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“We have to learn to harness the energy that comes to us from the sun [...].
But you have to be able to store that energy [...]. So that is one
of the reasons you work on batteries [...]. But we have
to keep working hard on it to improve it, okay?”

John Bannister Goodenough (1922 — 2023)
Nobel laureate in chemistry for his work on
developing lithium-ion batteries






Vorwort

Wir leben in einer Zeit, in der die ersten Folgen des Klimawandels durch gestie-
gene Temperaturen und gehaufte Naturkatastrophen deutlich sichtbar werden.
Die nachsten Jahre werden entscheiden, inwieweit der Temperaturanstieg durch
den Zubau von erneuerbaren Energien und die Senkung von Emissionen in allen
Sektoren begrenzt werden kann. Damit liegt eine Aufgabe vor uns, die nur ge-
samtgesellschaftlich und durch internationale Kooperation zu bewaltigen ist. Ich
bin dankbar, dass ich in den letzten Jahren Teil dieser Bewegung sein durfte und
einen kleinen Beitrag rund um Batteriespeicher erarbeiten konnte. Batteriespei-
cher stellen eine Schlisselkomponente fur die Energiewende dar. Sie kénnen
zum Beispiel das Stromnetz stiitzen, volatile Energieerzeugung aus erneuerba-
ren Energien optimieren und ermdglichen emissionsarme Mobilitat.

Die vorliegende Dissertation entwickelt Methoden zur Alterungsanalyse von
Batteriespeichern im Feldbetrieb. Der Fokus liegt dabei auf 21 Heimspeichersys-
temen, die in einem Zeitraum von bis zu acht Jahren durch unseren Lehrstuhl in
Privathaushalten vermessen wurden. Die Erkenntnisse in Bezug auf die Batte-
riealterung im Feld und entwickelte Diagnosealgorithmen ermdglichen bedarfs-
gerechte Wartungseinsatze und damit eine mdglichst lange Lebensdauer. Zu-
dem koénnten sie einen Beitrag fir die Standards zur Batteriediagnostik leisten,
die zurzeit auf europaischer Ebene erarbeitet werden.

Die Forschungsergebnisse entstanden in meiner Zeit am Lehrstuhl fiir Elektro-
chemische Energiewandlung und Speichersystemtechnik unter Professor Dirk
Uwe Sauer. Ich bin ihm sehr dankbar, dass er mir die Mdglichkeit zur Promotion
gegeben hat. Trotz eines groRen Lehrstuhls hat er sich immer Zeit fir einen
fachlichen Austausch genommen und wertvollen Input in zahlreichen Diskussio-
nen geliefert. Sein Vertrauen in mich, die Abteilung Netzintegration und Spei-
chersystemanalyse Uber drei Jahre leiten zu dirfen, weild ich sehr zu schatzen.
Auch die Unterstlitzung beim Umgang mit Medien- und Presseanfragen hat mich
gepragt. Sie stellen meiner Meinung nach eine wichtige Aufgabe in der Wissen-
schaft dar, um Erkenntnisse von der Forschung in die Gesellschaft zu kommuni-
Zieren.

Herrn Professor Andreas Ulbig danke ich herzlich fiir die Ubernahme des Korre-
ferats meiner Arbeit und sein hilfreiches Feedback zu den Analysen. Zudem
werde ich die inspirierenden Gesprache zur beruflichen Laufbahn in guter Erin-
nerung behalten. Erganzend gibt es eine Vielzahl weiterer Personen aus dem
Institutsumfeld, denen ich jeweils in der Danksagung individuelle Abschnitte fur
Ihre wertvolle Unterstiitzung gewidmet habe.

Ich freue mich, auch in den kommenden Jahren weiter an den Themen rund um
die Energiewende zu arbeiten und habe die Hoffnung, dass die weitreichendsten
Veranderungen aufgrund des Klimawandels durch gemeinsame Anstrengungen
der Gesellschaft und zielgerichtete Politik begrenzt werden kénnen.
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Kurzfassung

Batteriespeicher sind eine Schlisseltechnologie flr die Energiewende. Sie kon-
nen Energie flexibel in der Zeit verschieben und damit die Fluktuation im Darge-
bot von Sonne und Wind ausgleichen. In Deutschland, einem der weltweit fiih-
renden Markte, machen Heimspeicher den groften Anteil der netzgekoppelten
Speicherkapazitat aus. In dem jungen Markt haben sich Garantiezeiten von etwa
zehn Jahren etabliert. Es ist jedoch bisher unbekannt, ob diese Garantien auf-
rechterhalten werden kénnen. Gegen Ende des Jahres 2022 sind die meisten
der 650.000 in Betrieb befindlichen Speichersysteme erst wenige Jahre alt und
daher noch nicht am Ende ihres Garantiezeitraums angelangt. Um Transparenz
zu schaffen, fordert die Europaische Union die zukiinftige Bereitstellung verlass-
licher Informationen Uber den Alterungszustand von Batterien.

Im Labor sind die Methoden zur Bestimmung der Batteriealterung bereits weit-
gehend definiert, jedoch stellen Felddaten bisher einen groRtenteils unerschlos-
senen Forschungsbereich dar. Als Beitrag zur Forschung entwickelt diese Dis-
sertation neuartige datengetriebene Methoden zur Schatzung wichtiger garantie-
relevanter Parameter von Lithium-lonen-Batterien wie der nutzbaren Kapazitat
oder des Innenwiderstands aus Betriebsdaten. Die entwickelten Methoden ana-
lysieren Feldmessungen von 21 Heimspeichersystemen in Privathaushalten Gber
einen Zeitraum von bis zu acht Jahren. Dies entspricht rund 106 Systemjahren,
146 Gigabyte und 14 Milliarden Datenpunkten.

Die Methode zur Bestimmung der nutzbaren Kapazitat verwendet Relaxations-
phasen, um den genauen Ladezustand sowohl bei Vollladung als auch bei
Vollentladung zu berechnen und daraus die Kapazitat abzuleiten. Die untersuch-
ten Speichersysteme zeigen einen Kapazitatsverlust von etwa zwei bis drei Pro-
zentpunkten pro Jahr. Die Methode zur Quantifizierung des Innenwiderstands
analysiert betriebsbedingte Leistungspulse oder Relaxationsphasen, um die
elektrochemischen Widerstandskomponenten zu quantifizieren. Die Batterien
zeigen eine systemspezifische Widerstandserhéhung von durchschnittlich einem
bis zu 25 Prozentpunkten pro Jahr. Trotz teilweise hoher Widerstandsanstiege ist
der Kapazitatsverlust der ausschlaggebende Parameter fir den Energieverlust.
Die Methode zur Identifizierung der Degradationsarten rekonstruiert die Leer-
laufspannungskurve kontinuierlich tiber die Lebensdauer der Batterien. Sie uber-
tragt die Uberwiegend aus Einzelzellenanalysen im Labor bekannten Methoden
der inkrementellen Kapazitatsanalyse und der differentiellen Spannungsanalyse
in einem neuartigen Ansatz auf Feldmessdaten der Gesamtsysteme. Die identifi-
zierten Degradationsarten umfassen den Verlust des Lithiuminventars sowie den
Verlust des Aktivmaterials an Anode und Kathode.

Im kommerziellen Mal3stab kénnen diese Methoden fiir die Online-Diagnose von
Heimspeichern zur bedarfsgerechten Wartung eingesetzt werden. Die Forschung
kann die Methoden erweitern und zur Modellparametrisierung nutzen. Im politi-
schen Kontext ermdglicht eine erarbeitete Marktanalyse, legislative Ziele zu
formulieren und die Energiewende mit fundierten Entscheidungen zu gestalten.
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Abstract

Battery storage systems are a key technology for the energy transition. They can
shift energy flexibly in time and thus balance out fluctuations in the presence of
sun and wind. Home storage systems account for the largest share of grid-
connected storage capacity in Germany, one of the pioneering markets world-
wide. In the relatively young market, warranty periods of about ten years have
become the norm. However, it is unknown whether these warranties can be
maintained. Until the end of 2022, most of the 650,000 systems in operation are
only a few years old and have not yet reached the end of their warranty. To in-
crease transparency, the European Union requires the future provision of reliable
information on the batteries’ state of health.

In the laboratory, methods to determine battery aging have already been defined
to a large extent, but field data represent a predominantly unexplored research
field until now. As a contribution to research, this dissertation develops novel
data-driven methods to estimate important warranty-relevant parameters of lithi-
um-ion batteries, such as the remaining capacity or the internal resistance,
based on operational data. The developed methods use the data generated
during field measurements of 21 home storage systems in private households
over a period of up to eight years. This corresponds to about 106 system years,
146 gigabytes, and 14 billion data points.

The method to track the usable capacity identifies relaxation phases to calculate
the exact state of charge at both full charge and full discharge and computes the
capacity with these values. The analyzed storage systems show a decreased
usable capacity of around two to three percentage points per year. The method
to quantify the internal resistance analyzes system dynamics, such as power
pulses or relaxation phases during operation, to quantify the electrochemical
resistance components. The batteries show an average system-specific re-
sistance increase of around one to 25 percentage points per year. However, the
capacity fade is still mainly responsible for the energy fade. The method to identi-
fy the degradation modes reconstructs the open circuit voltage curve continuous-
ly over the lifetime of the batteries. The innovative approach transfers the meth-
ods of incremental capacity analysis and differential voltage analysis, known
predominantly from single-cell investigations in the laboratory, to system-level
field data. The degradation modes observed are the loss of lithium inventory and
the loss of active material on both anode and cathode.

The industry can employ these methods for the online diagnosis of home storage
systems to enable demand-oriented maintenance. Researchers can extend the
methods and use the results for model parametrization. In the political context,
an additionally elaborated market analysis enables formulation of legislative
objectives in order to shape the energy transition with substantiated decisions.
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1 INTRODUCTION

1 Introduction

This chapter explains the dissertation’s motivation in the context of the energy
transition and defines objectives of battery aging analysis based on field data
measurements. Afterward, it depicts the structure and content of the dissertation.

1.1 Motivation and objective

Climate change is one of the largest challenges that humanity ever had to face
[1]. To limit the rising global temperature, it is essential to lower emissions by
reducing energy and raw material use, and switching from a fossil-based to a
renewable energy system [2]. However, renewable energies such as photovoltaic
(PV) and wind show fluctuation in their generation. Furthermore, times of genera-
tion do not always match times of demand. Energy storage on all time scales,
from short-term to long-term, offers a solution. It can store excess energy, shift it
in time, and make it available when needed. For short-term storage, batteries are
the most cost-efficient solution to date [3]. The market for stationary battery stor-
age systems (BSSs) has been growing rapidly for years and is expected to con-
tinue this growth. The application areas for BSSs are diverse. They range from
increasing PV self-consumption through home storage to grid stability and re-
newable energy integration through large-scale storage. Home storage systems
(HSSs) account for the largest share of grid-connected storage capacity in Ger-
many, one of the pioneering markets worldwide [4].

The market ramp-up leads to a large use of raw materials. For sustainable and
efficient use in the context of a circular economy, a long operational life is a deci-
sive factor in addition to the chosen materials and their recycling potential [5].
Reliable estimates of the state of health (SOH) are necessary for demand-
oriented maintenance, enabling a prolonged operational life. In the young HSS
market, warranty periods of about ten years have become the norm. However, it
is questionable whether these warranties can be maintained. By the end of 2022,
most of the around 650,000 systems in Germany, the leading HSS market in
Europe, are only a few years old [6]. Thus, research lacks publicly available SOH
evaluations based on long-term measurements to date. To establish transparen-
cy and material circularity, the future digital battery passport of the European
Union requires reliable and transparent SOH estimations [7].

In the laboratory, methods to determine the SOH have already been defined to a
large extent. Still, field data represent a predominantly uncharted research area,
as only few field datasets are publicly available. Furthermore, the data quality is
not comparable to controlled laboratory measurements. Therefore, methods are
urgently needed to transfer laboratory-approved approaches to field data, estab-
lishing broadly accepted and standardized methods.

To contribute to battery research, this dissertation analyzes field data of 21 pri-
vately operated HSSs of the first product generation over up to eight years. The
main scientific contribution of this dissertation is the development of novel data-
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driven methods to estimate important warranty-relevant parameters of lithium-ion
batteries. These are the usable battery capacity and the internal resistance. In
addition, it develops a method to investigate the underlying degradation modes
responsible for capacity and power fade. The presented methods only use data
generated during operation and do not require expensive and restrictive testing.
The methods are validated through periodic field capacity tests.

This dissertation provides extensive knowledge of many aspects of HSS opera-
tion and aging, enabling various subsequent work. The industry can use the
developed methods for the online diagnosis of three currently relevant lithium-ion
battery chemistries. Within the last few years, battery analytic methods devel-
oped within the context of this dissertation have already been transferred to the
industry. Researchers can extend the methods, for example, with safety analyt-
ics, as the large dataset gathered during this dissertation is published. This helps
overcome the current lack of freely available datasets. In addition, the results can
be used for model parametrization. In politics, decision-makers can use the com-
prehensive market analysis elaborated within this thesis. They can align their
objectives with the current state of battery deployments and make informed deci-
sions for the energy transition. In addition, the insights on battery aging and
warranty periods can be used to plan HSS material circularity.

1.2  Structure and content

The structure of this dissertation is presented in Figure 1-1. After the introduction
in Chapter 1, the following chapters are presented.

Chapter 2 summarizes the fundamentals from literature while focusing on HSSs
and lithium-ion batteries. Besides the presentation of their principles, it gives
important definitions and discusses battery aging.

Chapter 3 presents the market analysis conducted within the thesis. In Germany
alone, 220,000 new HSSs were installed in 2022, showing a growth of 50 %
compared to 2021. The large market growth motivates the further chapters of this
thesis since there are still many open questions regarding life span and associ-
ated warranty periods.

Chapter 4 depicts the field measurement of 21 HSSs over a period of up to eight
years in private households. The analyzed dataset corresponds to the system-
level battery voltage, current, power, and temperature measurement. The da-
taset comprises 106 system years, 14 billion data points, and a size of 146 giga-
bytes. It includes three currently relevant lithium-ion battery chemistries: lithium
iron phosphate (LFP), lithium nickel manganese cobalt oxide (NMC), and a blend
of NMC and lithium manganese oxide (LMO). The data is analyzed to obtain key
operational metrics, such as seasonal voltage and current distributions, to under-
stand HSS operation. The HSSs differ in system design and battery chemistry,
which makes the development of reliable state estimation methods a key chal-
lenge this thesis overcomes.
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Figure 1-1: Structure of this dissertation.
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Chapter 5 investigates the capacity and energy fade based on the field meas-
urements. It describes the development of methods for SOH estimation while
analyzing the remaining usable capacity and energy. The methods are based on
detecting relaxation phases used to parameterize a second-order equivalent
circuit model. These relaxation phases are the recalibration points for the devel-
oped state of charge (SOC) estimation based on ampere-hour counting. Periodic
field capacity tests conducted over the measurement period validate the results.

Chapter 6 explains the calculation of the internal resistance, which is the second
important aging criterion of a battery. It increases over time and leads to lower
battery efficiency. The method identifies system dynamics, such as load-induced
current peaks or relaxation phases, to estimate the direct current resistance
while considering SOC and temperature. Furthermore, it analyzes the slow diffu-
sion voltage derived from the second-order equivalent circuit model from Chap-
ter 5. Linear regression and a neural network show that a prediction of the ca-
pacity fade is possible using relaxation parameters.

Chapter 7 reveals the occurring degradation modes responsible for the observed
aging effects in Chapters 5 and 6. It presents a novel method for continuously
reconstructing the open circuit voltage (OCV) curve using low-dynamic opera-
tional phases, such as the coverage of standby household electricity consump-
tion. Based on this, the incremental capacity analysis and differential voltage
analysis, known from the laboratory environment, are transferred to the field data
to determine the degradation modes.

Chapter 8 concludes and showcases potential areas for future work, such as
scaling the methods to a large storage population or transferring them to other
applications and emerging battery technologies.
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2 Fundamentals of home storage systems and
batteries

This chapter presents the fundamentals essential to understand the developed
methods within this dissertation. Parts of it are based on the publications [8,9]
under the lead of the author.

2.1 Home storage systems

Home storage systems (HSSs) are combined with PV systems to save surplus
energy during the day and make it available during evening and night. They
consist of a battery and the required power electronics in the form of inverters.

211 Principle

PV energy production increases during morning hours, reaching its peak at mid-
day, and then decreases toward the evening due to solar irradiation. However, a
typical household consumes most of its energy in the morning and evening, with
lower demands during the day. To address this imbalance, HSSs store excess
PV energy generated during the day rather than feeding it directly into the public
grid. This stored energy can be used later in the day when needed, reducing
reliance on the grid for energy supply [8].

Both consumers and the grid benefit from HSS implementation [10]. In Germany,
households with HSSs achieve approximately 60 % self-sufficiency and around
50 % self-consumption annually, depending on the component design [8]. On the
grid side, HSSs play a crucial role in reducing the PV power fed into the grid,
especially during periods of high solar irradiation [10]. This is particularly im-
portant as the increased number of PV systems can lead to local grid overloads,
causing overvoltage and thermal issues with grid components [11].

21.2  Topologies

There are two main topologies to connect the HSS to the PV system [12], namely
AC coupling and DC coupling. In AC-coupled systems, both the battery and PV
system are connected to the household's AC network. In contrast, DC-coupled
systems are connected to the PV system's DC side, sharing a hybrid inverter. It
is challenging to compare the efficiency of these topologies, as extensive meas-
urements are required to make any individual statements [8]. When retrofitting
HSSs to existing PV systems, AC-coupled systems are advantageous since they
can be easily connected on the AC side, avoiding interference with already in-
stalled PV components [8]. DC-coupled systems are attractive for a simultaneous
installation of a PV system and an HSS as only the hybrid inverter is needed
compared to both a PV and an HSS inverter. More information on PV systems
can be found in [13] and [14], and system characteristics are evaluated in [15].
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2.2 Lithium-ion batteries

Battery storage systems represent one of the most crucial technologies for short-
term electrical energy storage [16]. These systems comprise multiple cells that
store electrochemical energy, which can be converted back into electrical energy
through chemical reactions [17]. In this thesis, the term "battery" refers to sec-
ondary battery cells that can store and release electrical energy for later use [18].
Among various battery technologies like lead-acid, nickel-cadmium, and nickel-
metal-hydride, lithium-ion batteries (LIB) have gained significant importance for
BSS applications [19]. Their popularity is primarily attributed to their low price,
high energy density, and high coulomb efficiency [20]. Lithium-ion technologies
lead the German HSS market, with nearly 100 % of newly installed systems in
2022 using them (see Chapter 3.3.1). In addition, the analyzed HSSs in this
thesis use lithium-ion batteries.

2.21 Principle

Structure and Operation. This chapter uses the term lithium-ion battery to en-
compass various cell chemistries that share the same basic functionality [17].
Figure 2-1 illustrates the schematic structure of a lithium-ion cell comprising two
electrodes with their current collectors, separated by an electrolyte and a separa-
tor [21]. The cathode and anode are the positive and negative electrodes, re-
spectively, defined based on the discharging process [22].

Anode Electrolyte Cathode -
° . Detailed structure of electrode

Active Conductive

Current Collector

Detailed structure of separator
/J V( ( Y .mr/f\(

Cu current : ‘A curriit Through f,. C _w/ o 6
Pores (=
collector collector el yior P (X \j

(-

Closed /1" ('/ é—((r.

Pores i —— !
# @ [=——=] w I [
Blind _L,LL_p [,,,( ' (\*(‘J‘

Graphene Li* Solvent LiMO, layer Pores - / ()
structure Molecule structure l

Figure 2-1: Structure of a lithium-ion battery by Ghani et al. [21], licensed under CC BY 4.0 [23]. The
components are not drawn to scale and serve only for schematic visualization.
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The electrodes comprise active materials to store lithium-ions and current collec-
tors to facilitate the flow of electrons from and into the active material [18]. These
current collectors consist of thin metal foils. While aluminum is employed for the
cathode current collector, copper is used for the anode due to its better electro-
chemical stability at low potentials [17]. An ion-conductive electrolyte separates
the transport of lithium ions and electrons, directing the electrons through the
external circuit [17]. An ion-permeable separator acts as an electrical isolator to
prevent a short circuit, maintaining a safe distance between the electrodes [21].

Cell design. Various form factors of lithium-ion cells are possible, such as pouch
bag cells, prismatic cells, and cylindrical cells, all composed of multiple layers of
electrodes and separators [22]. Pouch bag cells use stacked layers, while cylin-
drical cells are wound up, and prismatic cells can be realized using either ap-
proach [22].

Operation. LIB operation involves a reversible “rocking-chair’ [24] process called
intercalation, where lithium ions are inserted and extracted from the active mate-
rials in the electrodes through electrochemical redox reactions [17,25,26]. During
discharging, the anode's active material releases lithium ions into the electrolyte
and electrons into the external electrical circuit [17,27]. Both travel toward the
cathode, where they get absorbed by its active material [17,27]. These process-
es are reversed upon charging, with lithium ions and electrons returning to the
anode's active material [17,27]. The redox reactions at the two electrodes are
represented by Equation (2-1) and (2-2), considering a cell with a metal oxide
cathode (LixMeOz2) and a graphite anode (Cs) [17].

Charging
LiL Me'' 0, = xLi* + xe™ + Me' 0, (2-1)
Discharging
Charging
xLit+xe”+C, = LiLCg! (2-2)
Discharging

Active materials. LIBs can use various active materials, leading to different
characteristics [17]. Both electrodes' active materials have highly porous struc-
tures with fine-grained particle structures, resulting in a large surface area, which
enables rapid reaction rates [22]. Mixed metal oxides are commonly employed
for the cathode's active material, while graphite is the typical choice for the an-
ode's active material [18].



2 FUNDAMENTALS OF HOME STORAGE SYSTEMS AND BATTERIES

Cathode materials. Cathode materials, in particular, define the various lithium-
ion chemistries and their distinct characteristics [22]. Lithium cobalt dioxide
(LiCoO2 or LCO) was introduced as the first successful cathode material for
commercial secondary LIBs [28]. While it offers high conductivity and structural
stability, using cobalt raises concerns due to its high cost and ethical issues
related to mining conditions [29,30] of small shares of the cobalt. Alternative
cobalt-free cathode materials include lithium nickel dioxide (LiNiO2 or LNO) and
lithium manganese dioxide (LiMnO2z or LMO). However, LNO suffers from thermal
instability compared to LCO, and LMO faces the challenge of dissolving in the
electrolyte at room temperatures [22,31]. To enhance the thermal stability of
LNO, a small amount of aluminum can be introduced, leading to lithium nickel
cobalt aluminum oxide (LiNixCoyAl:O2 or NCA) [31]. Additionally, efforts to com-
bine positive characteristics from different materials resulted in lithium nickel
manganese cobalt oxides (LiNixCoyMnzO2 or NMC), containing lesser quantities
of cobalt while retaining the capacity of LCO, stability of LMO, and capacity and
power of LNO [22,31] to a certain extend. Another cathode material, lithium iron
phosphate (LiFePO4 or LFP), offers higher thermal stability and power capability
due to a different crystal structure but shows lower energy density [22,31]. In
addition, different materials such as NMC, LMO, and NCA can be combined in
so-called blends [32]. Each material exhibits specific attributes regarding energy
and power density, safety, lifetime, cost, and environmental impact. Achieving
the optimal battery cell design for a particular application requires carefully bal-
ancing these characteristics [22].

Anode materials. Anodes in lithium-ion batteries are commonly composed of
carbon materials. They offer low cost, abundance, good energy and power densi-
ty, and cycle life [31]. These carbon materials can be categorized as graphitic
carbons and hard carbons. Despite having a reduced cycle life compared to hard
carbons, Graphite is preferred due to its greater efficiency [31]. Lithium titanium
oxide (Li4TisO12 or LTO) is a suitable anode material, boasting thermal stability,
power capability, and cycle life. However, it comes with a higher cost, lower
energy density, and reduced cell voltage [31]. Promising alternatives are silicon-
based anode materials, which offer a higher theoretical capacity than graphite
[33,34]. Research is still required, as the high capacity leads to substantial vol-
ume changes, sometimes reaching several times the original volume [31,33].
Consequently, this increases mechanical stress, leading to the loss of electrical
contact, continuous side reactions with the electrolyte, and rapid cell failure [33].

2.2.2 Definitions

This chapter defines several critical terminologies used in subsequent chapters.

Battery pack / battery. A battery pack comprises multiple modules, each with
several battery cells [35]. The overall capacity of the pack is determined by the
number of cells connected in parallel. At the same time, the battery voltage is the
sum of the voltages of cells connected in series [35]. For cells connected in
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series, the cell with the lowest capacity determines the overall string capacity,
which is important when the battery ages (see Chapter 2.2.4).

Battery management system (BMS). The Battery Management System (BMS)
ensures a safe and reliable operation of the entire battery pack [35,36]. Its func-
tions include controlling temperature, current, and voltage limits, monitoring the
battery's state, and ensuring cell balancing when several cells show different
voltages [36].

Nominal capacity in Ah. The nominal capacity Cy, measured in ampere-hours
(Ah), is specified under nominal operating conditions, including defined tempera-
tures and currents [37]. If the capacity C; is measured at a temperature T differ-
ent from the nominal temperature, it can be adjusted between 10°C and 30°C to
the nominal capacity using Equation (2-3) with z being the capacity’s tempera-
ture coefficient, which is dependent on the material [37].

Cr

Cy=—
N7 14z (T -20%)

with z = 0.006 K~ (2-3)

Nominal energy in Wh. The nominal energy Ey in Wh is given by the vendor
and is subject to nominal operating conditions, such as temperature and current
[37]. Between 10 °C and 30 °C an energy measurement at a temperature T dif-
ferent from the nominal temperature can be transformed to the nominal energy
using the nominal capacity and the voltage V; according to Equation (2-4), with z
being the voltage’s temperature coefficient, which depends on the material [37].

Vr

Ev=C 1 =200

- withz = 0.002 K~ (2-4)

End of charge (EOC) voltage in V. The EOC voltage is the maximum voltage
limit set by the BMS.

End of discharge (EOD) voltage in V. The EOD voltage is the minimum voltage
limit set by the BMS.

Usable capacity in Ah. The usable capacity (C,sqpie) iS the available capacity
while cycling between EOD and EOC voltage. For example, this voltage range
can be adjusted over time to offset capacity degradation. This study focuses on
analyzing the usable capacity rather than the nominal capacity. The usable ca-
pacity depends on temperature and current rates.

Usable energy in Wh. The usable capacity (E,sqp1) is the energy between EOD
and EOC voltage. This study focuses on analyzing the usable energy rather than
the nominal energy. The usable energy depends on temperature and current
rates.
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C-rate in 1/h: The C-rate, expressed in units of 1/h (per hour), indicates the
charging and discharging current relative to the battery's nominal capacity [38].
The reciprocal of the C-rate provides the time required for the battery with a
capacity of Cn to be fully charged or discharged at the specified current [38]. The
maximum C-rate is either limited by the maximum current of the battery or, for
most HSSs, by the maximum battery converter current in relation to the battery
capacity. Equation (2-5) presents the C-rate where Cn represents the nominal
capacity of the battery in ampere-hours (Ah), and Igat is the battery current [38].

C-rate (t) = (2-5)

Cn
E-rate in 1/h. The E-rate, expressed in units of 1/h (per hour), indicates the
charging and discharging power relative to the battery's nominal energy. The
reciprocal of the C-rate provides the time required for the battery with an energy
of En to be fully charged or discharged at the specified power. The maximum
E-rate is either limited by the maximum power of the battery or, for most HSSs,
by the maximal battery converter power in relation to the battery energy. Equa-
tion (2-5) presents the E-rate where En represents the nominal energy of the
battery in watt-hours (Wh), and Puat is the battery power.

E-rate (t) =

Phat(t)
£ (2-6)

State of charge (SOC) in %. SOC is a percentage-based indicator representing
the remaining charge level of a battery in relation to its usable capacity [39]. The
SOC is calculated by comparing the difference in charge concerning the remain-
ing usable capacity [39]. This difference in SOC is also known as the depth of
discharge (DOD) [37]. To calculate the SOC at a specific point in time, the differ-
ence in SOC, the initial SOC value, and the current flowing into the side reac-
tions (loss) must be considered [39]. The side reactions are almost completely
assigned to aging processes and are, therefore, very low, with little impact on
short-term SOC determination. The formula to determine the current SOC is
outlined in Equation (2-7) [39]. When the battery is fully charged under nominal
conditions, the SOC is 100 %, reaching 0 % when empty [37]. If the nominal
capacity is used for normalization instead of the usable capacity, this thesis re-
fers to SOCnominal.

Capacity DOD in %. The capacity-related DOD, is the difference in SOC as
defined in Equation (2-7).

S Upar(®) = hioss(0)) dt

SOC(t) = SOC(ty) +
Cusable (2_7)

DODc

10
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State of energy (SOE) in %. Analogous to the SOC, the SOE is defined in
Equation (2-8). If the nominal energy is used for normalization instead of the
usable energy, this thesis refers to SOEnominal.

Energy DOD in %. The energy-related DOD; is the difference in SOC as defined
in Equation (2-7).

