern
is visible. Figure 4.7 shows that the median relative capacity loss in both categories
exceeds 4%, with the maximum relative capacity loss reaching approximately 10% in the
mean20DOD20 category. In the upper SOC range, the aging is low but still higher than
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in the first two categories, with a median of over 2% and the variation in aging speed
within this condition is small.
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Figure 4.7: Relative capacity loss across each cycling condition. The relative capacity
loss is the highest for lower mean SOC. The DOD merely has small influence
on the relative capacity loss. The color represents the aging speed defined
by Equation (4.2).

The resistance trends shown in Figure 4.8 also reveal a highly variable pattern depending
on the condition. For the mean50DOD80 condition, the resistance increases moderately,
with two distinct trends observed. In the mean40DOD20 condition, the trend in the
resistance data is generally decreasing. In the two conditions with a mean SOC of 20%,
resistance shows a general increasing trend, though some cells exhibit a decrease. Under
the mean80DOD20 and mean80DOD40 conditions, the trend is difficult to interpret, as
the cells fall into two categories: those with little to no change in resistance and those
showing a slight increase in resistance with cycling. In summary, we observe that changes
in cell resistance are much more heterogeneous compared to changes in capacity for the
investigated SIB.

The correlation between resistance and capacity is shown in Figure 4.9, where each point
represents a cell’s RPT. The colorbar represents the aging speed according to the capacity
for a specific cell. Under the mean50DOD80 condition a linear trend can be observed,
where the cells that have low resistance and high capacity correspond to a lower aging
speed. In general, we observe that cells exhibiting faster aging speed tend to develop
higher internal resistances, likely due to the snowballing nature of degradation mecha-
nisms prevalent at high SOCs, such as sodium plating [149]. However, this relationship
is less evident under certain cycling conditions. For example, in the mean40DOD20 case,
capacity decreases slightly with increasing EFC, while resistance remains largely stable.
This trend is further corroborated by the individual resistance evolution presented in
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Figure 4.8: Overview of resistance results of the SIB aging data grouped into the six
operating conditions. The color represents the aging speed defined by Equa-
tion (4.3). A positive aging speed indicates that the resistance is decreasing
over cycling, whereas a negative aging speed indicates an increase in resis-
tance.

Figure 4.8. In other cases, the aging speed appears largely uncorrelated with changes in
resistance or capacity. Interestingly, cells cycled around an SOC of 20% can exhibit both
high aging speed and simultaneously high capacity and low resistance. This implies that
although a cell may degrade quickly over time, it can retain a relatively high capacity and
low resistance in the early or intermediate stages of aging. Notably, the approximately
linear relationship between capacity and resistance observed for the mean50DOD80 con-
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dition is not evident under the mean80DOD20 condition. This may be attributed to the
lower DOD, resulting in reduced effective charge throughput due to increased overpoten-
tials. In contrast, the mean80DOD40 condition follows a similar but less distinct trend
than mean50DOD80, indicating a combination of different aging mechanisms.
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Figure 4.9: Relationship between capacity and resistance over lifetime across all six
cycling conditions. Every point reflects a cell’s RPT value. The color of the
point reflects the aging speed with regards to capacity.
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4.1.5 Voltage Behavior

Figure 4.10 illustrates the qOCV curves across all 81 cells and RPTs as a function of
capacity, independent of the cycling condition.
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Figure 4.10: Discharge qOCV curves across all cells and RPTs without accounting for
the specific cycling condition. The colorbar indicates the capacity of the
respective RPT.

At first glance, the color gradient of the qOCVs over aging might suggest that OCV
can be approximated as a function of specific capacity alone, without accounting for
different aging modes. This simplification, in which OCV is assumed to depend exclusively
on capacity, leading to a compression of the OCV curve, is commonly used in SOH
estimation models. However, this approach introduces approximation errors when applied
to our dataset. For example, the disappearance of the qOCV plateau around 0.8Ah with
progressive aging cannot be fully explained by resistance-induced overpotentials, as is
commonly assumed in on-board SOH estimation methods. A more detailed analysis of
these errors and their implications is provided in Section 5.2.2. Additionally, differences
between qOCVs at a fixed capacity value are apparent, reflecting the influence of different
underlying degradation mechanisms. These differences will be further analyzed in the
following section providing insights into the specific causes of aging.

The features that we use for the degradation analysis based on qOCV measurements (DVA
and qHysteresis) are summarized in Table 4.3. Features derived from EIS measurements
are also included and will be analyzed in Section 4.2.2. For improved clarity, the selected
characteristics are additionally illustrated in Figure 4.11.
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Table 4.3: Selected features for the degradation analysis of the SIB. indicates DVA
features, indicates qHysteresis features, and indicates EIS features

Name Description

HPX Height of HP X
LPX Height of LP X
HPX/LPXloc SOC position of HPX/LPX
Diff HPX/LPX SOC difference between two HPs/LPs
HP/LP Height of HP/LP in the qHysteresis curve
HP/LPloc SOC position of the HPX/LPX in the qHysteresis
HP/LP Imaginary part of HP or LP in the EIS Nyquist plot
ZC/HP/LPloc Real part of the impedance at ZC/HP/LP
Diff LPZC Difference in real part of the impedance between LP
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Figure 4.11: For the different measurement and analysis methods we employ a wide ar-
ray of features based on the qOCV measurements. High point is denoted
as HP, low point as LP and zero crossing as ZC, respectively. Every char-
acteristic point is defined with its x-value (location) and y-value. The full
cell SOC is defined as the charge normalized to the actual capacity value.
A: DVA.
B: qHysteresis.
C: EIS.

4.2 Degradation Analysis

In the following, we first gather all observations related to the features of the DVA, EIS,
and qHysteresis, and then discuss their correlation across all RPTs with capacity loss in
Section 4.3.
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4.2.1 Differential Voltage Analysis

DVA is a widely used, non-destructive method for analyzing specific battery degradation
modes [150–152]. The method analyzes the differential full cell voltage under quasi-
equilibrium conditions, expressed as the superposition of the anode and cathode poten-
tials, as shown in Equation 4.4 [153]. Systematic shifts in these voltage profiles enable
the identification of degradation phenomena, including LAM and loss of sodium inventory
(LSI). A plateau in the DVA indicates that two phases co-exist, whereas the distance be-
tween two peaks corresponds to the capacity change between phase transition [151]. When
conducting DVA we typically track the location and height of the peaks as indicated in
Figure 4.11A that represent the material being in a single phase [151]. A key distinction
between DVA and the incremental capacity analysis (ICA) is how they represent electro-
chemical processes: While ICA peaks correspond to phase equilibria, DVA peaks indicate
phase transitions [154]. Additionally, ICA does not allow for the linear separation of
individual electrode contributions, whereas DVA preserves this separation.(

dV

dQ

)
fullcell

=

(
dV

dQ

)
cathode

−
(
dV

dQ

)
anode

(4.4)

To investigate degradation mechanisms under varying conditions, the full cell voltage
must be separated into its anode and cathode contributions. This requires a balancing
procedure, in which the full cell voltage is reconstructed from the anode and cathode half-
cell curves and adjusted to minimize deviations from the measured qOCV. Schütte et al.
[155] previously conducted the qOCV fitting for the investigated SIB, which serves as
the foundation for our DVA. They first disassembled the full cell, extracted the electrode
materials, and reassembled them into coin cells with a sodium metal counter electrode. To
determine the anode’s half-cell potential, they used a coin cell setup. For the cathode, they
employed a three-electrode set-up, where the cathode functioned within the full cell with
an additional sodium reference electrode. The resulting anode and cathode qOCV curves
were then fitted to the full cell qOCV. The reference qOCV was measured using low-
current (C/20) charge and discharge cycles without rest phases. Applying the algorithm
by Li et al. [156], Schütte et al. minimized the root mean square error (RMSE), achieving
an accuracy of 5.4mV [155]. However, it should be noted that the anode was charged
only up to the cell’s nominal capacity, and the potential behavior beyond this range
remains unclear. In this work, as a remedy, we extrapolate the behavior at the end of the
anode’s open-circuit potential (OCP). Figure 4.12A illustrates the resulting relationship
between the full cell qOCV and the OCPs of the anode and cathode. It presents the
full cell discharge qOCV (purple line), the simulated qOCV (dashed black line), and the
individual OCPs of the cathode (orange line) and anode (green line), respectively. The
fitting parameters θEOC and θEOD define the limits at the end of charge and discharge,
outlining the operating range of both electrodes. [155]

In Figure 4.12B, the differential voltage (∂V /∂SOC, DV) is plotted against the full cell
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Figure 4.12: Balancing of the commercial SIB conducted by Schütte et al. [155].
A: Anode and cathode OCP and resulting full cell voltage, with SOS indi-
cating the state of sodiation.
B: Anode, cathode, and full cell differential voltage (measured and sim-
ulated). We analyze five characteristic peaks to track the degradation
modes.

SOC, highlighting voltage plateaus and phase transitions. For our analysis, we identify
five peaks that are characteristic for the investigated SIB with their x and y value, i.e.
HP1, LP1, HP2, LP2, HP3 as described in Table 4.3.

As battery cells age, the OCPs of their individual electrodes undergo characteristic shifts
[5, 157]. Figure 4.13 illustrates the simulated electrode potential shifts associated with the
degradation mechanisms LSI, LAMNE, and LAMPE, for both the sodiated and desodiated
states, based on the half-cell balancing of the SIB. Figure 4.13A depicts a 10% LSI,
corresponding to a 10% loss of cyclable sodium. As sodium inventory decreases, the
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electrodes are no longer fully utilized, causing the anode potential to rise. In the sodiated
state of the negative electrode, this higher anode potential results in a slight capacity
increase, illustrated by the light green region. This occurs because more cathode capacity
can now be used while still reaching the upper end-of-charge voltage of 3.8V. In the DVA,
this anode shift is primarily reflected in a reduction of LP2 and HP3. Figure 4.13B shows
a 10% loss of active material in the negative electrode in its desodiated state. This loss
reduces the amount of sodium that can be stored and released, causing the anode OCP
to compress. While the relative shape of the anode potential itself remains unchanged,
the compression results in a lower anode potential at higher SOCs, meaning the end-of-
discharge voltage is reached more quickly. Since the cell continues to operate at 3.8V,
negative anode potentials may occur, increasing the risk of sodium plating. However,
as already noted, the anode curve was not determined beyond the half-cell balancing
shown in Figure 4.12A. To still illustrate the degradation mode, we use extrapolation, but
emphasize that the actual course of the DV at high SOCs cannot be accurately represented
as a result. If sodiated active material is lost at the anode, two effects emerge: First, less
sodium is available for cycling, and, second, the anode’s reduced capacity further lowers
its potential curve (Figure 4.13C). Although the charge potential remains unchanged for
both electrodes, the anode’s end-of-discharge voltage, and consequently that of the full
cell, shift, similar to the LSI scenario in Figure 4.13A. Figure 4.13D illustrates the loss
of 10% desodiated active material in the positive electrode. Here, the cathode potential
at the end of charge remains unchanged, but the cathode curve is compressed, leading to
a lower potential at the end of discharge. In our targeted SIB, this is associated with a
pronounced potential drop. In the case of sodiated cathode material loss in Figure 4.13E,
the discharge potential of the electrodes remains unchanged compared to the pristine
state. At the end of charge, the anode potential is higher, which results in a higher
cathode potential to maintain the 3.8V end-of-charge voltage.
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Figure 4.13: Different degradation modes and their impact on full cell voltage through
half-cell potential variations are illustrated. The gray area represents ca-
pacity loss, while the light green area indicates a stochiometric offset that
results in capacity gain. The black dots indicate shifts in the OCP and
full cell OCV. The horizontal dashed lines mark the operating range of the
full cell. The right panel displays DV curves for both half cells and the full
cell.

78
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To facilitate the analysis of the DV curves, we shift the curves in Figure 4.13B and Figure
4.13E so that they start at a full cell SOC of 1. This adjustment is consistent with the
common practice in the literature of performing DVA on the discharge curves, which is
also followed in this work. Importantly, we note that the shifted DVA (from Figure 4.13B)
in Figure 4.14A, is the only case where HP3 rises and HP2 has an nearly horizontal shift.
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Figure 4.14: Adjusted DV curves from
A: 4.13B (loss of active material anode desodiated).
B: 4.13E (loss of active material cathode sodiated).
Shifting the curves to an initial SOC of 1 ensures their comparability in
the subsequent analysis.

After discussing the theoretically occurring shifts in the DVA, we now consider the mea-
sured DVs across the RPTs for different conditions. To determine the DV, the gradient
of the discharge voltage curve is calculated with respect to the charge throughput, after
it was smoothed using the MATLAB smooth function with a smoothing factor of 500.
For the feature analysis and feature importance analysis, as discussed, we identify five
relevant peaks in the DV curves. These peaks are determined using the MATLAB func-
tion findpeaks, where we specify a minimum height and peak prominence for clearer
identification.

Figure 4.15 shows the change in the DVs over the course of the RPTs with respect to the
capacity. Given the previously described heterogeneity in aging rates, three representative
cells are presented in each row: In the first panel, a cell with a relatively low relative
capacity loss is shown; in the second, one with a moderate relative capacity loss; and
in the third, a cell with a high relative capacity loss compared to the other cells under
the same cycling condition. The comparison is intended to illustrate whether, as aging
progresses, the peaks in the DV curves shift and start to overlap, which could make it
increasingly challenging to clearly identify and separate individual peaks.
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Figure 4.15: DVA for three representative cells within each cycling condition. The first
panel reflects a cell with low relative capacity loss, the second panel a cell
with moderate relative capacity loss, and the third panel a cell with high
relative capacity loss. The relative capacity loss is shown in gray in the
lower left corner for each panel.
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It is first noticeable that cells in the first and third panels of Figure 4.15 often show
a relatively different DV shape and evolution compared to the middle panel. We
suspect this heterogeneity arises from the suggested variations in initial aging states or
manufacturing differences [113]. To ensure comparability and a clearer analysis of typical
degradation behavior, we focus on the cells in the middle panel.

Under the condition mean50DOD80, shown in Figure 4.15A, we observe a slight
leftward shift of all DVA features across all aging rates. Additionally, for the first two
panels HP3 shifts slightly upward. For the right panel, HP3 decreases significantly.
For the condition mean40DOD20, shown in Figure 4.15B, a similar overall trend is
observed, though HP3 shifts slightly downward and to the left instead of upward, and
the overall leftward drift of all peaks is less pronounced. In the cases with low mean
SOC, i.e., mean20DOD20 and mean20DOD40, shown in Figure 4.15C and D, a different
pattern emerges: the steepness of the increase of HP3 and the extent of the leftward
shift are much more pronounced. Additionally, we observe the previously mentioned
distinct horizontal left shift of HP2. For the right panel we see that HP3 first decreases
and then increases in height with progressive aging. In the cases with high average
SOC (mean80DOD20 and mean80DOD40), shown in Figure 4.15E and Figure 4.15F,
all peaks, except for HP3, shift slightly downward and to the left or remain consistent
in height. HP3 initially moves downward and to the left, then shifts upward and to
the left, resulting in only a minimal increase in the peak. Overall, it is noticeable that
HP2 exhibits a similar downward-leftward movement in almost all conditions, with the
exceptions being mean20DOD20 and mean20DOD40. In contrast, HP1 appears relatively
static across all conditions.

Based on our preliminary investigations in Figures 4.13 and 4.14, the cycling conditions
offer insights into the underlying degradation mechanisms. Notably, an increase in
the most prominent peak (HP3) occurs only in the case of loss of active material in a
desodiated anode and loss of active material in a desodiated cathode. In the cycling
conditions with low SOC (mean20DOD20 and mean20DOD40), where the cathode is
almost fully charged, the dominant degradation mechanism is likely the loss of active
material in the desodiated anode. This is further supported by the observed horizontal
movement of HP2. At these low SOCs, the low-potential plateau region of sodium
storage is primarily active, implying that sodium ions are predominantly intercalated
rather than adsorbed on the surface [158]. In contrast to the predominant SEI formation
observed at higher SOCs, which would lead to a decrease in HP3, these cycling conditions
suggest mechanical degradation of the anode materials, as reported in the literature
[159, 160]. Under conditions with high SOC (mean80DOD20 and mean80DOD40),
based on the preliminary investigations, the loss of active material in the sodiated
anode is a plausible mechanism for the declining flank, followed by loss of desodiated
cathode material for the increasing flank. Additionally, the decrease in LP2 can be
attributed to LSI (Figure 4.13A). This is supported by the electrochemical states of the
cell under these conditions, where the cathode is desodiated and the anode sodiated.
It is plausible that one electrode is initially limiting, followed by the other, as ob-
served in the literature [149]. The literature also confirms that, especially at high SOCs,
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4 Aging Analysis of a Commercial Sodium-Ion Battery

there is a growth of the SEI, which further supports the hypothesis of additional LSI [161].

For intermediate SOCs (mean40DOD20 and mean50DOD80), slightly different charac-
teristics emerge in the DVA peak evolution. In the condition with a high DOD, where
low SOCs are also reached, the aging effect due to the loss of active material in the
anode (desodiated) possibly dominates, which is observed through an increase in the
HP3 peak, albeit with a lower amplitude than in the low mean SOC cases. This is
particularly interesting because, in this case, various SOC ranges are included in the
cycling triggering different aging effects. In the mean40DOD20 condition, both loss of
active material on the sodiated electrodes as well as LSI emerge as relevant degradation
mechanisms. This is due to the fact that, during cycling, both electrodes are periodically
in a similarly sodiated state, which promotes aging processes on both electrodes.