S E(Poae(®) = Pross(®)) dt
SOE(t) = SOE(ty) +—2

(2-8)

Eusable

DODg

Nominal capacity state of health (SOHnc) in %. SOHnc serves as an indicator
of a battery's aging conditions and is derived from the ratio between the remain-
ing maximum capacity (C,q,) and the nominal capacity Cy, as represented in
Equation (2-9) [37,39].

Cmax (t)

SOHy((t) = Cn

(2-9)

Nominal energy state of health (SOHne) in %. The SOH can also be defined in
terms of energy, as outlined in Equation (2-10).

SOHyg(t) =

Emax(t)
e (2-10)

N

Usable capacity state of health (SOHuc) in %. The SOHuc serves as an indica-
tor of a battery's aging conditions and limitations set by the BMS. It is derived
from the ratio between the remaining usable capacity C, 4,1 and its initial usable
capacity Cysqpie initial» @S represented in Equation (2-9) [37,39]. The initial usable
capacity value can equal the nominal value but does not have to. As this thesis
has no initial capacity measurements, nominal capacity values are assumed to
be the initial usable capacity values.

Cusable (t)

Cusable,initial

SOHyc(t) = (2-11)

Usable energy state of health (SOHug) in %. The SOH can also be defined in
terms of energy, as outlined in Equation (2-10). As this thesis has no initial ener-
gy measurements, the SOHue equals the SOHNE.

E t
SOHUE(LL) — B usable( ) (2_12)

usable,inital

Internal resistance in Q. There are many definitions of the internal resistance,
which can be described as a complex impedance curve [40,41]. For this thesis,

11
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the direct current resistance (DCR) is of special importance. It is derived from the
battery’s voltage response to a current pulse [40,41] and is extensively discussed
in Chapter 6.

Internal resistance-related SOHR in %. The SOH can also be defined based on
the internal resistance (SOHg) [42] normalizing the actual value R(t) by the initial
resistance R;y;¢iq; according to Equation (2-13) [42].

Rinitial

R(®)

SOHR(t) = (2-13)

Begin of life (BOL). If a battery comes right out of production and still has its
initial capacity and initial internal resistance, this is called BOL.

End of life (EOL). The EOL is reached if the capacity-related SOH or the ener-
gy-related SOH is less than 80 % or if the SOHr reaches 50 % (doubling of in-
ternal resistance) of its initial value. However, these are mathematical definitions
and do not mean that the battery cannot be operated anymore (see Chapter
2.24).

Coulomb efficiency in %. The coulomb efficiency is defined by the ratio of dis-
charged capacity Cgischarge t0 charged capacity Cepqrge computed through the
integral of the battery current I,,,; and outlined in Equation (2-14) [43].

The SOC range for the cycle must be identical with a start SOC (50C, 4) and an
end SOC (S0C, B). The coulomb efficiency is typically close to 100 % for LIBs
[42].

tsoc.a
n _ Cdischarge _ | ftgoc,B batgischarge (t) dtl (2 14)
lomb — - =
coutom Ccharge f[SGC'B 1 (t) dt

tsoca D%charge

Ohmic energy loss in Wh. The ohmic losses can be calculated according to
Equation (2-15) and occur due to the ohmic resistance of a battery [44].

to+t
Eloss, =f R(t)-1(t)* dt (2-15)

to

Energetic efficiency in %. The energetic efficiency is determined by dividing the
discharged by the charged energy, while integrating the battery power Py,; as
depicted in Equation (2-16) [18]. The SOC range for the cycle must be identical
with a start SOC (S0C, A) and an end SOC (S0C, B). The disparity between the
two energies results from losses occurring within the battery, such as ohmic
losses caused by the internal resistance [18]. In addition to the dominant ohmic
losses over the internal resistance, there are also losses over the charge transfer
and diffusion resistance [18,45]. The battery's efficiency is influenced by its cell

12
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chemistry [9]. Generally, the energetic efficiency of LIB is around 95 % for room
temperatures and moderate C-rates [18,46,47].

tsoc,a
_ Edischarge _ | ftSOC,B Pbatdischarge ©)de]
Uenergy - E - tsocs (2'16)
charge f P (t) dt

tsoca = Datcharge

2.2.3  Cell voltage

The cell voltage provides essential information on the battery. Therefore, the
open circuit voltage and the relaxation effects are described in more detail.

2.2.31 Open circuit voltage

Overview. The open circuit voltage (OCV) is the potential difference between the
cathode and anode in equilibrium without any current flow [48,49]. These poten-
tials are determined by the electrochemical properties of the electrode materials
and represent the degree of lithiation of electrode materials, which changes
during charging and discharging [50]. OCV measurement occurs after all balanc-
ing and diffusion processes have stabilized and minor to no voltage changes
occur [37,39]. Another method is the measurement of quasi-OCV (qOCV) curves
at low C-rates [51-56]. The OCV is a function of the SOC [38].

Electrode potential. Figure 2-2, left, shows the individual electrodes' open cir-
cuit potentials (OCP) and the resulting OCV curve of an LCO/NCO cell.

5
>
c4
©
3
°
[oN
32
S | |=—cell :
3 1 Cathode = LMO/C, NCA/C
w m— Anode ’ 2 === NMC/C( = LFP/C
0
0 20 40 60 80 100 0 20 40 .69 80 100
Discharged capacity in % SOC in %

Figure 2-2: Left: OCV curve of an exemplary LCO/NCO vs. graphite cell with individual potentials for
the cathode and the anode. Adapted from Birkl et al. [48], used under CC BY 4.0 [23]. Right: OCV
curves of different lithium-ion chemistries. Data kindly provided by Matthias Kuipers based on [57].

The OCV curve's usable range is limited by the EOC and EOD voltages, repre-
sented as vertical lines in grey. When the cell is fully charged, the OCV is at its
highest point, driven by the cathode potential toward the EOC voltage.
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The cathode voltage decreases during discharge, while the anode potential in-
creases. As a result, the cell voltage decreases until the sharp rise in anode
potential (or a steep decline in cathode potential) leads to the reach of its EOD
voltage. An accurate OCV curve is crucial for the BMS as it enables precise
estimation of SOC and SOH, ensuring safe battery operation [58]. Since the
OCV curve changes over time due to battery component aging, it needs continu-
ous re-evaluation [59]. Moreover, the OCV curve contains valuable insights into
the battery state and its individual components [59].

Cell chemistry. Figure 2-2, right, depicts the mean cell voltage of common ac-
tive materials [17]. The voltage range for most LIBs is between 3V and 4.2 V.
Notably, the OCV curve of the LFP chemistry shows lower voltage (2.5V to
3.4 V) and exhibits a smaller dependency on the SOC than the other chemistries.
This flat OCV curve makes any voltage-based analytics challenging for LFP.

OCV measurement. The measurement of the open circuit voltage (OCV) of a
battery can be challenging, especially while it is in use. This is because the volt-
age at the battery terminals includes additional voltage generated by electrical
and chemical processes that occur inside the battery [60]. These overvoltage
components change their sign during charging and discharging, creating a hyste-
resis in the battery terminal voltage [61]. The overvoltage consists of three com-
ponents: the voltage drops due to internal ohmic resistance (Vonm), the double
layer voltage (Va), and the diffusion voltage (Var). This leads to the relationship
between terminal voltage (Veat) and OCV (Vocv), as shown in Equation (2-17)
[61]. Chapters 5.2.2 and 6 discuss these in more detail.

Voat = Vocv + Vorm + Var + Var (2-17)

Aging. As the battery ages, several processes cause shifts in the electrode
potential, leading to a continuous change in the OCV curve. Chapter 7 discusses
these processes in detail, and their utilization in estimating degradation modes is
explored.

2.2.3.2 Relaxation effects

Charge and discharge lead to an uneven distribution of ions and electrons in the
electrodes, leading to concentration gradients of charged particles or a state of
disequilibrium [62]. This imbalance results in an overpotential, which is a poten-
tial difference compared to the OCV (equilibrium potential) caused by polariza-
tion [62—64]. The specific potential difference related to concentration is referred
to as concentration overvoltage [65]. A charge redistribution occurs once battery
charging or discharging stops, leading to a relaxation effect [62]. This relaxation
effect is now referred to as the relaxation phase. Figure 2-3 illustrates relaxation
phases after charging and discharging [66].
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Relaxation after discharging

Relaxation after charging

g €
g :
° >
o
= 0
&
O
@
&
&G)

time

Figure 2-3: Schematic relaxation phases after charging and discharging, adapted from Kim et al. [66],
used under CC BY-NC 4.0 [67].

An instantaneous voltage change occurs when the battery's current reaches zero
[63,66]. The charge transfer overvoltage and diffusion overvoltage decay with
distinct time constants representing the activation polarization and concentration
polarization processes [62,63]. The charge transfer process is faster than the
diffusion process [63]. Chemical reactions occur at the interface between the
electrolyte and the electrode during the charge transfer process [63]. In contrast,
there is actual mass transport, moving the products of the charge transfer pro-
cess from the electrode surface to the interior during the slow diffusion process
[63].

224  Aging

Researchers focus on understanding degradation mechanisms in lithium-ion
batteries (LIB) to maximize their lifespan and optimize performance [22]. These
degradation mechanisms target specific components of the battery cell [49] and
generally lead to reduced capacity or increased resistance, resulting in capacity
and power fade [68,69]. Figure 2-4 provides an overview of these degradation
mechanisms, their underlying causes, the resulting degradation modes, and the
directly observable effect [48]. These degradation mechanisms are diverse and
influenced by numerous factors. Their causes can be broadly categorized into
calendar aging and cycle aging [68]. Calendar aging encompasses all processes
that occur inside the cell regardless of its operation [70]. In contrast, cycle aging
is caused by operational stress on the cell's materials and components during
charge and discharge cycles [68]. The following sections describe the various
degradation mechanisms, their causes, and their impact on the battery's open
circuit voltage (OCV). Chapter 7 discusses the degradation modes in more detail.
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Cause Degradation mechanism Degradation mode Effect
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sy SEl decomposition
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Figure 2-4: Overview of degradation causes, mechanisms, modes, and their effects. Adapted from Birkl
et al. [48], used under CC BY 4.0 [23].

2241 Calendar aging

Calendar aging involves degradation mechanisms that occur independently of
charge-discharge cycles [70]. The primary contributors to calendar aging are
chemical reactions at the electrode-electrolyte interfaces, forming passivation
layers [70,71].

Anode. One of the major anode aging mechanisms is the growth of the solid
electrolyte interphase (SEI) [70]. SEI is formed during the initial cycles of graph-
ite-based LIB due to a chemical reaction between the anode and electrolyte
[22,72]. This leads to an irreversible loss of lithium. Once formed, the SEI acts as
a protective barrier, allowing only lithium ions to pass through and preventing
further contact between the anode and the electrolyte [22,71]. However, continu-
ous SEI growth leads to the further loss of active lithium, causing capacity fade,
especially at high SOC and elevated temperature [70]. The reduced lithium con-
tent alters the electrode balancing, leading to an overall shift of the anode poten-
tial toward higher SOC. This results in an earlier increase in anode potential and
a subsequent voltage drop in the cell's OCV during discharging [48]. In addition,
the SEI growth leads to an increase in internal resistance, causing power fade
[73,74]. Overall, the growth of the SEI is considered one of the main aging
mechanisms in graphite-based lithium-ion batteries [68,74—76].

Cathode. The oxidation of the cathode against the electrolyte affects the cell
impedance, increasing polarization and causing power fade [68]. High tempera-
ture and high SOC amplify the process [68]. In summary, both at the cathode
and anode, high SOC and elevated temperatures drive calendar aging in LIB,
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making it crucial to avoid such conditions during operation. From the Arrhenius-
Law, it can be deduced that a temperature increase of 10 K reduces the battery's
lifetime roughly by half [22].

2242 Cycle aging

In LIBs, every component undergoes a variety of degradation mechanisms dur-
ing cycling. These mechanisms interact with each other and are difficult to distin-
guish. [77]. The following sections will explain the most critical cycle aging pro-
cesses affecting different components. Generally, cycle aging is accelerated by
high DODs and high C-rates [78].

Anode. Graphite is the most commonly used anode active material in LIBs [31].
It undergoes several main degradation mechanisms, including surface film for-
mation, active material degradation, and lithium metal deposition on its surface,
known as lithium plating [77]. Surface film formation involves the creation of the
SEI. During cycling, the intercalation and deintercalation of lithium ions into the
graphite result in repeated volume changes in the anode, causing mechanical
stress [77]. This can lead to cracks in the crystals and particles of the anode’s
active material, where the cracked SEI exposes fresh graphite to the electrolyte,
leading to additional SEI formation. Consequently, the loss of lithium leads to a
capacity fade [51]. Moreover, the increased surface layer thickness leads to
higher impedance, causing power fade [77]. The reduced amount of active mate-
rial compresses the course of the anode OCP curve. This impacts the OCV
curve, shifting the anode features toward lower SOCs [48]. Lithium plating occurs
when lithium ion diffusion at the anode surface is insufficient to accommodate all
arriving lithium ions. The local potential in this situation leads to the forming of a
metal layer on the anode surface [79]. This phenomenon is particularly prevalent
at high charging currents and low temperatures [79]. It causes capacity fade due
to lithium loss, increased impedance, and power fade [68]. Additionally, it poses
a safety risk, as repeated lithium plating results in small metallic lithium spikes
called dendrites. These dendrites can lead to a short circuit within the battery cell
[79].

Cathode. The cathode in LIB typically contains layered metal oxides as active
materials, which are subject to degradation mechanisms. However, their impact
on capacity loss is relatively minor compared to the capacity loss occurring
through anode aging [77]. The aging mechanisms at the cathode involve the loss
of active material due to mechanical stress and surface film formation. To pre-
vent surface film formation, the cathode is prevented from reaching the required
high potentials set by the EOC [77]. Consequently, the cathode's OCP curve is
compressed, shifting its characteristic features toward higher SOCs. These
changes in the cathode's behavior can be directly observed by examining the
OCYV curve [48].
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2.2.4.3 Cell-to-cell variation

The environmental conditions and the individual operation of the storage systems
already significantly influence battery aging. In addition to the differences, there
is also variance between the individual cells from the production side and during
cycling. Baumhofer et al. [80] cycled 48 batteries of the same type under identi-
cal conditions in the laboratory. The underlying dataset from Sauer [81], pub-
lished alongside the paper of Li et al. [82], is used to depict their capacity fade in
Figure 2-5.
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Figure 2-5: Test results showing the cell-to-cell variation during cycling. The 48 cells were cycled
under the same environmental conditions, as described in Baumhofer et al. [80]. Therefore, the
spread in real-world operation is expected to be larger. The figure is created with data from Sauer
[81], used under CC BY 4.0 [23]. The data was published in relation to Li et al. [82]. Design inspired
by Baumhéfer et al. [80] and Li et al. [82].
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At the beginning of the test, the batteries are in a narrow range close to 100 % of
their nominal capacity. When the cycling starts, quasi-linear aging [80] can be
observed, where the cells still show a similar SOHnc. This is generally in line with
other observations [83].

However, as the number of cycles increases, the cells drift apart. When reaching
the EOL, a difference in capacity of about eight percentage points can be ob-
served between the worst and the best cell. This corresponds to more than 400
additional cycles, which is about 30 % of the overall cycle life. HSS batteries
typically comprise about 15 to 200 cells connected in series. Unfortunately, the
worst cell in this interconnection determines the capacity of the series string as
the current throughout it is identical. In aging analysis, predicting the so-called
knee-point is considered a particular challenge [84]. After this point, the aging
accelerates sharply, leading to a strong capacity fade.
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2.2.5 State of health estimation

Accurate information about a battery's current state is crucial to ensure a safe
and reliable operation [85]. However, once a battery is in use, obtaining data
about its internal condition and tracking its characteristics becomes challenging
due to the complex interactions of various aging mechanisms [86,87]. Precise
monitoring of the battery SOH is essential for safety and enables predictive
maintenance decisions regarding battery replacement [88,89]. Since the SOH
cannot be directly measured, several methods have been developed to deter-
mine its value based on different definitions [88]. These methods can be catego-
rized into offline and online approaches. Offline methods, often called experi-
mental methods, involve capacity and resistance measurements [85]. On the
other hand, online methods estimate battery SOH using operational data [86].
The literature review on specific state-of-the-art diagnostic methods is discussed
in the corresponding sections of Chapter 5 to 7.
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3 The development of stationary battery storage
systems in Germany

This chapter discusses the market development of battery storage systems in
Germany. After discussing recent literature, home, industrial, and large-scale
battery storage systems markets are presented. It evaluates and combines sev-
eral public and non-public databases and the current regulatory framework. The
content of this chapter is based on peer-reviewed publications [4,90,91] and
public reports [6,8,9,92-95] under the lead and collaboration of the author. Parts
of it are identical to these references.

3.1  Overview

Energy storage systems play a significant role in a successful energy transition,
enabling a de-fossilized, renewable, and reliable energy system [96—100]. Vari-
ous energy storage technologies are currently active in the market, from the
classic pumped hydro storage, heat storage, and power-to-X solutions to battery
storage. Worldwide, battery storage systems have been showing rapid growth
over the last few years, which is expected to continue [96,97,101].

Current forecasts on the development of the global battery market expect strong
growth (see Figure 3-1). Nevertheless, estimates differ significantly and change
over time due to different scenarios for the energy system, changing regulatory
framework, geopolitical circumstances, and a lack of transparently accessible
information, as a study on the European storage market points out [102].
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Figure 3-1: Left: Cumulative global battery storage deployments. Historic data for 2021 and estimates
for 2030 made in 2017 and 2022. Right: Estimated power distribution of battery storage systems in
2030. The figure is created with data from [101,103].
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To understand the market dynamics, previous forecasts can be analyzed. A 2017
study predicted the cumulative stationary battery installations for 2030 to range
between around 100 GWh and 420 GWh worldwide, depending on the scenario
[104]. Another 2017 study estimated cumulative installations of 305 GWh for
2030 [101]. Only a few years later, in 2022, the authors updated their estimate by
a factor of four to 1,194 GWh as the storage world constantly evolves [103].
According to their assessment, the countries with the most battery storage instal-
lations in terms of power will be the United States, China, and Germany [103]. To
contribute to market transparency, this thesis evaluates the current develop-
ments in Germany. However, many critical analyses like prices, use cases, and
system design are also valid for more extensive parts of the world.

Literature review. Literature already presents many publications on the market
development of battery storage. According to the classification in [4], these can
be divided into the three fields of: (1) institutional publications, (2) peer-reviewed
publications, and (3) consultant publications. Appendix, Table 9-1, gives an ag-
gregated overview of the literature.

(1) The institutional publications are often from renowned organizations such
as IRENA [104], the European Commission [102], or the IEA [105]. The reports,
however, cover larger geographical areas such as the world or Europe and have
either no or only isolated meta-information on individual countries. For the sta-
tionary BSS sector, there are two reports specifically for Germany from BVES
and BSW-Solar, the two major associations in the storage sector. The BVES
report [106] is freely available and provides an overview using parts of this ana-
lysis for the storage market update. The report offers high-level information but
does not provide detailed information on technology development, such as bat-
tery chemistry. The BSW-Solar publishes isolated key details, such as installa-
tion numbers, in factsheets [107]. For the EV sector, in addition to the global
analyses of the IEA [105], there are also reports from German institutions like the
Federal Motor Transport Authority (FMTA) [108] or the NOW GmbH [109], which
evaluate new registrations of EV in Germany but do not give information on data
such as battery energy and charging power.

(2) The peer-reviewed publications are primarily based on the DOE database
[110]. This is a recommended database with mostly large BSS projects from all
over the world, but it needs to be completed for individual countries due to its
global focus. In the publications, database analyses are sometimes supplement-
ed by further information such as manual research or interviews [111-114]. In
addition to a worldwide focus, there are analyses for individual countries
[115,116], but the author is unaware of any detailed studies for Germany other
than the publications related to this work [4,90,91,117]. Another database for
BSS around the world is provided by in [118] but is not supplemented by any
publication.
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(3) Many consultant publications are fee-based and, therefore, not publicly
available [119-122]. In some cases, there are also free reports or excerpts
[101,123—-126], but the methodology is usually not disclosed and is, therefore,
non-transparent from a scientific point of view.

Conclusion. Motivated by these developments and the adoption of previous
analyses under the collaboration of the author [4,90,91,117] in scientific litera-
ture, public reports [102,104], and the press [127,128], this chapter provides an
update on the market development of BSS in Germany.

To keep selected figures on the stationary storage market up to date, the website
“Battery Charts” (www.battery-charts.de) [129] was developed, which refers to [6]
and accompanies it as supplementary material. Selected EV figures are available
analogous on the website “Mobility Charts” (www.mobility-charts.de) [130] as
presented in [117].

This analysis serves as a transparent primary source for the market development
of battery storage systems in Germany. Researchers can use the results to pa-
rameterize simulation models and identify research areas. In addition, it provides
policymakers and industry with information that supports decision-making in a
dynamic market environment.

3.2 Methodology

This chapter describes the methodology used to analyze the stationary battery
storage markets. After describing the storage system classification and its differ-
ent databases, it explains the market estimations.

3.2.1 Battery storage classification

Looking closer at the applications and voltage levels presented in [131] and
[132], the BSS market can be split into three submarkets. These markets differ in
voltage level connection, rated power, storage capacity, and applications. Figure
3-2 gives an overview of the market classification. A detailed overview of all
applications and grid connection possibilities is given in [131].
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Figure 3-2: Overview of the different BSS markets and their grid connection in
Germany. Note that there are no strict energy thresholds between HSSs, ISSs, and LSSs. Nevertheless,
these are needed for a systematic evaluation, and the energy ranges cover the markets well. Own
design with clustering according to [131] and [132].

The smallest BSSs are PV HSSs connected to the low voltage (LV, 0.4 kV AC)
grid level. In this thesis, all BSSs with a battery energy below 30 kWh are classi-
fied as HSSs, although most of the systems have an energy below 10 kWh (see
Chapter 3.3.1). Their main application is the increase in PV self-consumption to
reduce electricity costs as a behind-the-meter use case. Moreover, decentralized
HSSs are a promising technology for dealing with grid problems that can arise
due to the high local penetration of PV power generation [133,134]. The ISSs are
classified as systems with a battery energy between 30 kWh and 1 MWh. They
are either connected to the low voltage level or to the medium voltage level (MV,
1 kV-36 kV), depending on their size and application. Their main applications are
behind-the-meter use cases like increased PV self-consumption, peak shaving,
or uninterruptible power supply (see Chapter 3.3.2). The front-of-meter LSSs are
classified as BSSs with a battery energy above 1 MWh. They are either connect-
ed to the MV level or the high voltage level (HV, 36 kV-150 kV AC). Their main
applications are ancillary services and renewable energy integration (see Chap-
ter 3.3.3).
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The analyses are based on the linkage of several public and private databases.
An overview of used databases and their detailed description is given in Figure
3-3 and Table 3-1, respectively.

Dataset description
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Figure 3-3: Overview of the databases used for the analyzed markets. See database descriptions and
links in Table 3-1.

Table 3-1: Description of the databases used.

Database Market | Description

The MASTR DB [135] is the public database of the
German Federal Network Agency (FNA, German:
“Bundesnetzagentur”), where all stationary BSSs
must be reported since January 2019. After some
initial difficulties, the reported BSSs are almost com-
plete, and the database offers a good overview of the
market development, especially for newly registered
BSSs (see Chapter 3.3.1). The data is based on

MASTR DB HSS, manual entries by private persons, which results in
; ISS, . . "
[135] (public) LSS regular confusion about technical quantities and

incorrect information. To account for these irregulari-
ties, consistency checks are performed by the FNA
and distribution system operators. In addition, the
filters mentioned in Table 3-2 are applied for a con-
sistent dataset. The collected data captures infor-
mation about the location, operator, inverter power,
and energy of the batteries. The dataset is licensed
under dl-de/by-2-0 [136].
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Until the beginning of MASTR DB, ISEA had the
most comprehensive databases with around 30,000
HSSs and ISSs through the monitoring [4,90,91] of
the national subsidy program of the German gov-

MONITORING HSS ernment (2013-2018) and the monitoring [93] of the
DB [4,90,91] 1SS ’ local subsidy program of the federal state of Baden-
(private) Wirttemberg (2018-2022). The databases were
collected via online questionnaires on subsidized
HSSs and ISSs. They are used for detailed evalua-
tions of the BSSs, such as technical characteristics
or prices.
The “Forschungszentrum Jilich” compiled the LSS
DB by manual research before the introduction of
LSS DB [137] LSS MASTR DB. This data was compared, extended, and
(public) aligned with the MASTR DB for this thesis. The data
by Stenzel et al. [137] is licensed under CC BY-NC
3.0 [138].
The FNA maintains a register of all public charging
CHARGE DB 1SS stations reported in Germany, including installed
[139] LSS’ charging power and location. These can be matched
(public) with ISS and LSS data. The data is provided by bun-
desnetzagentur.de, licensed under CC BY 4.0 [23].
Over the years, extensive connections have been
INTERVIEWS HSS, establishgd V\_/ith ass:ociations, manufacturers, market
DB (private) ISS, research institutes, installers, wholesalers, and order
LSS brokers. The bilateral exchanges gather information

about the storage market and current developments.

3.2.3 Market estimation

The Federal Network Agency (FNA) launched its MASTR DB in 2019, where all
BSSs need to be registered. After its launch, it took a while for storage operators
to be aware of the obligatory requirement of BSS registration, which led to many
BSS that were not registered [4,90]. Due to the increasing completeness of the
MASTR DB registrations, the stationary battery storage market analyses are
based primarily on its evaluation [135]. The calculations are validated and sup-
plemented using the private MONITORING DB, LSS DB [137], and data from
bilateral exchanges with industry partners. Table 3-2 summarizes the filters ap-
plied to the database and the previous BSS classification from Chapter 3.2.1.
Further information can be found in earlier works [4,90,91].
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Table 3-2: Storage classification and filters applied to MASTR DB.

Market Filter
HSS battery energy < 30 kWh
ISS 30 kWh < battery energy < 1,000 kWh

battery energy > 1,000 kWh;
operated by legal entities;

LSS voltage level “low voltage (230 V P-N)” only allowed if
the grid operator has approved entry

HSS, BSS must be in operation,

ISS, both energy and power must be registered,

LSS 0.1 h < energy-to-power ratio (EPR) < 15 h

3.3 Results and discussion

This chapter presents the market development of stationary storage in Germany.
It includes home, industrial, and large-scale storage systems.

3.3.1 Home storage

This chapter discusses the market and technology development of home storage
systems in Germany.

3.3.11 Market development

Overview. The HSS market is Germany's largest stationary storage market and
has seen rapid growth in recent years. Figure 3-4 shows the estimate of annual
HSS installations by battery technologies. According to the analysis, about
220,000 HSSs were installed in 2022, representing a market growth of 52 % in
comparison to the previous year. This leads to an estimated stock of 650,000
installed HSSs in Germany by the end of 2022.
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Figure 3-4: Estimated number of HSS installations in Germany based on own analyses of MASTR DB
[135], used under dl-de/by-2-0 [136], and bilateral exchange with installers, retailers, and manufactur-
ers. Based on the analysis, not all HSSs have been registered to the MASTR DB, but it is considered a
reliable source.

Estimation. This estimate is based on analyzing the MASTR DB, where both PV
systems and BSS are registered as separate datasets. However, the PV registra-
tions also provide information on whether they were installed with an HSS, and
they are considered more accurate than the HSS registrations themselves. This
is because the feed-in tariff is only paid if the PV system is registered, meaning
that all PV systems are included. In the MASTR DB, around 285,000 PV systems
with a power between 2 kW and 30 kW were installed in 2022 (status February
2023). Of the new residential PV registrations, nearly 75 % state to be installed
with an HSS, leading to 210,000 HSS installations with new PV systems. When
matching the PV with the HSS registrations of 2022, 95 % of the HSS dataset is
installed together with a new PV system of 2022, and 5 % are retrofitted to older
PV systems. Considering these retrofits, the total HSS estimation reaches about
220,000 HSSs for 2022.

Non-reporting quota. The non-reporting quota of HSSs is estimated to be
around 9 %, as 202,000 HSSs have been registered at the FNA for 2022 by
February 2023. However, further analysis shows that this is about the same
share of HSSs, which is typically registered belated after the end of a year. Thus,
the MASTR DB is estimated to be the most reliable source to track the market
development of stationary battery storage in Germany and can be used from now
on without further analyses. This estimate is validated through bilaterally ex-
changed data from the DAA [140], which annually places tens of thousands of
PV and HSS contracts. In 2022, 66 % of the orders included a PV system plus
storage, 10 % included a PV system explicitly without storage, and 24 % of the
inquiries had not yet been decided. The retrofits analyzed by DAA also account
for 5% to 7 %, and half of the undecided people likely opt for an HSS, which
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supports the analysis of 75 % of PV systems being installed together with an
HSS. These estimates are in line with other analyses ranging from 197,000
HSSs (HTW Berlin [141]) to 214,000 HSSs (BSW [142]) to 220,000 HSSs (EUPD
[143]).

Battery technology. The installed HSSs are almost completely (98 %) equipped
with lithium-ion batteries, continuing the trend of previous years. While there
were high shares of lead-acid batteries at the market's beginning, they have
nearly disappeared. Other technologies, such as redox-flow and salt-water, also
exist but are a niche. All non-lithium-ion technologies combined achieve a market
share of only 2 % in 2022. As manual checks reveal, many lithium-ion HSSs
were falsely classified as “Others” within this share. Within the lithium-ion batter-
ies, LFP batteries are leading, followed by NCA and NMC [141].