Overall, our results indicate that loss of active anode material, particularly at low SOCs,
is possibly a dominant aging effect. Correlating these findings with other non-destructive
measurement methods, as discussed in Section 4.3, may help substantiate this hypothesis.
A detailed ex-situ analysis of the cells to confirm the hypotheses will be conducted in the
future.

4.2.2 EIS Measurements

EIS is an increasingly established method for the non-destructive analysis of cells. It has
already been demonstrated in the literature that the impedance of a battery correlates
with temperature, SOC, and aging [162, 163]. With measurement times on the order of
seconds, EIS enables rapid evaluation of cell behavior with minimal impact on total testing
duration. In addition, EIS provides information on processes at different frequencies,
whereas DVA reflects the DC behavior of a battery cell.

EIS is based on perturbing a system at equilibrium by applying a small sinusoidal signal,
either an AC voltage (potentiostatic excitation) or an AC current (galvanostatic excita-
tion). By analyzing the system’s behavior across different frequencies, EIS provides a
simplified representation of complex electrochemical processes. Slow processes dominate
at low frequencies, while fast processes appear at high frequencies. The method requires
the system to be a linear and time-invariant (LTI) system, meaning three conditions must
be met: First, the output signal is solely caused by the input signal. Second, the rela-
tionship between input and output is linear. And last, the system’s properties do not
change over time. EIS models the system’s response, with voltage as the output in gal-
vanostatic excitation, and characterizes it using a transfer function. The electrochemical
behavior is then often represented by equivalent circuit models (ECMs). [163] The com-
plex impedance is calculated as the ratio of the complex output voltage to the complex
input current. The applied current is given by:

i(t) = i0 sin(ωt) (4.5)
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The measured output voltage is:

v(t) = v0 sin(ωt+ ϕ) (4.6)

The impedance Z is calculated by dividing the measured voltage by the current at each
excitation frequency during the EIS measurement. Due to the lack of literature on the
use of EIS-based aging analysis in SIBs, we adopt a data-driven approach by selecting
and evaluating relevant features directly from the measurements. We extract three char-
acteristic points from the Nquist plots, each defined by its real and imaginary parts. To
identify local extrema, we apply MATLAB’s findpeaks function, as previously used in
the feature analysis of the DVA. The first point is the ZC, which marks the intersection
of the impedance curve with the real axis, i.e., the point where the imaginary part of
the impedance is zero and the cell behavior is purely ohmic [116]. Next, we examine the
HP, which corresponds to the peak of the semi-circle in the Nyquist plot. This point
represents a local maximum in the absolute imaginary part and was previously used by
Baumhöfer et al. [116] in the context of aging analysis. The third point is the LP, which
marks the transition between charge transfer and diffusion effects. The distance between
ZC and LP corresponds to the charge transfer resistance and possibly an SEI resistance
and is thus also included in our evaluation [163]. The diffusion processes represented in
the EIS spectrum by a straight branch towards higher imaginary and real parts of the
impedance is not shown in the presented data, because the multi-sine method we used in
our measurements is not generating information at frequencies as low as e.g. mHz. In
general, inferring aging effects from EIS measurements is a relatively challenging area of
research. This is particularly true for 18650-type cells, where geometric factors at the
cell level can overshadow the electrochemical signature, potentially causing misleading
results. This limitation must be taken into account when analyzing the results presented
in this section. [164]

Figure 4.16 illustrates the evolution of the complex impedance over aging in the Nyquist
diagram. In contrast to the DVA, a different set of cells is used here, specifically the 12
cells for which EIS measurements were conducted. The following numbers of cells were
subjected to EIS measurements during RPT:

• Five cells for the mean50DOD80 condition.

• One cell each for the mean40DOD20, mean20DOD20, and mean80DOD20 condi-
tions.

• Two cells each for the mean20DOD40 and mean80DOD40 conditions.
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Figure 4.16: EIS measurements over aging for different cells. The relative capacity loss
of the specific cell is shown in the lower right corner of each panel. It
is evident that the width of the semi-circle generally increases with aging
except for the conditions with high mean SOC.

In all cases, the Nyquist plots exhibit a broad semi-circle rather than a clearly defined
semi-circle or two distinct circles. This suggests that the resistance contribution from the
SEI is relatively small and superimposes with the charge transfer arc, resulting in a single,
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flattened circle [165]. To separate these contributions, we analyze the evolution of the HP
relative to the ZC: a horizontal shift of HP with a stable ZC can indicate an increase in
the SEI resistance. In contrast, a vertical upward shift of HP points to additional charge
transfer resistance from electrode degradation mechanisms, such as particle isolation or
electrode cracking [165].

Within the mean50DOD80 condition, it is noticeable that despite very similar capaci-
ties and aging rates the changes in EIS behavior do not follow a consistent pattern. A
slight but reproducible rightward shift of the spectrum is observed, which becomes more
pronounced at lower frequencies (i.e., higher values of the real part of the low point,
LP). This trend, an increase in the real part of LP with progressive aging, is generally
observed across all cycling conditions, although the absolute position of LP varies and
is not consistently reproducible between conditions. Typically, an increase in the real
part of ZC is associated with electrolyte degradation, assuming the conductivity of the
current collectors and tab welds remains constant [165]. In contrast, for the cell cycled
under the mean40DOD20 condition, no significant ZC shift is observed. Instead, we note
a slight decrease in the imaginary component of HP and a small reduction in the real
part of LP. Although these changes are subtle, they suggest that SEI formation is likely
not a dominant aging process in this case, which is consistent with earlier discussion.
While somewhat unusual, such behavior may indicate an extended stabilization or break-
in phase for this specific cell [166]. For the low SOC conditions (mean20DOD20 and
mean20DOD40), we observe a pronounced increase in ZC, along with increases in both
the real and imaginary components of HP, as well as in the real part of LP. The horizon-
tal shifts of LP, HP, and ZC are of similar magnitude, indicating that SEI growth is not
the dominant degradation mechanism in these cases. Instead, the observed impedance
behavior points to a different aging process, possibly related to mechanical degradation
such as particle fracture, as discussed in [165]. In contrast, under high SOC conditions
(mean80DOD20 and mean80DOD40), the position of the HP and LP peaks does not
change uniformly with aging. Instead, it initially decreases before gradually increasing.
This trend is consistent with the shift in aging behavior previously inferred from the DVA
results. The decrease in the imaginary component of HP and in the real part of LP may
further suggest post-manufacturing break-in or a delayed stabilization process, sometimes
observed after cell formation or for sodium plating [167].

A more detailed, quantitative correlation analysis of these EIS features with capacity loss
will be presented in Section 4.3.

4.2.3 qHysteresis

Figure 4.1 illustrates the voltage difference between the C/20 discharge and C/20 charge
curves, a phenomenon referred to as hysteresis that can persist even after relaxation. This
path-dependent effect arises because the OCV is influenced by the recent current history.
[168] The underlying causes of voltage hysteresis include mechanical stress, thermody-
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namic entropy effects, and microscopic distortions within the active material particles.
Thermodynamic hysteresis results from variations in intercalation rates among individual
particles, which can also induce mechanical stress through volume changes and surface
tension [169]. Furthermore, hysteresis is linked to cell expansion, as well as rate and power
capability [168]. A detailed investigation of these mechanisms is beyond the scope of this
work. Instead, our focus lies in tracking the change of peaks as an indicator of aging,
similar to DVA and EIS.

In our work, we determine the voltage not based on the fully relaxed state of the cell, but
during a C/20 discharge and charge in the RPT. To clarify this distinction, we refer to
the hysteresis in the following as qHysteresis. In the qHysteresis plots, we identify two
prominent extrema, denoted as the LP and HP, using MATLAB’s findpeaks function.

Figure 4.17 illustrates the qHysteresis over aging for different cycling conditions across
the same cells as for the DVA. Under all conditions, qHysteresis increases with progressive
aging. Notably, the LP consistently shifts leftward, corresponding to higher SOCs, while
the HP either remains stable or shifts to the left, depending on the cycling condition. The
observed shifts in qHysteresis are partly aligned with those seen in the DVA. Whether
the LP or HP is more relevant to capacity loss will be further examined in Section 4.3.

A notable observation appears in the third panel of Figure 4.17D, where qHys-
teresis is significantly more pronounced and coincides with a lower remaining capacity.
In this case, our peak detection algorithm also struggles to reliably identify the extrema.
A more detailed interpretation would require a better understanding of the underlying
mechanisms of hysteresis and cell-specific factors influencing its change with aging, which
is beyond the scope of this work. The cause of this change in qHysteresis over aging is
not further investigated within the scope of this work and will be discussed in future
work.
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Figure 4.17: Exemplary qHysteresis curves over aging across all six conditions. The
first panel represents a cell with low relative capacity loss, the second with
medium and the third with high loss. The relative capacity loss is indicated
in the left corner of each panel.
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4.3 Correlation and Discussion

Based on the observations from DVA, EIS, and qHysteresis, we now aim to identify
which features show the strongest correlation with capacity loss across the various cycling
conditions. Therefore, we conduct a correlation analysis between the extracted feature
values and the capacity loss.

Figure 4.18 presents the Pearson correlation coefficients between the features listed in
Table 4.3 and the absolute capacity loss in Ah observed during the RPTs. In this analysis,
the capacity loss due to aging is counted as a positive value. The Pearson correlation
coefficient is calculated according to Equation (4.7).

rxy =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
(4.7)

X = {x1, . . . , xn} represents the capacity loss values measured over RPT, while Y =
{y1, . . . , yn} represents the corresponding values of the specific feature. x̄ and ȳ are the
means of the respective samples. The resulting rXY ∈ [−1, 1] indicates the direction and
strength of the linear relationship between the capacity loss and the considered feature.
A positive value suggests that larger feature values are associated with a higher capacity
loss, while a negative value indicates an inverse relationship. As common in literature,
we assume that correlation is high if |rXY | ≥ 0.8, which is indicated in Figure 4.18 by the
black dotted lines.

We can see that the correlation coefficient for the condition mean50DOD80 does not
show a clear relationship between different feature values and the capacity loss, as most
of the correlation values are outside the significance boundaries. This is likely because
at high DOD, multiple aging effects are triggered simultaneously, and thus, feature shifts
in the OCV-based measurements, i.e., DVA and qHysteresis, overlap. Only the ZC from
the EIS measurements shows a comparably high and positive correlation, indicating that
higher ZC values are generally associated with greater capacity loss across many cells,
which in turn suggests that LSI may be a dominant degradation mode contributing to
the cells’ overall aging. For conditions with smaller and medium DOD, i.e., the condi-
tions mean40DOD20, mean20DOD20, mean20DOD40, mean80DOD20, mean80DOD40,
the value of HP2, as well as LP1, and the location of HP2 and HP3 (HP2loc and HP3loc),
show a consistently high correlation under almost all cycling conditions. This is likely
due to their direct correlation with the loss of sodium inventory (see Figure 4.13A). The
generally low correlation of the difference between two DVA peaks (Diff HPX/LPX) in-
dicates that aging is primarily associated with loss of desodiated electrode material, as
strong relationships are typically absent in such cases (see Figure 4.13B and D).
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Figure 4.18: Correlation of the features with capacity loss across all six conditions. Each
point represents one cell, with the color of the point corresponding to the
aging speed in terms of capacity. The dashed lines at 0.8 and -0.8 indicate
strong correlation. indicates features of the DVA, features of the
qHysteresis, and features of EIS, respectively. Since we performed EIS
measurements for 12 cells, there are fewer points, i.e. cells, illustrated for
the EIS features.
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In general, for the conditions that induce the most severe aging, we observe strong corre-
lations for both the x- (SOC) and y-values (magnitude) of HP1, LP1, HP2, and HP3. It is
also apparent that, for the conditions mean50DOD80 and mean40DOD20, the correlation
between the value of HP3 and capacity loss is positive, meaning the peak decreases as
aging progresses. In contrast, the correlation is negative under the other conditions, indi-
cating that the peak increases with aging. Generally, the LP and HP of the qHysteresis
also correlate strongly with the capacity loss of a cell except for the mean50DOD80 condi-
tion where we assume that several aging mechanisms overlap. Generally, the LP and the
LP’s location of the qHysteresis correlate more with capacity loss than their respective HP
values. Regarding the EIS measurements, only the ZC feature shows a good correlation
with the aging of the battery cells across all conditions. It is widely recognized that this
feature provides an indication of aging in the current collectors or the electrolyte [165].

A quantitative representation of the most strongly correlating features for each cycling
condition is shown in Table 4.4. Only cells whose relative capacity loss falls within the
interval [µ − σ, µ + σ] were considered, in order to capture typical aging behavior and
minimize the influence of statistical outliers.

Condition Feature Avg. correlation

mean50DOD80
ZC 0.81
HP1 -0.81
LP1 -0.78

mean40DOD20
HP3 -0.91
LP -0.88
DiffHP3HP1 -0.87

mean20DOD20
HPloc -0.98
HP -0.97
HP2loc -0.97

mean20DOD40
HP2 -0.95
LP -0.92
LP1 -0.91

mean80DOD20
HP2 -0.96
HP3loc -0.96
LP1 -0.96

mean80DOD40
LP2loc -0.97
HP2 -0.97
HP3loc -0.96

Table 4.4: For every condition we determine the three features that correlate the most
with the relative capacity loss. It should be noted that we only consider
cells whose capacity losses lie inside the interval [µ-σ, µ+σ] within a cycling
condition. The cells in correspond to the features of the DVA, the cells
in to the features of the qHysteresis, and the cells in to the features of
EIS, respectively.

Overall, we observe that the DVA features are particularly important: the first peaks,
which are associated with cathode aging, show a strong correlation with capacity loss,
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both in their value and their location. Additionally, the location of HP3 serves as a
strong indicator of aging under high mean SOC conditions. In general, the examined
features exhibit a high correlation with cell aging, except in the case of mean50DOD80,
where even the most correlated features show comparatively low correlation. For lower
mean SOCs, the qHysteresis features become more relevant, suggesting that it may serve
as a sensitive indicator when cells operate predominantly in the lower SOC range.

4.4 Conclusion

In this chapter, we presented the results of a large-scale aging study on commercial SIBs,
data that is rarely found in the literature. All cells were cycled at a constant temper-
ature of 25 °C and a charge/discharge rate of 2C/2C, but with varying mean SOC and
DOD. After more than 4,000 EFC, they exhibited significantly different aging behavior in
terms of capacity and resistance across the six cycling conditions. In contrast to typical
graphite-based lithium systems, cycling around 50% SOC with a high DOD led to min-
imal capacity loss. In fact, similar to the SiC-containing lithium-based cells investigated
by Willenberg et al., we observe particularly strong aging at low SOC. Recent literature
suggests this may be mechanically driven, which would also align with Willenberg et al..
Since both Willenberg’s work and this study used 18650-type cells, this degradation might
be influenced by cell geometry [147].

The large number of cells per condition provided a crucial advantage in analyzing variabil-
ity in aging behavior. Even cells that initially appeared nearly identical under the same
cycling conditions diverged significantly over time. For instance, in the mean20DOD40
condition, a substantial spread in capacity loss was observed: while two out of eight
cells exhibited particularly high aging rates, the others aged more slowly. Such vari-
ability demonstrates that relying on only a few cells could have produced misleading
conclusions. Furthermore, some features that correlate strongly with aging across the full
dataset might have appeared insignificant in smaller samples, underscoring the importance
of a sufficiently large number of test cells, especially when working with early-commercial
SIBs.

Overall, our analyses used in this work, i.e., DVA, qHysteresis, EIS, each contribute
to a non-destructive investigation of battery cell aging. Particularly, the DVA revealed
dominant degradation modes for our SIB. For instance, loss of active anode material
(desodiated) and LSI appear to be major degradation modes for the low mean SOC
cycling. Furthermore, we capture the complex interactions between qHysteresis and the
capacity and observe strong correlation of qHysteresis features with capacity loss under
conditions where capacity fade is most prominent.

Moreover, the investigated SIBs exhibit very favorable aging behavior within the operating
ranges described in Chapter 3, as the pronounced aging and hysteresis effects at low SOCs
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are not relevant for the application. Across all cells and conditions, a median capacity
loss of only 2% is observed after approximately 4,000 EFC. Considering the most relevant
operating ranges for the high-power application, the median capacity loss falls below 1%,
indicating that these SIBs offer a promising lifetime for practical deployment in our target
application.
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Battery state estimation within a BMS is becoming increasingly challenging as new cell
technologies are expected to replace existing ones in specific applications [79, 170]. While
SIBs share many similarities with LIBs, the differences in voltage profiles, operating
ranges, and degradation patterns, analyzed in Chapter 4, can significantly impact es-
timation accuracy. Therefore, it is essential to quantify these effects for the specific cell
and application to determine which existing BMS algorithms remain reliable and to set
realistic expectations for SOC and SOH estimation, ultimately enabling rapid integration
of new cells in existing systems.