Energy and power. In 2022, the newly installed battery energy was around
1,944 MWh, and the battery inverter power was about 1,164 MW (see Figure
3-5), representing a growth of 52 % (energy) and 60 % (power), respectively,
relative to the previous year. Thus, by the end of 2022, a total HSS battery ener-
gy of 5,495 MWh and an inverter power of 3,098 MW was installed in Germany.
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Figure 3-5: Estimated HSS battery energy (left) and inverter power (right) in Germany based on own
analyses of MASTR DB [135], used under dl-de/by-2-0 [136], and bilateral exchange with installers,
retailers, and manufacturers.

System design. The average energy per system stayed nearly constant at
8.8 kWh about the previous year, while the average power increased further from
5 kW to 5.3 kW (see Figure 3-6). Especially the segment of HSSs above 10 kWh
accounts for an increasing share of HSS installations, with around 37 % of sys-
tems, while the majority of HSSs is still between 5 kWh and 10 kWh, with around
56 % of systems. Power ratings grew quicker than energy ratings, following cus-
tomers' preferences to supply EVs and heat pumps with the HSS. The energy-to-
power ratio (EPR) for most systems is around 2 h (see Appendix, Figure 9-2).
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Figure 3-6: Left: Mean PV power (2 kW to 30 kW) and HSS battery energy and inverter power in Ger-
many. Right: Battery energy size distribution. Based on analyses of MASTR DB [135], used under
dl-de/by-2-0 [136].

Sector coupling and motivation. The sector coupling, which describes the
energy exchange between the three sectors of electricity, heat, and mobility
[144], is also a driver toward larger energy. While the share of new HSS installa-
tions combined with heat pumps increased from 30 % (2018) to 37 % (2021), the
share of new HSSs combined with EVs grew from 8 % to 35 % in the same peri-
od (see Figure 3-7). In addition, the main purchase motivations are still participa-
tion in the energy transition (> 80 %) and rising electricity prices (> 75 %).
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Air conditioning —
Own energy [
Electric heating Interest :
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Figure 3-7: Large electrical consumers operated together with HSSs (left) and purchase motivation
(right). More than one option can be chosen. Data from MONITORING DB.
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3.3.1.2 Market outlook

The Federal Network Agency approved the grid development plan of the trans-
mission system operators that currently plan with 97.7 GW to 113.4 GW for
2045, probably also including ISSs [145].

The PV market will most likely continue to grow due to the ambitious plans of the
new government to reach yearly PV installations of 20 GW/a in comparison to
7.5 GW/a in 2022 [146]. In addition to the joint installations with new PV systems,
more old PV systems that run out of the feed-in tariff will become available in the
coming years. Further, higher energy prices and residential sector coupling drive
the installations as more and more HSSs are operated with an EV or a heat
pump [93]. While EVs and HSSs push each other right now, it remains unclear
what effect EVs' vehicle-to-home application will have on the market. For some
people, the EV will not be at home when the sun shines, and HSSs will be need-
ed. For others (home office, second car), EVs could serve similarly to HSSs,
reducing their sales.

3.3.2 Industrial storage

The industrial storage system (ISS) market is the smallest stationary storage
market in Germany but is growing. In the following, the installation numbers and
use cases are described.

3.3.21 Market development

Overview. The year 2022 showed the highest additions recorded until now (see
Figure 3-8). The approximately 1,175 newly registered ISSs (see Appendix,
Figure 9-3) have an energy of about 84 MWh and a power of 43 MW. In terms of
energy, this is a growth of about 24 % over 2021. By the end of 2022, around
3,900 ISSs had a cumulative battery energy of 269 MWh and an inverter power
of 144 MW.

Use case and sector. The analysis could assign 74 % of the ISS energy to a
use case. About half of the ISS energy is used for renewable energy (RE) inte-
gration (match of MASTR DB for ISSs and PVs), 10 % for a combination of RE
integration and EV charging, and 1 % solely for EV charging without a PV system
(match of MASTR DB for ISSs, PVs, and CHARGE DB). Further, 12 % state in
the MASTR DB to serve as an uninterruptible power supply.
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Figure 3-8: Development of ISS battery energy (left) and inverter power (right) in Germany by use case.
Based on own analyses of MASTR DB [135] (used under dl-de/by-2-0 [136]), CHARGE DB [139] (used
under CC BY 4.0 [23]), and further research.

Uncertainty. Due to the lack of information about the previous years of the ISS
market described in [90] and multiple use cases, this analysis sticks solely to the
MASTR DB registrations, even though there could also be ISSs that have not
been registered as the BVES suspects [147]. However, the market is still quite
small if a similar quote of non-reported ISSs is assumed according to the HSS or
LSS markets (below 10 % each). Systems for uninterruptible power supply (UPS)
are partly not included in the dataset as they only have to be registered if they
are not exclusively used for uninterruptible power supply [148].

Battery technology. Regarding battery technology, lithium-ion systems continue
to lead with 95 % of the ISS energy, and lead-acid systems account for about
3 % (see Appendix, Figure 9-4). The ISSs designated as "Others" in the MASTR
DB are also predominantly lithium-ion systems according to manual triage, and
redox-flow systems accounted for less than 1 % of the installed energy in 2022.
Lead-acid batteries are often used for UPS, as the high mean SOC does not lead
to accelerated aging [149]. Thus, their share could be higher (see paragraph
above).

System design. Most ISSs are within the 30 kWh to 100 kWh class (see Appen-
dix, Figure 9-1). This segment accounts for about 86 % of the systems. The
share of ISSs between 100 kWh and 200 kWh accounts for nearly 8 % of the
systems. ISSs above 200 kWh, however, remain the exception among large
industrial operations, accounting for about 6 % of installed systems. While the
median EPR is around 3 h, the energy-weighted mean is below 2 h (see Appen-
dix, Figure 9-2). Thus, especially larger ISSs tend to have lower EPR.
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Sectors. A share of 68 % of the ISSs could be assigned to a sector (see Appen-
dix, Figure 9-5). The sector services and public administration is leading with
18 % of the ISS energy, followed by 10 % installed in manufacturing and 8 % in
the energy supply sector. Trade and agriculture, and forestry and fishing, ac-
count for 5 % and 4 %, respectively. The sectors were chosen according to the
NACE classification of the economic activities in the European Community [150].

3.3.2.2 Market outlook

Much stronger growth is expected in the coming years. The German Climate
Protection Act stipulates a reduction in annual emissions volumes in the industry
of around 35 % from 2020 to 2030 [151], and electricity prices for the industry are
higher than ever [152]. However, this is also accompanied by a much higher
fluctuation of the exchange electricity price during the day. If ISSs are managed
wisely, this currently results in much higher margins, contributing significantly to
the profitability of storage operations. ISSs play a critical role in CO2-free indus-
trial sites by decoupling generation and consumption over time. The versatile
applications include, for example, increasing solar self-consumption, peak shav-
ing for grid fee reduction, uninterruptible power supply, or the integration of re-
newable energies and electric vehicles. In particular, some of the planned fast
charging stations will also have to be operated with buffer storage, which will
lead to market growth. In such a scenario, the ISSs enable charging stations to
provide higher power at short notice than the grid connection would allow. The
recharge of the ISSs occurs when there are not many EVs at the charging sta-
tion.

3.3.3  Large-scale storage

The large-scale storage market (LSS) is Germany's second-largest stationary
BSS market.

3.3.3.1 Market development

Overview. After some years of decline, 2022 showed a record of 47 new LSS
installations (see Appendix, Figure 9-6) with 467 MWh and 434 MW, which cor-
responds to a growth of 910 % in terms of energy additions (see Figure 3-9). In
December 2022 alone, 250 MWh were registered. One reason for this end-of-
year rally could be the last chance to register the LSSs to avoid grid tariffs ac-
cording to § 18 StromNEV [153,154]. At the end of 2022, there were a total of
149 LSSs with an energy of 1,204 MWh and a power of 1,072 MW installed. The
public announcements exceed the cumulative LSS installations until the end of
2022 for the next two to three years with 1,414 MWh / 1,123 MW.
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Figure 3-9: Development of LSS battery energy (left) and inverter power (right) in Germany by use
case. Based on own analyses of MASTR DB [135] (used under dI-de/by-2-0 [136]), LSS DB [137] (used
under CC BY-NC 3.0 [138]), and further research. “Plan”: announced projects for next 2-3 years.

Non-reporting quota. The analysis estimates that 9 % of LSSs have not been
registered until the end of 2022 when comparing the MASTR DB data with
LSS DB and further literature research of press releases and newspapers. The
missing registrations for LSSs in operation are exclusively LSSs commissioned
before the start of MASTR DB in 2019. Regarding planned LSS projects, only six
additional projects could be found, although these are quite large (see Appendix,
Figure 9-7). As for the HSS market, the MASTR DB is a reliable source for LSS
deployments in Germany, especially for systems in operation. However, in terms
of announcements, one either must wait for registration or collect press releases.

System design. Most LSSs are below 10 MWh (77 %), 18 % are between
10 MWh and 20 MWh, and single projects reach up to 80 MWh, while projects
over 200 MWh are announced for the future. After some technologically versatile
installations from 2016 to 2019, lithium-ion LSSs have been installed almost
exclusively for the third year. With lithium-ion batteries manifesting their domi-
nance in the LSS sector, the technology serves all stationary and mobile battery
markets. Although some planned projects still state to have “Others” as battery
technology or have not yet specified the technology, it is most likely that these
projects will be realized as lithium-ion batteries.

Use cases. While the technology does not show any shift, the use cases do, as
manual research indicates. Besides (1) ancillary services, (2) RE integration, (3)
industrial energy supply, (4) multi-use operation including arbitrage trading, (5)
grid booster projects, and (6) others gain traction. Figure 3-9 only shows the use
case considered dominating, although some are also in multi-use operation. The
EPR depends strongly on the use case, with about 1 h for ancillary services, 1 h
to 2 h for RE integration, 1 h for grid booster, and a broad range from 0.5 hto 3 h
for industrial energy supply (see Appendix, Figure 9-2).
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(1) Ancillary services (in operation: 750 MWh / 685 MW) are still leading. Until
2019, LSSs have been built almost exclusively for the provision of frequency
containment reserve (FCR) [4,90,155-157], which is evaluated in [158—164].
During this time, however, the prices for FCR initially dropped significantly, pri-
marily due to the increasing saturation of the market volume by battery storage,
which is why economic operation became more difficult, and the market declined
until 2021 [4,90], but increased in 2022 again [165]. As of January 2023, the
German FCR market is 570 MW [166], while already 630 MW of LSSs are offi-
cially prequalified to provide FCR [166], and national LSSs thus need to make
use of the option to export 30 % of the FCR power to other countries. Although
FCR prices are still attractive in early 2023 [167], analogous to all other energy
markets, this price level will probably not be sustained in the long term due to
high competition and further large projects announced for this market. This is
why LSSs now also evaluate other possibilities like automatic frequency restora-
tion reserve (aFRR), where the market is three to four times as large as the FCR
market, and until now, only 60 MW of LSSs have been prequalified [166]. The
ancillary service aFRR can be offered either as positive or negative power. LSSs
can market both directions simultaneously, as negative and positive power are
never activated simultaneously. Instead of the FCR market having a single power
price, the aFRR market has a power and an energy price, making bidding strate-
gies more complex. The maximum power must be provided for at least one hour,
so the LSSs must have larger energy-to-power ratios than for FCR provision.
The aFRR prices have increased over the last years, possibly leading to an at-
tractive alternative [167].

(2) RE integration (in operation: 250 MWh / 200 MW) gained traction in the LSS
market, and 700 MWh is already announced for the next years. Most projects are
PV and LSS projects, and there is only one wind plus LSS project until now with-
in the innovation auction. The Federal Network Agency (FNA) conducted the first
five rounds of the so-called “innovation auctions” from 2020 to 2022 for the RE
integration of large solar and wind parks that can bid in combination with a BSS
[168]. The basis for the auctions is regulated in the Renewable Energy Sources
Act [169] (Section 39j, EEG 2014, with amendments of 21.12.2020 and Section
39n, EEG 2021, respectively) and in the ordinance on innovation auctions [170].
The innovation auction BSS are mostly above 1 MWh (Figure 9-8), which is why
they are listed in the LSS section, although there are also some BSS that would
be classified as ISSs according to Table 3-2. As of February 2023, 21 BSS are
already in operation, while 84 BSS are in construction, according to MASTR DB
[90].
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(3) Industrial energy supply (in operation: 50 MWh / 50 MW) is on the rise as
the first large industrial sites operate LSS. For example, an engine manufacturer
operates an LSS with an EPR of 4 h, presumably for self-consumption. At the
same time, another uses a high-power LSS with an EPR of only 30 min, most
likely for peak shaving. Further, some LSSs are installed next to power plants to
optimize operation.

(4) In multi-use operation (in operation: 150 MWh / 130 MW), LSSs switch from
one market to another and can combine front-of-meter use cases like ancillary
services with behind-the-meter use cases such as self-consumption or peak
shaving. The operating company of a couple of LSSs advertises on its website
multi-use operation of energy arbitrage, load management, peak shaving, volt-
age stability, and FCR. Especially arbitrage trading is finally happening. While
some years ago, this was economically not promising, the high price spreads on
the spot market led to LSSs shifting energy from low to high prices. However,
trading strategies must keep battery degradation costs in mind [171]. The energy
throughput can be quite high for intensive arbitrage trading, and it is possible to
exceed the cycle life of a battery. Typically, one to two cycles per day are realis-
tic, not to exceed most warranty conditions. As a high cycle depth leads to accel-
erated aging [158], trading strategies should try to do many small cycles instead
of a few large ones.

(5) Grid boosters (planned: 450 MWh / 450 MW) to temporarily relieve grid
bottlenecks and save preventive redispatch have been increasingly discussed
recently. These grid boosters will be among the largest storage projects in the
world to date, with several hundred megawatts and megawatt-hours when com-
pleted. The planned pilot projects for concept validation by the transmission
system operator TenneT, each with coordinated 100 MWh and 100 MW at the
Audorf/Sid and Ottenhofen sites, and by the transmission system operator
TransnetBW with 250 MWh and 250 MW at the Kupferzell site, were designed by
the transmission system operators in the 2030 grid development plan and con-
firmed by the FNA in 2019 [172]. According to the 2035 network development
plan, the two projects, P365 and P430, are each in preparing the planning and
approval process. The expected commissioning of TenneT's project (P365) is
planned for 2023, and that of TransnetBW's project (P430) for 2025. In contrast
to the LSSs for providing FCR and the LSSs within the scope of the innovation
auctions, grid boosters are used exclusively for grid operation management
[172].

(6) Others (8 MWh / 6 MW) include two EV charging, one black start, and five
LSSs not specified yet.
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3.3.3.2 Market outlook

For the next two to three years, there are with 1.41 GWh more LSSs projects
announced than the current stock by the end of 2022. LSS power with a focus on
FCR already exceeds the national FCR market. Still, new use cases such as RE
integration, industrial energy supply, arbitrage trading, automatic frequency res-
toration reserve, grid boosters, and multi-use operation emerge.

As an increasing number of conventional power plants with rotating masses
disappear from the market, there will be a high demand for synthetic inertia [173].
Batteries can do this in principle [173], but the power electronics must ensure an
extremely fast response [174]. The inverters must operate in a grid-forming and
voltage-imprinting manner in the interconnected grid, emulating the characteris-
tics of synchronous generators in the event of faults. In addition, EVs could also
provide relevant shares of ancillary services [165,175,176], making the markets
more competitive.

The Federal Network Agency approved the grid development plan of the trans-
mission system operators that are currently planning with an LSS power of
43.3 GW to 54.5 GW for 2045 [145].

3.34 Prices

For many years, lithium-ion prices have been falling worldwide. However, in
2022, the world market battery prices increased by 7 % to 151 $/kWh
(144 €/kWh), according to Bloomberg New Energy Finance (BNEF) [177].

Transparency problem. In general, prices are not transparently available for
several reasons. Among these are: (1) prices vary largely depending on the
region [177]. (2) It is not always clear what is included, and values can reach
from pure prices for the hardware up to turnkey prices inclusive of ground and
value-added taxes (VAT) covering large price ranges [90]. In this regard, some
sources speak of prices while others of costs, both meaning probably the same
[97]. (3) Information provided by manufacturers has to be seen as indicative, as
the projects might have completely different circumstances [90]. The incentive for
manufacturers to state low prices is questionable as this would set expectations
for customers. (4) Further, demand and supply are quite dynamic, which leads to
fluctuating prices to balance this situation. In addition, large customers such as
EV manufacturers pay significantly less than relatively small manufacturers of
stationary BSSs due to the high contract volumes.

37



3 THE DEVELOPMENT OF STATIONARY BATTERY STORAGE SYSTEMS IN GERMANY

HSS prices. For HSSs, end-customer prices (see Figure 3-10) from around
30,000 HSSs have been gathered until 2021 in a German-wide subsidy program
and a subsidy program in Baden-Wirttemberg (BW) (see Table 3-1).
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Figure 3-10: Price development of 30,000 HSSs per usable energy according to data in MONITOR-
ING DB and an estimated 30 % increase from 2021 to 2022 based on industry interviews. Values
adjusted for inflation (base year: 2022) and without VAT.

The prices in BW for average-sized HSSs from 5 kWh to 15 kWh were slightly
higher than in the German-wide monitoring, probably due to a generally higher
price level in southern parts of Germany or higher subsidies [93]. From 2013 to
2021, HSS prices fell by 63 % from 2,500 €/kWh to 920 €/kWh. However, in
2022, a price increase of around 30 % is estimated after discussions with indus-
try partners, leading to an estimated mean price of around 1,200 €/kWh. The
price increase is due to the extremely high demand, which has continued to grow
due to high energy prices and the war in Ukraine. Installers are at the limits of
their installation capacities, and many people must wait more than half a year for
a PV and HSS installation date. However, the prices vary largely, and prices
ranged from 700 €/kWh up to 2,300 €/kWh in single offers analyzed in 2022.

ISS prices. For ISSs, the data from the subsidy program in BW until 2021 is
used (mostly below 100 kWh), where average prices were 820 €/kWh (see Fig-
ure 3-11). The “pv magazine” (PVM) collects indicative prices from manufactur-
ers for ISSs and LSSs in a database [178] at the very beginning of the year,
which is why the prices are assigned rather to the previous year. This analysis
deviates slightly from the reported values by PVM in [179-181] as the mean
prices for 2022 and not the median prices are shown. In 2021, the mean prices
range from 215 €/kWh to 990 €/kWh depending on the ISS energy and manufac-
turer.
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From 2021 to 2022, mean values for ISSs up to 100 kWh increased by 23 %
from 575 €/kWh to 710 €/kWh, for ISSs from 100 kWh to 500 kWh by 50 % from
390 €/kWh to 580 €/kWh, and for ISSs from 500 kWh to 1,000 kWh by 92 % from
310 €/kWh to 595 €/kWh. However, it should be noted that not exactly the same
manufacturers provided prices for 2021 and 2022.
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Figure 3-11: Price development of ISS (left) and LSS (right) according to data in MONITORING DB,
extended LSS DB [137] (used under CC BY-NC 3.0 [138]), own analyses of pv magazine (PVM) data-
base [178], and Bloomberg New Energy Finance (BNEF) [182]. Monitoring DB and PVM adjusted for
inflation (base year: 2022), BNEF values (already adjusted for inflation by BNEF) converted from USD
to EUR. Prices per usable energy and exclusive VAT except for unknown price components from LSS
DB [137].

LSS prices. Single LSS project prices are included in the LSS DB for the years
2015 until 2020, and further press releases for 2021 and 2022 were scanned, but
it is not always clear what exactly the prices include. They depict a price de-
crease from the average of 2017 (1,080 €/kWh) of around 50 % until 2022
(532 €/kWh). From 2021 to 2022, the prices from pv magazine show a price
increase of 54 % for LSSs between 1 MWh and 10 MWh from 300 €/kWh to
464 €/MWh. LSSs above 10 MWh showed a price increase of 45 % from around
250 €/kWh to 380 €/kWh for the same period. For 2022, all values range from
250 €/kWh to 850 €/kWh depending on the energy and manufacturer. The 2022
mean prices from pv magazine are supported by the mean price of 310 €/kWh
reported by BNEF for a four-hour turnkey LSS [182]. The authors point out that
prices depend largely on region, energy, and system design, ranging from
202 €/kWh to 548 €/kWh [182]. The identified price increase of 27 % from 2021
to 2022 in USD [182] corresponds to an increase of 42 % when converted to
EUR.
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3.4 Conclusion

Figure 3-12 summarizes the key information of this chapter while focusing on the
installed battery energy and inverter power. All in all, the stationary BSS markets
are growing strongly. In 2022, additional battery energy of 2.5 GWh was in-
stalled, and all markets had a cumulative battery energy of about 7 GWh.
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Figure 3-12: Development of the stationary battery storage market in Germany. Based on own analyses
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Markets. HSSs are leading with 78 % of the newly installed battery energy in
2022 and 79 % (5.49 GWh) of the stock, while ISSs account for 4 % (0.27 GWh)
and LSSs for 17 % (1.2 GWh) of the stock. By the end of 2022, battery storage
had nearly 20 % of the energy of the national pumped hydro storage power
plants of 39 GWh [183]. This shows the enormous flexibility potential of battery
storage in the energy system.

Future market tracking. To provide the readers with the latest registration fig-
ures, the website www.battery-charts.de [129] presents the stationary battery
storage registrations in MASTR DB as supplementary material to the publication
that was the base for this chapter [6]. Further, the reliable EV registrations at the
German Federal Motor Transport Authority are depicted on www.mobility-
charts.de [130], as presented in [117].

Motivation for thesis. HSSs, in particular, are widespread in Germany, and
other countries record increasing sales figures. Due to the growing importance of
battery storage, future regulation requires reliable and scalable methods for SOH
estimation of battery storage [7]. On the one hand, these methods enable de-
mand-oriented maintenance and, thus, a long use of important resources. On the
other hand, warranty cases of the systems can be detected to support end users.
The development of such methods is the core of the following chapters.
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4 DATASET AND FIELD OPERATION

4 Dataset and field operation

This chapter describes the field measurements and the dataset used for all fol-
lowing analyses. Furthermore, it provides insights into the operation and charac-
teristics of home storage systems. The chapter is based on and contains identi-
cal parts of [184] and its supplementary information under the lead of the author.
In addition, parts of it are based on [8,9] under the lead of the author.

4.1 High-resolution field measurements

In the following, the field measurements and the gathered dataset [185] are pre-
sented and discussed.

411 Dataset and measurement

Overview. The ISEA measured 21 private HSSs in Germany over up to eight
years from 2015 to 2022. All these HSSs are combined with residential PV sys-
tems to increase self-consumption. The measured quantities relevant to this
thesis are system-level battery current, voltage, battery pack housing tempera-
ture, and room temperature, while the sample rate is one second. Single HSS
manufacturers already have more than 100,000 HSSs in the field. Nevertheless,
from a scientific perspective, the dataset is unique until the time of writing
(year 2024). The author is unaware of any comparable scientific datasets for
lithium-ion HSSs. About 106 system years represented by 14 billion data points
totaling 146 GB were analyzed. Table 4-1 contains an overview of the measured
HSS batteries and their main parameters.

Nomenclature. The operational behavior of the systems is determined by two
main parameters, which are the system design and the used cell chemistry.
While some metrics like the C-rate or the number of EFCs depend on the system
design and the ratio of battery energy to inverter power, the cell chemistries have
different OCV curves (see Figure 2-2) and specific aging characteristics. To
account for this, the system nomenclature gives information on both parameters
to interpret the results. Therefore, this thesis refers to “Smallimo” (or “Stmo”),
“Mediumnmc” (or “Mnmc”), and "Mediumcep” (or “Mire”) HSSs. As there are al-
ready HSSs in the energy range above 15 kWh on the market, none of the sys-
tems are classified as large. SmallLmo and Mediumnmc systems share similar
battery chemistries, but their system design is not comparable. While the Medi-
umcre and the Mediumnmc systems show a similar system design, their battery
chemistries are not comparable. These relationships must be considered for the
interpretation of the results.

System design. The assumed nominal energy reaches from 2.2 kWh to
13.8 kWh with capacity values between 15 Ah and 300 Ah. These values were
either seen on the modules, found in publicly available datasheets, or acquired
through interviews. The inverter power ranges from 2 kW to 3.5 kW, leading to
energy-to-power (EPR) ratios of around 1 h to 4 h, corresponding to maximum
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system E-rates of 1 E to 0.25 E. Most systems are low-voltage systems with a
nominal voltage in the range of 46 V to 52 V. However, the Smallvo systems are
considered high-voltage systems and have a nominal voltage of 146.7 V. In
addition, these systems have an EPR of around 1 h and a relatively low battery
energy, leading to different operational behavior. Nevertheless, they are operat-
ed with smaller PV systems, and the houses have smaller energy consumption.

Table 4-1: Aggregated overview of the measured HSSs.

N Nominal Inverter Nominal Number of Aggregated
omenclature . systems
& chemistry energy in power vc:\ltage of one number of
kWh in kW inV systems
product
“Smallmo” or
“Stmo” with
LMO/NMC 2.2 2 146.7 6 6
blend battery
(“LMO”)
8.6 25 50.4 1
“Mediumnmc” or 8.7 3 48.1 2
“Mnmc” with 8.8 3 46.8 2 7
NMC battery 9.8 5 51.8 1
11.5 25 50.4 1
“Mediumcrp”, or 8.1 3 51.2 4
“Mirp” with LFP 9.2 3.3 46 2 8
batteries 10.0 3 51.2 1
13.8 35 46 1

Cell chemistry. The different cathode materials are lithium nickel manganese
cobalt (NMC), a blend of lithium manganese oxide (LMO) and NMC (simply re-
ferred to as “LMO” in this thesis), and lithium iron phosphate (LFP). Within the
Mediumnwc systems, there are differences in cell chemistry. Two of the NMC
systems are sometimes classified as NCA, and the manufacturer appears to
have changed the chemistry of the cells in several product generations. In any
case, these batteries have a high nickel share, but their OCV curves examined in
Chapter 7 are close to the ones of the other NMC systems.

Lack of metadata transparency. For most HSSs, only the usable energy is
stated on the datasheets. However, this statement often includes an aging re-
serve and does not correspond to reality as larger energy ranges can be ob-
served in operation. Thus, the batteries’ metadata had to be gathered through
further research. The obtained values are not guaranteed to be correct as the
manufacturers did not always provide the information, and some packs have no
labels. In addition, the interconnection scheme is not accessible either. Obtaining
the provided metadata was a very time-intensive task that should not be under-
estimated if there is no direct access to a manufacturer's metadatabase. The
conducted research ranged from simple manufacturer contact to the dissembling
of the battery pack in the laboratory to identify cell types and interconnection
schemes of the cells. The used cells are typically subject to non-disclosure
agreements and cannot be shared. Table 9-2 in the appendix presents the gath-
ered single-system metadata.
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Measurement hardware. Table 4-2 depicts the measurement hardware used
and the measured quantity. This thesis focuses on battery voltage, current, and
temperature (room and pack housing), although PV generation, electrical house-
hold consumption, and grid exchange were also recorded. The first generation of
measurement systems had a Gantner A127 measurement device with a Gantner
Q.pac logger. In contrast, the second one used an Electrex Femto / Atto D4 and
a Gantner Q.reader logger to enable online resets and configuration. The meas-
urement sensors were installed between the DC side of the converter and the
system-level battery. Thus, the provision of power to the BMS inside the storage
system is included in the measurements.

Table 4-2: Aggregated overview of the measurement systems.

Measured Hardware version 1 Hardware version 2
quantity (+ accuracy) (+ accuracy)
Voltage Gantner A127 (0.05 %) '(5()'62"5‘?/3 Femto / Atto D4
Measured Current Gantner A127 (0.05 %) Electrex Femto / Atto D4
quantity + Shunt (0.5 %) (0.25 %) + Shunt (0.5 %)
Temperature PT 100 PT 100
(battery pack +(0,30 °C + 0,005 - T) | (0,30 °C + 0,005 - T)
housing and room)
Gantner Q.pac/
Logger Gantner Q.pac Gantner Q.reader
ID 14, 18, 21 1-13,15-17,19-20

Measurement period. The measurement systems were installed in 2015 and
2016 in the first project, and in 2019 in the second one (see Figure 4-1, left).
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Figure 4-1: Left: Data availability overview. Note that measurement systems were installed in 2015,
2016, and 2019. Some measurement systems were decommissioned in 2020 (ID 18, new house
owner) and 2021 (ID 14 and ID 21, flood catastrophe in Germany). Right: Occurrences of data gap
lengths for all systems (except for system ID 7, which has nearly the same number of 1 s gaps on its
own as all the others combined).
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Three measurement systems had to be decommissioned. In 2020, a homeowner
changed (ID 18), and the measurements were not continued. In 2021, two hous-
es were affected by the flood catastrophe in western Germany, leading to defec-
tive HSSs (ID 14 and ID 21).

Data availability. In general, the database is well suited for any field diagnostics
as the measurement systems have both a high accuracy [186] and a high sam-
ple rate of one second. The biggest data quality problem in the measurement of
decentralized households is the failure of data transmission due to technical
problems of the measurement system or the internet connection of the house-
holds. It was quite challenging to detect and correct the errors, given that ap-
pointments had to be scheduled with private persons, and the work related to the
measurements was not funded over several years. Therefore, gaps occurred in
the data.