In the literature, a wide array of algorithms for estimating internal battery states ex-
ist. They range from conventional coulomb counting [82, 83] and model-based techniques
[84–86, 171] to data-based methods [87–91, 172], whereas each method has individual
advantages and limitations [173, 174]. However, selecting the most suitable algorithm for
a particular application presents a challenge due to the limited evaluation of algorithms
found in literature across diverse operational scenarios, making direct performance com-
parisons difficult [175]. Often, algorithms are evaluated for only one specific load profile,
such as the Worldwide Harmonized Light Vehicles Test Procedure (WLTP), at a single
temperature [82, 84, 89, 171], assume ideal BMS measurements, and one initial SOC [82,
84, 85, 171] using a single statistical metric such as RMSE [87, 176]. Yet, in reality,
batteries experience various operation scenarios, influencing the algorithm’s overall per-
formance [79, 177]. Without a comprehensive evaluation of BMS algorithms, diagnostic
algorithms might fail to perform reliably in specific situations, even if they perform well
on average [79]. Depending on the context, this may require compromises in accuracy
to ensure greater robustness. To address these challenges, researchers have already de-
veloped methods for evaluating diagnostic algorithms. For instance, varying load profiles
[177, 178] and various aging states [178] were considered for SOC algorithm assessment.
Simulations were performed under the influence of disturbances such as noise, offset, or
faulty initialization [86, 178]. Klee Barillas et al. [178] and Campestrini et al. [175]
evaluated various SOC algorithms using a point-based system. The points achieved in
different categories were graphically compared for all the algorithms investigated in a
radar chart, allowing for a visual comparison based on individual criteria. However, of-
ten, the scale used lacks direct physical meaning. Moreover, existing evaluation methods
typically focus only on measuring algorithm accuracy, overlooking aspects like bias and
precision. This oversight can lead to misleading results and inadequate algorithm selec-
tion, as highlighted in the literature [176]. Additionally, these methods often concentrate
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solely on SOC estimation, neglecting a broader evaluation across all BMS-relevant states,
including SOH. Consequently, a comprehensive, systematic assessment of diagnostic al-
gorithm performance for both SOC and SOH remains lacking, hindering the development
of new algorithms and the selection of application-oriented algorithms for emerging cell
technologies, such as the investigated SIB.

To address this gap, this chapter provides a systematic evaluation of real-time capable
SOC and SOH algorithms for the investigated commercial SIB. It builds on the high-power
application presented in Chapter 3 and the cell behavior characterized in Chapter 4. At
the core of this evaluation is an open-source, multi-criteria framework [179] that assesses
not only accuracy but also bias and precision. Algorithms originally developed for LIBs
are tested on the targeted SIB to evaluate their transferability, while SOC performance
is also compared with results from the original NMC/LTO system. This work does not
seek to analyze every possible algorithm or condition in detail; instead, we demonstrate a
practical method that enables rapid evaluation of algorithm performance. Our approach
identifies performance limits and reveals challenges and opportunities in diagnostics, offer-
ing insights into the complex interplay of cell chemistry, algorithm design, and diagnostic
quality.

The following chapter contains results that were published as a peer-reviewed article in the
Journal Batteries & Supercaps under the title “Benchmarking the Transferability of Real-
Time State of Charge Algorithms to Sodium-Ion Cells Using an Open-Source Diagnostics
Framework” [180].

5.1 Evaluation Framework

Our evaluation framework, depicted in Figure 5.1, automates the assessment of diagnos-
tic algorithm performance through a top-down data generation and bottom-up evaluation
process. To generate evaluation data we first identify critical performance categories such
as environmental, operational, and BMS-specific influences that might occur in the appli-
cation of the high-power mobile application from Chapter 3. Scenario data (e.g. battery
and BMS time-series data) is generated using a model-based simulation toolchain (Section
5.1.1). For each simulated scenario, we calculate a set of statistical metrics, described in
Section 5.1.2, including measures of accuracy, bias, and precision. These metrics are then
aggregated and analyzed across all scenarios within each category enabling the identifi-
cation of trends and patterns in algorithm behavior associated with specific influencing
factors like temperature or aging. After evaluating each category individually, a final
summary of the results is provided, including average values per category and metric as
well as aggregated data across all categories to assess overall algorithm performance.
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Figure 5.1: Evaluation framework consisting of a top-down data generation and a
bottom-up evaluation process. We evaluate several metrics for every sce-
nario, averaging the results for different categories (such as temperature)
and cells.

5.1.1 Simulation Toolchain

Evaluating algorithms across a wide range of operating conditions using actual battery
specimens would be both time-consuming and resource-intensive. As a remedy, we employ
a model-based simulation toolchain, originally developed in MATLAB/Simulink, for our
algorithm performance benchmarking, acting as a digital twin. This approach, depicted
in Figure 5.2 adapted from Berger et al. [79], simulates the entire BMS signal path, from
the load profile to the diagnostic algorithms. In addition to enabling reproducible eval-
uations under controlled conditions, this simulation setup provides an important initial
assessment of algorithm performance and forms the basis for further validation steps, such
as hardware-in-the-loop testing.

To accurately simulate battery behavior within our toolchain, we use a complex electrical
model, and the aging model, both presented in Section 5.2.1. To account for different
hardware designs, we emulate the BMS hardware and introduce noise, sampling effects,
and offsets to the reference data based on components commonly used in modern systems
[181]. These processed data serve as input for the diagnostic algorithms. The detailed
steps of the BMS simulation are as follows:

1. Load profile: The simulation of a load profile that is scaled to the specific battery
is the starting point of the toolchain.

2. High-precision battery model: Utilizing a high-order ECM, we simulate battery
characteristics such as voltage, current, and temperature within a battery simulation
toolchain. The model structure, defined in an eXtensible Markup Language (XML)
file, contains the parameter values dependent on SOC and temperature. For each
defined parameter, the voltage is calculated and the current state is updated. In
addition to the electrical simulation, the thermal and aging behaviors are simulated.
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Battery Simulation
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Noise Offset

BMS AlgorithmsLoad Profile
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Figure 5.2: BMS simulation toolchain. A high precision battery model takes a load
profile and specific environmental conditions as inputs, simulating realistic
battery behavior using a battery simulation framework. The outputs are
then passed through a BMS sensor emulation stage, introducing noise, off-
sets, and quantization to mimic real-world sensors. Finally, using different
BMS algorithms we employ on-board estimation algorithms that determine
the internal battery states SOC and SOH. The BMS toolchain is publicly
available [179].

The thermal model divides the cell in segments and calculates the heat flow through
each segment. The resulting heat is fed back to the electrical model to modify the
parameters of the ECM accordingly. The independent aging simulation quantifies
calendar and cyclic aging. The changes of capacity and internal resistance are
calculated and fed back to the simulation framework influencing the simulation in
the next time step. The reference model characteristics serve as the foundation for
the establishment of the reference value, including the reference internal states such
as SOC and SOH. More information about the battery simulation can be found here
[110, 182].

3. Sensor emulation: The battery measurements are affected by noise, quantization,
and perturbations, replicating real-world BMS hardware effects. Quantization ef-
fects are modeled based on the resolution of a BMS analogue-digital converter,
with separate quantization steps for temperature, voltage (0.15mV), and current
(0.3mA), complemented by configurable measurement noise and gain/offset param-
eters. The sensor system introduces for each simulation a current sensor offset of
0.025 % of the nominal capacity, a (linear) gain error of 10−4, and white noise with
a variance of 0.15 % relative to the nominal capacity. These values are based on a
commercial sensor data sheets used in relevant applications [183].
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4. BMS algorithms: The output from the BMS hardware emulation is further pro-
cessed to simulate diagnostic algorithms. In this work, we evaluate commonly used,
real-time capable algorithms for SOC and SOH estimation. Our focus is on evalu-
ating these algorithms from an application-oriented perspective, emphasizing their
practical performance rather than the development or tuning of the underlying BMS
models. For detailed descriptions of the algorithms, we refer to the literature [184,
185].

5.1.2 Evaluation Criteria

Addressing the limitations of current evaluation practices, we introduce a set of statistical
metrics for assessing diagnostic algorithm performance. They can be grouped into the
following criteria. The general concept is illustrated in Figure 5.3. [176, 186, 187]

• Accuracy measures the difference between estimated and reference values, with
maximum accuracy indicating full congruence. It combines bias (systematic error)
and precision (random error).

• Bias describes the systematic error of a model. Measures for bias compare the
position parameters of estimated and reference value, such as mean, median or mode.
This allows to assess whether the algorithm systematically over- or underestimates
the reference values.

• Precision describes the random error of a model. Measures of precision describe
the variation of estimated and reference value, and allow the identification of data
outliers.

When accuracy is low, distinguishing between bias and precision helps to identify the
source of inaccuracy.

A B

C D

Figure 5.3: Graphical comparison of the concepts bias and precision. The black lines
represent the reference values, and the dots are the estimated values.
A: Low bias, low precision.
B: Low bias, high precision.
C: High bias, low precision.
D: High bias, high precision.

In this work, we select statistical metrics for each criterion, i.e. accuracy, bias, precision, as
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shown in Table 5.1. The inclusion of the Index of Agreement (IA) as an accuracy metric
provides a normalized parameter, with values ranging from 0 to 1. This complements
maximum error (emax) and RMSE, which are well-established in the literature, offering
a widely recognized basis for comparison alongside a relative measure of accuracy. The
mean error (ME) is used as a measure of bias. Precision is assessed using σ. In Table 5.1,
the target value denotes the metric value that should be achieved with complete freedom
from errors.

Table 5.1: Statistical metrics for the evaluation of diagnostic algorithms with the in-
dication of the target value and range of the metric. The estimated value
is denoted as y while the reference value is denoted as w. e indicates the
deviation of the estimated value y from the corresponding reference value w.

Criterion Metric Definition Range Target
value

Accuracy Maximum error emax =

 max
i∈1,...,N

ei, |max ei| ≥ |min ei|
min

i∈1,...,N
ei, otherwise

(−∞,+∞) 0

Accuracy Root mean
square error

RMSE =
√

1
N

∑N
i=1(yi − wi)2 [0,+∞) 0

Accuracy Index of agree-
ment

IA = 1−
∑N

i=1 |yi−wi|∑N
i=1(|yi−w̄|+|wi−w̄|) [0, 1] 1

Bias Mean error ME = ē = 1
N

∑N
i=1(yi − wi) = ȳ − w̄ (−∞,+∞) 0

Precision Standard devia-
tion

SD =
√

1
N

∑N
i=1(ei − ē)2 [0,+∞) 0

The metrics beyond σ and RMSE are described in more detail in the following.

Maximum error emax describes the largest estimation error of all observed values and
is defined by Equation (5.1).

emax =

 max
i∈1,...,N

ei, |max ei| ≥ |min ei|
min

i∈1,...,N
ei, otherwise

(5.1)

where ei indicates the deviation of the estimated value yi from the corresponding reference
value wi of a single measurement. emax is signed to keep the information on the direction
of the error. If the absolute value of emax is significantly larger than average values, it
indicates the presence of data outliers.

Index of Agreement The IA developed by Willmott [188] describes not only the rela-
tionship but also the agreement between the estimated and the reference value. The IA
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is a standardized metric ranging between 0 and 1, where a value of 1 indicates perfect
agreement. [188] The original definition of IA [188] was refined several times, leading to
the definition shown in Equation (5.2) [189].

IA = 1−
∑N

i=1 |yi − wi|∑N
i=1(|yi − w̄|+ |wi − w̄|)

(5.2)

IA approaches the value of perfect agreement gradually, allowing nuanced comparison of
relatively high-performing models [189]. As a scaled metric, IA signifies freedom from
errors in the estimated values regardless of the magnitude of the value. This allows for
easy comparison between different use cases and estimators and can also be interpreted
without specified tolerance ranges. However, for approximately constant reference values,
IA approaches values close to zero, irrespective of the estimation values, limiting the
utility as a metric of accuracy in such cases.

Mean Error The ME describes the difference of the average estimated value ȳ from the
average reference value w̄, representing the mean of the estimation error ē.

ME = ē =
1

N

N∑
i=1

(yi − wi) = ȳ − w̄ (5.3)

Unlike methods utilizing absolute values or squared differences, the ME balances positive
and negative errors, providing insights into the model’s bias. A ME value above or below
zero reveals whether the model systematically overestimates or underestimates reference
values, respectively. While an ME of zero does not imply an exact match between all
values, it indicates their mean values are equal. [176, 190]

Normalized Error Metrics MPE and RMSPE In addition to the absolute error metrics,
we also compute normalized error measures to better reflect relative deviations. Specifi-
cally, we calculate the mean percentage error (MPE) and the root mean square percentage
error (RMSPE), as defined in Equations (5.4) and (5.5), respectively. These metrics ex-
press the errors relative to the true values, enabling a scale-independent evaluation of the
estimator performance.

MPE =
1

N

N∑
i=1

yi − wi

wi

(5.4)

RMSPE =

√√√√ 1

N

N∑
i=1

(
yi − wi

wi

)2

(5.5)
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5.2 Modeling Behavior of a Commercial Sodium-Ion
Battery

To evaluate the transferability of lithium-based algorithms to the investigated SIB in
a simulation environment, it is first necessary to model both the cell’s aging behavior
and its electrical characteristics. In this section, we fit two electrical models based on
characterization measurements, which include capacity and pulse data as well as EIS
measurements recorded at various SOC levels and temperatures. Additionally we build
on the aging data from Chapter 4 as well as a previous study by Klick et al. [191] and fit
a semi-empirical aging model.

5.2.1 Modeling Electrical Behavior

In the literature, a wide range of battery models can be found, which are broadly clas-
sified into empirical models, ECMs, electrochemical models, and reduced-order models
[192]. Among these, ECMs are particularly popular due to their favorable balance be-
tween modeling accuracy and computational efficiency [193]. They describe the dynamic
electrical behavior of battery cells using combinations of active and passive electrical com-
ponents. ECMs can be divided into two main categories: simple models, which do not
aim to represent the underlying electrochemical processes, such as standard RC models,
and physico-chemical consistent ECMs, which are inspired by the internal electrochemical
processes of the battery. [192] In this work, two different ECMs are employed: For ref-
erence within the battery simulation, a parameterized physico-chemical consistent LiIon4
ECM is used which was introduced by Bihn et al. [194]. For the on-board estimation,
an R1RC model, i.e. a simple ECM consisting of a voltage source, a resistor, and one
RC-Element is applied.

Structurally, the LiIon4 model comprises a combination of classical ECM components
(e.g., voltage source, resistors, capacitors) and more advanced elements such as Warburg
and ZARC impedances, which together reflect the underlying physics derived from the
Doyle-Fuller–Newman model. The model is divided into three domains representing high-,
medium-, and low-frequency dynamics. Charge-transfer resistance, Rct, and double-layer
capacitance, Cdl, are used to describe the kinetics at the electrode/electrolyte interface,
while the impedance contributions from intra-particle diffusion, ZDiff, are approximated
using distributed RC elements to reflect spherical or planar diffusion. Additionally, the
model includes migration resistances in the porous structure of both electrodes, RM,P , and
in the separator, RM,Sep, as well as a Warburg element to capture the electrolyte diffusion
impedance. A separate RC circuit (RLF , CLF ) accounts for slow processes such as inter-
particle lithium redistribution. The schematic LiIon4 model is depicted in Figure 5.4A.

RC-type models are composed of an ideal voltage source connected in series with a resistor
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and one or more RC elements, each consisting of a resistor and capacitor in parallel [195].
The voltage source represents the OCV, the serial resistance R0 captures instantaneous
overpotentials, and the RC elements describe the battery’s dynamic electrochemical be-
havior. On-board BMS algorithms typically employ simplified RC models with only one
or two RC elements to balance accuracy and computational efficiency. The employed
R1RC model is depicted in Figure 5.4B, which is also used in the original BMS of the
targeted high-power application.

UOCV

R 0

R+
ct

Z+
Diff

C+
dl

1/2 R+
M,P

1/2 R−
M,P

RD,P

CD,P

RM,Sep

R−
ct

Z−
Diff

C−
dl

R slow C slow

W W

A

R0

R1

C1UOCV UT

B

Figure 5.4: To emulate the electrical behavior of the SIB we choose two different ECMs.
A: The LiIon4 model [193] is a physically-motivated ECM that replicates
the behavior for low, medium, and high frequencies. The model serves as a
reference for the battery simulation. For the fitting, the series connection
of 1

2
R+

M,P, RM,Sep, and
1
2
R−

M,P is combined into RM,P to limit the number of
fitting parameters.
B: For the two model-based SOC algorithms, we employ a R1RC model as
this is widely used in industry for SOC estimation.

5.2.1.1 Experimental data

Once the models have been defined, a series of characterization measurements is required
to parameterize the individual electrical model components as a function of temperature
and SOC. These measurements are carried out using the a Digatron cycler with cells placed
inside a temperature-controlled chamber similar to the aging experiments, described in
Chapter 4. The characteristics of the test equipment are given in Table 4.2.

The measurement procedure is schematically depicted in Figure 5.5. Initially, two capacity
tests are performed at 25 °C to determine the available capacity for the C-Rates 0.5 C
and 1 C. Following this, the cell is discharged to 99% SOC defined according to the
0.5 C capacity test. This is followed by a relaxation phase until the terminal voltage has
stabilized. Then, both EIS and pulse measurements are conducted. The pulse tests are
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applied at various C-Rates in both charge and discharge directions. After each pulse,
the removed charge is charged back into the cell using a constant current of 0.5 C. This
sequence of pulse and EIS measurements is repeated in 10% DOD intervals, progressing
stepwise down to 0% SOC.

Start

Capacity test
0.5 C @25 °C

Capacity test
1 C @25 °C

Discharge 1% SOC

Pulse, EIS

Discharge 10% SOC

SOC ≤ 0%

Pulse, EIS

Stop

yes

no

1. CC CHA with 0.5 C
2. CV until I<C/20
3. CC DCH until cut-off voltage reached
4. 1h rest
5. Set capacity
6. CC CHA with 0.5 C
7. CV until I<C/20

1. Wait until ∆V<1mV in 30min
2. EIS measurement
3. 1C CC DCH for 20 s, wait until ∆V<1mV in 2 min,

0.5 CC CHA until ∆Q=0
4. 1C CC CHA for 20 s, wait until ∆V<1mV in 2 min,

0.5 CC DCH until ∆Q=0
5. 4C CC DCH for 10 s, wait until ∆V<1mV in 2 min,

0.5 CC CHA until ∆Q=0
6. 4C CC CHA for 10 s, wait until ∆V<1mV in 2 min,

0.5 CC DCH until ∆Q=0
7. 8C CC DCH for 5 s, wait until ∆V<1mV in 2 min,

0.5 CC CHA until ∆Q=0
8. 8C CC CHA for 5 s, wait until ∆V<1mV in 2 min,

0.5 CC DCH until ∆Q=0

Figure 5.5: Characterization measurement at 25 °C. The procedure is repeated for the
test temperatures 0 °C, 10 °C, 25 °C, and 40 °C.

The voltage and current of the characterization measurement at 25 °C are depicted in
Figure 5.6. To ensure efficient testing while covering relevant operating conditions, the
parameterization focuses on the temperature ranges occurring in the use case presented
in Chapter 3.

The fitting of the voltage source is based on a qOCV measurement, which involves record-
ing the voltage during very low C-Rate cycling. Despite the low C-Rate, a small but no-
ticeable overpotential remains, particularly at lower temperatures. For the SIB, the cell
is first fully charged to its maximum voltage and then discharged at C/20 to its end-of-
discharge voltage, followed by a charge at C/20 to the end-of-charge voltage. Figure 5.7
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Figure 5.6: Measurement procedure used for the parameter fitting of both ECMs. The
procedure is repeated for the test temperatures 0 °C, 10 °C, 25 °C, and 40 °C.

shows the resulting average qOCV curves of the SIB for different temperatures, where the
spread between the curves reflects the influence of temperature-dependent overpotentials.
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Figure 5.7: Cell qOCV as a function of SOC and temperature. The qOCV displayed
here is the mean of both charge and discharge qOCV.

The EIS measurements are used for the fitting in the frequency domain and are performed
before the pulse measurements for every SOC. The EIS spectrum as a function of voltage
(as an indication for SOC) and temperature is shown in Figure 5.8A and B, respectively.
It is clearly visible that at lower voltages and temperatures the semi-circle increases. This
is primarily due to the reduced availability of charge carriers for redox reactions at the
electrodes, which slows down the charge transfer kinetics [196]. This behavior is similar

103



5 Sodium-Ion Diagnostics for Battery Management Systems

to LIBs, indicating a similarity regarding the electrical properties.
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Figure 5.8: EIS spectra for the investigated SIB.
A: EIS spectra dependent on voltage for 25 °C.
B: EIS spectra dependent on different temperatures for an SOC of 50%.

5.2.1.2 Fitting of the Electrical Models

To extract the parameters of the ECM components from the EIS and pulse measurements,
we fit the model equations to the experimental data. The required steps for the procedure
including their physical interpretation for the LiIon4 model are thoroughly described
in [193]. For the R1RC model, we use the open-source toolbox impedance.py [197] to
perform the fitting. Since the primary focus of this work is to evaluate the transferability
of algorithms from lithium-based systems to our SIBs, we present representative fitting
results and validations for the SIB without pursuing full model optimization.

An exemplary fit of the LiIon4 model at 25 °C and 3.67V solely based on EIS measurement
is displayed in Figure 5.9A. Since the LiIon4 model is composed of different time constants
and electrical components reflecting different electrochemical processes we are able to
accurately describe the relevant parts of the EIS spectrum. However, with a much simpler
R1RC model we can only model the semi-circle behavior in the EIS Nyquist plot, so we
ignore the other measurement points (e.g. the inductive part or the diffusion processes)
during the fitting and end up with a less accurate, however still sufficient fit for most
on-board applications. It is immediately visible in Figure 5.9B, that the EIS behavior
of the cell follows a semi-elliptical shape on the medium-frequency range, which can be
adequately captured with the LiIon4 model but not the R1RC model, which can only
form a round semi-circle [165].

By applying the fitting procedure across all relevant temperatures and SOCs, we obtain
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Figure 5.9: Example of an EIS measurement at 25 °C and 3.67V and the corresponding
fit.
A: LiIon4 model.
B: R1RC model. Only a limited frequency range of the measurement is used
for fitting. Effects such as diffusion or multiple charge transfer processes
cannot be captured by the R1RC model.

the fitted parameters shown in the Supplementary Figures A.2 and A.3 for the LiIon4
and R1RC models, respectively. As previously discussed, the extracted model parame-
ters capture the key trends observed in the EIS spectra: most electrochemical processes
slow down at lower SOCs and temperatures, leading to increased overpotentials [198].
Both parameterized models are converted into an XML format for use in the BMS sim-
ulation toolchain, where the look-up tables (LUTs) are stored as a function of SOC and
temperature.

To validate the accuracy of our models, we performed a series of tests on the physical
battery cells and compare the measured voltage profiles to their simulated counterparts.
Since optimized fitting is not focus of this work, we refer to the Supplementary Mate-
rial A.3 for exemplary fitting results.

5.2.2 Modeling Aging Behavior

A wide range of aging models can be found in the literature [118]. Generally, a distinction
is made between physical, data-based and empirical models [118]. Physical models aim to
derive the effects of electrochemical cycling or storage on battery capacity and impedance
based on first principles [199, 200]. It enables the tracking of observed aging down to
individual electrochemical processes. However, it requires extensive testing using a variety
of measurement methods, ranging from material to cell level. In contrast, empirical aging
models do not attempt to model electrochemical processes per se, but rather the resulting
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effects of specific operating conditions on capacity and impedance. These models are
significantly simpler but do not allow for detailed insights into individual degradation
mechanisms.

In this work, we use an aging model based on the approach of Schmalstieg et al. [118]. It
is a semi-empirical model that estimates capacity loss and resistance increase over time as
functions of multiple stress factors such as temperature, SOC or voltage, DOD, and charge
throughput. The overall degradation at each time step is computed by superimposing
calendar and cyclic aging contributions, using empirically derived functions for capacity
loss and resistance increase. To assess whether this modeling approach is sufficient for
use in our battery simulation, we analyze how well one of its core assumption, a linear
compression of the OCV with capacity fade, replicates realistic behavior under different
aging levels. Based on the discharge curves of all tested cells from the RPTs across all
cycling conditions, originally presented in Figure 4.10, we illustrate in Figure 5.10 how
capacity loss leads to a compression of the discharge curve, using an exemplary BOL curve
and different levels of capacity fade. The discharge voltage curves at 0%, 3.3%, 6.6%,
and 10% capacity loss are shown in different colors.
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Figure 5.10: Effect of capacity fade on discharge curves through simple compression
for different capacity loss levels 0%, 3.3%, 6.6%, and 10%. Within the
high-power application, we only use a limited SOC range that is depicted
in gray.

It is evident that in the upper SOC range (> 43%), the curves can be reproduced very
accurately by simple compression. Similarly, in the very low SOC range (< 10%) the
method remains sufficiently accurate. However, in the SOC range in between, simple
compression does not fully capture the changes. For our use case, this deviation is ac-
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ceptable for the purposes of this work, as the relevant area of operation in the considered
use case lies in the medium SOC range.

In the following, we discuss the formulas for calendar and cyclic aging as well as the fitting
of the empirical aging data.

5.2.2.1 Calendar Aging

It is well established that batteries undergo aging even in the absence of electrochemical
cycling, typically referred to es calendar aging [201]. To parameterize calendar aging
behavior, we have to perform storage tests at different temperatures and voltages, each
corresponding to a fixed SOC. The measured capacity fade and impedance increase is
fitted using empirical power-law functions. A dependency of the form t0.75 was found
to best capture the observed trends, representing the root-time relationship commonly
attributed to different SEI formation mechanisms [118]. The resulting calendar aging
equations for normalized capacity C and resistance R as functions of time t (in days)
are:

C(t) = 1− αcap · t0.75 (5.6)

R(t) = 1 + αres · t0.75 (5.7)

The coefficients αcap and αres are functions of temperature and voltage and are extracted
as a result of the fitting procedure. A linear voltage dependency and Arrhenius-type
temperature dependency are used:

α(V, T ) = (α1V + α2) · exp
(−Ea

RT

)
(5.8)

where V is the storage voltage in V, T is the absolute temperature in K, R is the gas
constant and Ea is the activation energy in J/mol.

5.2.2.2 Cyclic Aging

Cyclic aging refers to the degradation of battery performance caused by repeated
charge and discharge cycles [202]. To describe the impact of cycling on the capacity
and impedance of a battery we performed cycling tests over a variety of DOD and
average SOC conditions (see Chapter 4). When performing cyclic aging tests time still
passes causing calendar aging. To isolate the impact of cycling from calendar aging,
degradation measured during cycling must be corrected by subtracting the calendar
aging contributions in a specific timeframe. The degradation trends are then fitted using
two separate empirical functions. Capacity loss is following a square root dependency on
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the cumulative charge throughput Q in Ah:

C(Q) = 1− βcap ·
√
Q (5.9)

Resistance increase was found to be linear with respect to Q [118]:

R(Q) = 1 + βres ·Q (5.10)

The coefficients βcap and βres were observed to vary with DOD and average SOC. A linear
dependency on DOD and a quadratic dependency on SOC were found to best capture the
experimental data:

βcap = a(SOC− SOC0)
2 + b+ c ·DOD (5.11)

βres = d(SOC− SOC1)
2 + e+ f ·DOD (5.12)

where SOC is the average SOC during cycling, and a, b, c, d, e, f , SOC0, and SOC1 are
fitting constants determined from the experimental data.

The total aging at each time step is modeled by summing the calendar and cycle aging
components:

C(t, Q) = 1− αcap(T, SOC) ·
√
t− βcap(SOC,DOD) ·

√
Q (5.13)

R(t, Q) = 1 + αres(T, SOC) ·
√
t+ βres(SOC,DOD) ·Q (5.14)

5.2.2.3 Fitting of the Aging Model

To fit the aging model parameters of the SIB, a series of tests are necessary. For the
calendar aging tests, we rely on the work of Klick et al. [191], who conducted calendar
aging experiments at 25 °C and 40 °C for the investigated SIB, using one cell per condition.
Both cells were kept at 100% SOC. To avoid repeating calendar aging experiments, we
assume that calendar aging is independent of SOC for this cell type. Based on existing
calendar aging experiments with cells of the same type conducted by Streck et al. [203],
this assumption introduces an error of less than 1% in the estimated aging over the course
of one year, which is considered acceptable. Furthermore, no clear trend in the change
of internal resistance was observed in the investigations by Klick et al. [191]. Therefore,
we neglect this effect for our further analysis. These assumptions lead to the following
simplified equation:

αcap = (0.6 · exp(−660.05/T )), αres = 0 (5.15)

The resulting simple fit for calendar aging, obtained by minimizing the RMSE, is shown
in the Supplementary Figure A.7.
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For fitting the cyclic aging behavior, the tests described in Chapter 4 were used. Since
multiple cells were aged under identical conditions, the average aging behavior per condi-
tion was used for the fitting process. In contrast to calendar aging, clear dependencies on
voltage (or SOC) and DOD are observed. In terms of capacity, this leads to particularly
pronounced aging at low SOCs. As already noted in the aging study, the aging model does
not capture a clear trend in the aging behavior of internal resistance: under same load
conditions, internal resistance increases or decreases slightly with aging. Nevertheless, its
behavior can be accurately described by the following equations, derived using the fitting
approach of Schmalstieg et al. [118]:

βcap = − 1.55 · 10−4 · exp(−1.03 · 10−2 ·DOD)

+ 2.36 · 10−7 ·
(
SOC

)2
− 2.61 · 10−5 ·

(
SOC

)
+ 9.36 · 10−4

(5.16)

βres = − 2.10 · 10−3 · exp(−1.04 · 10−2 ·DOD)

+ 7.71 · 10−7 ·
(
SOC

)2
− 7.51 · 10−5 ·

(
SOC

)
+ 2.90 · 10−3

(5.17)

These relationships, including the averaged loads at the discrete measurement points, are
illustrated in Figure 5.11. The fitting quality of both fits was comparably high with an
RMSE of < 0.06.

The fitted results confirm the general trends already observed in the analyses in Chap-
ter 4. Capacity fade is highest at low mean SOC levels, with the DOD showing minimal
influence. At high mean SOC, capacity fade rises slightly, though the most pronounced
degradation remains at low mean SOC. The capacity fade is the lowest for the mid mean
SOC. A similar pattern is observed for resistance growth. Interestingly, under certain
conditions, the fitted coefficient is negative, indicating a decrease in resistance. In con-
trast to capacity fade, resistance growth exhibits a clearer dependency on the DOD, with
higher DOD conditions leading to a more pronounced increase. Overall, resistance growth
is most significant at both low and high average SOC levels.
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Figure 5.11: Fitting results for cyclic behavior using the model of Schmalstieg et al.
[118]. Green points indicate the averaged cell aging parameters under the
respective operating conditions.
A: βcap.
B: βres.

5.3 Transferability of SOC Algorithms

Based on the established evaluation framework and SIB models, we now benchmark three
widely used, real-time capable SOC estimation algorithms. The evaluation is performed
for the investigated NaMO2/HC cell and, for comparison, for the original NMC/LTO cell
from the target application across relevant operating conditions.

The accuracy of most diagnostic algorithms strongly depends on the shape of the
OCV(SOC) and the operating window. Figure 5.12 shows the corresponding curves for
both cell types. The NaMO2/HC cell exhibits a substantially broader voltage window,
i.e. 1.5V – 3.8V, and a steeper OCV(SOC) characteristic with a pronounced plateau
around 40%. In the context of control theory, the broader voltage range and the overall
steeper sections of the OCV(SOC) characteristic enhance the observability of the SOC,
which may positively affect the performance of real-time estimation algorithms.

5.3.1 Simulation-based Design of Experiment

We focus on seven evaluation categories to systematically analyze different factors influ-
encing algorithm performance. These categories encompass critical environmental, op-
erational, and BMS-specific conditions that affect estimation accuracy and are based on
current literature [80, 120] and the high-power use case from Chapter 3. By isolating
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Figure 5.12: Averaged OCV in dependency of SOC across the two cell types based on
qOCV measurements. The curves are characterized by different voltage
ranges and slopes.
A: NMC/LTO cell that is originally applied in the high-power scenario.
B: NaMO2/HC.

and varying individual features within each category, we aim to identify their specific im-
pacts on algorithm behavior. Although the chosen scenarios do not fully cover all relevant
use cases, they illustrate the methodology. A base scenario is established as a reference
for each estimator’s performance, testing the functionality of the algorithm without ad-
ditional disturbances. From this base scenario, we vary one feature per category while
keeping all other parameters fixed. The scenarios are depicted in Figure 5.13.
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Figure 5.13: Simulation-based Design of Experiment as a base for algorithm benchmark.
The green line indicates the base scenario. Within each category, only one
feature is varied. The choice of parameters within the different categories
is based on the operation range of the high-power use case from Chapter 3.
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Base scenario
Within the base scenario, we employ a representative load profile for the high power
application from Chapter 3. The profile DP1, shown in Figure 5.14B, is based on real
recorded driving data of a representative European driver. It is applied at an initial
SOC of 50% to a pristine cell at an ambient temperature of 25 °C. The algorithms are
correctly initialized, and no additional disturbing influences occur besides the basic sensor
emulation.

Dynamic high-power profiles
Since all real-world data originates from a 48V system with a maximum discharge rate
of 25C, the resulting power levels are not directly applicable to the SIB. Therefore, the
three original profiles are scaled to match the SIB’s nominal power. This process is shown
in Figure 5.14, where Figure 5.14A shows the power-equivalent profile. To compress the
data, pauses longer than one hour are removed, as the cell’s relaxation processes are
largely completed within this timeframe. The final profile used as input for simulation is
shown in Figure 5.14B.
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Figure 5.14: The load profile is based on real driving data from the application.
A: Power-equivalent profile, already scaled to match the power character-
istics of the SIB.
B: The pauses are removed from the power-equivalent profile to compress
data and reduce simulation time.

Beyond the standard drive cycle, we consider two additional high-power profiles shown in
Figure 5.15, both based on real-world data from the high-power application. The profiles
differ in duration and the number of rest periods. While the average currents in profiles
DP2 and DP3 are slightly lower than in DP1, all three cover similar SOC ranges, as
these are representative of the actual application. Further characteristics of all three high
dynamic profiles for the SIB are summarized in Table 5.2.
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Figure 5.15: Additional load profiles in the category dynamic high-power profiles. These
profiles stem from the high-power application described in Chapter 3 and
are scaled to match the power of the SIB. Long pauses have been shortened
similar to Figure 5.14.

Table 5.2: High dynamic profile (DP) characteristics for the commercial SIB.

Duration Avg. Current Start SOC End SOC Max. SOC Min SOC

Cha Dch

Unit h A A % % % %

Profile DP1 16.16 2.7 [σ=4.17] -1.34 [σ=2.2] 50 55.43 73.32 42.69

Profile DP2 18.23 1.55 [σ=3.39] -0.89 [σ=1.43] 50 52.29 70.88 42.18

Profile DP3 28.8 1.95 [σ=3.72] -0.9 [σ=1] 50 44.87 71.3 41.9

Initial SOC
The initial SOC is varied to both 40% and 60% to assess the diagnostic algorithms’
behavior near the initial values encountered in the high-power application.

Environmental temperature
The typical ambient temperature limits that occur in the high-power application, i.e.
10 °C and 40 °C, are considered.

Aging
To reflect the aging conditions observed in the field, we define specific aging states in
addition to the fresh cell. The initial capacity is reduced to 90% and 80% of the nom-
inal capacity (SOHC) while simultaneously increasing the serial resistance to 125% or
150% of the BOL resistance (SOHR), respectively. The second values stated in each
case correspond the End-of-Life (EOL) of the battery and also occur in the high-power
application.