Data cleaning. The cleaning of the data consists of the following steps:

1. Filters: Sometimes, the measurement system records invalid values
outside the regular operational limits, such as a battery voltage of 0 V.
These values are filtered. The filters are set according to the datasheet
specifications and a manual observation of the measured values. For
instance, the HSSs occasionally provide higher power than the speci-
fied nominal power, or such, which was validated through exchange
with the manufacturers. The filtered outliers are changed to “not a num-
ber” (NaN).

2. Measurement gaps: The measurement systems do not always record a
measured value every second exactly. A linear interpolation was used
for gaps of up to 5 min, as over 50 % of measurement gaps are below
5 min, and nearly 45 % even below 1 min (see Figure 4-1, right).

From system to cell data. The HSSs show different voltage levels and capaci-
ties. The cells range from about 2.5 Ah round cells to over 60 Ah pouch bag
cells, leading to various series and parallel connections. To make the analyses
comparable, the system-level data is scaled to cell-level quantities using the
obtained connection schemes of the battery packs. This way, only the average
cell voltage and current can be calculated. If the BMS balances all cell voltages
well, the mean value corresponds to single-cell data. If the balancing does not
work reliably (see Chapter 2.2.4), values like the capacity can be overestimated
as the weakest cell (and not the average cell) in a series connection limits the
capacity of the whole string. This is also a problem if the cells age differently,
which can be assumed according to Chapter 2.2.4.

Open data. The HSS dataset [185] is published with the journal article [184] to
make it available for further research. It provides scientists worldwide with a
database for versatile analyses of lithium-ion batteries and HSS operation.
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4.1.2 Dataset representativeness

Overview. The measurements started in 2015, and at that time, some systems
had already been in operation for about one year. In particular, the analyzed
HSSs with measurement starting in 2015 can, therefore, be seen as first-
generation systems. Even the HSSs with measurement start in 2019 are already
outdated products. By 2022, the market has evolved significantly (see Chap-
ter 3), and none of the products are still available on the market in the measured
form. To mitigate these developments to a certain extent, technologically diverse
storage systems have been selected for the measurement. In the following,
some core parameters are discussed to show which system features are still
relevant today and which have changed.

Table 4-3: Comparison of this dataset and the German HSS market.

German market This dataset

2015 2022 Small.vo Mediumnmc Mediumcrp
Energy
in kWh 6.7 8.8 22 9.3 9.3
(mean)
Power
in KW (mean) 4.0 5.3 2 3.1 3.3
E-rate 0.60 0.60 0.91 0.33 0.35
in 1/h (mean)
Topology AC: 60 AC: 25
in % [141] DC: 40 DC: 75 pe AC&DC AC
Battery LFP: 35 LFP: 68
chemistry NMC: 53 NMC: 12 LMb?éEgAC NMC LFP
in % [141] NCA: 12 NCA: 20
Voltage level
inV Mostly ~50 | ~ 50 - 500 ~ 150 ~ 50 ~50
(nominal) [15]

Energy and power. Over the last few years, energy and power ratings have
been growing in the home storage market (see Chapter 3.3.1). According to
Table 4-3, the average battery energy has increased from 6.7 kWh (2015) to
8.8 kWh (2022). The average inverter power has grown from 4.0 kW to 5.3 kW.
The dataset thus continues to cover a representative range of today's systems
with the Mediumnme and Mediumire HSS. Today's average E-rates correspond
to about 0.6 E, which is higher than the average E-rates of the Mediumnmwc and
Mediumire datasets. Nevertheless, there are now also storage systems that offer
around 1 E and are thus in the E-rate range of the Small.mo systems. These
smaller HSSs are no longer common today. Nevertheless, they are operated
primarily with smaller PV systems and in households with lower energy con-
sumption. Although the operation is not the same (more EFCs, higher DODs),
they still show comparable operational behavior, as shown in Chapter 4.2.
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Topology. Analogous to the dataset, both AC- and DC-coupled storage systems
exist on the market. While in 2015, more AC-coupled storage systems were sold
(around 60 %), DC-coupled storage systems led the market in 2022 (around
75 %) [141].

Battery chemistry. In 2015, more than 50 % of the HSSs had an NMC battery
[141]. In the meantime, LFP has become the leading battery chemistry with two-
thirds of new installations [141]. In addition, the share of NCA batteries grew from
12 % to 20 % [141]. The battery chemistries of the dataset cover the LFP and
NMC share well with 8 LFP, 7 NMC, and 6 LMO/NMC blend batteries. NCA
batteries are not covered, although two NMC system batteries are sometimes
classified as NCA (see Chapter 4.1.1). Nevertheless, the OCV curve shows
similarities to the NMC and LMO batteries (see Chapter 2.2.3), which is why the
developed methods should be transferrable.

Voltage levels. The measured Mediumnwc and Mediumcre are all low-voltage
systems with nominal voltages around 50 V. At around 150 V, the SmallLmo sys-
tems are more in the high-voltage range. Although low-voltage systems still exist
today, there is a trend toward high-voltage systems. These reach nominal volt-
ages of 200 V to about 500 V [15]. To achieve these voltages, more cells are
connected in series and fewer in parallel in comparison to low-voltage HSSs with
the same battery energy. The evaluations in Chapter 7 suggest that this im-
proves the diagnostic capability since fewer parallel voltages overlap. Neverthe-
less, a series connection could lead to a faster capacity fade of the system. The
reason for this is that cells age differently (see Chapter 2.2.4.3), and the cell with
the lowest capacity determines the total capacity of a serial string.

Conclusion. Although the measured HSSs are no longer on the market, the
systems continue to provide a representative dataset, and the methods devel-
oped are applicable to today's systems. While the Mediumnvc and Mediumcep
batteries cover today’s energy ratings and technology choices (except for NCA
batteries), the Smallumo systems cover typical E-rates, and their analysis can
possibly be transferred to high-voltage systems to a certain extent.

4.2 Field operation of home storage systems

This chapter gives a condensed overview of the operational behavior of HSSs.
Thus, it provides knowledge to interpret and understand the results of the meth-
ods developed in this thesis.

4.2.1 General operation

Regulatory background. Technical requirements influenced PV operation to
ensure grid stability by limiting the feed-in power. The Renewable Energy
Sources Act (EEG) imposed a fixed limitation on the feed-in of PV systems,
amounting to 70 % of their nominal power [169]. This could be realized through a
fixed limit within the PV inverter or a grid operator's remote feed-in control.
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The government removed this limit for new PV systems up to 25 kW installed
after 14.09.2022 and for existing PV systems up to 7 kW since 01.01.2023 with
the EEG novel from 2023 [187]. PV systems between 7 kW and 25 kW can also
remove the feed-in limit if they have smart meters. All measurements were con-
ducted while the 70 % feed-in limit was valid.

Operational strategies. However, the HSSs were installed within a subsidy
program implemented by the Federal Ministry for Economic Affairs and Climate
Action (BMWK) in collaboration with the subsidy bank “Kreditanstalt fur Wieder-
aufbau” (KfW). This subsidy program set more stringent regulations for PV sys-
tems operated with a subsidized HSS to incentivize grid-relieving operation.
Depending on the installation period, the PV systems installed between 2013
and 2015 are subject to a maximum feed-in of 60 % of their nominal power, while
those installed since 2016 are restricted to 50 %. Consequently, diverse operat-
ing strategies have been developed for HSSs to comply with these limitations
and optimize self-consumption patterns and battery longevity [188]. Figure 4-2
depicts a typical day for two common strategies: excess-charging and forecast-
based operation.
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Figure 4-2: Exemplary power flows for different operational strategies for the same day and region.
Positive HSS power represents charging. Positive grid power represents feed-in. Left: Excess-charging
HSS that charges in the morning and is full at noon. The PV power must be curtailed to fulfill the 60 %
feed-in limit, leading to losses. Right: Forecast-based HSS that charges during noon to limit the feed-in
power. No PV curtailment losses occur. Both PV systems have a nominal power of 10 kW.

Excess-charging strategy. The excess-charging strategy initiates battery
charging (positive power) when the solar power generation surpasses the
household's electricity consumption. While this approach is relatively simple to
implement, it may result in the battery reaching full capacity early in the day.
Thus, PV production must be curtailed during noon to fulfill the feed-in limit, lead-
ing to energy losses. Furthermore, the battery remains at high SOCs for extend-
ed periods due to the early charging, accelerating its aging process [78].
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Forecast-based strategy. The forecast-based strategy employs location-
specific generation and load forecasts to minimize losses due to feed-in limita-
tions. Utilizing forecast data, the battery's charging is postponed to times of peak
PV production during midday, effectively avoiding curtailment losses. The PV
power is fed into the grid during morning and evening hours if a PV surplus exists
[189]. While this strategy requires a more complex energy management system
(EMS), it reduces both PV curtailment losses and the time the battery remains at
high SOC, consequently enhancing its overall lifespan. However, if the forecasts
are inaccurate, this approach might prevent the battery from reaching its full
charge potential, resulting in less stored energy than utilizing all excess PV pow-
er. In addition, a detailed analysis of the impact of HSSs on the grid is presented
in [190], which uses the same dataset as this thesis.

422 Key metrics

This chapter provides key operational metrics of the HSSs, such as the opera-
tional parameter distributions of voltage, C-rate, and temperature. In addition, it
depicts cycle characteristics such as the number of EFCs and occurring DODs.

4.2.2.1 Operational parameter distributions

Figure 4-3 depicts the distributions of voltage, current, battery pack housing
temperature, and room temperature aggregated for all similar systems.

Voltage. The HSSs are either fully charged or fully discharged most of the time.
While this can be seen by the wider parts of the violin plots at the top and the
bottom of the voltage distribution of the SmallLmo and Mediumnmc systems, the
Mediumirp systems do not show this pattern due to their flat OCV curve (see
Figure 2-2). Depending on the system design and the battery chemistry, there
are differences in the voltage range. While LMO and NMC batteries show a simi-
lar range, the LFP voltage distribution is narrower due to the flat OCV curve. This
can be attributed to the chemistry. The Smallumo systems have a clear EOC
voltage of around 4.15V. Their EOD voltage shows two peaks, as the BMS
decreases it over the lifetime to compensate for aging (see Chapter 4.2.4). The
distribution of the Mediumnmc systems does not follow one of the LMO batteries,
as the lower and the upper parts show three peaks each, representing the differ-
ent EOD and EOC voltages of specific systems. The different EOC voltages are
4V, 4.1V, and 4.15 V, which are probably based on different BMS settings and
not limited by the chemistry itself. Two of the EOD peaks occur, most likely, due
to the use of different NMC cells. One system probably uses an NMC 111 cell
that begins to decline at around 3.6 V EOD voltage. Another system uses a
higher nickel share within the NMC, which declines around 3.4 V EOD voltage. A
third system type most likely uses a similar NMC cell with higher nickel share, but
applies an EOD voltage of around 3.6 V, showing a large aging reserve. The LFP
distribution matches the OCV curve quite well, with most values around 3.3 V
and some higher and lower voltage occurrences at SOC edges. It does not show
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the characteristic EOD and EOD peaks, as the currents are often still relatively
high toward the EOD and EOC voltages. This leads to a comparably strong
overvoltage and, consequently, to voltage relaxations toward medium voltages.
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Figure 4-3: Operational data of SmallLmo, Mediumnmc, and Mediumiep systems scaled down from system
to cell level. Left: Voltage distribution. The width of the violin shows the cumulative time at a specific
voltage level. The Mediumnmc systems show system-specific EOD voltages due to different electro-
chemical voltage limits of NMC compositions and BMS settings. LFP cells have a lower voltage. Right:
Current distribution. The width of the violin shows the cumulative charge throughput at a specific C-rate.
The maximum C-rates depend solely on the energy-to-power ratio of battery energy and inverter power
and are not influenced by the chemistry for the shown ranges.

It is important to note that the parameter distributions of identical systems vary
between households as the HSS operation is highly dependent on the PV gen-
eration and the electrical house consumption. If the system design of PV, house
consumption, and battery energy is not ideally designed, the systems rarely get
discharged during summer or rarely charged during winter.

C-rate. The C-rate distributions indicate that systems are charged at higher
C-rates (positive values) than discharged (negative values). Charging often oc-
curs at higher C-rates due to the relatively high PV power compared to the bat-
tery inverter. In contrast, discharge occurs largely during the night, in which
household standby consumption is also met with a few hundred watts, resulting
in low discharge rates. However, for more power-intense activities such as cook-
ing or EV charging, the household load can exceed the inverter power, leading to
a discharge at full power. The maximum C-rate of an HSS is limited by the mini-
mum of the battery cell’s nominal C-rate or by the system design. For the ana-
lyzed HSSs, the system design of the EPR of battery energy and inverter power
is the limiting factor, as the battery cells could provide larger currents. The EPR
sets the maximum E-rate in approximately the same order as the maximum
C-rate (see Chapter 2.2.2). While the Mediumnmc and Mediumcer have EPRs
above 2 h, resulting in C-rates of up to 0.5 C, the Small.vo systems have an EPR
of 1.1 h and a maximum C-rate of approximately 0.85 C. As shown earlier, the
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HSS classification into the three groups, Smallivo, Mediumnme, and Mediumcep,
is based on the measured HSS sample. Being a “small” system is not a general
feature of the LMO chemistry. At the beginning of the measurements, there was
simply one manufacturer who offered these small battery systems and used LMO
batteries by chance. The difference in the operational behavior between Simo
and Mnwc is therefore not correlated with the chemistry but depends solely on
the system design.
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Figure 4-4: Distribution of battery housing temperature (left) and room temperature (right) of SmallLmo,
Mediumnme, and Mediumcrp systems. All systems except for one Smalllvo HSS are installed in the
basement, showing little temperature variation. The battery temperature is not the cell but the pack
housing temperature.

Temperature. If possible, the battery temperature sensors are attached to the
outside of the battery pack or in the HSS housing. Thus, it does not reflect the
real battery temperature but indicates it. The distribution is dependent both on
HSS operation and room temperature. The values of the battery temperature
range mostly from 15 °C to 35 °C while the majority of recorded room tempera-
ture values are between 10 °C and 30 °C. The operational temperature is rela-
tively high, as most HSSs are installed in the houses’ basements. One SmallLmo
system is installed in a garage, showing low temperatures below 10 °C in rare
cases. Comparing battery temperature and room temperature, the Mediumnmc
systems show the strongest increase caused by the operation. The primary rea-
son for this is assumed to be the temperature sensor placement, which could be
attached well to the metal housing of a module or even in between two modules
for the Mediumnmc systems. This was not possible for the SmallLmo systems in
the same way. Thus, the heat transfer of the cells to the housing area of sensor
placement is expected to be lower, although the Small.mo cells experience the
highest C-rates. There could also be other overlaid effects like heat generation
from the power electronics or such. Thus, the measured battery temperatures
should be used with care and cannot be directly compared between systems.
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Nevertheless, the temperature measurement enables a more detailed analysis,
as shown in the case of the internal resistance in Chapter 6.

4.2.2.2  Equivalent full cycles

Cycle number. Depending on the system design and the ratio of PV power to
house consumption, HSSs reach 150 EFC to 300 EFC per year (see Figure 4-5).
For the calculation of the cycles, the rainflow algorithm described in literature
was applied [191-194]. The Small.mo HSSs run the most cycles per year as the
PV generation is often large enough to fully charge them, and the overnight
household electricity consumption is large enough to fully discharge them. The
measurement gaps would lower the EFCs as no data is recorded (see Figure
4-1). To account for this, the monthly mean EFCs are linearly scaled in case data
gaps occur within a specific month.
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Figure 4-5: Distribution of the equivalent full cycles (left) and DODs (right) of Small.mo, Mediumnmc, and
Mediumcer systems. The DOD distribution has a bin width of 5 pp and is depicted at the mid-point DOD,
so DODs close to 0 % and 100 % are not shown, although they occur.

Cycle depth. Most cycles obtained via the rainflow method are relatively small,
with DODs below 20 %. This corresponds primarily to operations in which there
is only a small solar surplus in winter, and the storage system is discharged
again. In addition, several partial cycles may occur even on sunny days when, for
example, the storage system supplies the household during a temporarily cloudy
sky and is possibly subsequently recharged. In addition to the small DODs, there
are increased values at the upper end of the distribution, with DODs near 100 %.
This kind of cycle corresponds to a full cycle. Such might occur on two consecu-
tive sunny days with a high house consumption during the night in between.
While sunny days can lead to a full charge, high night consumption can lead to a
full discharge, completing the full cycle. The Small.mo HSSs show a more fre-
quent occurrence of full cycles, as they are both quickly charged and discharged
due to the low battery energy. In contrast, the medium-sized systems show
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slightly more half cycles. This is because there is less time during the year when
PV generation is sufficient for a full charge or household consumption at night is
not high enough to fully discharge a relatively larger battery by sunrise.

423 Seasonal effects

HSS operation relies on PV irradiance and shows clear seasonality in Germany.
Figure 4-6 shows the current, voltage, and temperature distributions of an exem-
plary Smallumo system over a whole year.
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Figure 4-6: Seasonal analysis of one exemplary excess-charging SmallLmo system. Top: Voltage
distribution. Middle: Current distribution. Bottom: temperature distribution.

52



4 DATASET AND FIELD OPERATION

Monthly distributions. About 70 % of PV generation in Germany occurs in the
summer, and the low generation rates in winter allow almost no storage opera-
tion. During spring and fall, the HSSs reach the EOC and EOD voltage regularly
and are thus regularly fully charged and discharged. The regular full charge
occurs because installed PV power is often much larger than the battery inverter
power. Even after subtracting the household load, plenty of PV power is available
for battery charging, leading to higher charging currents. Discharging usually
occurs as the sun sets and predominantly occurs at low currents. Depending on
household consumption and weather conditions, the HSSs also reach a dis-
charged state every one or two days. During summer, the HSSs are fully
charged for many hours of the day. While smaller systems reach EOD voltages
regularly, larger systems reach only medium SOC values in some cases before
sunrise. In the winter, HSSs are predominantly discharged, and only very sunny
days or a planned maintenance charge from the grid lead to higher SOCs. Thus,
larger systems than the one shown in Figure 4-6 can lack the regular reach of
EOC voltage.

Daily operation. To analyze the seasonal operational behavior in more detail,
Figure 4-7 shows the daily average of the same system's C-rate, voltage, and
battery temperature. While positive currents correspond to charging, negative
currents represent the discharge of the storage systems. The values shown
correspond in each case to the arithmetic mean of all recorded measured data of
a month within the respective hour of the day. Each value is assigned a color
code based on the adjacent color scale.

C-rate. The excess-charging storage system is charged at the onset of the first
PV surplus in the summer months, starting around 7 h to 8 h at average C-rates
around 0.1 C to 0.3 C. Around 11 h to 12 h, the storage system is typically fully
charged, and the house consumption can be covered directly by the PV system
on average until around 18 h to 19 h. Therefore, the storage system barely
shows operation between 12 h and 19 h during summer. Afterward, it discharges
on average with C-rates around 0.1 C until the early morning hours.

Voltage. The voltage course shows clear seasonality following the charge and
discharge behavior. As this excess-charging HSS starts charging with the first
PV surplus, a fully charged state above 4 V is reached early in the day between
11 h and 13 h during summer, spring, and fall. The voltage decreases with the
discharge. While the HSS gets fully discharged most of the time during winter,
higher mean voltages in the early morning indicate that there are also nights
during summer when the HSS remains at medium SOCs.

Temperature. The battery temperature follows the seasonal patterns of the
outside temperature in Germany. However, the mean temperatures are quite
high, up to 30 °C during the summer, when a warm room temperature combined
with high charging power increases the temperature.
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Figure 4-7: Seasonal arithmetic means of an exemplary Small.vo system over one year. Top: C-rate.
Middle: voltage. Bottom: temperature.

In contrast to the discussed operational pattern, the charge of a forecast-based
HSS is delayed until noon. It reaches comparably high battery voltages later at
about 14 h to 16 h due to charging at midday. Since there are no fundamental
differences in the discharge of the two types of storage systems, the later charg-
ing of the forecast-based storage leads to an overall reduction in idle times at
high voltages. For lithium-ion batteries, this has a positive effect on the calendar
aging of the cells [48-51]. It can, therefore, be expected that prognosis-based
operating strategies will tend to achieve longer lifetimes. This is consistent with
simulative studies of HSS aging [52, 53].
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4.2.4  System characteristics

System analysis in the field has several challenges compared to laboratory
measurements, as both the environmental conditions and the internal control
strategies of the HSSs cannot be influenced. Software updates lead to continu-
ously changing system behavior, which must be considered while analyzing the
data. Figure 4-8 exemplarily presents two important characteristics relevant to
the developed methods in Chapter 5 to Chapter 7.
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Figure 4-8: Left: Adjustment of the derating behavior of a Mediumnmc system over time. Right: Adjust-

ment of EOD voltage to compensate for capacity fade and control the usable capacity of an exemplary
Smallvo. These software updates can be done online.

Note that each system shows its operational characteristics. As the thesis does
not focus on operational strategies in detail, not all of these are discussed here.

Adjustment of control strategies. The storage systems can usually receive
new software via online updates. Control strategies can change with these up-
dates, influencing the values of the capacity tests or other evaluations. Figure 4-8
(left) shows such a control logic change of the power during a high-power dis-
charge. While the system had a continuous power derating in 2019, two years
later, it abruptly set the power to zero in 2022. Such a change in control logic
makes it impossible to compare the discharged capacity directly.

Adjustment of EOD or EOC voltage. To counteract capacity fade, some manu-
facturers decide to implement a capacity reserve. This reserve can be unlocked if
the operating voltage window is widened by adjusting the EOD or EOC voltage.
Figure 4-8 (right) shows the voltage window of a SmallLmo system that continu-
ously decreases the EOD voltage. In addition to the general extensions of the
voltage window, some systems experience temporary or seasonal changes in
the limits that are either set to influence aging or optimize key performance
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indicators like self-consumption or self-sufficiency. Therefore, without deeper
analyses like those in Chapter 7, it is difficult to make statements about the actu-
al battery aging, as customers or operators can only see the resulting usable
capacity and energy (see Chapter 5).

The effects of widening the voltage range on the capacity and energy of an HSS
are highlighted in Figure 4-9. This example shows the decrease in the EOD
voltage, as discussed above. The Figure shows the discharging curve of both a
new and an aged battery cell.
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Figure 4-9: Schematic explanation of the EOD voltage adjustment to compensate for capacity fade.

While the discharged capacity is depicted on the x-axis, the energy corresponds
to the integral of the discharge curve. When the battery ages, the discharge
curve shifts to the left side as the capacity decreases. Furthermore, the dis-
charge curve is shifted to lower voltage values as the internal resistance rises,
leading to higher overvoltage. Consequently, the energy is reduced by the ca-
pacity fade and the increase of internal resistance. The widening of the voltage
range (in this case, the decrease of the EOD voltage) can counteract the occur-
ring degradation of the battery. However, the effect is limited if the voltage is
already declining steeply.

4.3 Conclusion

Chapter 4 presents the field measurements and relevant operational patterns of
HSSs as background knowledge central to the methods developed in Chapters 5
through 7.

Dataset. The analyses of this thesis are based on the measurements of
21 HSSs over a period of up to eight years. The HSSs are operated in private
households and thus represent real-world operational behavior.
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Measured quantities. The measured quantities are the battery voltage, current,
power, housing temperature, and room temperature. All quantities are measured
with a sample rate of one second and a high accuracy. From a scientific point of
view, the dataset is valuable for lithium-ion HSSs to date (year 2024). It corre-
sponds to about 106 system years, 146 gigabytes, and 14 billion data points, as
presented in [184,185].

Nomenclature. The dataset comprises many different HSS products. The main
differences are the system design in terms of energy and power ratings, and the
battery chemistry used. To account for both, the nomenclature is a combination
of system size and chemistry. The smallest HSSs have a battery energy of
around 2 kWh and use an NMC/LMO blend battery. These systems are referred
to as “SmallLmo” HSSs. There are different systems in the range of around
9 kWh, which is about the average system energy in Germany today. These
systems are divided into HSSs with different NMC and different LFP batteries,
referred to as “Mediumnmc” and “Mediumcrr” HSSs, respectively. Although the
HSSs are from the first product generation, many relevant parameters of today’s
products are still covered by the dataset.

Operation. It is important to understand that HSSs regularly reach their EOC
and EOD voltage, symbolizing that they are fully charged and discharged. They
frequently show complete full cycles from spring to fall. Furthermore, the systems
show changing control behavior due to software updates. This can lead, for ex-
ample, to a different derating behavior or adjusted voltage ranges set by the
BMS. These changes make it more complex to compare operational data of the
same system over time. SOC and SOH algorithms need to consider all changes.
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5 Capacity and energy estimation

This chapter depicts the development of innovative methods to estimate the
usable battery capacity and energy based on operational data. The methods
enable demand-oriented maintenance and can identify warranty claims. The
chapter is based on and contains identical parts of [184] and its supplementary
information under the lead of the author. In addition, parts of it are based on [8]
under the lead of the author.

5.1 Overview

Introduction. Customers pay approximately 10,000 € for an average HSS
[4,90,95]. To make this investment more appealing, manufacturers usually give a
warranty period of ten years on the usable battery capacity or energy. However,
it is questionable whether the HSS manufacturers can keep their promises for
the majority of the HSSs, as only a few systems have been in operation that long
(see Chapter 3). Being able to correctly track the usable capacity and energy of
an HSS is, therefore, essential for maintenance and warranty management.
Precise estimates of a system’s SOH enable efficient use of resources and con-
tribute to sustainable usage in a circular economy. However, manually conducted
capacity tests are expensive and lead to system downtimes. Therefore, it is im-
portant to develop validated data-driven methods to extract information on the
usable capacity and energy from existing operational data.

SOC estimation. Capacity analysis generally includes SOC estimation. The
SOC gives information about the remaining usable capacity of the battery during
a full charge-discharge cycle (see Chapter 2.2.2). This is important for further
investigations of the battery’s SOH [86]. Online methods can estimate the SOC
during operation, while offline methods include tests and complex computations
[86]. Commonly used online SOC estimation methods are ampere-hour counting,
model-based, and data-driven methods [86]. Ampere-hour counting uses an
initial SOC to estimate subsequent values by battery current integration [195].
Model-based methods use a battery model and voltage and current measure-
ments to form a closed-loop SOC estimation [196]. Machine learning methods
use large amounts of data to train neural networks and complex algorithms,
which can estimate the SOC by processing input features like current, voltage,
and temperature [86,197]. This comes with the advantage of not needing a de-
tailed battery model [197]. Conversely, machine learning methods require large
amounts of data, and their training can be time-consuming [86]. If the OCV is
estimated with high accuracy or if the battery voltage is relaxed, the OCV can be
mapped to an SOC curve [198]. The relationship between SOC and voltage
changes over time and needs to be updated (see Chapter 7).

Types of aging analysis. The main effects of battery aging are capacity de-
crease and internal resistance increase [199]. Researchers worldwide work on
identifying the electrochemical mechanisms inside the battery cells to investigate
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the causes of their aging. The methods used are either non-invasive by laborato-
ry measurements and field data diagnostics [200] or invasive by post-mortem
analyses. In these, cells are opened to allow in-depth investigation of the indivi-
dual battery components [201].

Laboratory tests. Laboratory measurements are usually based on monitoring
individual cells in a controlled environment, which are purposely aged by either
cycling [80,199,202—-209] or storing them [199,203,210,211] under specific condi-
tions. The aging within these tests is tracked via regular capacity measurements,
and results vary depending on the investigated chemistry and testing conditions
[212]. Laboratory capacity tests typically consist of both a charge and a dis-
charge phase. The charge phase often consists of a constant current phase,
followed by a constant voltage phase. The discharge phase follows, during which
the capacity is determined [78,80,199,202,211,213]. Current and voltage specifi-
cations are specific for each cell and can be extracted from the respective battery
cell datasheet. Researchers sometimes apply lower C-rates [203,205,208] or
higher C-rates [206,209]. However, these tests are time-consuming, as shown by
an exemplary study lasting 8,000 EFC and around 800 days [214]. Further, real-
world operation is always subject to unpredictable changes [215], which is why
simulations of field operation are applied in the laboratory [47,216,217]. Besides
the capacity measurements, the internal resistance is tracked. Chapter 6.1 pro-
vides more information on internal resistance.

Field tests. Field capacity tests available in literature vary in the deployed bat-
tery technology and application, such as grid storage [218-220], PV integration
[215,221,222], telecommunication [223], and EVs [224,225]. While most of these
use on-site capacity tests to monitor battery aging [215,218-221,223], others
remove the battery for laboratory measurements [222,224]. Unfortunately, such
capacity tests always require a certain system downtime, leading to increasing
work time and decreasing revenue. Appendix, Table 9-4, presents a literature
overview of field capacity tests.

Operational data analysis. Operational data analysis is a promising way to
overcome the shortcomings of manually conducted capacity tests [225-233]. The
capacity-based SOH estimation is widely used to track the decreasing capacity
[234]. Ampere-hour counting is an established approach for this but comes with
several challenges, like the required knowledge of an initial SOC and its sensitivi-
ty to error accumulation [235]. Therefore, different methods have been devel-
oped to estimate the SOH, which can be categorized into model-based and data-
driven approaches [236]. Model-based methods [86] use either equivalent circuit
models [235,237—-240] or electrochemical models describing the internal electro-
chemical processes of the battery [241-244]. Model-based SOH estimators are
mainly limited by their high computational costs, and their accuracy highly de-
pends on the parameterization [234]. Machine learning methods do not model
the internal working principles of the battery [85]. Instead, they map aging-related
input features of the battery to its SOH [85,86], using algorithms like Gaussian
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process regression [245,246], support vector machines [247,248], and different
types of neural network approaches [234,249-251].