Current sensor
Additional noise, offset errors, and gain errors test the influence of disturbances on the
current sensor on the diagnostic algorithms. The gain error (Gain) quantifies the magni-
tude by which each measured value is multiplied. The offset error (Off) denotes the fixed
deviation between each measured value and its reference value. Following the approach
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presented by Campestrini et al. [175], the offset error was determined as a function of the
nominal capacity, allowing for a cell chemistry-independent comparison. A gain error of
±5% was selected to simulate realistic variations in the current sensor calibration. For
the offset error a value of ±0.005 was chosen, as it reveals noticeable disparities among
the diagnostic algorithms’ estimates within this order of magnitude. The values are based
on a currently used current sensor [183].

Voltage sensor
For the gain error (Gain), a value of ±0.02 % was chosen. The offset error (Off) is set
to ±10mV. Moreover, the root mean square value of the mean-free noise (Var) is set to
0.0000168 V2. The values stem from the datasheet of a currently used voltage sensor for
mobile applications [204].

Faulty initialization
In a BMS, faulty states can occur either due to algorithmic errors or hardware malfunc-
tions. To assess their impact on algorithm performance, we introduce an SOC offset
of ±10% and vary the nominal capacity by ±0.2 Cnom to test algorithm convergence.
Additionally, we simulate an ambient temperature offset of ±10 °C.

The individual simulation scenarios are summarized in the Supplementary Table A.1.

5.3.2 Real-time SOC Algorithms

Within this work, we investigate the operational behavior of widely used, real-time capable
SOC estimation algorithms. Specifically, we benchmark an ampere-hour counter with
recalibration (AhC & OCV), an Extended Kalman Filter R1RC (EKF R1RC), and an
Unscented Kalman Filter R1RC (UKF R1RC).

Ampere-hour–based algorithm
A widely used and direct method to estimate the SOC is the ampere-hour counter. Ac-
cording to Equation (2.9), the measured battery current is integrated over time to de-
termine the charge. However, the ampere-hour counter method is prone to errors due to
inaccurate initialization, sensor inaccuracies, losses, or reduced capacity from aging. Since
these errors can accumulate significantly over time, the approach has been supplemented
with a recalibration mechanism during relaxation. During recalibration, when no current
flows, the ∆V criterion is used to check whether the battery is in a relaxed state. If
this condition is met, the voltage is measured, and the current SOC is determined via
interpolation based on the OCV(SOC) relationship. To prevent abrupt changes, the SOC
value is then updated gradually. Once current flows again, the SOC is initialized with the
updated value. SOC is normalized to the nominal capacity of the cell.

EKF and UKF using a R1RC model
We benchmark two well-documented and commonly used KF implementations available
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in MATLAB/Simulink. The parameter sets for both cell chemistries, listed in Table 5.3,
were obtained through iterative tuning. While detailed optimization is not the focus here,
it is important to keep in mind that it can significantly influence algorithm performance,
as discussed in the literature [205].

Table 5.3: Initialization of the model-based algorithms for the two cell chemistries. In
the matrices, the first diagonal element corresponds to the SOC, while the
second represents the voltage of the RC element.

Parameter NMC/LTO NaMO2/HC

α (only for UKF) 1 1

β (only for UKF) 2 2

κ (only for UKF) 0 0

Q

[
10−8 0

0 10−6

] [
10−6 0

0 10−10

]
R 0.5 0.5

P0

[
10−10 0

0 10−8

] [
10−3 0

0 10−5

]

Filter initialization involves the choice of the initial covariance matrix P0, the process
noise matrix Q, and the measurement noise R. The covariance matrix influences the
filter’s convergence behavior with higher values reflecting lower confidence in the initial
parameters. Q determines model uncertainty, where higher values correspond to lower
confidence in model accuracy. R reflects measurement uncertainty. A high value of R
results in a low Kalman Gain, reducing the impact of measurement updates on the state
estimate. [206]

5.3.3 Results

Figure 5.16 presents the evaluation results of the three SOC algorithms for both cells. The
left panel summarizes algorithm performance across categories using the average IA value,
chosen for its direct comparability in the radar chart. Both cells show excellent perfor-
mance under base conditions, with IA values above 0.97. However, performance changes
under different operating conditions and these changes differ for the two chemistries.

For the NaMO2/HC cell, all algorithms demonstrate notably low sensitivity to both ex-
ternal and BMS-specific influences. The AhC & OCV algorithm exhibits larger errors in
the aging category. The errors in the faulty initialization category are relatively small,
due to the algorithm’s integrated recalibration. The current sensor category also has only
a minimal impact on the performance of the AhC & OCV. The categories temperature,
initial SOC, and operation profile show similarly minor effects on all three investigated
algorithms. Interestingly, the voltage sensor category also has minimal impact on both
model-based algorithms.

115



5 Sodium-Ion Diagnostics for Battery Management Systems

A
AhC & OCV EKF R1RC

UKF R1RC
NaMO2/HC

0.80
0.85
0.90
0.95
1.00

Temp-
erature

Operation
profile

Base
scenario

Initial
SOC

Aging

Current
sensor

Voltage
sensor

Faulty
initialization

−10

0

10

20

∆
V

in
m
V

EKF R1RC UKF R1RC

0 5 10 15
−1

0

1

Time in h
∆
S
O
C

in
%

0 5 10 15

Time in h

B
AhC & OCV EKF R1RC

UKF R1RC
NMC/LTO

0.80
0.85
0.90
0.95
1.00

Temp-
erature

Operation
profile

Base
scenario

Initial
SOC

Aging

Current
sensor

Voltage
sensor

Faulty
initialization

−10

0

10

20

∆
V

in
m
V

EKF R1RC UKF R1RC

0 5 10 15

0

2

Time in h

∆
S
O
C

in
%

0 5 10 15

Time in h

Figure 5.16: Summarized results using the IA as a measure of accuracy across the two
cell chemistries. The IA provides an initial indication within the framework
of which categories may exhibit irregularities. The right panel focuses
on the model-based algorithms within the base scenario, presenting the
voltage error and the corresponding SOC error.
A: NaMO2/HC.
B: NMC/LTO.

For the NMC/LTO cell, shown in the left panel of Figure 5.16B, the AhC & OCV
performs poorly in the faulty initialization and aging categories, as observed for the
NaMO2/HC cell. In the voltage sensor category, both filters perform poorly, likely due to
the NMC/LTO cell’s very narrow OCV range. Voltage measurement errors have a greater
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impact, covering a larger portion of the operating range compared to the NaMO2/HC cell.
As with the SIB, the AhC & OCV performs well in the current sensor category, likely
because recalibration minimizes current errors, leading to only minor deviations in SOC
estimation. The UKF R1RC, similar to the AhC & OCV, exhibits higher deviations in
the aging category, especially since the SOC is normalized to the nominal capacity.

The right panel in Figure 5.16 shows the SOC error of the model-based algorithms for the
base scenario, as well as the voltage error, defined as the difference between the estimated
and the reference OCV. For the NaMO2/HC cell in Figure 5.16A, the EKF R1RC exhibits
voltage errors of up to 20mV, resulting in a maximum SOC error of approximately 1.5%.
The UKF R1RC, in contrast, limits the voltage error to 15mV, which corresponds to a
maximum SOC error of about 1%. For the NMC/LTO cell, however, the voltage error of
the EKF R1RC reaches up to 12mV, leading to a maximum SOC error of approximately
1.9%. While the UKF R1RC shows a similar voltage error in this case, the corresponding
SOC error is larger. The larger SOC deviation despite the smaller voltage error for
the NMC/LTO cell compared to the NaMO2/HC cell can, in part, be attributed to the
narrower voltage range of the NMC/LTO cell, where even a small voltage error results in
a larger SOC deviation.

Figure 5.17 shows the detailed results for the metrics RMSE, emax, ME, and σ across all
scenarios and algorithms for the SIB, enabling an overview of the respective strengths
and limitations of each algorithm. When varying the operation profiles, all estimators
show very good accuracy, although the EKF R1RC exhibits the highest emax, which can
be attributed to larger short-term deviations. The accuracy of all algorithms also remains
stable across different temperatures and initial SOC values. Changes in the initial aging
state affect both the AhC & OCV and the UKF R1RC. For the AhC & OCV, using the
nominal capacity as the denominator causes overestimation of relative errors when the
actual capacity deviates. A similar, though smaller, effect also influences the UKF R1RC.
Current sensor offsets have an impact on the accuracy of the AhC & OCV. The time-
series for each scenario within the current sensor category are summarized in Figure 5.18.
Although an offset accumulates over time, leading to a higher SOC deviation, this error is
largely corrected by the algorithm’s recalibration mechanism during rest periods, resulting
in good overall accuracy. For the EKF R1RC, current offsets have only a minor effect,
whereas gain errors lead to brief spikes in the SOC deviation. In contrast, the UKF
R1RC is particularly sensitive to a positive current offset. Even with voltage corrections,
this can result in a persistent deviation of the estimated mean SOC from the true value,
because the filter effectively trusts the biased current too much. This error is reflected
in the slightly increased ME, highlighted in light blue in the heatmap. Voltage sensor
disturbances do not affect the AhC & OCV but do impact the model-based filters. A
voltage offset, in particular, has the strongest effect on both filters, which are unable to
compensate for it, reflected in increased ME values for these scenarios. In contrast, gain
and variance errors show no noticeable impact on accuracy, bias, or precision. Incorrect
initialization significantly affects the performance of all estimators.
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Figure 5.17: Sensitivity analysis for the SIB. The performance is evaluated across seven
categories, three estimation algorithms, and four error metrics capturing
accuracy, bias, and precision. Red fields indicate high metric values, i.e.,
poor performance, while blue fields denote low values, corresponding to
high estimation quality with respect to the respective metric.
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Figure 5.18: Time-series results for the current sensor category of the investigated SIB.
The AhC & OCV consists of a recalibration mechanism during rest peri-
ods, which mitigates the effects of current offset errors. In contrast, the
UKF R1RC accumulates the current error and relies heavily on the current
sensor.

An initial SOC offset has a moderate impact on the AhC & OCV, as the algorithm can
correct the deviation during the next rest period. Interestingly, the UKF R1RC is largely
unaffected in terms of emax, as it corrects the SOC offset immediately. In contrast, a
capacity offset degrades the performance of the AhC & OCV, since normalization errors
in SOC calculation accumulate over time. The model-based estimators are also sensitive
to capacity offsets, exhibiting higher maximum errors and reduced precision, as reflected
in increased standard deviations. Temperature offsets, on the other hand, have only a
minor influence on all three algorithms. This indicates that the model-based estimators
can tolerate moderate temperature misestimations, as they are able to compensate for
the resulting errors in the LUT. To further compare the algorithm performance with the
NMC/LTO cell and highlight the impact of different evaluation metrics, Supplementary
Table A.2 summarizes the best and worst algorithms for each cell, based on various
performance indicators. It is evident that, according to the measures of accuracy, all
metrics favor the Kalman filter-based algorithms, with the UKF R1RC performing best for
the NaMO2/HC and the EKF R1RC for the NMC/LTO cell. However, when considering
bias, different algorithms rank as the best or worst ones. For instance, the least bias for
both cells, reflected by a low ME is achieved using the EKF R1RC.

Implications

Voltage measurement errors can strongly affect the performance of Kalman filter esti-
mators, due to their reliance on voltage feedback for state correction. Interestingly, the
tested SOC algorithms maintain high accuracy for the SIB even under strong voltage
sensor disturbances. Detailed results for each voltage sensor scenario, based on the IA
metric, are presented in Figure 5.19.
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Figure 5.19: Comparison of algorithm performance considering IA across the two cell
chemistries.
A: Voltage sensor.
B: Current sensor. The difference in AhC & OCV values between the
two cells arises from the underlying load profile, which is power-equivalent
rather than C-Rate-equivalent.

This robustness arises from the steep OCV curve of the NaMO2/HC cell, whereas the
NMC/LTO cell exhibits a relatively flat voltage curve and a narrow voltage window,
reducing observability. As a result, absolute voltage offsets strongly influence the OCV
of the NMC/LTO cell and, consequently, SOC estimation. The EKF R1RC exhibits a
minimum IA below 0.8, whereas the NaMO2/HC cell shows minimal sensitivity to voltage
measurement errors, with the UKF R1RC maintaining a minimum IA above 0.9.

While the AhC & OCV is primarily dependent on current sensor accuracy and OCV
recalibration, we observe that inaccuracies in current sensors impact both model-based
algorithms and the AhC & OCV. This is due to the balance between overpotential estima-
tion and the integrated coulomb counter in Kalman Filters, both of which are influenced
by measurement errors. We observe that current sensor offset errors have the greatest
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impact on SOC estimation, leading to long-term integration drift. However, the effect
of current sensor errors remains mostly consistent across both cell chemistries. Further-
more, our analysis shows that, for industry-relevant sensor inaccuracies, errors in voltage
sensors have a more significant impact than realistic current sensor errors, particularly in
the chosen profiles.

In general, all tested algorithms perform well for the commercial SIB in the high-power
use case. Even in the presence of sensor errors, the SIB achieves reliable results, largely
due to the steep OCV(SOC) curve. Even when model inaccuracies lead to higher voltage
deviations, the model-based estimations remain robust. In an extreme case with a positive
voltage offset, the EKF R1RC for the NaMO2/HC cell achieves an RMSE of approximately
0.7%, whereas the EKF R1RC for the NMC/LTO cell achieves an RMSE value of 3.47%,
which is five times higher. Using our evaluation framework, we can quantify these be-
haviors precisely, confirming that SOC estimators originally developed for lithium-based
systems can be applied to the targeted SIB without compromising accuracy, and even
show potential for further improvements.

5.4 Transferability of SOH Algorithms

In this section, we investigate the transferability of real-time capable SOH estimation
methods to the investigated SIB. We evaluate five algorithms with a focus on their oper-
ational performance under application-relevant conditions. Although resistance increase
is often an important indicator in high-power systems, we concentrate on capacity esti-
mation, as no significant resistance increase was observed in the application. Moreover,
aging tests from Chapter 4 showed inconsistent trends, including decreasing values in some
operation cases, rendering resistance an unreliable metric for systematic evaluation.

Unlike SOC estimation, where we relied on the IA indicator as a metric of accuracy, the
same metric is not applicable for SOH estimation. The reason is that the IA tends to
approach a value of 0 when the reference values are constant or vary only slowly over
time, as each reference value approximates the average reference value. Therefore, we use
the normalized error metric RMSPE for the overview of algorithm performance within
each category.

Due to the absence of a suitable aging model for the original NMC/LTO cell in our simu-
lation toolchain, we focus the SOH algorithm evaluation on the SIB, taking into account
the implications from the high-power application presented in Chapter 3. Analogous to
the SOC evaluation, this section demonstrates the methodology for operational SOH al-
gorithm assessment using the high-power use case. Our framework serves as a foundation
for application-specific algorithm selection and further optimization, while the results
exemplify its practical use with established algorithms and predefined parameters.
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5.4.1 Simulation-based Design of Experiment

5.4.1.1 Evaluation Categories

We focus on seven evaluation categories to systematically analyze different factors in-
fluencing SOH algorithm performance. Similar to the SOC benchmark, one simulation
is carried out containing all standard settings that is referred to as the base scenario.
The results obtained from this evaluation are used as a reference for comparison of the
variance created by the different categories and their parameter variances. An overview
of all simulation scenarios conducted for the SOH benchmark is given in Supplementary
Table A.3.

Base scenario
The driving profile of the high-power application DP1 at an ambient temperature of 25 °C
is used as the base. Similar to the base scenario for SOC evaluation, voltage and current
sensors are not subjected to additional disturbances.

As shown in Figure 3.3, the variation in SOH becomes particularly pronounced at an
energy throughput of around 2000 kWh, which is specific to the targeted application. In
this region, the spread around the mean is large, and the difference between minimum
and maximum SOH values is greatest. This highlights the importance of accurate SOH
estimation in such use cases, especially because deviations in SOH can have more serious
consequences at lower values since at reduced SOH, small estimation errors may wrongly
influence performance restrictions or trigger warranty-related decisions [207]. To address
this within our framework, we define a charge throughput of 4000Ah and assume a cal-
endar age of 2000 d in the standard case, which corresponds to this critical operating
window. This ensures that the estimators are evaluated under conditions where SOH
accuracy is most relevant.

Dynamic high-power profiles
Beyond the standard profile, we employ the profiles DP2 and DP3 depicted in Fig-
ure 5.15.

Environmental temperature
Similar to the SOC benchmark, in addition to the standard ambient temperature of
25 °C, two scenarios are considered at 10 °C and 40 °C. These temperatures were selected
to reflect the typical operating range in our high-power application.

Initial aging state
To analyze the performance of the estimators at different initial aging states without
conducting long simulations, a series of simulation scenarios were designed that represent
different initial battery age conditions. The battery simulation framework allows for defin-
ing the starting point of aging through two parameters: an initial SOH factor that adjusts
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the battery’s capacity and impedance, and a parameter that specifies the battery’s age
in terms of both calendar days and charge throughput. In this work, charge throughput
and age in days are used as the variables to represent aging, capturing both cyclic and
calendar aging effects. To determine the specific aging state, we assume an average SOC
of 50% and an average DOD of 10% representing common operation in our investigated
high-power vehicle application. Field data indicate that batteries can experience charge
throughputs exceeding 125 000Ah, although most vehicles remain within a range of up to
80 000Ah. Based on these insights, we evaluate the functionality of the SOH algorithms
across five additional aging states: a pristine condition with no charge throughput or cal-
endar aging, an early aging state at 1000Ah and 1000 days, moderate aging at 2000Ah
and 2000 days, and an advanced aging condition at 8000Ah and 4000 days, emphasizing
cyclic aging.

Aging rate
To analyze the impact of varying aging rates, a time scale factor within the battery simu-
lation toolchain is used to control how quickly aging progresses. A higher value increases
the frequency of aging updates, effectively accelerating the simulation of degradation. For
example, a time scale factor of 5 reduces the interval between aging steps from one day to
4.8 hours. This allows long-term effects to be simulated within a shorter real-time span.
The factor influences only the pacing of updates, not the severity of each individual aging
step. To efficiently simulate long-term degradation, we used time scale factors of 60 and
120, corresponding to aging updates every 24 or 12 minutes respectively, enabling the
modeling of months of battery use within just a few simulation hours [110]. However, it
should be noted that these high acceleration factors induce very fast degradation that are
unlikely to occur to this extent in the targeted SIB application. Nevertheless, they serve
to test the limits of the estimators under extreme degradation scenarios.

Voltage sensor
Similar to the SOC estimation, the simulated battery data that serves as input for the
algorithms is distorted by added noise and gain errors. Three types of distortion are
implemented: A gain error, an offset error, and a variance error. These errors were added
separately to analyze their impact individually. For the voltage sensor, the gain error is
set to ±0.0002. With the offset error, an additive error of ±10mV is added to the sensor
data. The variance error is added by a gaussian normally distributed error with a value
of 0.000 016 8V2 [204].

Current sensor
Similar to the SOC evaluation, the gain error is set to ±0.05 of the nominal value of the
sensor. With the offset error, an additive error of ±0.005 Cnom is added to the sensor data
reflecting an extreme, but possible behavior of typical BMS sensor hardware [183].

Faulty initialization
To assess algorithm convergence, we vary the nominal capacity by ±0.2 Cnom. Addition-
ally, we simulate an ambient temperature offset of ±10 °C.
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5.4.2 Real-time SOH Algorithms

Since our evaluation framework, as outlined in Section 5.1, emulates a real-time BMS, we
focus on model-based and direct methods, as in the previous SOC assessment. Specifically,
we benchmark five real-time capable estimators: coulomb counting (CC), as well as four
model-based algorithms, EKF, UKF, weighted ordinary least square algorithm (WOLS),
and recursive approximation of total least squares algorithm (RTLS), all implemented
using MATLAB/Simulink’s Simscape library and documented in [185].

In model-based approaches, capacity is treated as an internal state variable and is adjusted
by minimizing the SOC estimation error, rather than directly minimizing voltage error.
Capacity is inferred from the relationship between charge throughput and changes in
SOC, according to Equation (5.18). Accurate SOC estimation is therefore critical, as
errors in SOC propagate into the capacity estimate. Conversely, an inaccurate capacity
value also feeds back into the SOC estimation, potentially amplifying overall estimation
errors. For all four model-based algorithms, we use the best-performing SOC estimator
from Section 5.3.3, namely the UKF R1RC with the predefined initialization shown in
Table 5.3. This configuration yielded the most accurate results in the context of the
high-power application. An overview of the general process of capacity estimation and its
connection to SOC estimation is shown in Figure 5.20.

UKF R1RC Capacity Estimator
SOC(t) C(t)I(t)

V(t)
SOC(t0) I(t)

Cinitial

Figure 5.20: Dependency of model-based capacity estimator on SOC estimation, mea-
sured signals, and initial values.

Coulomb counting
Equation (2.9) requires the actual capacity at a given time step to calculate the SOC.
Rearranging this equation yields Equation (5.18), which directly determines the capacity.
The parameter ηC denotes the coulombic efficiency. In this work, the coulombic efficieny
is set to 1.

Cact =

´ t1
t0

ηC · i(t)dt
SOC(t1)− SOC(t0)

(5.18)
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To determine the SOC, we can either use estimated values from an algorithm or refer
to the OCV(SOC) mapping. There are two common approaches to detect the relaxed
state.

• Time-dependent: The cell must rest for a certain time until the cell can be considered
in a relaxed state.

• Negligible voltage change: During relaxation, the voltage gradually stabilizes. If
its derivative reaches zero, the cell is considered relaxed. However, due to noise
and other influencing factors, this process would theoretically continue indefinitely.
Therefore, a threshold is defined. Once the voltage change falls below this value,
the cell is assumed to be in a relaxed state.

Accurate capacity estimation requires a sufficiently large DOD and a clear voltage dif-
ference between the start and end points. If these points are too close in voltage, even
small measurement errors can significantly distort the result. For an accurate capacity
estimation, several other conditions must be met. The complete process is illustrated in
Figure 5.21 and consists of three stages that are described in the Supplementary Mate-
rial A.7.

Least-squares algorithms
The objective of least-squares algorithms is to identify the linear function that best char-
acterizes the relationship between the states and the measurement points by minimizing
the sum of the squared residuals as shown in Figure 5.22 [208]. For capacity estimation,
the relation between capacity and SOC from Equation (2.9) is used. As shown in Equation
(5.19), x represents the ∆SOC and y the resulting change of charge ∆Q.

{
xn = SOC(t1)− SOC(t0)

yn =
´ t1
t0

i(τ)dτ
(5.19)

We can then rewrite the Equation (2.9) to

yn = Q · xn (5.20)

This equation is then used to estimate the capacity using least-squares estimation, where
∆xn and ∆yn represent the uncertainties, and Q̂ the estimated capacity:

(yn −∆yn) = Q̂ · (xn −∆xn) (5.21)

Both yn and xn have sensor noise and estimation noise, respectively [209]. The WOLS
minimizes the weighted sum of squared residuals ∆yn, whereas the RTLS minimizes both
the sum of squared residuals ∆yn and ∆xn [209].
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Figure 5.21: CC capacity estimation as stateflow diagram. Each block in marks the
start of a new stage. Each block in represents a process. The diamond-
shaped blocks in are conditions.

For the WOLS, the estimated capacity is obtained by minimizing the weighted least
squares function:

χ2
WOLS =

N∑
n=1

(yn − Yn)
2

σ2
yn

(5.22)
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Figure 5.22: Exemplary data with estimated regression line.
A: The WOLS minimizes the squared residuals ∆y.
B: The RTLS minimizes the squared residuals ∆y and ∆x.

The solution for the estimated capacity can be determined according to Equation (5.23).

Q̂ =

N∑
n=1

xnyn
σ2
yn

N∑
n=1

x2
n

σ2
yn

(5.23)

A forgetting factor γ ∈[0,1] can be introduced to gradually reduce the influence of older
measurements, resulting in the solution according to Equation (5.24) [209].

Q̂ =

N∑
n=1

γN−1 xnyn
σ2
yn

N∑
n=1

γN−1 x2
n

σ2
yn

(5.24)

To additionally account for the uncertainty of xn, the weighted total least-squares algo-
rithm estimates the capacity by minimizing the following function:

χ2
WTLS =

N∑
n=1

(xn −Xn)
2

σ2
xn

+
(yn − Yn)

2

σ2
yn

(5.25)

For the RTLS used in this work, we set σxn = kσyn, leading to the estimation considering
a forgetting factor:

Q̂ =
−k1,n + k2k3,n +

√
(k1,n − k2k3,n)2 + 4k2k2

2,n

2k2k2,n
(5.26)
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where

k1,n = γk1,n−1 +
x2
n

σ2
yn

,

k2,n = γk2,n−1 +
xnyn
σ2
yn

,

k3,n = γk3,n−1 +
yn
σ2
yn

.

(5.27)

The tuning of the least-squares algorithm parameters is summarized in Supplementary
Table A.5.

Kalman filters
The functionality and underlying principles of Kalman filters have been discussed in Sec-
tion 2.4.1.3. In contrast to SOC estimation, the SOH estimation focuses solely on capacity,
which is treated as the state to be estimated. The filter operates using the noisy, esti-
mated SOC and current as inputs. The parameterization of the nonlinear Kalman filters,
namely the EKF and UKF, follows the same iterative tuning strategy as applied for SOC
estimation, with the corresponding parameters listed in Supplementary Table A.6.

5.4.3 Results

Figure 5.23 provides an overview of the performance of the five SOH estimation algorithms
for the SIB, using the normalized metric RMSPE. In each category, a lower RMSPE
corresponds to a more accurate average estimation.

Notably, the results for SOH estimation are generally less accurate than those for SOC,
with RMSPE values exceeding 5% in some scenarios. This is primarily due to the low
observability of capacity in the available, noise-affected measurement signals. In addition,
if a systematic SOC error is already present, it may be misinterpreted by the filter as a
deviation in capacity. However, these general challenges are not unique to SIBs but are
also present in LIBs.

The UKF and EKF estimators generally demonstrate the best performance across most
categories, consistently achieving low errors. The UKF reaches an average RMSPE of
2% across all categories, while the EKF achieves an average RMSPE of 1.7%. Their
estimates remain relatively stable even in the presence of current or voltage sensor faults,
highlighting their robustness to deviations from standard operating conditions. However,
performance significantly degrades in the category faulty initialization. The errors in
this category are primarily caused by large initial capacity errors of ±20%. Although the
error gets corrected over time, the duration of the base profile is too short for the capacity
estimate to converge, so significant errors remain at the end of the measurement. The
WOLS also achieves good results, with an average RMSPE of 1.8% across all categories.
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Figure 5.23: Overview of algorithm performance results across all robustness categories.
Each dot represents the achieved average RMSPE value in the respective
category. RMSPE values greater than five are cut off.

The only exception is large initial capacity deviations, which also cannot be corrected
within the limited duration of the profile. In contrast, the RTLS estimators exhibits
higher RMSPE values across most categories with an average RMSPE value of 3.3%,
indicating generally reduced estimation accuracy. Nevertheless, with the exception of
the faulty initialization category, the errors remain below 5% RMSPE, suggesting that
their performance remains within an acceptable range for most conditions [79]. The CC
algorithm lacks adaptability when it comes to current sensor faults, variation of initial
age, and varying aging rates. However, it is not strongly influenced by a capacity offset
yielding to an average RMSPE value of 4% across all categories.

Figure 5.24 illustrates the time-series estimation results for each algorithm under the
base scenario. The green line denotes the deviation of the estimated SOH from the
reference value, while the orange line represents the deviation in SOC. The SOC for the
Kalman filter and least-squares estimators is determined by the UKF R1RC, analyzed in
Section 5.3.2.

The discrete nature of the CC method is evident in the step-wise behavior observed in
the SOH. The estimator updates only when the DOD exceeds a certain threshold and the
environmental conditions, such as current and temperature, remain within a valid range.
For the base scenario, the algorithm triggers the capacity estimation two times. Since the
nominal capacity is used for the SOC estimation, the SOC error is very dynamic and higher
than for the rest of the algorithms. The SOH estimated by the EKF shows an average
error of less than 1% and converges toward a stable value. The UKF SOH estimator
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Figure 5.24: Time-series for the base scenario across each algorithm. The green curve
depicts the SOH and the orange curve the SOC error, respectively.

exhibits similar behavior, resulting in comparable SOC errors. In contrast, the RTLS and
WOLS tend to overestimate capacity and also converge to fixed values. Similar to the
CC approach, both RTLS and WOLS operate as discrete estimators, which is reflected
in their step-wise SOH profiles. These algorithms generally face difficulties in identifying
the correct initial capacity trend. The WOLS method maintains moderate errors in both
SOC and SOH, whereas the RTLS estimator yields the largest SOH deviations among
all evaluated methods, despite still achieving reasonable SOC estimates. In both cases,
the estimator misattributes an SOC offset to capacity drift, thereby misinterpreting the
underlying source of the error. Generally, we observe that a low SOC error does not
necessarily yield a low SOH error and vice versa. All algorithms perform acceptable in
the base scenario whereas the WOLS yields the lowest SOH and SOC errors according to
the RMSPE.

To enable a more detailed analysis of algorithm performance across all categories, Figure
5.25, analogous to Figure 5.17 fo SOC evaluation, shows the individual results in each
robustness category for every scenario, using metrics for accuracy, bias, and precision.
While all investigated high-power profiles are characterized by strong current dynamics,
DP2 and DP3 exhibit lower peak currents compared to DP1, which has a positive effect
especially on the CC and the RTLS. This is partly because current sensor noise increases
with higher C-Rate, introducing integration errors that negatively influence estimation
accuracy. For the category initial age, the first value indicates charge throughput in Ah
and the second the calendar age in days. In general, this category has little impact on
estimation accuracy, except for the CC, where larger errors are observed, particularly in
the BOL scenario. This is caused by a higher offset, as reflected in the increased ME.
The error arises because, although the errors in the estimated charge and SOC are small
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Figure 5.25: Assessment of accuracy, bias, and precision across all simulation scenarios
and algorithms. A red color indicates a high error value, whereas blue
indicates low errors.

individually, their ratio amplifies the resulting CC error. This behavior will be analyzed in
more detail later in this section. In the temperature category, the CC, EKF and UKF show
a sensitivity, attributable to slightly increased SOC errors at lower temperatures, while
the other algorithms remain largely unaffected. In the aging rate category, degradation is
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artificially accelerated to test algorithm performance under rapid capacity changes. CC
produces large errors because it assumes constant capacity during the triggering period,
while the reference capacity decreases, resulting in SOC overestimation and substantial
capacity errors. Being a discrete estimator that triggers only infrequently, CC cannot
properly track rapidly changing capacity. For the remaining algorithms, two trends are
observed: the performance of the two Kalman filters remains largely unaffected by the
accelerated capacity changes, whereas the least-squares algorithms show a slight degra-
dation in estimation accuracy due to their initialization. A forgetting factor of 98 % was
used for RTLS and WOLS. If faster aging were expected, this factor should be reduced.
Since the investigated SIB does not experience significant aging during operation, the
forgetting factor was set high for this study, which in turn introduces erros for these
scenarios. The current sensor particularly affects the CC, where especially a constant
offset leads to significantly reduced accuracy. As shown in Figure 5.26A this stems from
a higher error in estimated Q. The offset only has a minor effect on the other algorithms.
The Kalman Filters are both mainly affected by a negative gain, increasing the SOH er-
rors. Disturbances in the voltage sensor have almost no effect on CC performance. The
other algorithms are also minimally affected. Lastly, the faulty initialization category has
the most significant impact on algorithm accuracy, primarily due to the initial capacity
offset in the estimation algorithms. Because SOC changes are small and the profile du-
ration is limited, the measurements provide only weak excitation for updating capacity.
Additionally, the Kalman filters update their capacity estimate gradually based on the
Kalman gain, while the least-squares algorithms weigh past data heavily due to the high
forgetting factor. As a result, these algorithms cannot fully correct a large initial capacity
error within the profile duration. The CC algorithm, in contrast, is unaffected by the
capacity offset, as it always uses the nominal capacity for SOC estimation and does not
necessitate an initial capacity value.

We now analyze the CC in more detail, as it exhibits the highest variability under different
operating conditions as seen in Figure 5.23. Our analysis is grounded in the fundamental
principles of the algorithm, focusing on how errors in ∆SOC and charge propagate to
capacity, while the specific values observed for our cell and use case help us quantify the
algorithm’s performance under realistic operating conditions. As an open-loop estimator,
the CC relies entirely on the accuracy of the estimated ∆SOC and accumulated charge
Q, as described in Equation (5.18). Figure 5.26 illustrates the relationship between the
estimation errors in Q and ∆SOC, with bubble size representing the capacity error, which
is defined according to Equation (5.28).

Caperror =

(
Cref − Cest

Cref

)
· 100 % (5.28)

The bubble color indicates the category of the respective scenario. Each bubble corre-
sponds to a single SOH value at the time calculation is triggered. In the base scenario,
this occurs twice, and both values are shown separately. As already discussed, in the
aging rate category, the CC method is triggered while the reference capacity has already
decreased during the triggering period, resulting in an increased SOC. Because the CC
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method assumes that capacity remains approximately constant during this period, this
assumption is violated, leading to unrealistically high capacity errors. Therefore, this
category is excluded from subsequent analyses.
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Figure 5.26: Influence of error in Q and ∆SOC on capacity error. Each point represents
an estimate produced by the CC.
A: For each scenario within each category the error inQ over error in ∆SOC
is plotted. The size of the bubble increases linearly with the capacity error
defined according to Equation (5.28).
B: Link of capacity error, defined according to Equation (5.28), and the
ratio Cest/Cref , defined by Equation (5.29).

It is evident in Figure 5.26A that increasing deviations in ∆SOC or in Q generally lead
to higher estimated capacities, although the relationship is non-linear. The dependency
between these estimation errors and the ratio Cest/Cref can be expressed mathematically
as:

Cest

Cref

=

1 +
errorAh

∆Ahref

1 +
error∆SOC

∆SOCref

(5.29)

Here, errorAh denotes the deviation between the actual and estimated charge, while
error∆SOC represents the deviation in the SOC window. A ratio Cest/Cref > 1 indi-
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cates capacity overestimation, whereas a ratio below 1 corresponds to underestimation.
Accordingly, the normalized capacity error Caperror is directly proportional to Cest/Cref.
Figure 5.26B illustrates this relationship for our scenarios, providing a validation of the
estimator’s functionality. In particular, scenarios from the current sensor category exhibit
capacity deviations of up to 12%, which leads to a Caperror roughly five times higher than
in the standard case. Even in scenarios without disturbances, such as different initial ag-
ing states, unfavorable combinations of errors in Q and ∆SOC can still occur, producing
elevated capacity errors. For most scenarios, however, capacity errors fall below 5%, in-
dicating that even under the demanding conditions of our application, the CC algorithm
remains a suitable SOH estimator and satisfies the application requirements.

For our high-power use case, SOH estimation achieves errors below 3% under the standard
profile, demonstrating that the algorithms are suitable for the operating conditions. As
expected, current sensor errors lead to the largest deviations for the CC algorithm, whereas
the Kalman filters remain robust across all scenarios, exhibiting RMSPE values below 1%
for most cases. High initial capacity errors cannot be fully corrected within the profile
duration, leading to RMSPE values exceeding 10%. Overall, the main limitation for
SOH accuracy in this application is the narrow SOC range, which strongly reduces the
observability of capacity.