Datasets. Many studies face the problem of insufficient publicly available field
measurement datasets [252]. If such large datasets exist in rare cases, there are
usually no reference measurements to validate the algorithms. Several battery
datasets are accessible to the public, originating from laboratory measurements
or synthetic cell simulations (see Appendix, Table 9-5). Constant cycling data for
varying battery chemistries and conditions can be found in [206-209,253-257].
Specific discharging conditions are used in [258-262], where driving cycles are
used to simulate the usage of the tested batteries in EV applications, while [263]
uses randomized discharge profiles. Synthetic datasets simulating many degra-
dation paths and corresponding battery data can be found in [264,265]. Real-
world operational datasets of electric vehicles with lithium-ion batteries can be
found in [262] and [266], as presented in [267] and [268]. A detailed overview of
public datasets is given in [252].

This thesis. To the best of the author's knowledge, no comparable public da-
taset for various lithium-ion batteries of HSSs has been used to date (year 2024)
for scientific capacity estimation.

5.2 Methodology

This chapter presents two methods for SOH estimation (see Figure 5-1).

Input
Il Pre methods

Core methods

Relaxation Validation

SOC phase
estimation detection and
battery model

Figure 5-1: Structure of Chapter 5. Two kinds of SOH definitions are estimated by using detecting
relaxation phases, parametrizing a battery model, and estimating the SOC. The results are validated
by field capacity tests.
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The first method is based on identifying full cycles. It uses an exact SOC estima-
tion via detecting EOC and EOD relaxation phases and the parametrization of a
battery model. The second method uses the same battery model, and the initial
OCV curve of the batteries for SOH estimation. Both methods are validated
through field capacity tests performed in parallel, providing reliable reference
values. Due to the relatively low computational cost, these methods can also be
applied to many HSSs.

5.2.1 Field capacity tests and warranty

The field tests were developed to track the battery aging and to investigate if the
warranty periods were reached.

Background. The subsidy program by the Federal Ministry of Economic Affairs
and Climate Action for HSSs introduced an obligatory seven-year warranty in its
first period (2013-2015) and extended it to ten years in its second period (2016-
2018) [91]. In this regard, document [269] specifies that a battery is considered
defective if its capacity falls below 80 % of the nominal capacity. However, HSSs
were a brand-new product in 2013. Therefore, neither standardized test routines
nor a commonly agreed definition of the nominal capacity existed. Further, the
datasheets predominantly state different energy quantities as the two values
were not clearly separated. To change the lack of standards, a committee led by
the two major storage associations in Germany (BVES and BSW) worked on
transparent definitions and test routines, resulting in the Efficiency Guide [43].
The author was involved in the development of these test routines.

Capacity definition. Generally, two capacity types can be distinguished: the
nominal and the usable battery capacity. The nominal battery capacity is speci-
fied by the module vendor in the module datasheet and is considered a warranty
to the module purchaser. This information is neither available nor relevant for the
end customer and cannot be measured during the operation of the storage sys-
tem. The usable battery capacity remains after deducting safety margins and
aging reserves from the installed battery. Thus, the storage system manufactu-
rers decide which range of the installed battery capacity they release as usable
for the everyday operation of the HSS.

Aging reserve. Aging reserves can be implemented in two ways (see Figure
5-2). The first option is that the datasheet information is stated as lower than the
usable capacity in operation. In this case, the aging reserve is included in the
usable capacity. The second option releases the capacity by continuously adjust-
ing EOC or EOD voltage (see Chapter 4.2.4).
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Figure 5-2: Schematic explanation of the usable capacity and aging reserve of a battery storage
system. Adapted from Beck, Dechent et al. [270], used under CC BY 4.0 [23]. Left: The usable capaci-
ty includes an aging reserve, and more capacity can be used than stated as 100 % in the datasheet
(most of the HSSs have this). Right: Continuous adjustment of the usable capacity according to
Figure 4-9. Difference: Degradation (left) is immediately visible, degradation (right) only after reserve
use. A warranty-related decline occurs when the datasheet value is reached in both cases.

The critical difference is the degradation visibility during operation. In the first
case, the degradation is immediately visible. In the second case, the degradation
becomes visible only when the reserve is fully used [270]. In both cases, degra-
dation becomes warranty relevant if the usable capacity reaches its EOL. For the
analyzed HSSs, most systems show the reserve-including option (left figure).
Others, especially the SmallLmo systems, combine both options (see Figure 4-9).

SOH normalization. It is important to distinguish between the nominal, the usa-
ble, and the value stated as “usable” on the datasheet (referred to as “warranty
capacity” to avoid misunderstanding). From a technical perspective, the stated
warranty capacity is not a suitable normalization quantity and should only be
used for warranty management as it is no technical quantity.

The exact initial usable capacity is unknown for most HSSs as it is often not
stated on the datasheets. Nevertheless, HSS manufacturers predominantly use
voltage limits near the specified voltage ranges of the module suppliers for the
HSS sample analyzed. The nominal values could be gathered from cell or mod-
ule labels for the HSSs. Thus, this thesis assumes that the initial usable capacity
is the nominal capacity as stated for the used module or cell and uses this value
for SOH normalization. Consequently, reaching the physical EOL definition of
80 % does not correspond to a warranty case.

An extreme example is one Mediumwre HSS: it has a nominal energy of
13.8 kWh and states 9 kWh as usable. However, the BMS of the HSS makes its
nominal energy directly usable without adjusting EOC or EOD voltages. Regard-
ing normalization, measured energy of 9 kWh would lead to a warranty-related
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SOHwarranty of 100 % if the datasheet information were used. However, the tech-
nical SOHue would be 9 kWh / 13.8 kWh = 65 %.

Test procedure. Reproducible test conditions are a basic prerequisite for mean-
ingful capacity measurements. According to the Efficiency Guide, the usable
battery capacity is recorded in a defined discharge test as a DC quantity at three
power levels. The arithmetic mean of the measurements is then given on the
datasheet of the storage system [43]. The usable battery energy is derived ac-
cordingly and widely used on the datasheets. Compared to the capacity, it in-
cludes the energetic losses occurring through the internal resistance of a battery.

However, the 21 HSSs investigated operate grid-connected in private house-
holds and could not be tested as specified in the Efficiency Guide [43]. The bat-
tery modules were not removed from the storage systems for several reasons:

e Potential malfunction of the EMS could occur if the batteries are re-
moved and reconnected.

e A potential loss of warranty due to the battery removal is to be avoided.

e A measurement in the laboratory is perceived as a disproportionate
burden for the operators since the HSS cannot be used during that time.

Therefore, a test procedure was developed to allow on-site measurement of the
batteries (see Figure 5-3).

»Usual* house load
(washing machine,
freezer, TV, etc.)
Switched off
PV system
[e]
Additional loads
(EV, heater, etc.)

Difference power to
cover all loads is drawn
from the grid

'
| 4
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SOC =100 %

Figure 5-3: Scheme of the conducted filed capacity tests. After the HSS is fully charged, the PV system
is switched off. The discharge is conducted under full load by applying consumers like an EV. The
discharged energy and capacity values are the test results.

The in-house PV system is used for charging the HSS. Suitable weather condi-
tions must be available for a capacity test to enable a reliable full charge. If the
HSS offers the option of a manual full charge from the grid, this option was used
as an alternative.
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The HSS is considered fully charged when the EMS terminates charging auto-
matically despite the continued presence of excess PV power and when the
display or web portal indicates an SOC of 100 %. To make the test reproducible,
the C-rate should be as constant as possible during discharge except for the
system-specific derating behavior toward the EOD voltage. However, house
consumption is always a superimposed element, even during the tests. There-
fore, the only discharge power that can be reliably reproduced is the maximum
discharge power of the HSS. For this purpose, an additional load, such as charg-
ing an electric car, is applied to permanently exceed the maximum discharge
power of the HSS. This load is applied until the system stops discharging auto-
matically and the display or web portal shows a state of charge of 0 %. Thus, the
C-rates differ from system to system (0.25 C to 1 C) but are always identical for
each single system. The capacity is determined by integrating the current, while
the energy is calculated by integrating the power determined by the product of
battery current and voltage. For reasons explained in Chapter 4.2.4, the obtained
quantities are the usable capacity and energy as the real system behavior is
measured.

Value of this dataset. The capacity tests performed have great value. In relation
to the research, they validate developed methods such as these within this the-
sis. Such validation is not straightforwardly possible in other studies. In addition,
the sheer amount of time required is worth emphasizing. The test preparation,
conduction, and follow-up take about two days on average. The 60 successfully
conducted capacity tests alone correspond to a working time of more than
120 days.

5.2.2 Battery model and relaxation phase detection

This chapter describes the parametrization of a battery model to analyze the
relaxation phases. The model parameters are needed for the capacity estimation
in this Chapter, the internal resistance estimation in Chapter 6, and the link of
resistance parameters to the SOH in Chapter 6.2.3.

5221 Relaxation phase detection

Various filters assess and identify relaxation phases to enable accurate parame-
ter extraction.

Current filter. The current filter serves the purpose of defining a threshold for the
current in each system under consideration. This threshold is crucial in distin-
guishing relaxation phases from other operational states. During a particular day,
voltage values associated with the system are provisionally classified as relaxa-
tion points if the corresponding absolute values of the current remain below the
defined C-rate threshold of around C/100 - C/10, depending on the HSS.
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Peak filter. The peak filter is designed to identify instances of single current
peaks occurring within relaxation phases. These peaks arise due to unknown
control strategies of the BMS. If the duration of such peaks is sufficiently long to
disrupt the voltage relaxation process (defined as 10 s), the corresponding relax-
ation candidates are excluded from further analysis.

Duration filter. Relaxation takes time, depending on the operation, up to some
hours. The duration filter ensures that the relaxation phases meet a system-
specific minimum duration requirement of a few minutes to achieve reliable fits
(see Appendix, Figure 9-11). This criterion is crucial for parameter extraction in
subsequent analyses. Relaxation phases failing to satisfy this minimum duration
condition are not considered for further investigation.

Charge throughput filter. The charge throughput filter determines whether the
relaxations occurred after a charge or discharge event. Furthermore, this filter
verifies that a system-specific minimum capacity throughput of around 20 % SOC
has occurred before the relaxation phase.

Conclusion. The systematic application of these filters enables a comprehen-
sive assessment of relaxation phases (see Figure 5-4). The identified relaxation
phases build the basis for accurate parameter extraction. The presented relaxa-
tion filters significantly impact the number of detections (see Appendix 9.3.1).
Particularly, the current threshold influences the count of detected relaxation
phases, where higher thresholds lead to more detections. Striking the right ba-
lance between the number of detections and the quality of identified relaxation
phases is challenging.
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Figure 5-4: Exemplary relaxation detection for one day. The relaxations are detected by applying
several filters, such as a current threshold and minimum duration.
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5.2.2.2  Model parametrization

Lithium-ion batteries exhibit specific patterns in their relaxation behavior as they
age. Researchers have translated these patterns into model parameters that
concisely summarize the voltage relaxation curve's characteristics.

Equivalent circuit models. Studies by Li et al. [271] and Goldammer and Kowal
[272] reveal various effects occurring at different time scales during battery oper-
ation. Jossen [273] suggests that time constants, resulting from charge transfer
effects and double layer capacitance, range from milliseconds to seconds, while
those arising from diffusion effects span seconds to minutes. However, precise
time range definitions are difficult due to the dependency of time constants on
battery chemistry, temperature, SOC, and SOH [273]. Researchers employ
equivalent circuit models (ECMs) of different orders to model these processes
effectively. A common choice is the second-order ECM, where the first RC ele-
ment represents charge transfer and double layer capacitance processes with a
fast time constant. In contrast, the second RC element models the diffusion pro-
cess with a slow time constant, as presented by Stroe et al. [45], Qian et al. [62],
and Pei et al. [63].

Time constants. Li et al. [271] use 4™ and 5" order RC-models to investigate
the time constants of an LFP cell relaxation behavior, observing time ranges of
one hour and 24 hours, respectively. They identified time constants for the 4t
order model as 1s, 19s, 110 s, and 1600 s. Goldammer and Kowal [272] em-
ployed the distribution of relaxation times to investigate polarization processes in
LIBs, confirming the magnitude of time constants estimated by [271].

Chosen ECM. Due to the sample rate of one second (See Chapter 4), certain
shorter physical processes like ohmic resistance, charge transfer, or double layer
capacitance cannot be accurately modeled, as they are not fully measured. De-
spite this limitation, the presented literature review indicates that numerous ef-
fects overlap, leading to a range of reported time scales. Therefore, a second-
order ECM with new parameter definitions is utilized, consisting of two RC ele-
ments, internal resistance, and voltage source (OCV) in series. However, the
parameters of the RC elements are now redefined to represent separate slow
and fast effects during relaxation, deviating from the single-effect representation
presented in previous literature. Figure 5-5 shows the resulting ECM.

The ohmic resistance, represented by R,,.,,, causes an immediate drop in volt-
age at the initiation of the relaxation phase. The time constants of the RC ele-
ments encompass two distinct processes — fast and slow. The first time constant
(Tfast = Rrast * Crase) Qoverns the rapid effects that predominate at the onset of
the relaxation phase, including charge transfer, double layer capacitance, and
diffusion effects. Conversely, the second time constant (750w = Rsiow * Csiow)
models the medium to slow diffusion effects observed during the relaxation.
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Figure 5-5: Second-order equivalent circuit model describing fast and slow relaxation effects. Inspired by
descriptions in [45,62,63,65].

Upon examining the equation derived from the second-order ECM, two additional
overvoltage parameters can be identified, referred to as Vsqs and Vg,,. These
parameters are obtained from the voltage equation corresponding to the second
RC element, as stated in Equation (5-1) based on [62].

Ipat = Irgy,, + lcgq,

vy
Cstow * ;;W

Vslaw
Ipar = +
“ Rslaw

with I (t>0)=0A (5-1)

stlow _ Vsiow

dt Rslaw Cslow

=t
Vsiow (8) = Vsiow (¢ = 0) - e7stow ,with Ts1oy = Rsiow * Cstow

The derivation of the first RC element is similar, leading to comprehensive Equa-
tion (5-2) of the second-order ECM.

—t ¢

Voat(®) = Vocy +1(07) - Ropm * 8() + Vyqst (t = 0) - €705t + Vo, - €Tstow
(5-2)

Trast = Rfast . Cfast and Tgow = Rgow * Csiow and Trast < Tslow
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The & symbolizes the dirac-delta-impulse and represents the instantaneous
voltage drop at the beginning of the relaxation phase caused by the ohmic re-
sistance. In the following, the parameter estimation and the fitting are explained.

Estimation of R,;,,. The ohmic resistance for the ECM is not calculated as the
sample rate of the measurement system is larger than the belonging voltage
response following a current change. The ohmic overvoltage equilibration hap-
pens instantaneously, and the measurements of one second contain overvoltage
effects of other resistant components, such as charge transfer resistance. There-
fore, Chapter 6 introduces a new parameter called direct current resistance.

Non-transient effects. Non-transient effects are observed when analyzing volt-
age data from long-time relaxation phases, typically lasting more than four hours.
These effects manifest as a linear decay in the voltage curve during the relaxa-
tion period. The primary factor contributing to this voltage decay is believed to be
the BMS supply of the HSS and other peripheral electronics. To account for
these non-transient effects, the system data is used in advance to create a com-
prehensive database based on various systems' available long-time relaxations.
This database corrects the voltage based on a k-nearest-neighbor model with
one neighbor (1-NN), as described in Appendix 9.3.1.

Estimation of V.. The estimation of the OCV is done at the end of a theoreti-
cal endless relaxation phase, wherein all electrochemical processes have
reached equilibrium. The faster time constant can be disregarded at this stage,
as its influence becomes negligible. Hence, the boundaries of the second time
constant, which accounts for the slow effects, are utilized in the identification
process, as defined by Equation (5-3).

_t+
= . o sl i
Vsiow () = Vitowogy pie * €120V fit + Vocy

(5-3)

with Tslowmin < Tslowom/ﬂ; < Tsluwmax

Estimation of remaining ECM parameters. The OCV fitting is used for compu-
ting the residual against the actual voltage curve. Another exponential function is
used to fit this residual (see Appendix, Figure 9-9) according to Equation (9-1).
The sign of the overvoltage Viast esiquat ie aligns with the OCV fit. The parameter

t* signifies the time after the equilibrium in ohmic overvoltage.

—tt

— . o Tfast. .
Vbat(t) - Vslow(t) = Vfastresidua,f,r e residual fit

(5-4)

with Trastmin s Tfast esiqual fit = Tfastmax
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The obtained time constants and overvoltages from the residual and OCV fits are
designated as the initial parameters for a final fitting of both RC elements. This
final fitting process computes the parameters of the second-order ECM with
increased stability. The estimated OCV is used to account for the offset voltage.
Equation (5-5) shows the final parameter identification.

—t =t
Vpar (8) = Vocy = Vfast et + Vg, + €Tslow
(6-5)

with Tfastmm < Tfast < Tfastmnx and Tslaw,m-n < Tslow < Tslow,,mx

Final fit. An exemplary final fit of the second-order ECM is shown in Figure 5-6.
The general voltage course and the relaxation phase is fitted well.
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Figure 5-6. Final fit of a relaxation phase after discharge based on the second-order ECM.

For some systems, the overlap of several diffusion processes in different battery
cells of the HSSs leads to small errors within the first minutes, as seen at the
beginning of the relaxation phase. However, these characteristics play no signifi-
cant role in further analyses. Appendix, Figure 9-10, evaluates the root mean
squared error (RMSE) and shows that the chosen second-order ECM has a
higher accuracy than a first-order ECM.
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5223 Relaxation phase filters

To determine the usable capacity by applying ampere-hour counting, relaxation
phases close to the EOC and EOD voltage are necessary. Several filters are
applied to get valid relaxation points for the capacity estimation algorithms. De-
pending on the technology, these filters must be set individually for each cell type
due to the material-specific voltage curves. Figure 5-7 shows the relaxation
phases and the chosen voltage limits based on conducted sensitivity analysis for
an exemplary Smallumo HSS, which is subject to a decrease in EOD voltage over
time as presented in Chapter 4.2.4 and a seasonal EOD voltage adjustment.
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Figure 5-7: Relaxation phases and applied filters over time. To identify full cycles, EOC and EOD relaxa-
tion phases are selected by applying several filters, such as voltage thresholds.

Upper and lower thresholds for the relaxation voltage are set for each system to
get relaxations near the EOC and EOD voltage, respectively. Some outliers
occur due to fitting, shown exemplarily by OCV estimates beyond 4.2 V. These
high values do not occur in the measurement data, as a BMS would not allow for
such high voltage values for safety reasons.

5.2.3  Usable capacity and energy SOH estimation

After identification of the relaxation phases, full cycles can be identified and used
to integrate the current and power while considering offset currents. This way,
the SOH values, namely SOHuc and SOHug, for the usable capacity (UC) and
the usable energy (UE) can be obtained.

5.2.31 Identifying full cycles

Figure 5-8 shows the storage operation of two exemplary days. During this peri-
od, the HSS shows a full cycle: It is empty at the beginning of day one, gets fully
charged until noon, stays at a high SOC during the day, and is fully discharged
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overnight. The next day, it gets fully charged again. Based on this storage opera-
tion, four integration possibilities exist to estimate the capacity:

1. Empty-to-empty (E2E) integration
2. Full-to-full (F2F) integration

3. Empty-to-full (E2F) integration

4. Full-to-empty (F2E) integration
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Figure 5-8: Methodology of the capacity estimation based on field measurements of an exemplary
Smalluvo HSS (15 Ah cell). Top: Voltage and relaxation points. To identify full cycles, EOC and EOD
relaxations can be combined. Full cycles are represented between E2E and F2F. A full charge is
represented by E2F, and a full discharge by F2E. Bottom: C-rate and capacity estimate. The current
can be integrated between the identified relaxation points to compute the capacity.

When integrating the full cycles in the form of E2E and F2F operations, it be-
comes apparent that the integrated current is not exactly equal to zero. There are
two reasons for this: firstly, the respective start and end points in the form of
EOC and EOD voltage are not identical, as these vary during operation. Second-
ly, the BMS and other peripheral electronic components are also partly supplied
by the HSS itself. Next to the BMS power supply, balancing different cell voltages
requires energy as well. Both effects ensure that a capacity difference remains
after a full cycle. The variation of EOC and EOD affects capacity and energy
estimation but does not produce a systematic error. The reason for this is that
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the variation in voltage averages out over multiple estimations. In contrast, the
offset current leads to a cumulative measurement error, especially for integration
periods of more than one day, and must therefore be adjusted for. The current
for side reactions mentioned in Equation (2-7) plays only a secondary role in the
current offset as the coulomb efficiency of lithium-ion batteries is close to 100 %
[274].

5232 Offset current correction

The reasonably constant energy supply of the battery to the BMS and regular
balancing activities lead to an error in capacity estimation (see Figure 5-8). The
reason for this is that the measurement system is attached to the DC poles of the
whole HSS’s battery. Thus, the internal energy supply of the BMS and balancing
activities are not measured directly. Nevertheless, a voltage decay can be ob-
served even when no current is measured.

A linear correlation between charge throughput and the voltage difference of
EOC and EOD voltage can be identified. This leads to the assumption that a
relatively constant offset current must be present. This offset current is depicted
over the EOC and EOD voltage difference, respectively (see Figure 5-9).
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Figure 5-9: Identification of the offset current while analyzing voltage pairs from F2F and E2E full cycles.

The intersection of the trend line with the y-axis is defined as the offset current,
which has a value of -30 mA for the shown system. This value includes the cur-
rent, which flows into side reactions and causes aging. However, this current is
within a neglectable range and not further considered (see Chapter 2.2). The
system-specific mean offset value is subtracted to integrate two relaxation phas-
es. It is also used to correct the energy estimates. The resulting power loss
aligns with the values observed by Orth et al. [15].
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5.2.3.3 SOC estimation

In addition to the estimation of the remaining usable capacity, a continuous SOC
is needed for Chapter 6 and 7. To develop a computationally scalable method
motivated by the regular relaxation recalibration possibilities, ampere-hour count-
ing is used in this work to generate a continuous SOC time series (see Figure
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Figure 5-10. SOC course of an exemplary Small.vo system. The SOC is integrated between EOC
relaxation points. Due to measurement inaccuracies, an uncertainty range is added. The uncertainty
is not observable in steeper SOC slopes of the figure (although it exists), as the curves are close to
each other. The SOC algorithm integrates forward and backward, reducing uncertainty toward the

reset points.

The current measurement system of the investigated HSSs has a certain meas-
urement accuracy, as presented in Chapter 4.1. Two additional current vectors
are created to integrate this uncertainty into the SOC estimation by assuming
maximum measurement errors toward charge and discharge currents. The cur-
rent is integrated forward and backward concerning time. Therefore, the uncer-
tainty is low near the reset relaxation points and high between the two reset

points.
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In the shown example, the EOC voltage is used for an SOC reset to 100 %. For
some HSSs, the reset during winter is done via the EOD voltage, as especially
larger HSSs barely reach a fully charged state during low solar irradiance. When
the time series of the current integral is obtained, the SOC is normalized by the
remaining usable capacity, as described in Equation (2-7). An example of SOC
reset to 0 % at EOD relaxation points and the discounting of the offset current is
presented in Appendix, Figure 9-15.

5.24  SOH estimation using OCV curve

The method developed in Chapter 5.2.3 is important for determining the usable
capacity and energy. Its strength is that it considers all influencing factors, such
as control strategies and aging. However, this means that only limited conclu-
sions can exclusively be drawn regarding aging. Furthermore, the method re-
quires that the HSSs are fully charged and discharged regularly. While this is the
case for most HSSs in this work, the trend toward larger storage systems sug-
gests that this is not true for all storage systems. For example, some HSSs do
not get empty in the summer or full in the winter. In addition, applications such as
electric vehicles or large-scale storage systems generally only use certain ranges
of the SOC. Figure 5-7 shows that HSSs still have many relaxation points be-
tween the EOD and EOC voltage. These relaxation phases can continuously
estimate the SOH even without full cycles. According to Figure 5-11, two succes-
sive relaxations are projected onto the OCV curve of a new cell and thus deter-
mine a reference value for the capacity and energy.

a

Vocv,start—— OCV curve of new cell

Vocvena +——————————————————

Reference energy for
SOH estimation

v

Discharged capacity (Q) in Ah

Figure 5-11: Schematic illustration of using the OCV curve of a new cell to continuously track the
SOHc,ocv of an HSS. The capacity and energy of operational data between two relaxation points with
the OCV voltages Vycy stare @aNd Vocyena is compared to those of a new cell through mapping the
relaxation voltage on its OCV curve.
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These reference values can be compared to the capacity and energy values out
of the operational data according to Equations (5-6) and (5-7). They can be used
to determine the SOHc,ocv and SOHE,ocv related to the initial OCV curve, with Q
being the discharged capacity of a new cell. The battery current I, is corrected
with the offset current obtained from Chapter 5.2.3.

Jy oo Ioge() dt

Vocv start
SOH = : (5-6)
coev QVocv,ena) — Q(Vocy,start)
Vocv,en
fVUDCEVV;mft Voat () * Ipar(t) dt
SOHgocy = y (5-7)

f;ocvmd Vocv(Q) dQ

ocv start

Influence of system-level data. This thesis has access to system-level field
data. With this data, only the average cell voltage can be calculated. If the cells
are not perfectly balanced, there are cells with a lower voltage. These cells limit
the discharge capacity, leading to an overestimation of the reference capacity.
Note that the capacity of the series connection is determined by the weakest cell,
leading to lower capacity values in reality.

Availability of OCV curves. Using OCV curves has some challenges for third
parties like a scientific institution. The cells used are often a manufacturer's trade
secret, and the OCV curves are unavailable to customers or other third parties
without cooperation (see Chapter 4.1). Some HSSs were even opened in the
laboratory to obtain the necessary cell information. These HSSs were exclusively
laboratory systems and not operated in households to ensure safety for private
persons. The OCV curves were researched online and reconstructed from
datasheets, scientific publications [275], and public tests [276]. Some assumed
cells were confirmed by expert interviews and bilateral exchange with manufac-
turers, while others are still conjectures. Following non-disclosure agreements,
no exact cell names are assigned to the analyzed systems in this thesis.
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5.3 Results and discussion

This chapter describes and discusses the results of the field capacity tests, re-
laxation phases, usable capacity energy estimation, and SOH estimation.

5.3.1 Field capacity tests

Regular field capacity tests were conducted to track the usable capacity and
energy of the HSSs. These tests were used to validate the developed methods.

Discharge behavior. Figure 5-12 shows the normalized current and voltage of
different HSSs during conducted field capacity tests. While some systems use a
constant current discharge, others reveal a constant power discharge with a
rising current over time to compensate for the decreasing voltage. Toward the
EOD, some systems apply a constant current phase or a controlled decline of the
discharge current. Other systems abruptly abort the discharge process and re-
duce the current from maximum to zero in just a few seconds. Constant voltage
phases are not observed in the shown systems. Especially the abrupt discharge
termination at the EOD voltage significantly impacts the measured usable ca-
pacity and energy.
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Figure 5-12: Current and voltage during field capacity tests of different HSSs. Top: Current values
normalized to the maximum current of the HSSs. Discharged capacity is normalized to its sum. Bot-
tom: Voltage values of each capacity test scaled to the range of 0 % to 100 %. The HSSs predomi-
nantly show constant current and constant power discharge behavior. Toward the EOL, different
derating strategies are visible.

Due to the high overvoltage at high currents, the BMS measures the EOD volt-
age sooner than at lower powers and smaller overvoltage values allowing for
less dischargeable capacity. Notably, the discharge durations differ more signifi-
cantly from each other, as Figure 5-12 shows only the current over the dis-
charged capacity. For example, the constant current phase of the green curve at
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25 % of the maximum current would be about four times as long if the current
were plotted against time.

Test results. Figure 5-13 shows the development of the SOHuc based on the
usable capacity over time. Each point corresponds to a manual capacity test.
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Figure 5-13: SOHuc over system age based on field capacity tests. Normalized to nominal capacity.
The EOL does not define a warranty case, as datasheets often contain an aging reserve in their
stated value (see Figure 9-12).

Usable capacity. The usable capacity decreases over the years. While Small.wo
HSSs show an average capacity decrease of 2.1 pp/a, Mediumnwc systems
show an average decrease of 3.2 pp/a, and Mediumcrp systems of 2.2 pp/a. Note
that these given linear trends simplify aging behavior explained in Chapter 2.2.4.
After seven years, the first clear EOL cases can be identified following the test
results, although some tests show slightly lower values than 80 % after already
4.5 a. The test result below 80 % of one Smallmo HSS between one and two
years is considered an outlier, as not the whole voltage range was used.