5.5 Conclusion

The drop-in potential of SIBs as complementary systems to commercial LIBs has been in-
creasingly addressed in the literature, particularly with regard to manufacturing processes
and material compositions. However, the implications for the system-level, especially for
the BMS, remain unexplored. This chapter addressed this gap by systematically evaluat-
ing the transferability of real-time capable SOC and SOH algorithms from LIB systems
to SIBs, utilizing a fully automated simulation toolchain that is made publicly available
[179]. This toolchain replicates the entire BMS signal path, from real-world high-power
load profiles to the deployment of diagnostic algorithms. Two electrical models and one
aging model, parameterized with experimental data from the targeted SIB, are integrated
into the simulation toolchain. The aging model captured a critical degradation pattern:
capacity fade predominantly occurs at low SOC and is minimal around mid mean SOC.
Importantly, we demonstrated that, for the investigated high-power use case, modeling
a compression of the OCV is sufficient to reproduce aging effects, mitigating complexity
requirements.

We systematically assessed three runtime-capable SOC algorithms and benchmarked them
against the performance of the in the use case originally used NMC/LTO LIB. Our analy-
sis, including industry-standard hardware considerations, identified voltage sensor errors
and faulty initialization as the dominant sources of model-based SOC estimation errors.
Yet, the SIB’s highly linear and steeper OCV curve mitigates these effects substantially.
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5.5 Conclusion

Even with a introduced voltage sensor offset of 10mV, all evaluated algorithms maintained
an RMSE below 1.5%, highlighting their robustness for such cases.

A smaller SOC error provides a solid foundation for SOH estimation suggesting that SOH
estimates for the SIB should be at least as accurate as those for the LIB when only con-
sidering SOC accuracy. We determined the battery capacity based on the current and
the estimated SOC and fed the updated capacity estimate back into the SOC estimator.
While the UKF, EKF and WOLS generally demonstrated strong performance, our analy-
ses showed that if the initial capacity estimate is inaccurate, the investigated model-based
filters have difficulty autonomously correcting it within the duration of the profile. Even
though it is possible to account for this offset by further adjusting the tuning parameters,
such adjustments can degrade the accuracy of the estimator under other, more basic op-
erating conditions. For the investigated scenarios, the EKF proved to be a particularly
robust choice for the high-power use case, delivering consistent and accurate performance
across different operating scenarios.

Overall, we developed a flexible simulation toolchain that enables a fast, structured, and
quantitative evaluation of BMS algorithms under realistic operating conditions. This
framework allows users to efficiently assess algorithm performance, identify weaknesses,
and adapt configurations to specific applications or cell chemistries, enabling rapid al-
gorithm performance assessment. Applied to the investigated SIB, the results show that
conventional SOC and SOH estimation methods are largely transferable. Across all tested
scenarios, including extreme conditions, the SOC estimators achieved RMSE values be-
low 2.5 %, demonstrating high robustness. The favorable shape of the OCV curve can
potentially reduce demands on model accuracy and sensor quality. In contrast, SOH es-
timators showed slightly higher deviations, particularly under extreme conditions such as
erroneous initial capacity. SOH estimation remains particularly challenging, mainly due
to the operational constraints of the target application.
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6 Conclusions and Outlook

In the quest for sustainable and cost-effective battery technologies, SIBs are emerging as
a promising alternative to commercial lithium-based systems. While SIBs and LIBs share
similar electrochemical properties that suggest potential for drop-in integration, differ-
ences in OCV characteristics and degradation behavior must be thoroughly understood
and addressed.

In this work, we present a systematic approach to accelerate the integration of new cell
chemistries into existing battery systems by linking aging behavior, diagnostic perfor-
mance, and application requirements. As a use case, we focus on a high-power automo-
tive application that currently employs costly NMC/LTO cells. Given that SIBs exhibit
similar performance characteristics at potentially lower cost, they represent a promising
candidate for replacement. The main challenge in this application lies in the combina-
tion of high currents, low DODs, and the absence of full charging during operation, all
of which place increased demands on both algorithms and models. Using the field data
comprising over 12 million readouts from 600,000 vehicles, we characterize typical oper-
ating conditions and requirements for lifetime and management. For rapid deployment
of new cell chemistries, it is essential to have methods in place that provide timely infor-
mation on battery behavior in the field. To this end, we introduce an anomaly detection
framework that systematically detects batteries with unusual aging patterns, supporting
manufacturers in assessing performance and guiding operational decisions such as battery
replacements.

To evaluate whether SIBs can be integrated into the same application meeting the re-
quirements of our use case, we first need to understand their specific aging behavior.
Therefore, we investigated the aging behavior of a commercial SIB with a layered-oxide
cathode and a HC anode across different conditions and highlighted distinctive aging be-
haviors through a large-scale aging study. Remarkably, even after 4,000 EFC, the capacity
loss remained below 11% for all tested conditions. Across all cells, the median capacity
loss was approximately 2%, underlining the cell’s high lifetime. Interestingly, the cells
exhibit the highest aging in the lower SOC range, potentially due to mechanical stress
during sodium-ion storage at low SOC. By analyzing degradation behavior using experi-
mental diagnostic techniques, we identified LSI and LAM of the negative electrode as the
dominant degradation modes. Based on the experimental data, we fit a semi-empirical
aging model that captures the relationship of capacity and resistance with operating con-
ditions. Using this model and the requirements of the high-power application, we tested
common real-time capable BMS algorithms in a publicly-available simulation framework.
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6 Conclusions and Outlook

For SOC estimation, we identified the UKF as the best-performing algorithm in terms
of accuracy, bias, and precision for our use case and the chosen SIB. Compared to the
originally used lithium-based cell, our results show that a robust estimation can also be
achieved in demanding cases of the application: Even when the underlying BMS model
showed larger voltage deviations, the resulting SOC error remained small which is due
to the broad voltage window of the SIB voltage. For the investigated worst-case voltage
offsets, some estimators achieve an accuracy approximately five times higher than that of
the originally deployed battery, demonstrating their high robustness even under such dis-
turbances. Moreover, we evaluated five real-time capable algorithms for their suitability
in SIB SOH estimation. We demonstrated that, for the investigated SIB and use case,
filter-based algorithms are well suited for SOH estimation. The best performing algorithm
achieved an average error across all scenarios of approximately 1.7%.

The main contributions of this work can be summarized as follows:

• Analysis of a unique, extensive LIB field dataset in a high-power applica-
tion as a benchmark for SIB integration: We analyzed over 12 million readouts
from 600,000 customer and prototype vehicles. By examining the influence of load
history and operating scenarios on estimated battery aging, we demonstrated how
statistical learning methods can be used for detecting irregular batteries. The in-
troduced framework can support manufacturer in aging-aware fleet operation and
reliability analyses.

• Aging study of a commercial SIB under diverse conditions: We evaluated
aging behavior of 81 NaMO2/HC cells over more than 4,000 EFC, covering a range
of operating conditions - representing, to our knowledge, the most extensive dataset
of its kind published to date. Unlike lithium-based systems, the main capacity loss
occurs at low SOC, which we attribute to LAM on the desodiated anode and to LSI,
based on DVA and EIS diagnostics. We quantify how features extracted from these
methods relate to capacity fade, providing detailed insight into the degradation
patterns of this commercial SIB. Remarkably, the median capacity loss across all
cells is 2% after approximately 4,000 EFC.

• Simulation-based assessment of diagnostic algorithm transferability to
SIB: We developed a simulation framework to systematically evaluate real-time
capable BMS algorithms for SOC and SOH estimation. While the fundamental
electrochemical mechanisms of the investigated SIB are largely comparable to those
of conventional LIBs, their distinct voltage profile and dynamic behavior require
quantitative assessment to ensure reliable diagnostic performance. The investigated
SIB benefits from a favorable OCV(SOC) curve and a broad voltage window, en-
abling accurate estimation performance, even exceeding that of the originally de-
ployed lithium-based cell. The results suggest that simplified models and lower-cost
voltage sensors could be employed in future BMS for SIBs without compromising
algorithm accuracy. Our framework is publicly available and supports the process
of BMS algorithm design and evaluation.
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We are still in the early stages of understanding the degradation mechanisms of SIBs, fo-
cusing broadly on the electrochemical processes that drive aging. To validate our hypothe-
ses regarding the dominant degradation modes, post-mortem analyses will be conducted
in future work. In particular, to better understand the pronounced increase in hysteresis
with aging, it is necessary to characterize the cell’s pulse response and impedance over a
wider range of SOC levels and C-Rates, as the observed hysteresis growth may be driven
by increasing overpotentials. Our results indicate that hysteresis correlates strongly with
SOH and may capture specific degradation patterns, making it a valuable source for di-
agnostics. Future research should therefore focus on extracting and modeling hysteresis
features as functions of SOH and operating conditions, with the aim of improving both
aging estimation and aging prediction. To further enhance the electrical model, incorpo-
rating model parameter’s current dependencies would be beneficial within our high-power
use case. Finally, to fully integrate a SIB into an application, system-level optimization,
including pack design and thermal management, remain essential to ensure deployment.
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A Appendix

A.1 Kalman Filter Equations

The Kalman Filter operates in two consecutive steps:

1. Prediction: In the prediction step, the state from the previous time step is prop-
agated forward using the system model according to Equation A.1. This equation
provides a prediction of the next state x̂k+1|k based on the previous estimate x̂k|k
and the input uk. The associated uncertainty of the prediction is represented by
the covariance matrix P, which is updated according to Equation (A.2) [95].

x̂k+1|k = Ax̂k|k +Buk (A.1)

Pk+1|k = APk|kA
T +Q (A.2)

The matrix Q represents the process noise covariance and quantifies how much
uncertainty is introduced by model inaccuracies [210]. A larger Q value indicates
lower trust in the model prediction.

2. Update: The update step corrects the prediction based on the measured voltage. In
this context, the Kalman gain Kk+1 determines how strongly the new measurement
influences the updated state estimate and is computed according to Equation (A.3).
Here, R is the measurement noise covariance, which reflects the reliability of the
voltage measurement. A high measurement noise leads to a smaller Kalman gain,
meaning that the filter relies more on the model prediction. Conversely, when the
measurement is assumed to be accurate, the gain is higher, and the filter gives more
weight to the measured voltage. The updated state estimate is then obtained by
combining the model prediction and the new measurement according to Equation
(A.4). For the case of SOC estimation, the measurement residual (zk+1 −Hx̂k+1|k)
represents the difference between the measured and predicted terminal voltage. If
the measured voltage is lower than predicted, the residual is negative, and the SOC
estimate is corrected downward. The Kalman gain Kk+1 determines how strongly
this correction is applied. Finally, the uncertainty of the updated estimate is reduced
by incorporating the new information, as expressed by Equation (A.5), where I is
the identity matrix.
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Kk+1 = Pk+1|kH
T (HPk+1|kH

T +R)−1 (A.3)

x̂k+1|k+1 = x̂k+1|k +Kk+1(zk+1 −Hx̂k+1|k) (A.4)

Pk+1|k+1 = (I−Kk+1H)Pk+1|k (A.5)
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A.2 Sensitivity Analysis of Anomaly Detection

Figure A.1 illustrates the sensitivity of anomaly detection to different SOH deviations
using various pseudo SOH values. Figure A.1A shows the case of SOH underestima-
tion, while Figure A.1B shows overestimation. In both cases, pseudo SOHs that deviate
strongly from the cluster average are consistently flagged as outliers, whereas small devia-
tions result in significantly lower detection rates. The results highlight that reliable outlier
detection requires adapting the detection threshold to both the initial cell-to-cell variation
and the spread over aging. If this variation is not considered, overly narrow thresholds
will lead to excessive false positives, particularly early in the battery’s life, compromising
the robustness of the method. A sound understanding of the degradation behavior and
the expected variation is therefore essential for defining realistic and practical SOH ac-
ceptance thresholds. Choosing a higher significance level α would also raise the detection
rates of outliers but also increase the accepted error of false-positive detections.
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Figure A.1: Anomaly detection rate for different pseudo SOHs and α = 0.1 across all
clusters. The more the pseudo SOH deviates from the average SOH of the
specific cluster, the more often the pseudo SOH is flagged as an outlier.
A: Underestimation of SOH.
B: Overestimation of SOH.
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A.3 Modeling Results of the SIB
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Figure A.2: Temperature and SOC dependent model parameters for the LiIon4 model
based on the fitting procedure of Bihn et al. [193]. Time constants and
resistances typically increase with lower temperatures and SOCs.
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Figure A.3: Temperature and SOC dependent model parameters for the R1RC model.
All parameters show a very similar trend with an increase at lower SOCs
and temperatures.

For model validation, we use the profile shown in Figure A.4 and apply it to the measure-
ment data of the SIB. The profile reaches C-Rates of more than 3 C in both charge and
discharge directions, making it well-suited to reveal modeling inaccuracies.
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Figure A.4: Current profile used as an input for the validation of the LiIon4 and the
R1RC model.

Figure A.5 compares the measured and simulated voltages obtained with the LiIon4 model,
yielding an average voltage error of 3.7mV at 10 °C. In contrast, using the simpler R1RC
model, which can be implemented on real-world BMS systems, results in a higher average
error of about 8.3mV.

Figure A.6 displays the error progression of both ECMs for the SIB used in this work. A
general decrease in modeling error with increasing temperature is observed, which can be
attributed to the reduction of overpotentials at elevated temperatures, leading to improved
agreement between simulation and measurement.

At 25 °C and 40 °C, the performance of both models is comparable, with the R1RC model
exhibiting only a slightly higher accumulated error relative to the LiIon4 model. In
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Figure A.5: Simulation error for the input profile at 10 °C and a start voltage of 3.3V.
A: LiIon4 model.
B: R1RC model. The R1RC model exhibits a pronounced bias in voltage
estimation, while the LiIon4 model offers a more accurate fit but shows
increased distortion.
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Figure A.6: Integrated voltage error over time for the profile as a function of both
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model complexity.

contrast, at lower temperatures, particularly at 10 °C, a larger deviation emerges. While
the LiIon4 model maintains moderate accuracy, the R1RC model shows a substantially
greater error accumulation. This pronounced discrepancy at lower temperatures highlights
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the limitations of the R1RC model, whose single RC element cannot sufficiently capture
the broad distribution of time constants associated with slower charge transfer kinetics
and increased diffusion resistances under these conditions. Consequently, the reduced
model complexity leads to increasing inaccuracies as temperature decreases, emphasizing
the necessity of more detailed model structures, such as the LiIon4 model, for accurate
voltage simulation at low temperatures.

Figure A.7 shows the simple fitting results of the calendar aging model.

295 300 305 310 315 320

6.5

7

7.5

·10−2

Temperature in K

α
ca

p

Fit Measurement

Figure A.7: Experimental and fitted data for the calendar aging coefficient. The exper-
imental values stem from Klick et al. [191].
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A.4 Simulation Scenarios for SOC Evaluation

Table A.1: Design of Experiment for the SOC benchmark.
Load profile SOCinit T SOHc SOHr Current sensor Voltage sensor Offset

Base scenario
DP1 50% 25 °C 1 1 - - -
Dynamic Operation profile
DP2 50% 25 °C 1 1 - - -
DP3 50% 25 °C 1 1 - - -
Initial SOC
DP1 40% 25 °C 1 1 - - -
DP1 60% 25 °C 1 1 - - -
Environmental temperature
DP1 50% 10 °C 1 1 - - -
DP1 50% 40 °C 1 1 - - -
Aging
DP1 50% 25 °C 0,9 1,25 - - -
DP1 50% 25 °C 0,8 1.5 - - -
Current sensor
DP1 50% 25 °C 1 1 Gain: +0.05 - -
DP1 50% 25 °C 1 1 Gain: -0.05 - -
DP1 50% 25 °C 1 1 Off: +0.005Cnom - -
DP1 50% 25 °C 1 1 Off: -0.005Cnom - -
Voltage sensor
DP1 50% 25 °C 1 1 - Gain: +0.0002 -
DP1 50% 25 °C 1 1 - Gain: -0.0002 -
DP1 50% 25 °C 1 1 - Off: +10mV -
DP1 50% 25 °C 1 1 - Off: -10mV -
DP1 50% 25 °C 1 1 - Var: 0.0000168 V2 -
Faulty initialization
DP1 50% 25 °C 1 1 - - +10% SOC
DP1 50% 25 °C 1 1 - - -10% SOC
DP1 50% 25 °C 1 1 - - +0.2Cnom

DP1 50% 25 °C 1 1 - - -0.2Cnom

DP1 50% 25 °C 1 1 - - +10 °C
DP1 50% 25 °C 1 1 - - -10 °C
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A.5 SOC Algorithm Results for Different Metrics

Table A.2: Comparison of the performance evaluation results for the NMC/C and the
NaMO2/HC cells. The best performing cell according to a specific metric is
highlighted in green .

Battery Best performance IA1 Poorest performance IA1

NMC/LTO EKF R1RC 0.98 UKF R1RC 0.95
NaMO2/HC UKF R1RC 0.97 AhC & OCV 0.96

(a) Best and poorest average IA1 values across all robustness cate-
gories.

Battery Best performance RMSE Poorest performance RMSE
NMC/LTO EKF R1RC 0.55 UKF R1RC 1.16
NaMO2/HC UKF R1RC 0.36 AhC & OCV 0.63

(b) Best and poorest average RMSE values across all robustness categories.

Battery Best performance emax Poorest performance emax

NMC/LTO EKF R1RC 2.6 UKF R1RC 4.3
NaMO2/HC UKF R1RC 1.0 AhC & OCV 2.0

(c) Best and poorest average emax values across all robustness cate-
gories.

Battery Best performance ME Poorest performance ME
NMC/LTO EKF R1RC 0.19 AhC & OCV 0.71
NaMO2/HC EKF R1RC 0.05 AhC & OCV 0.26

(d) Best and poorest average ME values across all robustness cate-
gories.

Battery Best performance SD Poorest performance SD
NMC/LTO EKF R1RC 0.42 EKF R1RC 0.84
NaMO2/HC UKF R1RC 1.28 AhC & OCV 1.93

(e) Best and poorest average SD values across all robustness cate-
gories.
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A.6 Simulation Scenarios for SOH Evaluation

Table A.3: Design of Experiment for the SOH benchmark. Besides the base scenario,
we evaluate algorithm performance across seven evaluation categories.

Load Profile T Charge throughput Time Rate Current sensor Voltage sensor Offset

- ◦C Ah d d - - -

Base Scenario

DP1 25 4000 2000 1 1 - -

Dynamic Operation Profile

DP2 25 4000 2000 1 1 - -

DP3 25 4000 2000 1 1 - -

Temperature

DP1 10 4000 2000 1 1 - -

DP1 40 4000 2000 1 1 - -

Initial Age

DP1 25 0 0 1 - - -

DP1 25 1000 1000 1 - - -

DP1 25 2000 2000 1 - - -

DP1 25 8000 4000 1 - - -

Aging rate

DP1 long 25 4000 2000 60 - - -

DP1 long 25 4000 2000 120 - - -

Current sensor

DP1 25 4000 2000 1 Gain: +0.05 - -

DP1 25 4000 2000 1 Gain: -0.05 - -

DP1 25 4000 2000 1 Off: +0.005Cnom - -

DP1 25 4000 2000 1 Off: -0.005Cnom - -

Voltage sensor

DP1 25 4000 2000 1 - Gain: +0.0002 -

DP1 25 4000 2000 1 - Gain: -0.0002 -

DP1 25 4000 2000 1 - Off: +10mV -

DP1 25 4000 2000 1 - Off: -10mV -

DP1 25 4000 2000 1 - Var: 0.0000168V 2 -

Faulty initialization

DP1 25 4000 2000 1 - - +0.2Cnom

DP1 25 4000 2000 1 - - -0.2Cnom

DP1 25 4000 2000 1 - - +10 °C
DP1 25 4000 2000 1 - - -10 °C
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A.7 SOH Estimation based on Coulomb Counting

The estimation process described in Section 5.4.2 consists of three consecutive stages.

1. Initialization: The SOC must be above the upper threshold, SOChigh, before the
process starts. This ensures that enough charge can be removed from the battery
to allow for a meaningful capacity estimation. If the SOC is too low at the begin-
ning, the discharge period would be too short, leading to increased sensitivity to
measurement noise. The SOC is estimated based on the AhC & OCV. Once this
condition is met, the algorithm begins tracking the charge, marking the transition
to stage two.

2. Monitoring: During operation, the algorithm continuously tracks the current and
temperature. The current must stay within an acceptable range to ensure that the
discharge process remains stable and representative of real operating conditions.
The temperature must either remain within predefined limits or have a sufficiently
small gradient, as large temperature variations can change the internal resistance
and affect the battery’s capacity.

3. Finalization: When the SOC reaches the lower threshold, SOClow, the algorithm
stops counting the discharged charge and enters the third stage. The lower threshold
ensures that a sufficiently large portion of the battery’s capacity has been measured,
reducing errors due to partial discharge cycles. At this point, the system waits for
the battery to enter a relaxed state, meaning that the current is zero and transient
effects have settled. If all conditions are met, the capacity is calculated according
to Equation (5.18).

If, during stages two or three, temperature or current conditions are violated, the process
is stopped, and the algorithm resets to stage one without producing an estimate.
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A.8 Initial Parameters for SOH algorithms

Table A.4: Set-up of the coulomb counting based capacity estimation for the SIB reflect-
ing typical conditions within the high-power mobile application discussed in
Chapter 3. The SOC range is low, reflecting the small DOD occurring dur-
ing operation.

Variable Unit Value
SOClow % 55
SOChigh % 65
Imin A 0.5C
Imax A 5C
Tmin °C 20
Tmax °C 40
∆Tmax °C 10
Veq mV 0.1

Table A.5: Tuning of WOLS and RTLS for SOH estimation. The SOC change thresh-
old filters out small fluctuations to improve estimation stability. The for-
getting factor determines the influence of past data on estimator updates,
influencing adaptability and stability of the estimator. The current measure-
ment variance quantifies uncertainty in current, affecting noise sensitivity in
the estimation process. The scaling factor k (only for RTLS) is defined as
σxn = kσyn and links the measurement variance to the SOC change variance.

Parameter WOLS and RTLS SIB

Scaling factor (only for RTLS) 2

SOC change 3%

Forgetting Factor 0.98

σ2 current measurement 5·10−3

Table A.6: Tuning of the EKF and UKF for SOH estimation. Q represents the process
noise, R the measurement noise, and P0 the initial covariance.

Parameter UKF and EKF SIB

α (only for UKF) 1

β (only for UKF) 2

κ (only for UKF) 0

Q 10−6

R 10−6

P0 10−7
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B Acronyms

σ standard deviation

AhC & OCV ampere-hour counter with recalibration

BMS battery management system
BOL Begin-of-Life

C-Rate current rate
CAN Controller Area Network
CC coulomb counting
cdf culumative distribution function
CEI Cathode Electrolyte Interphase
CU control unit

DOD depth of discharge
DVA differential voltage analysis

emax maximum error
ECM equivalent circuit model
EFC equivalent full cycles
EIS electrochemical impedance spectroscopy
EKF Extended Kalman Filter
EKF R1RC Extended Kalman Filter R1RC
EOL End-of-Life

HC hard carbon

IA Index of Agreement
ICA incremental capacity analysis

kde kernel density estimation
KF Kalman Filter
KS Kolmogorov-Smirnov test

LAM loss of active material
LIB lithium-ion battery
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Acronyms

LLI loss of lithium inventory
LSI loss of sodium inventory
LUT look-up table

ME mean error
MPE mean percentage error

OCP open-circuit potential
OCV open-circuit voltage

PBA prussian blue analogs
PCA Principal Component Analysis
PCB printed circuit board
pdf probability density function

qOCV quasi open-circuit voltage

RMSE root mean square error
RMSPE root mean square percentage error
RPT reference performance test
RSS residual sum of squares
RTLS recursive approximation of total least squares algo-

rithm

SEI Solid Electrolyte Interphase
SIB sodium-ion battery
SOA safe operating area
SOC State of Charge
SOH State of Health
SOHC State of Health capacity
SOHR State of Health resistance

UKF Unscented Kalman Filter
UKF R1RC Unscented Kalman Filter R1RC

WLTP Worldwide Harmonized Light Vehicles Test Procedure
WOLS weighted ordinary least square algorithm

XML eXtensible Markup Language
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4.13 Different degradation modes and their impact on full cell voltage through

half-cell potential variations. . . . . . . . . . . . . . . . . . . . . . . . . . . 78
4.14 Adjusted DV curves from loss of active material anode in the desodiated

state and loss of active material cathode in the sodiated state. . . . . . . . 79
4.15 DVA for three representative cells within each cycling condition. . . . . . . 80
4.16 EIS measurements over aging for different cells. . . . . . . . . . . . . . . . 84
4.17 Exemplary qHysteresis curves over aging across all six conditions. . . . . . 87
4.18 Correlation of the identified features with capacity loss across all six con-

ditions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.1 Evaluation framework consisting of a top-down data generation and a
bottom-up evaluation process. . . . . . . . . . . . . . . . . . . . . . . . . . 95

5.2 BMS simulation toolchain. . . . . . . . . . . . . . . . . . . . . . . . . . . . 96
5.3 Graphical comparison of the concepts bias and precision. . . . . . . . . . . 97
5.4 To emulate the electrical behavior of the SIB we choose a complex ECM

as reference model and a R1RC model for the on-board diagnostics. . . . . 101
5.5 Measurement procedure used for the parameter fitting. . . . . . . . . . . . 102
5.6 Measurement procedure used for the parameter fitting of both ECMs. The

procedure is repeated for the test temperatures 0 °C, 10 °C, 25 °C, and 40 °C.103
5.7 Mean cell qOCV as a function of SOC and temperature. . . . . . . . . . . 103
5.8 EIS spectra for the investigated SIB. . . . . . . . . . . . . . . . . . . . . . 104
5.9 Example of an EIS measurement at 25 °C and 3.67V and the corresponding

fit. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
5.10 Effect of capacity fade on discharge curves through simple compression for

different capacity loss levels. . . . . . . . . . . . . . . . . . . . . . . . . . . 106
5.11 Fitting results for cyclic behavior using the model of Schmalstieg et al. [118]110

156



List of Figures

5.12 Averaged OCV in dependency of SOC across the two cell types based on
qOCV measurements. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

5.13 Simulation-based Design of Experiment as a base for algorithm benchmark. 111
5.14 The load profile in the base scenario. . . . . . . . . . . . . . . . . . . . . . 112
5.15 Additional load profiles in the category dynamic high-power profiles. . . . . 113
5.16 Summarized results using the IA as a measure of accuracy across two cell

chemistries. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
5.17 Sensitivity analysis for the SIB across all algorithms and scenarios. . . . . . 118
5.18 Time-series results for the current sensor category of the investigated SIB. 119
5.19 Comparison of algorithm performance considering IA. . . . . . . . . . . . . 120
5.20 Dependency of model-based capacity estimator on SOC estimation, mea-

sured signals, and initial values. . . . . . . . . . . . . . . . . . . . . . . . . 124
5.21 CC capacity estimation as stateflow diagram. . . . . . . . . . . . . . . . . 126
5.22 Exemplary data with estimated regression line. . . . . . . . . . . . . . . . 127
5.23 Overview of algorithm performance results across all robustness categories

with regard to RMSPE. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129
5.24 base scenario results for each SOH algorithm. . . . . . . . . . . . . . . . . 130
5.25 Assessment of accuracy, bias, and precision across all simulation scenarios

and algorithms. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
5.26 Dependency of capacity error on error in Q and ∆SOC. . . . . . . . . . . . 133

A.1 Anomaly detection rate for different pseudo SOHs and α = 0.1 across all
clusters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

A.2 Temperature and SOC dependent model parameters for the LiIon4 model. 144
A.3 Temperature and SOC dependent model parameters for the R1RC model. . 145
A.4 Current profile used as an input for the validation of the LiIon4 and the

R1RC model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145
A.5 Simulation error for the input profile at 10 °C and a start voltage of 3.3V. . 146
A.6 Integrated voltage error over time for the profile as a function of both

temperature and model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146
A.7 Experimental and fitted data for the calendar aging coefficient. . . . . . . . 147

157



158



List of Tables

2.1 Comparison of lithium and sodium properties. [17, 69] . . . . . . . . . . . 17

3.1 Specifications of the underlying cell in the dataset [119]. . . . . . . . . . . 38
3.2 Available clustering features from field data readouts. . . . . . . . . . . . . 43
3.3 Excerpt of resulting acceptance from Equation 3.1 across all data points

for different step sizes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.4 Analysis and quantization of the goodness of fit according to the error

measure RSS. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.1 Cell specification and material characteristics based on the post-mortem
analysis conducted by Laufen et al. [12]. . . . . . . . . . . . . . . . . . . . 62

4.2 Accuracy of the measured signals for the devices used in this aging study. . 65
4.3 Selected features for the degradation analysis of the SIB. . . . . . . . . . . 74
4.4 For every condition the three features that correlate the most with the

relative capacity loss are identified. . . . . . . . . . . . . . . . . . . . . . . 90

5.1 Statistical metrics for the evaluation of diagnostic algorithms with the in-
dication of the target value and range of the metric. . . . . . . . . . . . . . 98

5.2 High dynamic profile (DP) characteristics for the commercial SIB. . . . . . 113
5.3 Initialization of the model-based algorithms for the two cell chemistries. . . 115

A.1 Design of Experiment for the SOC benchmark. . . . . . . . . . . . . . . . . 148
A.2 Comparison of the performance evaluation results for the NMC/C and the

NaMO2/HC cells. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149
A.3 Design of Experiment for the SOH benchmark. . . . . . . . . . . . . . . . . 150
A.4 Set-up of the coulomb counting based capacity estimation for the SIB re-

flecting typical conditions within the high-power mobile application. . . . . 152
A.5 Tuning parameters for WOLS and RTLS. . . . . . . . . . . . . . . . . . . . 152
A.6 Tuning of the EKF and UKF for SOH estimation. . . . . . . . . . . . . . . 152

159



160



Bibliography

[1] R. Newman and I. Noy, “The global costs of extreme weather that are attributable to climate
change,” Nature Communications, vol. 14, no. 1, p. 6103, Sep. 29, 2023.

[2] B. Soergel, E. Kriegler, I. Weindl, S. Rauner, A. Dirnaichner, C. Ruhe, M. Hofmann, N. Bauer,
C. Bertram, B. L. Bodirsky, M. Leimbach, J. Leininger, A. Levesque, G. Luderer, M. Pehl, C.
Wingens, L. Baumstark, F. Beier, J. P. Dietrich, F. Humpenöder, P. von Jeetze, D. Klein, J. Koch,
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[162] A. Blömeke, O. Kappelhoff, D. Wasylowski, F. Ringbeck, and D. U. Sauer, “Open source online
electrochemical impedance spectroscopy data analytics tool,” Journal of Power Sources, vol. 615,
p. 235 049, Sep. 30, 2024.

[163] A. C. Lazanas and M. I. Prodromidis, “Electrochemical impedance spectroscopya tutorial,” ACS
Measurement Science Au, vol. 3, no. 3, pp. 162–193, Jun. 21, 2023.

[164] S. Klink, E. Madej, E. Ventosa, A. Lindner, W. Schuhmann, and F. La Mantia, “The importance
of cell geometry for electrochemical impedance spectroscopy in three-electrode lithium ion battery
test cells,” Electrochemistry Communications, vol. 22, pp. 120–123, Aug. 1, 2012.

[165] W. Hu, Y. Peng, Y. Wei, and Y. Yang, “Application of electrochemical impedance spectroscopy
to degradation and aging research of lithium-ion batteries,” The Journal of Physical Chemistry
C, vol. 127, no. 9, pp. 4465–4495, Mar. 9, 2023.

[166] K. Smith, P. Gasper, A. M. Colclasure, Y. Shimonishi, and S. Yoshida, “Lithium-ion battery life
model with electrode cracking and early-life break-in processes,” Journal of The Electrochemical
Society, vol. 168, no. 10, p. 100 530, Oct. 2021.

[167] T. Hodson, K. W. Knehr, and D. A. Steingart, “Studying break-in phenomena in lithium-ion
batteries through acoustic and impedance measurements,” ECS Meeting Abstracts, vol. MA2018-
01, no. 1, p. 138, Apr. 13, 2018.
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[214] D. Jöst, L. N. Palaniswamy, K. L. Quade, and D. U. Sauer, “Towards robust state estimation
for LFP batteries: Model-in-the-loop analysis with hysteresis modelling and perspectives for other
chemistries,” Journal of Energy Storage, vol. 92, 2024.
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[216] K. L. Quade, D. Jöst, D. U. Sauer, and W. Li, “Understanding the energy potential of lithium-ion
batteries: Definition and estimation of the state of energy,” Batteries & Supercaps, vol. 6, no. 8,
2023.

[217] W. Li, J. Chen, K. Quade, D. Luder, J. Gong, and D. U. Sauer, “Battery degradation diagnosis
with field data, impedance-based modeling and artificial intelligence,” Energy Storage Materials,
vol. 53, 2022.

173



174



List of Publications

The following is a comprehensive list of all publications, presented in chronological order
up to the date of this writing.

Journal Articles

1. F. Berger, A. Ismayilov, K. L. Quade, D. Jöst, M. F. Börner, F. Ringbeck, and D. U.
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D. U. Sauer, “Benchmarking the transferability of real-time state of charge algo-
rithms to sodium-ion cells using an open-source diagnostics framework,” Batteries
& Supercaps, 2025

4. V. Steininger, K. L. Quade, K. Rumpf, S. Bihn, J. Ringler, D. U. Sauer, and W.
Li, “Detection of abnormal SOH estimates in battery field data using statistical
learning,” Cell Reports Physical Science, 2025
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ISSN 1437-675X

Sodium-ion batteries are gaining attention as a cost-effective 
and sustainable complementary technology to their lithium 
counterpart. However, fully realizing their drop-in potential and  
integrating them into applications requires a deeper under-
standing of their aging behavior, as well as the implications for 
the overall system. A high-power, cost-sensitive application is 
selected, where lithium-ion cells could potentially be replaced 
by a cheaper complementary technology with similar power 
characteristics and energy density. An extensive field dataset 
from this application is then analyzed to determine the opera-
tional requirements that such a technology must meet in terms 
of lifetime and management. Following this analysis, a unique 
aging study on sodium-ion cells with layered-oxide cathode 
and hard-carbon anode is conducted. The results show that 
while there are distinct aging patterns in the sodium-ion cells, 
the lifetime is high with an average capacity loss of 2.8% after 
approximately 4000 equivalent full cycles across different oper-
ating conditions. The parameterized models, derived from the 
experimental data, and application-specific requirements are 
implemented in a simulation framework to evaluate real-time 
algorithms commonly used for lithium-ion batteries. We analyze 
that the favorable voltage range and steep open-circuit volt-
age curve of the investigated sodium-ion cells allow the use of 
simpler models and lower-cost sensors without affecting algo-
rithm performance. By quantifying degradation and algorithm 
performance, this work guides the integration of sodium-ion  
batteries into applications, shortening the time to market for 
these technologies as viable alternatives to lithium-ion batteries 
when economic or political factors make it necessary.
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