Cycles. Figure 5-14 shows the test results over the EFCs. The average de-
crease is 0.9 pp/100 EFC for SmallLmo, 1.7 pp/100 EFC for Mediumnmc, and
0.9 pp/100 EFC for Mediumcrp systems. Figure 5-15 analyzes the relationship
between age, EFC, and SOHuc in more detail.
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Figure 5-14: SOHuc over equivalent full cycles based on field capacity tests. Normalized to nominal
capacity. The EOL does not define a warranty case, as datasheets often contain an aging reserve in
their stated value (see Figure 9-12).

The EFCs increase approximately linearly for the different HSS classifications.
The SmallLmo systems show the most cycles followed by the medium systems.
Nevertheless, one MediumLrp system reaches a similar number of EFCs as the
Smallvo systems after more than seven years (see Figure 5-15).
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Figure 5-15: Field capacity test results of the SOHuc according to system age and equivalent full
cycles. Each marker corresponds to a capacity test conducted. Normalized to nominal capacity. The
EOL does not define a warranty case, as datasheets often contain an aging reserve in their stated
value (see Figure 9-12).
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Regarding aging, a capacity fade can be observed for all HSSs. The SOHuc
values depend on the specific HSS within a system type. Especially for the older
Small.mo systems, varying SOHuc results can be observed at similar age. In
addition, the aging behavior differs among the system types. The Small.mo sys-
tems do not show lower SOHuc values compared to the Mediumnvc systems
despite more EFCs at a comparable age. Note that the values are not corrected
by temperature, as only the battery housing temperature is known, making a
normalization to 20 °C according to Equation (2-3) challenging.

Usable energy. The results for the usable energy look similar to the capacity
analysis (see Appendix, Figure 9-12), leading to the conclusion that the loss of
capacity is the dominant aging effect. At the same time, a possible increase in
internal resistance appears secondary. Otherwise, the SOHue values would be
significantly lower than the SOHuc values.

Warranty. To compensate for aging, many systems show an aging reserve (see
Figure 5-2). Manufacturers often state a lower usable energy value in their
datasheet to meet warranty conditions. According to Figure 9-12, the first warran-
ty cases can be identified after seven years. These systems were installed in the
first period of the subsidy program, which required a seven-year warranty. Thus,
based on the field capacity tests, the manufacturers of the observed HSSs could
hold their warranty statements for the systems that are still in operation. Consid-
ering these systems were predominantly from the first product generation, this
can be considered a good result for the overall market.

5.3.2 Relaxation phases

Figure 5-16 shows the distribution of relaxation voltages for the analyzed sys-
tems and the relaxation phase duration distribution. The distribution of relaxation
phases aligns with the voltage distribution previously discussed in Chapter 4.2.2,
as most relaxations are observed at the voltage edges. Moreover, the distribution
provides insights into the control strategies employed. A peak in the distribution
(x-axis direction) suggests precise control of EOC or EOD voltage by the BMS,
remaining constant over time. The Smallvo systems exhibit a distinct EOC volt-
age range above 4.1V, while the EOD relaxations show a wider voltage range
because the EOD voltage gradually decreases, as outlined in Chapter 4.2.4. In
contrast, the Mediumnmc systems show different behavior, characterized by
specific EOD and EOC voltages. The Mediumrrp systems do not share such
distribution peaks toward EOD and EOC voltage due to their flat OCV curve.
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Figure 5-16. Left: Distribution of relaxation OCVs. The width corresponds to the number of occurrences.
The peaks symbolize EOD and EOC voltages. The MediumNMC systems use different NMC compo-
sites, so EOD and EOC values vary between systems. Right: Duration of relaxation phases defined as
the idle time of the HSSs with current close to zero. It is not the time constant of the relaxation process-
es. The duration gets longer toward the SOC edges.

Figure 5-16 (right) depicts the distribution of the relaxation durations after charge
and discharge. These are defined as the idle times of the HSSs at a current
nearly equal to zero and are not the time constant of the relaxation process. The
analysis reveals that relaxation durations are longer at the SOC edges. Further-
more, a sensitivity analysis shows that an accurate relaxation fit requires a mini-
mum relaxation duration (see Appendix, Figure 9-11). This is why this thesis
primarily focuses on relaxations occurring at the SOC edges close to 0 % SOC
and 100 % SOC, such as relaxations after charging at full states and relaxations
after discharging at empty states. These longer relaxation phases can be ex-
plained through the operational characteristics. For example, fully charged sys-
tems remain unused, as PV generation often covers household consumption
until the sun sets. Consequently, the HSSs begin to discharge hours after reach-
ing their EOC voltage (see Figure 4-2). Similarly, fully discharged systems re-
main idle, often throughout the night, until they are charged with the rising sun
the next day.

5.3.3  SOH according to usable capacity and energy

Figure 5-17 shows the results of the capacity estimate for one Small.mo HSS.
While the orange dots represent the manual field capacity tests, the dark blue
dots show the algorithmic capacity estimates. The confidence interval in light
blue (Cl) contains 75 % of all estimates and is used as an accuracy variable.
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Figure 5-17: SOHuc estimate (normalized to nominal capacity) of an exemplary SmallLmo system vali-
dated by field capacity tests. The darker the blue points are, the more estimates exist. The trend is a
linear fit of the estimates. The confidence interval (Cl) of 75 % of all estimates is shown in light blue.

Capacity decrease. Full cycles are regularly identified throughout the year,
mostly from spring to fall (see Figure 4-6). The range of the usable capacity
estimates originates from different relaxation voltages near the EOC and EOD
voltages (see Figure 5-9) and different C-rates. The fitting of the aging trends is a
complex topic that is not the core of this thesis. Therefore, a linear fit is applied to
the values of the algorithmic capacity estimate, and its gradient is defined as the
aging rate. A SOHuc of 2.7 pp/a is observed for the presented system. A linear fit
is in line with some observations in literature [277], although both linear and non-
linear aging behavior are possible [83]. However, the so-called knee point
[84,278] cannot yet be observed for the systems.

Comparison of estimates and tests. The values of the manual capacity tests
are not at the upper limit of estimated capacities, although systems are controlled
discharged from 100 % to 0 % SOC. This has several reasons. First, during the
manual capacity tests, the HSSs are discharged at higher C-rates, leading to a
smaller capacity, as shown in [279]. Second, the higher overvoltage leads to an
earlier reach of the EOD voltage. While some HSSs show a stepwise current
derating toward the EOD voltage, others employ an abrupt shutdown (see Figure
5-12). In contrast, HSSs provide relatively low power during the night and thus
have a lower overvoltage, leading to higher discharge capacities for the algo-
rithm. This phenomenon becomes more obvious when analyzing the remaining
usable energy, which is even more dependent on the C-rate due to the internal
resistance (see Chapter 6).
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Figure 5-18: SOHue estimate (normalized to nominal energy) of an exemplary Small.vo system validated
by field capacity tests. The darker the blue points are, the more estimates exist. The trend is a linear fit
of the estimates. The confidence interval (Cl) of 75 % of all estimates is shown in light blue.

Exemplary Mediumnvme and Mediumier HSSs are shown in Appendix, Figure
9-13. The algorithm shows different confidence intervals and, thus, varying accu-
racy for the analyzed HSSs. To illustrate this, Figure 5-19 depicts the distribution
of the 75 % Cls for all classified systems.
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Figure 5-19: Width of the 75 % confidence interval (Clzs) for usable capacity and energy estimates.
The Cl7s is used as an accuracy measure. The method is quite accurate for Smalluvo, Mediumnmc,
and some Mediumcrp systems. Other Mediumcrr systems show a larger Cl width.
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General accuracy findings. The Small.mo systems show the lowest mean ca-
pacity confidence width with a value of 4.4 pp, followed by the Mediumnmc sys-
tems with 6.8 pp and the Mediumcrp systems with 8.0 pp. The reason for the high
accuracy of SmallLmo systems can be explained by their high cycle number and
an accurate identification of EOC and EOD voltage due to the LMO OCYV curve.
The Mediumnmc systems with NMC cells share this voltage characteristic but
show fewer full cycles, leading to fewer estimates and, consequently, wider con-
fidence ranges. LFP has a significantly flatter OCV curve than LMO and NMC,
leading to less accurate EOC and EOD detection. Combined with a medium
number of full cycles, their average usable capacity and energy estimates are
worse, although some systems reach comparably good values below 5 %.

Comparing capacity and energy. The energy estimates of all systems are less
accurate than the capacity estimates, as they are more dependent on tempera-
ture and C-rate due to the internal resistance. Considering the algorithm is meant
to determine whether an HSS is a warranty case, it should be significantly more
accurate than 20 % of the usable battery capacity and energy. The reason for
this is that the relevant warranty range is between 100 % and 80 %, with the
latter being defined as the EOL. Therefore, the results are considered reasona-
ble except for some LFP systems.

Influence of interconnection. Some of the systems have a high number of cells
in parallel and series. The parallel cells lead to a greater variation of EOC and
EOD voltage detections due to overlapping diffusion processes of different mod-
ules and cells. In contrast, the series connection limits the battery capacity as the
weakest cell determines the capacity of one string. If the cells are not well bal-
anced, this effect gets larger.

Aggregated analysis. Figure 5-20 provides all aging rates for the three system
types identified by the linear fit for the HSSs both for capacity and energy on an
annual basis and per 100 EFC.

The mean values for the decrease in SOHuc are 3.1 pp/a for SmallLmo, 1.9 pp/a
for Mediumnmc, and 2 pp/a for Mediumcre. Concerning 100 EFC, the aging rates
are 1.2 pp/a for SmallLmo, 0.9 pp/a for Mediumnmc, and 0.7 pp/a for Mediumcrp.
However, a range of approximately 2 pp/a can be observed for the classified
system types, showing differences in aging behavior between similar HSSs.
Purely from the gradients, the physical EOL can be estimated after 5 a (for
4 pp/a) and after 20 years. While the shorter durations can already be confirmed
for some HSSs, linear extrapolation is not reasonable for the HSSs with low
aging ranges based on the non-linear aging toward the EOL (see Figure 2-5).
Nevertheless, a lifetime of around 10 a seems reasonable, especially when con-
sidering the aging reserve (see Figure 9-12).
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Figure 5-20: Decrease in SOHuc (usable capacity decrease (CD)) and SOHue (usable energy de-
crease (ED)) per year and per 100 EFC. The boxplot contains the gradient of the linear aging fit from
Figure 5-17 and Figure 5-18.

Based on the small sample size of 21 HSSs, drawing any statistically significant
conclusions or computing meaningful correlations with the operating conditions is
impossible. Nevertheless, some qualitative assumptions can be made.

Comparing small and medium HSSs. The higher aging rates for the SmallLmo
systems can possibly be related to the small battery energy and the resulting
operating conditions. These HSS run more cycles and, on average, show larger
DODs than the medium systems. In addition, the SmallLvo HSSs stay longer at
high SOCs. These operating conditions result in accelerated aging (see Chap-
ter 2.2.4). While the gradient concerning 100 EFC is only slightly increased com-
pared to the medium systems, the decrease in usable capacity per year is much
higher due to the many cycles.

Comparing NMC and LFP HSSs. The Mediumnvc and the Mediumirp systems
show similar decreases in usable capacity. Nevertheless, the Mediumnumc sys-
tems have a lower average decrease per year but a higher decrease per
100 EFC than the Mediumcrp systems. This could indicate that calendar aging is
more pronounced than cyclic aging in the LFP systems than in NMC systems.
This assumption is supported by similar EFC numbers and DOD distributions
shown in Chapter 4.2.2.

Comparing capacity and energy fade. For all systems, the average SOHue
decrease is larger than the SOHuc. This is because energy is also affected by
the increasing internal resistance. The energy fade is only slightly higher, leading
to the conclusion that the limiting factor of the usable energy is the capacity fade
and not a possible increase in internal resistance (see Chapter 6).
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5.3.4  SOH according to initial OCV curve

Figure 5-21 shows the SOH in terms of the initial OCV curve of a new cell
(SOHc,0cv) estimated according to 5.2.4 for the same Smallumo HSS as in the
previous section. This method compares the capacity and energy to the refer-
ence values of a new cell using its initial OCV curve.
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Figure 5-21: Exemplary SmallLvo system with continuous SOHc ocv estimate validated by field capacity
tests. The darker the blue points are, the more estimates exist. Left: Use of any two consecutive relaxa-
tion points. Right: Use of relaxation points with a minimum voltage difference of 0.5 V. Difference: A
small delta between relaxation voltages leads to outliers and a biased trend. Values normalized to initial
OCV curve capacity.

The estimates have a larger confidence interval than the usable capacity esti-
mates. Nevertheless, a clear trend represented by dark blue areas that predomi-
nantly contain full cycles can be observed. If only cycles with a minimum cell
voltage data of 0.5V are used, outliers can be filtered out (see Figure
5-21, right).

The wider range of SOHc,ocv estimates shows that the method is not as robust
as the presented one for the SOHuc. This has the following reasons:

1. The SOHuc estimation does not rely on an absolute precise OCV esti-
mate. If the EOC and EOD voltages and, thus, fully charged and dis-
charged states are detected correctly, the capacity can be calculated by
integrating the current between these states. Detecting a fully charged
or discharged state is less complex than estimating the exact OCV
needed for the SOHc,ocv estimation. Slightly inaccurate OCV estimates
can already greatly impact the result if the OCV curve slope is flat (es-
pecially for LFP).
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2. Small DODs have a small difference in OCV, leading to low capacity
and energy values. These small values lead to outliers, especially when
the denominator of Equation (5-6) and (5-7) gets small. Thus, filters
such as a minimum voltage difference or a minimum capacity through-
put should be applied.

3. This thesis used OCV curves of either unknown measurement tech-
nique or measured as qOCVs at low C-rates (~C/10). Therefore, opera-
tion at higher power has different capacity and energy values, leading to
low estimates. In addition, it is not certain that the cell OCV curves of all
HSSs used are correct.

4. The aging can affect different parts of the OCV shape. Therefore, the
analysis of one part must not correspond to the analysis of another part.

These reasons result in worse estimates for the gradients shown in Appendix,
Figure 9-14. Although comparable gradient results are obtained for Small.vo and
Mediumnmc systems as for the SOHuc. The larger confidence interval range of
75 pp of all data underlines this with 40 pp (SmallLmo), 30 pp (Mediumnmc), and
220 pp (Mediumcrp). The large range of Mediumirp estimates predominantly
occurs due to the flat voltage range of LFP and the poor quality of the gathered
OCV curves from a datasheet, making OCV estimates challenging. When only
the EOC and EOD relaxation voltages are considered, the results clearly improve
(Figure 9-14).

Although the observed decrease rates are similar, the absolute SOHc,ocv values
are higher than the SOHuc values (see Figure 5-17). It can probably be attributed
to the normalization of the estimated usable capacity, as the exact usable ca-
pacity is unknown.

5.4 Conclusion

This chapter presents data-driven capacity estimations that accurately estimate
the usable capacity and the SOH from the daily operating data.

Field capacity tests. The field capacity tests show yearly average decreases in
usable capacity from 2.2 pp/a to 3.2 pp/a. The gradient per 100 EFC ranges from
0.9 pp/100 EFC to 1.7 pp/100 EFC, depending on the HSS type. Since some
manufacturers adjust the usable capacity by widening the voltage range, the
trends do not necessarily correspond to the actual aging. Due to a field study,
certain standards from the laboratory field could not be met. Nevertheless, the
manual field capacity tests are as reproducible as possible for the individual
system due to the discharge under full load. Thus, the C-rate is predetermined
for each HSS by the dimensioning of battery energy and inverter power and
differs between systems. In addition, the different derating characteristics and
operating temperatures lead to differences between the systems.
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Relaxation phases. To determine the exact SOC, a battery model is para-
metrized based on automatically detected relaxation phases of the HSSs. These
happen when the current is small, and the voltage relaxes to its OCV (see Chap-
ter 2.2.3). The identified relaxation phases are then used to parameterize a sec-
ond-order equivalent circuit model. This allows for the estimation of the OCV.
This voltage is used as start and end values of current and power integrations
and as recalibration points for the SOC estimation.

SOHuc and SOHue. The SOHuc and SOHue of an HSS are estimated by identify-
ing full cycles. Only the relaxation phases near the EOC and EOD voltage are
used for identification. These full cycles estimate the usable capacity and energy,
applying coulomb counting and considering offset current correction. Afterward,
the SOHuc and SOHue are calculated by dividing their values through their nomi-
nal values. The algorithm is validated through the conducted field capacity tests.
LMO and NMC systems can be analyzed with good precision, but the flat OCV
curve of LFP makes their analysis more challenging, though still possible. The
mean values for SOHuc decrease are 3.1 pp/a for SmallLmo, 1.9 pp/a for Medi-
umnmc, and 2 pp/a for Mediumier. Concerning 100 EFC, the aging rates are
1.2 pp/a for Smallvo, 0.9 pp/a for Mediumnmc, and 0.7 pp/a for Mediumcre.
Thus, especially the many cycles of the SmallLmo HSSs lead to accelerated ag-
ing. As the SOHuc and SOHue are in a comparable range, the energy fade can
mainly be attributed to the capacity fade. Thus, a possible increase in internal
resistance seems to play a secondary role.

SOHc,ocv and SOHg,ocv. The SOHuc and SOHue estimates are not only influ-
enced by battery aging but also by changing BMS characteristics. In addition, the
method can only be applied if an application shows the regular reach of EOC
and EOD voltages. Therefore, another method is applied to estimate the
SOHc,ocv and SOHEg,ocv. In this method, the SOH is tracked by mapping two
consecutive relaxation phases on the OCV curve of a new battery cell and com-
paring the field data with its reference capacity and energy. This enables a con-
tinuous evaluation of the aging behavior even if no full cycles occur. The ob-
served aging rates are in a similar range. However, the results tend to have a
higher uncertainty, probably arising from inaccuracies in OCV estimation, varying
operational power, and some uncertainty regarding the information on the cells
used. Therefore, this method is considered less robust, although applied filters
such as a minimum capacity throughput can improve the results.
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6 Internal resistance estimation

This chapter analyzes the internal resistance based on the field measurements.
Furthermore, the results are used for the degradation mode analysis in Chap-
ter 7. This chapter is based on and contains identical parts of [280] under the
lead of the author.

6.1 Overview

The internal resistance is the second important SOH criterion besides the capa-
city [234,281-283]. The main contributors to battery resistance are the ohmic,
the charge transfer, and the diffusion resistance [284]. Chapter 5.1 contains a
literature review on SOH estimation, which is extended by literature on internal
resistance. In general, electrochemical impedance spectroscopy (EIS) and cur-
rent pulses are used to characterize the internal resistance [40,41].

Electrochemical impedance spectroscopy. The EIS method is a comprehen-
sive measurement of the voltage response to an AC current applied in frequency
ranges from about 0.01 Hz (or lower) to more than 1,000 Hz, resulting in a com-
plex impedance curve (see Figure 6-1, left) [285] that shifts with aging [41]. The
shifting and stretching of different sections enable the identification of degrada-
tion modes during aging [41]. However, applying this method requires either a
laboratory setup or an online EIS possibility on the BMS, which is no precondition
to this dissertation.
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Figure 6-1: Left: Schematic illustration of a battery’s complex impedance curve, adapted from Raste-
garpanah et al. [285], used under CC BY 4.0 [23]. Right: Voltage response to a current pulse, adapted
from Chung [286], used under CC BY 4.0 [23]. The DCR in this thesis corresponds to the pulse re-
sistance calculated after one second.

Current pulses. Figure 6-1 (right) shows the voltage response to a current
pulse, which can be used to analyze the internal resistance [286]. When the
pulse begins, the instantaneous voltage change due to pure ohmic resistance
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(Rq) is visible, followed within a few milliseconds to a few seconds by a further
voltage change due to polarization, charge transfer (Rct), and double-layer ca-
pacitance [41]. The superposition of these voltage changes is often used to cal-
culate the so-called direct current resistance (DCR) [286]. The DCR can also be
calculated during operation and used for performance predictions [41]. It is in the
order of magnitude of the real part at the end of the first half cycle, as shown in
Figure 6-1, and has similar electrochemical behavior as discussed below [41].

Slow diffusion voltage. The further voltage drop after a few seconds is mainly
due to the diffusion processes in the active materials (see Chapter 5.2.2) [41]. In
the following, this voltage is called slow diffusion voltage (SDV) and is represent-
ed by the parameter Vsiow of the ECM presented in Figure 5-5. The SDV is de-
pendent on both short-term and long-term influencing factors.

Short-term influence SDV. In their study, Baghdadi et al. [287] investigate the
short-term impact of operational parameters on the SDV under various condi-
tions for three distinct cell chemistries, namely NMC, LFP, and LMO. The re-
search analyzes the voltage reached during the relaxation period after 30
minutes. The results unveil a subtle correlation between the voltage relaxation
profile and the three factors: (1) initial SOC in combination with the charge
throughput until relaxation, (2) C-rate, and (3) temperature [287]. Bernardi et al.
[65] confirm the effect of the C-rate on overvoltage during both the charging and
discharging relaxation phases, where a higher C-rate leads to increased over-
voltage. The SOC at which the relaxation occurs also influences the relaxation
duration. Relaxation phases taking place at an SOC of 35 % exhibit longer dura-
tion compared to those at 65 % [65].

Long-term influence SDV. The calendar aging exhibits a correlation with the
relaxation phase. Distinct variations in the relaxation profile follow the charging
process across all observed cell chemistries [287]. Specifically, for the NMC and
LMO chemistries, this leads to an amplified magnitude of the voltage change
during the relaxation phase. In contrast, the LFP profile shows a slight decrease
in this magnitude of voltage change [287]. It is crucial to consider this pro-
nounced dependency on battery technology when analyzing relaxation profiles
[287]. Qian et al. [62] have made similar observations regarding the impact of
cyclic aging on NMC cells. As the cycle count increases, higher magnitudes of
the overvoltage can be identified during the relaxation phase both for charging
and discharging [62]. Furthermore, a linear relationship between the 30-minute
relaxation voltage and the remaining capacity becomes evident [287].

For the aging analysis, the dependencies of DCR and SDV on the temperature,
SOC, and current are explained below:

e Dependency on temperature. The DCR and the SDV have an almost
exponential dependency on temperature. They are low at high tempera-
tures and high at low temperatures. With aging, this dependency re-
mains without major changes. [41]
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e Dependency on SOC. The DCR and the SDV are lowest at medium
SOCs and significantly increased at the edges. There is a tendency for
values to be larger at low SOCs than at high SOCs. With aging, this ef-
fect increases. [41]

e Dependency on current. At room temperature and for a new battery,
the dependency of DCR on the C-rate is almost negligible. However,
aging reveals a small change as a function of the C-rate. [41]

Field data analysis. In the recent past, publications on field data measurements
and internal resistance estimation have emerged. In [288], a data-driven ap-
proach is applied to real-world operational data from lead-acid solar off-grid sys-
tems to determine the resistance and predict the EOL. Online impedance model-
ing can further diagnose battery degradation on the electrode level, as conduc-
ted in [289]. Similar DCR analyses for the operational data of an electric vehicle
are presented in [267], showing temperature and SOC dependencies.

6.2 Methodology

This chapter describes the methodology to estimate the direct current resistance.
Furthermore, it investigates other relevant quantities for the internal resistance,
such as the slow diffusion voltage and other relaxation parameters derived from
the second-order equivalent circuit model from Chapter 5.2.2. In addition, it links
these relaxation parameters to the capacity fade (see Figure 6-2).

Input
Il Data analysis
Methods

Other
relaxation
parameters

Slow diffusion
voltage

Detailed DCR analysis with
SOC and temperature
dependence

Figure 6-2: Structure of Chapter 6. This chapter develops a method to estimate the DCR and a method
to link the internal resistance components to the SOHuc.

6.2.1 Direct current resistance estimation

Current pulse identification. The battery resistance estimation uses the re-
sponse of the battery voltage to current changes at specific temperatures and
SOC during operation. Therefore, it can be seen as an online version of the
current pulse method. The main difference is that field operation does not allow
for a specified pulse intensity or duration. Still, it shows generation and load-
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induced current changes that can be used for DCR estimation. Furthermore, it is
an extension to the parameter estimation in Chapter 5 that excluded the DCR
estimation during model parametrization. Once the dynamic current changes are
identified by differentiation, the resistance is calculated using Equation (6-1),
adapted from [267,286].

V(t) —V(ty)

DER(t ) = J0. )~ 1)

iFAT>10% - Iyax (6-1)

In some cases, measurement inaccuracies occur, or the signals of voltage and
current are not perfectly aligned. Therefore, a period of five seconds before and
after the current pulse is considered to identify maximum and minimum values of
current and voltage to calculate the DCR.

DCR estimation. The DCR is determined by considering both SOC and temper-
ature, utilizing data from detected operating points. Since the current dependen-
cy is relatively small and the specific C-rates fall within a relatively narrow range,
the current influence is disregarded to ensure a larger sample size for specific
temperature-SOC combinations. Given the nonlinear relationship between DCR,
SOC, and temperature, a lookup table is constructed to average the estimated
resistance values within discrete SOC and temperature bands using the median,
thus disregarding statistical outliers that may arise during field data analyses. A
two-dimensional linear interpolation creates a resistance function dependent on
SOC and temperature. This is done to maintain smoothness and prevent abrupt
DCR changes from one combination of SOC and temperature to another. Figure
6-3 presents the resulting resistance estimation for an exemplary system.
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Figure 6-3: Left: Identified current pulse and voltage response to calculate the DCR by dividing the
voltage delta by the current delta. Right: Estimated DCR values for an exemplary SmallLvo system
(cell level) according to SOC and temperature (right).
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It showcases how internal resistance tends to increase at low SOC and low tem-
peratures, which aligns with findings in the literature [41]. Throughout most oper-
ating conditions, the DCR values of the shown system remain around 5 mQ, but
they can reach up to 9 mQ at low temperatures and SOC levels.

6.2.2  Slow diffusion voltage estimation

The slow diffusion voltage was introduced in Chapter 5.2.2 as V,,,,. The param-
eter is extracted from the fitted second-order equivalent circuit model to analyze
the relaxation phases. Based on literature research, the development of both
high and low SOC ranges are analyzed as these change the most during battery
aging [41].

6.2.3  Linking relaxation parameters to capacity fade

Literature describes a correlation between capacity fade and relaxation phases
[62,287,290—-292]. Therefore, this chapter describes how to link these to the
capacity estimates from Chapter 5. To explore the potential information con-
tained in the relaxation parameters regarding the SOHuc, a principal component
analysis is conducted (PCA). Subsequently, two machine learning models (linear
regression and the neural regression network) are trained to estimate the SOH
based on relaxation parameters.

Dataset and limitations. Regression models and neural networks typically re-
quire data from many systems. This is impossible with this thesis's small sample
size of 21 HSSs, especially as the largest number of similar systems is six for the
SmallLmo HSSs. Therefore, the Small.vo systems are used for further analysis to
demonstrate the methodology. When analyzing the results, limited expressive-
ness should be considered. It is important to note that this thesis does not focus
on the machine learning methods used. Thus, the described methodology is
condensed, and the proposed methods must be seen as proof of concept.

Model inputs. Ten parameters of the ECM are used as input data for the ma-
chine learning models (see Chapter 5.2.2). These parameters include the four
relaxation parameters (Vyase, Trase: Vsiows Tsiow), Operating conditions during the
relaxation (current before, charge throughput before, temperature, OCV), relaxa-
tion duration of the fit, and the RMSE of the fit.

Principal component analysis. A dimensionality reduction using PCA is per-
formed to validate the adequacy of these parameters for predicting the capacity-
based SOH of a system. The PCA represents one of the widely employed tech-
niques in dimensionality reduction [293]. It is a linear and unsupervised method
for subspace and manifold learning [294]. The obtained reduced subspace aims
to preserve the majority of the variance present in the original, higher dimension-
al data [293]. The principal components can be envisioned as a new coordinate
system defined by orthogonal vectors within the lower dimensional subspace
(see Figure 6-4 (left)) [293,295]. The first principal component acts as the axis
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capturing the highest variance of the original, higher dimensional dataset
[293,295]. The following principal components each capture less variance ac-
cording to their number. Employing all principal components leads to a new da-
taset obtained through the rotation of the original dataset [294]. Before PCA, the
data must be centered and normalized [294].

Linear regression. Regression analysis investigates and models the relation-
ship between variables as a statistical technique [296]. It predicts numerical
outputs by analyzing multiple input variables [297]. The commonly used linear
regression computes the output through a weighted sum of the inputs with an
offset value [297]. In the corresponding Equation (6-2), x symbolizes the input
vector, w denotes the parameters (also referred to as weights), and y represents
the estimated output [297].

9 =wTx,withx,w € R"and y € R (6-2)
The performance evaluation of the regression model typically involves error

minimizing, such as the mean squared error, between the training output y and
the estimated output y [297].

y 1sthidden layer n® hidden layer

Input layer
Output layer

Figure 6-4: Left: PCA adapted from Werner et al. [295], used under CC BY 4.0 [23]. The first principal
component (PC1) explains most of the variance present, as the range of the second one (PC2) is
narrow. Consequently, the dimension could be reduced to 1D. Right: Neural network consisting of an
input layer, several hidden layers, and an output layer, adapted from Hassan et al. [298], used under
CCBY 4.0[23].

Neural regression network. Figure 6-4 (right) shows an exemplary neuronal
network. In this thesis, a shallow neural regression network is built, comprising
two hidden layers, each accommodating ten neurons. Within these hidden lay-
ers, the commonly used activation function “ReLU” captures patterns and non-
linear relationships in the data [297]. Notably, the output layer is linearly activat-
ed, facilitating a seamless transition to a linear regression-like computation. Spe-
cifically, the connection from the final hidden layer to the output can be perceived
as linear regression.
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According to Equation (6-3), the output of a neuron in a layer can be calculated
where the parameter h is the neuron's output, W is the weights of the connec-
tions from the input neurons x, c is the bias, and g the activation function [297].

h=gWTx +c) (6-3)

The two hidden layers in the neural regression network convert the 10-
dimensional input dataset's features into more representative linear combina-
tions. These refined features are then utilized in the subsequent regression task,
spanning from the second hidden layer to the output layer.

Model training. To avoid overfitting, both models are trained with systems dif-
ferent from those used to test the model performance. In addition, the input val-
ues are normalized after removing outliers.

6.3 Results and discussion

This chapter presents the results of the direct current resistance, the slow diffu-
sion voltage, and the relationship between internal resistance components and
the capacity fade.

6.3.1 Direct current resistance

Single system. Figure 6-5 depicts the internal resistance estimation for one
exemplary Mediumnmc system over seven years. The influence of temperature
dominates that of the SOC for the system under consideration. The seasonality
is visible due to the lower DCR values in summer (around 20 mQ to 25 mQ) and
higher DCR values in winter (around 30 mQ to 40 mQ). Thus, the winter's DCR
values are twice as high as in the summer. In addition to the influence of the
temperature, the SOC amplifies the mean DCR since the HSS are predominantly
empty in winter (high DCR at low SOC) and regularly full in summer (low DCR at
high SOC).
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Figure 6-5: Development of the DCR of an exemplary Mediumnuc (system level). The effect of
different SOC and temperature values is visible. In the summer, high temperatures and elevated
SOCs lead to a low DCR. In the winter, low temperatures and small SOCs lead to an increased
DCR. The fit accounts for all estimates and is mainly influenced by estimates during summer due to
the higher operational hours.

Over the years, an increasing trend can be observed, which is attributable to
battery aging, according to the literature presented above. Therefore, the trend is
based on all values and is closer to the summer values since more estimates are
possible here due to the higher operational hours. The colored confidence inter-
vals show that the estimates have a higher certainty in summer than in winter.
Since the initial value of the DCR is unknown, estimates are made using the
trend to extrapolate the DCR at the time of installation. Overall, the trend in-
creases by less than 1 mQ/a in the case shown, which corresponds to a relative
increase of around 2.5 pp/a. Thus, the HSS does not come close to its EOL
within the analyzed period, as the EOL is defined as a doubling of the estimated
initial DCR (see Chapter 2.2).
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SOC dependence. Figure 6-6 shows the DCR values of a Small.vo, Mediumnme,
and Mediumirr HSS. The chosen temperature range is 20 °C to 25 °C, and the
SOC step size is 10 %. These adjustable ranges are a trade-off between the
number of estimates and accuracy.
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Figure 6-6: SOC-dependent DCR development for exemplary Mediumnwc, Mediumire, and Smallvo
systems plus the average annual increase in percentage points. Temperature range is 20 °C to 25 °C.
The DCR values are calculated on system level as the cell-level DCR values are different, too. The
legend contains information about the system age.

While the Mediumcrp system shows no clear SOC dependence, the Mediumnmc
and Smallvo systems show lower DCR values for higher SOCs. This effect is
more pronounced for the Small.mo HSS. Regarding aging, the HSSs show an
increase in DCR for all SOC ranges. The highest increases are seen for the
SmallLmo system, especially at low SOCs.
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A simple linear trend is fitted for better comparability. The determined gradient is
normalized by the initial value of the first year shown using the fit. The mean
increase in the SmallLvo system is over 15 pp/a for the lower SOCs of up to
20 %. It drops in the medium SOC range and is about 6.5 pp/a between 50 %
and 100 % SOC. The Mediumnmc and Mediumcre systems show only small DCR
increases of up to 2.5 pp/a. Both systems show slightly increased values, espe-
cially at higher SOCs. The Mediumnvc system has slightly increased values
between 20 % and 30 % SOC, and the Mediumcrp system below 10 % SOC. The
reason for the strong DCR increase of the Smallvo system for a low SOC range
can possibly be attributed to a deeper discharge of the anode. This is assumed
to have two reasons. Firstly, the EOD voltage is lowered over the years by the
BMS (see Figure 4-8), leading to lower lithiation states of the graphite. Secondly,
the aging mode analysis in Chapter 7 indicates that the loss of lithium inventory
amplifies this effect.

Temperature dependence. Figure 6-7 depicts the temperature-dependent DCR
development for exemplary HSSs. The values are shown for an SOC range of
40 % to 60 %, as there are only minor overlayed SOC dependencies compared
to the edge SOC ranges. The chosen temperature ranges are 18 °C to 20 °C
(low), 23 °C to 25 °C (medium), and 28 °C to 30 °C (high). A clear trend of lower
DCRs at higher temperatures can be identified for the SmallLmo and Mediumnmc
systems. This difference equals a DCR decrease of around 25 % from low to
high temperatures for the first year of the shown SmallLmo and the Mediumnmc
systems. The Mediumcre system does not show a clear temperature dependence
and has no data for high temperatures. In terms of aging, no clear trends can be
identified in temperature dependence, which the DCR gradients visualize in
Figure 6-7 (bottom right).
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Figure 6-7: Temperature-dependent DCR development for exemplary and Small.vo, Mediumnue, and
Mediumcre systems, plus the average annual DCR increase in percentage points. SOC range is 40 % to
60 %. The DCR values are calculated on system level as the cell-level DCR values are different, too.
The legend contains information about the system age. Note that the Small.mo system is not the same
as in Figure 6-6 because the temperature range was too narrow.

All systems — SOC dependence. In the following, only the SOC dependence is
further investigated, as no difference in aging based on the temperature could be
identified. Applying the presented methodology to all systems, Figure 6-8 depicts
the gradients of the linear DCR trends for low, medium, and high SOC ranges. It
shows the increase in percentage points per year (left) and per 100 EFC (right).
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Figure 6-8: Gradients of DCR increase. The Smallumo systems show significantly larger DCR increases
than the medium systems. Although a mean increase of about 20 pp/a would lead to an EOL after five
years, the increase in DCR results only in a minor increase in energy fade (see Figure 5-20).

The systems show different DCR developments. The Smallvo systems have the
same DCR development as the exemplary system discussed above, with higher
DCR increases for lower SOCs. While the mean gradient is 24.6 pp/a for an SOC
below 10 %, the mean values are around 15 pp/a for the SOC ranges of 40 % to
60 % and above 90 %. The Mediumnwc HSSs show increased aging both for low
(mean 5.2 pp/a) and high SOCs (mean 4.4 pp/a), while the aging is less for me-
dium SOCs (1.7 pp/a). The Mediumirp HSSs show only small mean DCR in-
creases from 0.8 pp/a to 1.8 pp/a with higher gradients for higher SOCs. Single
negative values for the MediumLrr and Mediumnmc systems can be attributed to
poor data availability for the combinations of different SOC and temperature
ranges for some systems, as the temperature varies between systems.

The DCR development per 100 EFC shows the same qualitative course as dis-
cussed for the annual gradients. The mean increases reach from
6.9 pp/(100 EFC) to 12.1 pp/(100 EFC) for Smalllvo systems, from
0.8 pp/(100 EFC) to 2.1 pp/(100 EFC) for Mediumnvwc systems, and from
0.4 pp/(100 EFC) to 1.0 pp/(100 EFC) for MediumLcrp.

Influence on energy fade. If the EOL criterion of the SOH related to the internal
resistance is applied, HSSs would be considered warranty cases after a doubling
in internal resistance (see Chapter 2.2.2). Single SmallLmo systems would reach
their EOL according to this definition after two to three years when the HSSs with
the highest increases are considered. However, the observed decrease in usable
energy is only slightly higher than the value for the decrease in usable capacity
(see Figure 5-20). This indicates that the strong decrease in usable energy from
Chapter 5 is mainly driven by capacity fade. In general, an increased DCR leads
to two types of energy decrease. These types are the efficiency losses during
operation with current flow and the unusable energy due to an earlier reach of
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the EOD voltage (during discharge) or the EOC voltage (during charge). Figure
6-9 illustrates the DCR influence on the energy and capacity fade for a discharge
scenario showing two discharge curves with a high and a low DCR, respectively.

A

Discharge curve with low DCR
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Figure 6-9: Energy and capacity losses due to an increase in DCR. The orange energy losses occur
during current flow. The grey energy losses and the red capacity losses occur due to an earlier
reach of the EOD voltage.

Efficiency losses. Assume the initial DCR of the SmallLmo system to be
120 mQ. An increase of 20 pp/a would lead to a DCR of 288 mQ after seven
years. The maximum system current Ip,: ma, Of this HSS is around 12 A, repre-
senting a C-rate of nearly 1 C and a discharge duration At of around 1 h. Equa-
tion (6-4) presents the calculation of losses for field capacity tests according to
Chapter 5 with the initial DCR (DCR;yitiq;) @nd the one after seven years (DCR,).

Eloss initial = Ibat,maxz * DCRipjtiqr - At = (12 A)? +120mQ -1h =~ 17 Wh

Eloss initial 17 Wh
Shareg,joss,initial = % = 2200 Wh =~ 0.8%
al
(6-4)

< At= (12 4)% -288mQ -1h ~ 41 Wh

2
Eloss,7a = [bat,max - DCR7¢1

Eloss,7a 41 Wh

= =—~199
Shareg 1o55,7a Fpur 2200 Wh 9 %

More than a doubling in losses (Eioss,7a) is still less than two percent of the battery
energy Evat in the chosen extreme scenario. The average C-rate in operation is
only a fraction of its maximum value (see Figure 4-3). Compared to a capacity
decrease of up to 20 % during the same period, the DCR-based operational
losses do not have a major impact on the energy fade.
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Unusable energy due to EOD voltage. The higher overvoltage due to an in-
creased DCR leads to an earlier reach of the EOD voltage. Thus, the BMS ter-
minates the discharge earlier and the discharged energy and capacity are lower
compared to a battery with a lower DCR. This effect is stronger if the current
toward the EOD voltage is higher. While some HSSs reduce their currents at
lower SOCs, other end the discharge abrupt (see Chapter 5.3.1). However, even
in case of a field capacity test with the maximum current I,,4; mqy, the difference
between the initial overvoltage (Vyyerinitias) @nd the overvoltage after seven
years (Voper,7q) is 2V for the whole system (see Equation (6-5)). This corre-
sponds to a cell overvoltage V,,er qifr,cen Of around 50 mV. Toward the EOD
voltage, the OCV curve is already in steeper decline, see Figure 2-2, and shows
a gradient of around 20 mV/(% SOC), see Figure 7-9, leading to a maximum
unusable SOC range (Cynuseapcr) Of maximum 2.5 %. Nevertheless, the
Small.mo systems show a current derating toward the EOD voltage and the aver-
age C-rates in operation are low. Thus, the effect is below the calculated maxi-
mum value.

Vover,imitiat = Ipat;max " DCR mitit = 124 -120mQ ~ 1.44V
Vover.7a = Ipatmax * DCR 74 = 124 - 288 mQ ~ 3.46V

Vaver,7a - Vover,im’tial _ 2.02V (6-5)

Vover,diff,cell = Nootts e sorios 20 ~ 50mV
V. i 50 mV
Cunused,DCR = overdiffcel = v ~ 2.5%S0C
DVgop 20
% SOC

To draw a conclusion, the resulting capacity and energy losses due to an in-
crease in DCR seem neglectable even in extreme cases compared to the ob-
served capacity fade of around 20 %.

6.3.2  Slow diffusion voltage

This chapter presents the characteristics of the slow diffusion voltage (SDV)
divided into short-term and long-term influence factors.

6.3.2.1 Short-term influence factors

The analyzed short-term influence factors include the current and charge
throughput before the relaxation, relaxation OCV, and temperature, as identified
in the literature (see Chapter 6.1). To analyze these factors, only relaxations
within one year are taken into account to minimize the effect of aging. Each influ-
encing factor was analyzed while holding the others in comparable ranges. The
HSSs behave differently for some of the analyzed short-term influencing factors.
Therefore, this chapter presents only findings observed for most of the systems.
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Figure 6-10 presents the short-term effects on the SDV after discharge observed
for an exemplary Smalluss. The visualization depicts the data downsized to a
one-minute resolution and smoothed using a moving average technique to re-
duce measurement noise. The analysis shows the relaxation voltage over time,
with the color indicating different short-term influencing factors.
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Figure 6-10: Short-term influence factors on relaxation voltage after discharge of an exemplary
Smalluvo system. Left: Relaxation voltage as a function of the C-rate (year 2018, values before relaxa-
tion: temperature between 20 °C and 22 °C, charge throughput > 80 % battery capacity). Right:
Relaxation voltage as a function of the relaxation OCV (year 2018, values before relaxation: tempera-
ture between 20 °C and 22 °C, charge throughput > 80 % of usable capacity, C-rate < 1/6 C).

C-rate. A clear positive correlation exists between the C-rate on the SDV after
discharging with a higher current, leading to higher overvoltage. A similar, albeit
less pronounced, effect can also be observed for relaxations after charging. This
suggests that as the current before relaxation increases, the voltage change
during the relaxation phase also increases for nearly all systems. This result
aligns with findings in literature [65].

OCV. Considering the relaxation OCV, a negative correlation is evident between
the SDV and increasing voltage for relaxations after discharging with a lower
OCV, leading to a higher overvoltage. This effect is probably attributable to the
steep OCV curve of LMO and NMC in these OCV ranges, where the battery cell
is at its electrochemical edges (see Figure 2-2). After charging, this effect cannot
be confirmed for relaxations at high OCV values.

Charge throughput before relaxation. The charge throughput appears to exert
a minor influence on the relaxation course, particularly concerning the time con-
stants and the magnitude of the voltage change.

Temperature. The HSSs experience comparatively constant operational tem-
peratures as they are mainly installed in houses, and the C-rates are not very
high (see Chapter 4.2.2). Within the range of 20 °C and 30 °C, the temperature
seems to have only a minor influence on the SDV, as further analysis reveals.
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6.3.2.2  Long-term influence factors

Single system. Figure 6-11 shows the development of an exemplary Small.mo
system's overvoltage relaxation after charge to EOC voltage and discharge to
EOD voltage.
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Figure 6-11: Increasing SDV (Vsw) over different years for EOC relaxations (left) and EOD relaxations
(right) for an exemplary Small.mo HSS (cell level). The SDV increases after charge and decreases after
discharge, meaning that overvoltage increases for both events.

The magnitude of the SDV increases for both EOC and EOD relaxations. For
EOC relaxations, this corresponds to a positive increase. For EOD relaxations,
this corresponds to a negative increase due to the decay behavior of the expo-
nential functions (see Chapter 5.2.2). The values partly cover a large range be-
cause of the short-term influencing factors. However, target-oriented filtering of
these factors is difficult due to the high sensitivity of some short-term factors that
would reduce the data basis strongly. Therefore, the entire period is used to
calculate a linear trend. The gradient of the SDV after charging corresponds to
about 1 mV/a and that after discharging to about -1.4 mV/a, which means that
more change is detected during EOD relaxation. It must be considered that the
EOD voltage of the system shown was continuously lowered between year one
and year five. Thus, the adjustment of control strategies can influence such ana-
lysis. However, even with the constant EOD voltage, there is a further decrease
from year five onward. The EOC voltage was constant over the entire period, and
its change can possibly be attributed to aging.

All systems. Figure 6-12 depicts the results obtained after applying the metho-
dology to all systems. In addition, it depicts the time constants of the second RC
element of the battery model (see Figure 5-5). Except for the EOC relaxation of
Mediumcrrr systems, the results for SDV are close for each single system type
but show differences between them.
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Figure 6-12: Annual gradients of the SDV (left, parameter Vsiow) and the time constant (right, parameter
Tsi0w) With increasing system age.

While the Smallimo systems show increased overvoltage over time in the EOD
relaxation except for one system (symbolized by a mean negative gradient of -
0.9 mV/a, see Figure 6-11), the Mediumnmc and the Mediumirr systems are
rather at low positive mean values of 0.42 mV/a (Mediumnmc) and 0.47 mV/a
(Mediumcep). All system types show positive mean gradients for EOC relaxation,
although individual HSSs show negative gradients. For EOC voltage, the positive
gradients correspond to an increase in overvoltage and may, therefore, indicate
aging processes. While the gradients for the Small.mo systems with 0.24 mV/a
and the Mediumnwvc systems with 0.48 mV/a symbolize a moderate increase, the
Mediumire systems with a mean gradient of 5.1 mV/a show significantly higher
increases. This may be due to some systems exhibiting slightly increased EOC
relaxation voltages with time and the voltage curve in this region being relatively
steep and electrochemically close to full charge.

Regarding time constants, the system types consistently show positive mean
gradients for both EOD and EOC relaxation. The mean increases of the EOC
time constant of 42 s/a (Small.mo), 58 s/a (Mediumnmc), and 40 s/a (Mediumcrp)
are above the values for the EOD relaxation. Here, the values for Smallimo with
10 s/a are only a quarter, and for Mediumnmc with 3 s/a, they are almost 20 times
less than their EOC values. In contrast, the Mediumcrp values with 34 s/a corre-
spond to a similar order of magnitude. The results of increasing overvoltage and
increasing time constants, especially at high states of charge, are consistent with
the literature [41] and can be used to indicate aging.
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6.3.3 Linking relaxation parameters to capacity fade

Principal component analysis. The PCA is conducted to investigate if the re-
laxation parameters obtained from the battery model in 5.2.2 contain information
about the capacity-related SOHuc. Figure 6-13 depicts the PCA results of the
EOD relaxations for an exemplary SmallLmo system.
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Figure 6-13: SOHuc dependence on the principal components for EOD relaxations of an exemplary
Smalluvo HSS. The clustering of similar SOHuc values shows that the relaxation components contain
significant information on the capacity-related SOHuc. There are single points outside of the shown
axis range that are considered outliers.

The reduction analysis utilizes the initial two principal components to portray the
10-dimensional data in a 2-D representation. The resulting PCA plot reveals a
notable clustering of similar SOHuc values in proximity, affirming that the first two
principal components contain essential information regarding the SOHuc of the
systems. The clustered SOHuc values show an increasing trend for lower values
of principal components one and two.

Figure 6-14 (left) depicts a scree plot of the conducted PCA. It quantifies how
much of the data variance can be explained by using different numbers of princi-
pal components. Two principal components can explain around 50 % of the
variance in this case. This suggests that the SOHuc information in the complete
dataset is likely even more significant. Figure 6-14 (right) shows the biplot of the
conducted PCA. It illustrates the relationship of the analyzed parameters in the
two-dimensional space obtained through the PCA. The larger the parameter
vectors, the higher their influences on the PCA are. The smaller the angle be-
tween the vectors, the higher their correlation is.
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Figure 6-14: Left: Scree plot of PCA for relaxation dataset, explaining the variance through the number
of principal components. Right: Biplot of PCA for relaxation dataset, explaining the importance (length)
and correlation (angle) of the input parameters. The biplot function normalizes the principal
components.

Capacity-related SOHuc estimation. Figure 6-15 depicts the results of the ma-
chine learning models. The red and blue lines show the results of the linear re-
gression and neural regression network, respectively.
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Figure 6-15: SOH estimation using EOD relaxation data for one exemplary Smalllvo HSS. The
predicted SOHuc values correlate with the observed capacity fade. The neural network has a higher
accuracy than the linear regression model, estimating similar SOH values as obtained in Chapter 5.

Both machine learning models exhibit fluctuations in their SOHuc estimations,
which are symbolized by the 75 % confidence interval (Clzs). The linear regres-
sion model has a confidence interval width of approximately 4.5 pp, while the
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neural regression network shows around 8 pp. Despite these higher fluctuations,
the neural regression network yields estimations that closely align with the linear
fit derived from the usable capacity estimation from Chapter 5.2.3, surpassing
the precision of the linear regression results. This enhancement can be attributed
to the neural regression network's superior expressive capacity compared to
linear regression. Thus, the neural network demonstrates a better ability to rep-
resent and generalize the SOHuc information of the relaxation dataset. Neverthe-
less, the linear regression boasts smaller fluctuations, rendering it suitable even
when limited relaxation data is available. Although the small sample size does
not allow for valid general conclusions, it seems like the presented approach
could have the potential for a larger number of systems, and simple machine
learning models may hold potential for estimating the capacity-based SOHuc of
similar systems solely based on relaxation data.

6.4 Conclusion

This chapter analyzed the second criterion to determine the SOH of a battery,
the internal resistance.

Direct current resistance. The measurements allow for the calculation of the
DCR using the voltage response to a current pulse. This DCR is sensitive to both
temperature and SOC. The results vary significantly between the systems.
SmallLmo systems show high mean DCR increases of 24.6 pp/a for SOCs below
10 % and 15.4 pp/a for high SOCs above 90 %. Mediumnvc and Mediumcep
systems show smaller DCR increases. While Mediumnvc HSSs have a mean
DCR increase of 5.2 pp/a for low SOC values, the mean DCR increase for high
SOCs is 4.4 pp/a. The gradients for Mediumcrp systems are the lowest, with
0.8 pp/a for low SOC values and 1.8 pp/a for high SOC values. Despite the
strong increase in DCRs for SmallLmo systems, the energy fade can still mainly
be attributed to the capacity fade. The DCRs are still relatively low, leading to
little losses, especially due to the low C-rates during operation. The method is
robust as many values can be computed during operation.

Slow diffusion voltage. The SDV shows higher overvoltage with increasing age
for most of the systems. Especially for EOC relaxations, higher overvoltage indi-
cates battery aging, according to literature. In line with this development, the time
constants of the relaxation phases increase. When analyzing short periods of
relaxation behavior, the short-term influence factors must be considered careful-
ly, as especially the C-rate and the edge SOC ranges show highly increased
sensitivity to changing values.

SOHuc estimation. As the relaxation parameters change with system age, ma-
chine learning models can link information about the relaxation components to
the capacity-related SOHuc. A case study on the Small.mo HSSs demonstrates
that the SOHuc can be estimated by a neural regression network. Yet, many
systems are needed to confirm the observations for the small sample size.
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7 Degradation mode estimation

This chapter investigates the underlying degradation modes responsible for the
capacity fade (Chapter 5) and the increase in internal resistance (Chapter 6). It
presents an innovative method to recreate the qOCV curves from field operation.
In addition, it transfers the methods of incremental capacity analysis and differen-
tial voltage analysis to system-level field data. The chapter is based on and con-
tains identical parts of [280] under the lead of the author.

7.1 Overview

A battery's OCV curve describes the relation between SOC and cell voltage at an
open circuit (see Chapter 2.2.3). It enables deducing the SOC from the OCV and
vice versa and is therefore often used as a simple method to estimate the SOC
[86,299,300]. The OCV curve is a characteristic of the active material in both
anode and cathode, the cell balancing, and the temperature [198,301]. As active
material and balancing degrade over the battery lifetime, the OCV curve chang-
es. Tracking the OCV curve is a widespread approach to gaining insights into
aging modes [48,302].

OCV types. Measuring the OCV requires the battery to be in a relaxed state,
excluding all influence of kinetic overvoltage on the measured battery voltage.
Hence, it cannot be measured directly during operation. Two standard tech-
niques to determine OCV curves are low current and incremental OCV meas-
urements [303]. With the focus on investigating the changes in the OCV curves,
most researchers use the low current OCV tests, where the cell voltages are
measured at low C-rates down to C/20 [51-56]. Both approaches require high
measuring precision and controlled temperature conditions and, thus, are usually
conducted under laboratory conditions. The curves approximated in that way are
called quasi-OCV (qOCV) curves. Other publications use higher C-rates, some of
which intend to mimic real-life scenarios, at C-rates between C/3 and 1C
[89,206,304—-309]. The impact of the C-rate on these measurements is investi-
gated in [303] and [310]. Instead of monitoring aging cells repeatedly by these
measurements, the development of OCV curves for artificial scenarios can be
simulated using models based on initial open circuit potentials (OCP) measure-
ments of the electrodes, as shown in [48] and [311].

OCV analysis. Leveraging the power of OCV-curve tracking to analyze field data
would improve SOH estimation and prediction of battery systems by transferring
the detailed knowledge gained in laboratory tests. Only a few publications exist
to this date discussing the creation of OCV curves directly from monitoring field
operation. In [312], EV driving voltage data is transformed into an OCV curve by
selecting voltage measurements at low current rates (< C/20) and mapping them
to an SOC. The resulting curve, however, does not show the level of detail re-
quired for in-depth aging analysis and is exclusively used for battery modelling.
EV charging data can also be used to create incremental capacity (IC) curves
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directly, representing the derivative of OCV curves concerning voltage [227]. The
authors create one curve per charging phase and then use it to estimate the
battery's capacity development and SOH. Other publications present concepts to
create OCV curves from field data without applying actual field data. They use
partial charging data at varying C-rates representing a realistic charging process
to reconstruct the OCV curve using a battery model [58,313] or neural network
[59]. In [314,315], the OCV curve is reconstructed by determining the length of
individual voltage plateaus in the curve from normal charging or discharging
processes. One of the main challenges to overcome when recreating OCV
curves from field data is the high noise level in these measurements, which is
often filtered using Gaussian filtering [55]. The impact of noise and different ap-
proaches to reduce its influence on these measurements are presented in [316].

Once the battery OCV curves are available over the lifetime of an aging battery,
their development can be analyzed directly or by applying the incremental capac-
ity analysis (ICA) or the differential voltage analysis (DVA).

Incremental capacity analysis. The ICA is a method to investigate the deriva-
tion of the OCV curve, which contains information about the electrochemical
properties of the materials and can be analyzed during aging to obtain infor-
mation about their changes [275,304]. By differentiating the capacity toward the
voltage, voltage plateaus of the OCV curve are translated into clearly identifiable
peaks in the IC curve [275,304]. The development of the intensity and position of
these peaks contain information regarding the battery's aging and the underlying
degradation modes [87,275,305]. The IC curve is determined as the deviation of
the charge concerning the voltage [55,275]. Since the OCV curve is often only
available as discrete values, the IC curve is usually computed as the gradient
using Equation (7-1) [281].

dQ _AQ (7-1)
av AV

Differential voltage analysis. The DVA can be used to investigate the utilization
and balancing between the electrodes [70]. Here, the OCV curve is differentiated
concerning SOC using the gradient function in Equation (7-2) [281]. Peaks in the
differential voltage (DV) curve represent transitions between voltage plateaus in
the OCV, and their positions can be used to investigate cathode and anode deg-
radation separately, as well as shifts in the electrode balancing [70,317].

v _av 7-2
aQ~ag (7-2)

Degradation modes. The three commonly investigated degradation modes
(DMs) across the presented literature are loss of lithium inventory (LLI) and loss
of active material of both the anode and cathode (LAMne and LAMpE, respective-

ly) [275]. In the case of blended cathodes, the losses of the different active mate-
rials must be investigated individually [275]. In [48] (laboratory data) and [314]
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(EV charging data), battery models based on initial half-cell measurements are
fitted to the measured OCV curves, quantifying the number of different DMs
inside the battery. Many publications use ICA for aging analyses, with
[89,227,310,316,318-322] focusing on SOH estimation and [54,56,87,219,304—
307,311,323-326] using it as a method to identify DMs in varying scenarios.
Publications using DVA generally investigate electrode degradation and changes
in electrode balancing [51,53,317,327-330]. Since ICA and DVA allow varying
insights into battery aging, they can also be combined to gather additional infor-
mation about DMs, as done in [52,55,206,309,331,332].

Features of interest. A recent addition to these methods is investigating varying
features of interest (FOIs) within the characteristic IC and DV curves and their
correlations with individual DMs. In the case of ICA, FOIs usually are the location
or intensity of specific features like minima or maxima [275]. In the case of DVA,
the distances between different characteristic peaks are usually used as FOls.
Their choice depends on the technology of the investigated battery, which
strongly influences the shape of IC and DV curves [331]. Exemplary studies
examining such correlations of several FOIs in both the IC and DV curves of
different battery chemistries can be found in [275,331]. Appendix, Table 9-6,
contains selected literature on ICA and DVA topics.

Scientific contribution. While many publications focus on ICA, DVA, and the
way DMs can be quantified using them, these findings have not yet been applied
to actual field data to the best of the author's knowledge. Two comparable and
recent publications at the time of writing are presented by Dubarry et al. in [333]
and their extended analysis [334]. In their studies, they apply ICA to synthetic
data of HSS, identify clear sky conditions as suitable for the analysis of charging
curves, and state that there is a lack of field data [333]. With up to eight years of
operational data of HSS in private homes at a high resolution of one second, this
work contributes to recreating the OCV curve from real-world field data
[184,185]. The method developed helps to gain insights into the battery aging of
HSSs in field operation by applying laboratory-proven knowledge to field data
analytics. It can be used by BSS operators, battery analytic companies, and
researchers to analyze problems of battery aging in real-world applications using
existing field data.

Future prediction possibilities. Battery aging is non-linear and complex (see
Chapter 2.2.4). The identified aging modes could serve as a basis for knee-point
prediction, one of the most crucial challenges in battery diagnostics [84]. In addi-
tion, the aging modes can possibly be used to calculate how close a cell is to
lithium plating. This is another major challenge in safety and lifetime predictions.
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7.2 Methodology

The methodology of this work is displayed in Figure 7-1. Based on the SOC
estimation from Chapter 5 and the internal resistance estimation in Chapter 6,
the OCV curves are reconstructed from the field data using several filters and
voltage correction. The obtained qOCV curves are analyzed and used for both
ICA and DVA to determine the occurring degradation modes. This is validated by
literature and the field capacity tests.

Input
Il Pre methods
Core methods
Validation
Voltage correction Il Results

Filters: Charge / discharge direction,
low dynamic current, charge throughput

| !

Degradation modes

Figure 7-1: Structure of Chapter 7 to estimate the qOCV curve and identify the degradation modes
through the incremental capacity analysis and the differential voltage analysis.

7.21 Derivation of the qOCV curves

The algorithm used in this work to derive qOCV curves from field data is based
on detecting low dynamic dis-/charging phases. The voltage and SOC course
can be combined during these phases, resulting in a partial qOCV curve. These
single phases can then be combined to form a complete qOCV curve. In the
following, the individual steps of the algorithm will be presented in detail.

Charge / discharge filter. The qOCV curves are created both for charge and
discharge direction. Following the definition in Chapter 4, a charge phase is
identified by finding periods during which the current sign is strictly positive. In
contrast, the discharge phase current needs to be strictly negative.

Charge throughput filter. The charge throughput filter reduces the charge and
discharge phases to those containing voltage information over a predefined
minimum SOC range. The SOC range covered by an individual phase is deter-
mined by the absolute difference in SOC from the beginning of the phase to the
end of the phase. The limit is set to a percentage value of 5 % of the battery
capacity, resulting in an individual absolute limit for each battery depending on its
size.
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Overvoltage correction. For the overvoltage correction, the internal resistance
from Chapter 6 is used. Figure 7-2, left, shows an exemplary voltage correction
according to Equation (7-3). The voltage correction is not perfect, but it leads to
smoother voltage courses. Many overlaying discharging phases and a subse-
quent Gaussian filter further smooth the obtained OCV curve.

Veorrected (SOC, T) = Vyqar (£) — Ipae (t) - DCR(SOC, T) (7-3)

Dynamics filter. The overvoltage correction does not work perfectly for all pos-
sible operational behavior. A dynamics filter is implemented to avoid ripples in
the qOCV curve caused by high-dynamic operation (see Figure 7-2, right). The
dynamic is the absolute short-term change in current, which can be directly de-
termined from the measurement data. By setting an upper limit of 10 % of the
C-rate to this dynamic, the data can be reduced to periods consisting of low-
dynamic data only. These periods can then be separated into charge and dis-
charging phases.
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Figure 7-2: Left: Exemplary overvoltage correction (top) for the shown current profile (bottom). The
corrected voltage is quite smooth, especially for low-dynamic phases. Right: Identified low-dynamic
current phases represent partial qOCV curves.

7211 Creating partial gOCV curves

A detected low-dynamic phase represents a partial qOCV curve on its own if the
corrected voltage is plotted against the SOC. Combining many of these partial
gOCV curves leads to an overall qOCV curve for the whole cell, which can be
updated continuously. Figure 7-3 (left) visualizes this process for a limited num-
ber of exemplary discharge phases. Sometimes, SOC errors occur, leading to a
horizontal deferral of single identified phases. In this case, the SOC values are
shifted horizontally to the mean value of all partial qOCV curves. This way, the
voltage course is maintained as only the SOC values are adjusted.
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The resulting qOCV curves from individual operational phases cover different
SOC and voltage ranges. The overall gOCV curve is computed by taking the
mean SOC of all available phases at small voltage steps, resulting in a high-
resolution qOCV curve (see Figure 7-3 (right)). The qOCV curves are created
separately from the discharging or charging phases to account for overvoltage
and hysteresis effects. The actual OCV curve of the battery lies between the
charge and discharge qOCV curves.
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Figure 7-3: Left: Combination of partial qOCV curves from low-dynamic discharge current phases.

Their mean is taken as the estimated qOCV curve of a specific period. Right: Resulting qOCV curves
for charge and discharge.

The discharge phases show lower dynamics and lower C-rates (see Figure 4-3
and Figure 7-2) than the charge phases, which lead to higher-quality qOCV
curves. Thus, only the discharging qOCV curves are used from here on. Howev-
er, acceptable results can be obtained from the charge phases as well.

The investigations performed on the qOCV curves are focused on analyzing
aging behavior. For this reason, the data is split into periods so that independent
continuous qOCV curves are created for each of them. Depending on the data
quality and operation of the system, a different minimum period is required to
acquire enough phases to create a qOCV curve. To illustrate the methodology,
the continuous qOCV curves in this work are created yearly. Note that this inter-
val could be shorter, and sometimes, a month is enough to recreate a qOCV
curve using this methodology if the analyzed HSS is cycled regularly.
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7.2.2  Application of ICA and DVA

To analyze the qOCV curves’ characteristics, both the incremental capacity ana-
lysis (ICA) and differential voltage analysis (DVA) are applied. The IC and DV
curves are obtained by numerically differentiating the continuous qOCV curve
concerning the voltage and SOC using Equation (7-1) and (7-2). Before deter-
mining the derivative, the curve is slightly smoothed using a Gaussian filter,
which has been proven to be a good method according to literature [55,275].
This smoothing is required since the investigated features, such as voltage pla-
teaus in the qOCV curve, are quite sensitive to noise and trembling [55,275]. The
analyses performed on the IC and DV curves are based on various studies avail-
able in literature, depending on the battery chemistry.

7.2.3 Selection of features of interest

To determine the contribution of different DMs to battery aging, features of inter-
est (FOIs) are selected from literature, for which a correlation between their de-
velopment and specific DMs could be determined. These are then tracked by
identifying the corresponding extrema in specified voltage ranges. Since different
chemistries show different characteristic features in their IC and DV curves, FOls
are chosen individually for each technology. While selected ICA FOls are mainly
based on [275], DVA FOls are selected from various sources.

LMO/NMC. The FOls for SmallLmo systems are marked in Figure 7-4 and based
on [53,275,317,330,331,335,336].
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Figure 7-4: Individual FOIs for ICA (left) and DVA (right) for LMO/NMC. Figure created with data from
Dubarry and Ansean [337] (used under CC BY 4.0 [23]) and inspired by Dubarry and Ansean [275].
Data smoothed with Gaussian filter. FOls selected from literature as presented in the text.

FOI 1 tracks the first peak and shows correlations with LLI and LAMpe through a
decrease in intensity and a shift to higher voltages [275]. FOI 2 mainly correlates
with LLI but can also indicate LAMne and LAMpEe [275].
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FOI 3 correlates with LLI and tends to shift to higher voltage with increasing
aging [275]. FOI 4 correlates with LLI, LAMnge, and LAMepe and typically decreas-
es in intensity [275]. FOI 5 and 6 mark the distances of the characteristic peaks
in the DVA, where FOI5 measures the distance of the graphite peaks
[330,335,336], and FOI 6 measures the distance of a cathode feature toward the
fully charged state [335,336]. A loss of anode capacity due to LAMNe causes a
decreasing distance in FOI 5, while LAMpe reduces the distance measured by
FOI 6.

NMC. Figure 7-5 shows the FOls chosen for NMC systems based on
[63,275,306,307,330].
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Figure 7-5: Individual FOlIs ICA (left) and DVA (right) for NMC. Figure created with data from Dubarry
and Ansean [337] (used under CC BY 4.0 [23]) and inspired by Dubarry and Ansean [275]. Data
smoothed with Gaussian filter. FOls selected from literature as presented in the text.

o

FOI 1 is the first peak in the IC, and its increase correlates with LLI [275,307].
FOI 2 tracks the main peak whose intensity decrease correlates with LLI, and
LAMepE [275,307]. FOI 3 can be attributed to LLI [275,306]. FOI 4 is the beginning
of the falling edge and can be attributed to LLI and LAMpe when decreasing
[275]. The DVA is used for LAMne quantification. FOI 5 measures the distance
between the two peaks at approximately 10 % and 70 % SOC [330]. Since
LAMNnEe causes a shift of the higher graphite peak toward lower voltages, it corre-
lates negatively with FOI 5 [330].

LFP. The choice of FOIs and their correlations with DMs for LFP systems are
based on [275,330,331]. Figure 7-6 shows the course of IC and DV. Typically,
the area underneath LFP IC is used to analyze the degradation modes [275].
However, as the qOCV curves are not comparable to laboratory measurements,
noise in the curve has a major impact on the areas obtained and did not lead to
usable results.
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Figure 7-6: Individual FOIs (ICA and DVA) for LFP. Figure created with data from Dubarry and
Ansean [337] (used under CC BY 4.0 [23]) and inspired by Dubarry and Ansean [275]. Data
smoothed with Gaussian filter. FOls selected from literature as presented in the text.

o

This is why the tracking of peaks is chosen instead, which is also applied in liter-
ature. FOI 1 tracks the first peak, which is sensitive to LLI and LAMpe [275]. The
decrease of the highest peak (FOI 2) correlates with LLI, LAMpe and LAMNEe.
[275]. FOI 3 indicates LLI by decreasing [275]. FOI 4 and FOI 5 are anode fea-
tures indicating LAMne and LLI, respectively [330,331].

Correlation of FOI and SOH. The tracked change in FOI intensity, position, and
distance is correlated with the SOHuc values from Chapter 5 to investigate a
possible relationship between capacity fade and FOI shift. In this context, the so-
called “p-values” are calculated. In correlation analysis, the p-value is a statistical
metric that helps assess the significance of the observed correlation coefficient
between two variables [338]. It quantifies the probability of obtaining a similar
correlation as the one observed in the data, assuming no true correlation exists.
A low p-value of typically less than 0.05 indicates that the correlation is statisti-
cally significant, suggesting that the relationship between the variables is not due
to random chance [338]. In contrast, a high p-value indicates that the observed
correlation could have occurred by chance alone and is not statistically signifi-
cant [338]. Thus, the p-values are used to make informed decisions about the
strength and validity of correlations.

Validation through capacity tests. Appendix, Figure 9-16, shows that the con-
ducted field capacity tests can be used to validate the obtained qOCV, IC, and
DV curves. However, ICA and DVA are quite sensitive to small noise in meas-
urement data and the qOCV curve obtained through the presented method in
this chapter is considered more reliable than the field capacity tests.
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7.3 Results and discussion

This chapter analyzes the degradation modes responsible for the capacity fade
(Chapter 5) and the increase in internal resistance (Chapter 6). It discusses the
development of the reconstructed qOCV discharge curves using ICA and DVA.
After a single-system discussion, the tracked FOls for all systems are presented.
For simplification, this chapter uses qOCV discharge curves and OCV curves as
synonyms.

7.3.1 Single system analysis

This chapter discusses the OCV, DVA, and ICA results of exemplary SmallLmo,
Mediumnmc, and Mediumirp systems.

7.3.11 LMO/NMC blend

OCV. Figure 7-7 shows the OCV curves of an exemplary SmallLvo system over
seven years. The LMO/NMC OCV curve shows the characteristic of an approxi-
mately linear voltage increase with a steeper beginning. To illustrate the capacity
fade, this chapter normalizes the charge by the nominal capacity, which is why
OCV values of aged systems do not reach 100 % SOCnominal.
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Figure 7-7: LMO/NMC OCYV of an exemplary Small.mo system. Values normalized by nominal capacity.
Note that the Smalluvo systems lower their EOD voltage, leading to different voltage values for the
same SOC.

With ongoing aging, the curves show a horizontal shift to lower SOC values as
the remaining capacity decreases. The capacity fade is quantified by the diff-
erence of the SOC from year one to year seven at the EOC charge voltage of
4.15 V. This capacity decrease amounts to 17 % over the measurement period,
which aligns with the results from Chapter 5.
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The voltage at low SOC values decreases from about 3.4 V to 3.3 V. This effect
is not due to aging and can be attributed to the decrease of EOD voltage con-
trolled by the BMS (see Chapter 4.2.4). It leads to a slight shift of the OCV
curves, showing the gain in capacity due to EOD voltage reduction.

ICA. Figure 7-8 shows the determined IC curves of the same Small.vo system
over the monitored period.
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Figure 7-8: LMO/NMC ICA of an exemplary Smallivo system. All peaks presented in literature are
observable.

FOI 1 is identifiable and shows a shift toward higher voltages from 3.5V to
3.55 V and a decrease in intensity from 225 %Q/V to 150 %Q/V. The shift corres-
ponds to capacity loss, indicating LLI, a rise in internal resistance, and possibly
LAMeEe [275,323,336]. These results are in line with the analysis done in Chap-
ter 5 and 6. The intensity of FOI 2 is declining over time, which can be attributed
mainly to LLI [275,336]. FOI 3 shifts to higher voltages, confirming the occur-
rence of LLI and possibly indicating LAMne [275,336]. In addition, the intensity
decrease of FOI 4 could support the presence of LAMpe [275,336]. Overall, LLI
seems to be the dominant DM based on the ICA conducted.
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DVA. Figure 7-9 depicts the determined DV curves of the same Small.vmo sys-
tem. The steep rise at both ends of the DV represents the fully charged and
discharged state. The LMO/NMC DV curve shows characteristic peaks resulting
from the underlying electrode DVs [335,336]. The peak starting at around 65 %
to 70 % SOC represents the transition from the medium to the low voltage plat-
eau of the anode potential [335,336]. The peak at middle SOCs results from the
cathode potential and allows conclusions about the cathode state [335,336].
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Figure 7-9: LMO/NMC DVA of an exemplary Smalluvo system. Values normalized by nominal capacity.
All peaks presented in literature are observable.

FOI 5 is the distance from the graphite peak at around 65 % to the first peak at
10 % to 20 % SOC. It is slightly reduced, indicating a decreasing storage capabil-
ity of the anode in the form of LAMne [335,336]. In absolute SOC, this distance is
reduced by 3.5 % SOC within the monitored period. The cathode feature, repre-
sented by FOI 6, would indicate LAMpe if the distance decreased between the
peak around 45 % SOC and the steep DV at the fully charged state [335,336].
However, the 45 % SOC peak changes in shape and becomes difficult to track.
The assumed distance stays approximately constant and does not lead to clear
findings. The capacity loss of the individual electrodes does not correspond to
the loss of battery capacity since the electrodes usually have excess active ma-
terial, especially on the anode side [48]. Rather, the loss of capacity can be at-
tributed to the loss of cyclable lithium (LLI) which can be observed as a shift of
the anode and cathode related DVA peaks toward each other. Overall, the DVA
supports the assumption originating from the ICA that LLI is the dominant DM.

For easier FOI tracking, Figure 7-10 summarizes the results discussed above.
The shown trends are computed for every HSS and discussed in Chapter 7.3.2.
It shows the average change of each FOI per year relative to its initial value.
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Figure 7-10: LMO/NMC FOI development of an exemplary Small.vo system for intensity and position of
ICA and delta of DVA.

73.1.2 NMC

OCV. Figure 7-11 shows the OCV of an exemplary Mediumnmc system over
seven years. The NMC OCV curve has a voltage increase over its SOC range
that can generally be divided into three parts. These parts have different voltage
gradients (below 20 % SOC, between 20 % and 50 % SOC, and above 50 %
SOC).
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Figure 7-11: NMC OCYV of an exemplary Mediumnvc system. Year six is missing due to measurement
problems. Values normalized by nominal capacity.
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During aging, the capacity fade is observed by a horizontal shift of the curves
toward lower SOC values. This capacity fade amounts to approximately 15 %
and matches the results presented in Chapter 5. Consequently, the initial voltage
slope becomes steeper, shifting the transition between parts two and three to
lower SOC values. Additionally, this transition shows a change in curvature.

ICA. Figure 7-12 shows the ICA results for the same Mediumnvc system. The
NMC IC curves show the three peaks observed in literature (see Chapter 7.2.3).
FOI 1 is at around 3.45 V, near the EOD voltage. The second one has a wide
and high course, around 3.6 V, representing the flat area of its OCV curve at
lower SOCs. The third peak can be seen at higher voltages, at more than 3.8 V.
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Figure 7-12: NMC ICA of an exemplary Mediumnmc system. Year six is missing as no data is available
due to measurement problems. All peaks presented in literature are observable.

FOI 1 shifts toward higher voltages (position) and higher ICs (intensity), indicat-
ing LLI [275,306]. FOI 2, the main peak, decreases in intensity from 380 %Q/V to
300 %Q/V, which supports occurring LLI [275,306,307] and could also indicate
LAMpe [275]. The intensity decrease of FOI 3 at higher voltages supports the
occurrence of LLI [275,306,307]. FOI 4 is decreasing due to occurring LLI and
possibly LAMpe [275]. Based on the ICA, LLI is considered the dominant DM for
the system.

DVA. Figure 7-13 shows the DV curves of the same NMC system. The SOC
edges are represented by sharply inclining DV curves. The NMC DV consists of
a large valley over a wide SOC range, with two characteristic peaks at its sides.
These characteristics mainly originate from the graphite anode since the phase
transition of the NMC cathode is not reached within the voltage range [70,199].
Therefore, the distance between the two characteristic peaks indicates the sto-
rage capability of the anode [70] and is defined as FOI 5. With increasing age,
this distance gets smaller, indicating LAMNE.
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Figure 7-13: NMC DVA of an exemplary Mediumnmc system. Year six is missing as no data is available
due to measurement problems. Values normalized by assumed nominal capacity. All peaks presented
in literature are observable.

Additionally, the distance of the steep rise in DV at the fully charged state of the
battery to the peak at low SOCs indicates LLI [330]. As a result, the capacity
decreases by 15 % absolute SOH, equal to an average capacity loss of 2.5 pp/a.
Furthermore, the decreasing distance between the high edge of the DV curve
and the high SOC peak reveals a shift in the electrode balancing [70].

FOls. Figure 7-14 summarizes the development of the discussed FOls. It shows
the average change of each FOI per year relative to its initial value. The shown
trends are computed for every HSS and discussed in Chapter 7.3.2.
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Figure 7-14: NMC FOI development of an exemplary NMC system for intensity and position of ICA and
delta of DVA. The position of FOI 4 is not tracked as it is set constant according to literature.
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7313 LFP

OCV. The LFP OCV shows a flat course over most of the SOC range, with
steeper voltage gradients toward the start and end.

3.35
>
c 33r
()
S3.25¢
E
Z 3.2f
8 p
5 315" f§ —2a
c 3a
S |
S 31} 4a
o — 5 g

305 1 1 1 1 1 1 1 1 1 ]

0 10 20 30 40 50 60 70 80 90 100

SOCN - in%
ominal

Figure 7-15: LFP OCV of an exemplary Mediumcrr system. The measurements started one year after
HSS installation and ended after four years in 2022. Values normalized by nominal capacity.

Overall, the LFP curve shows subtle changes over time. With ongoing aging, the
curves slightly drop in voltage, following each other closely. Additionally, a small
change in curvature can be identified at the beginning and end of the OCV.

ICA. Figure 7-16 shows the resulting ICA for the same Mediumcrp system. The
curve shows three peaks, one below 3.2 V, a large one below 3.3 V, and one
above 3.3 V. FOI 1 does not show clear changes, and no conclusion can be
drawn. The main peak (FOI 2) results from the large flat voltage plateau, which
can be seen in the OCV curve. It possibly shows a slight decrease in intensity,
which could indicate LLI, LAMng, or LAMpe [331] but its change in the figure is
not considered clear. FOI 3 shows a decline in intensity, which symbolizes LLI
[275].
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Figure 7-16: LFP ICA of an exemplary Mediumirr system. The measurements started one year after
HSS installation and ended after four years in 2022. All peaks presented in literature are observable.

DVA. Figure 7-17 presents the DV curves obtained from the same Mediumcrp

system. It consists of two main peaks, one at lower SOC and the other at higher
SOC.
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Figure 7-17: LFP DVA of an exemplary Medium.rp system. The measurements started one year
after HSS installation and ended after four years in 2022. Values normalized by nominal
capacity. All peaks presented in literature are observable.
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The LFP cathode itself does not have clear features in the DV curve due to its
flat open circuit potential (OCP) curve [330]. Therefore, the shape and character-
istics seen in the DVA originate mainly from the graphite anode, and the distance
between its characteristic peaks allows direct conclusions about its capacity
content [339]. The distance of the two peaks represented by FOI 4 stays approx-
imately constant. As reported in literature [339,340], this is a sign of little to no
LAMne occurring. FOI 5 possibly indicates LLI as the peak's distance to the steep
rise at the EOC voltage slightly decreases.

FOls. Figure 7-18 summarizes the results discussed. It shows the average
change of each FOI per year relative to its initial value. The shown trends are
computed for every HSS and discussed in Chapter 7.3.2.
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Figure 7-18: LFP FOI development of an exemplary Mediumcre system for intensity and position of ICA
and distance of DVA.

7.3.2  Aggregated analysis

In this chapter, the FOIs of the single systems are aggregated to identify aging
trends and degradation modes that occur across systems. The normalization of
the position is done through the voltage range of the whole cell and the intensity
through the maximum intensity of the overall IC. The normalization of the dis-
tance between peaks or edges of the DV is done through the SOC range of
100 %.
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LMO/NMC. Figure 7-19 depicts the aggregated results of the Small.mo FOI track-
ing. It shows the average change of each FOI per year to its initial value. In gen-
eral, the trends across the systems are comparable.

ICA DVA
5: LAM
LLI, LLI LLI LAMpe : N2
(LAMpe) (LAMe) 6: No DM with

distance rise

S Sa et ~a |

4_
2r T
T - - T e L, =
&0 =
% +
a T
£ 2r
o _
% -4r ' Ml |CA intensity
< L ICA position
© 6 1 i DVA delta
8k — Median
+ @® Mean
-10 I I I I ! I 1 I
1 2 3 4 5 6
FOI

Figure 7-19: FOI tracking results of LMO/NMC systems. The observed main degradation modes are
written on top of the table. The arrows symbolize the shift of the corresponding FOI. The boxes contain
the FOI gradients of the HSSs.

The Smallmo systems show predominately LLI, while LAM~e and LAMpe could
also occur in notably lower quantity. The detection of LLI is supported through
three FOls: the shift from FOI 1 and FOI 2 to lower intensities and higher voltag-
es, and the shift of FOI 3 to higher voltages. Concerning the anode, small
amounts of LAMne may be detected through FOI 3 and the distance shrink of
FOI 5. Regarding the cathode, the development of FOI 1 and FOI 4 to a lower
intensity could indicate LAMpe. However, FOI 6 leads to the assumption that
LAMeE is likely not prominent, but the FOI becomes challenging to track.

In the following, the individual FOI shifts of all SmallLmo systems are correlated
with their respective SOHuc (Table 7-1). In addition to the correlation coefficient,
the corresponding p-values are shown, representing the probability of the esti-
mated correlation being random. In the case of SmallLmo systems, all p-values
except for FOI 3’s intensity are smaller than 0.05, showing high confidence in the
correlation coefficients. Using these, the highest correlation with SOH develop-
ment can be seen for FOI 1 (intensity: 0.91, position: -0.95). FOI 2 strongly corre-
lates with SOH, especially its intensity (0.91).
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Table 7-1: Correlations of LMO FOls with SOH development.

FoI 1 2 3 4 5 6
Tracking Int Pos Int Pos Int Pos Int Pos Dist Dist
Correlation | (41 | 095 | 091 | -078 |-003 | -0.80 | 0.85 | -0.74 | 034 |-0.42
SOHuc

p-value <0.05 | <0.05 | <005 | <005 | 0.85 | <0.05 |<0.05|<0.05 |<0.05 |<0.05

Overall, FOI 1 to FOI 3 depict a significant correlation of LLI with SOH. FOI 4
also suggests a correlation between LAMpe and SOH. FOI 5 and FOI 6 do not
show a high correlation with SOH.

NMC. Figure 7-20 shows the accumulated trends of the FOIs across the Medi-
umnmc systems. Overall, LLI is considered dominant, while LAMne and LAMpe
could slightly be present for some systems.
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Figure 7-20: FOI tracking results of NMC systems. The observed main degradation modes are written
on top of the table. The arrows symbolize the shift of the corresponding FOI. The boxes contain the FOI
gradients of the HSSs.

The increase in intensity of FOI 1 and the decrease of FOI 2, FOI 3, and FOI 4
are associated with LLI and observable for most systems. LAMne is assumed for
some systems through a shrinking distance tracked by FOI 5. However, FOI 5 is
not uniform for all systems because positive and negative values exist. Further-
more, FOI 2 and FOI 4 are also sensitive to LAMpe. However, this DM is not
supported by other FOls.
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Table 7-2 presents the correlations and p-values. FOI 1, 2, and 3 show high
confidence in their correlation coefficient with p-values below 0.05. From these,
FOI 3 shows the highest correlation of 0.75 with SOH development, suggesting
LLI is the driving factor for capacity loss in the Mediumnmc systems.

Table 7-2: Correlations of NMC FOls with SOH development.

FoI 1 2 3 4 5
Tracking Int Pos Int Pos Int Pos Int Dist
Correlation |, ;, -0.61 0.60 0.29 0.75 -0.72 0.25 0.35
SOHuc

p-value 058 | <005 | <005 | 010 | <005 | <0.05 0.20 0.09

LFP. Figure 7-21 illustrates the aggregated FOI trends of LFP systems. The only
FOls that show clear trends are FOI 3 (decreasing intensity) and FOI 5 (decreas-
ing distance), both indicating LLI as the dominant DM across systems.
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Figure 7-21: FOI tracking results of LFP systems. The observed main degradation modes are written on
top of the table. The arrows symbolize the shift of the corresponding FOI. The boxes contain the FOI
gradients of the HSSs.

FOI 1 does not show clear trends. Depending on the systems, FOI 2 shows both
increases and decreases in intensity and does not lead to general conclusions.
Some systems possibly show LAMNe through a shrinking distance of FOI 4,
although no general trends are observable for this FOI.
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Table 7-3 shows the correlations and p-values that could be detected across the
LFP systems. Only the correlation between FOI 5 and SOH has a p-value which
is less than 0.05, supporting the occurrence of LLI. Nevertheless, the correlation
between FOI 5 and SOH is only moderate with a correlation coefficient of 0.64.
The p-value of FOI 3 is close to 0.05, making it a possible indicator for LLI.

Table 7-3: Correlations of LFP FOIs with SOH development.

FoI 1 2 3 4 5
Tracking Int Pos Int Pos Int Pos Dist Dist
Correlation | = 44 -0.43 0.22 028 | 044 | 006 -0.29 0.64
SOHuc

p-value 0.10 0.14 0.29 0.18 | 0.06 | 082 0.12 <0.05

7.4 Conclusion

Creating qOCV curves. This chapter has identified the degradation modes
responsible for the capacity loss and the increase in internal resistance. The
developed innovative method first reconstructs the qOCV curves. For this pur-
pose, partial low-dynamic operational phases such as clear sky conditions during
charging or steady overnight supply of household are combined. Both operation-
al modes show reasonable results, although the resulting curves from the dis-
charging phases show higher accuracy than those from the charging phases.
The low-power discharge phases can predominantly explain this.

Applying ICA and DVA. After reconstructing the annual gqOCV curves, the evo-
lution of the curves over time is analyzed. Purely from the qOCV curves, it can
already be seen that the capacity is decreasing. The methods of incremental
capacity analysis and differential voltage analysis are applied for detailed investi-
gation. Here, features of interest derived from literature enable to identify peaks
and distances in the derived curves. The shift of these FOIs can be used to iden-
tify the degradation modes. For all technologies studied (LMO/NMC, NMC, LFP),
the same FOls can be obtained from the field data as described in literature.

Evaluating degradation modes. For the Smallmo systems, the degradation
mode LLI is dominant, while LAMne and LAMpe could also be present in lower
quantity for some systems. In addition, the evaluations confirm an increase in
internal resistance. For the Mediumnuc systems, LLI shows the strongest corre-
lation with SOH development, and the analyses still indicate possible correlations
between SOH and both LAMne and LAMpe. For the Mediumcrr systems, the
method does not reach high certainty across systems, even though the results
indicate that the occurrence of LLI is most likely. The less accurate LFP analysis
is probably due to slightly inaccurate SOC and OCV estimates due to its flat
voltage curve. Although the FOIs presented in literature are obtained, the accu-
racy combined with the curves' smoothing makes it challenging to use the mini-
mal shifts in FOlIs for statistically meaningful identification of correlations between
DMs and SOH development. All in all, the analysis of degradation modes con-
firms the capacity and energy loss quantified in Chapter 5 and the increase in
internal resistance observed in Chapter 6.
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8 Summary and outlook

This chapter summarizes the key findings of the dissertation and gives an out-
look on possibilities to extend the presented work.

8.1 Summary

Battery storage systems are an important element of the energy transition. They
enable the integration of volatile renewable energy generation and stabilize the
energy system. Today, home storage systems (HSSs) represent the largest
amount of grid-connected stationary battery capacity in Germany, a pioneering
storage market. In the context of sustainable raw material use, it is important to
ensure a long operational life. Current warranty periods are about ten years, but
whether these lifetimes can be achieved is questionable and unknown to cus-
tomers. No validated analyses exist to date (year 2024) since most HSSs are
only a few years old. Therefore, the future digital battery passport of the Europe-
an Union [7] requires reliable state of health (SOH) estimation based on field
data.

This dissertation contributes to battery research by developing novel data-driven
diagnostic methods using field data. For this purpose, it analyzes field measure-
ments of 21 HSSs over a measurement period of up to eight years. The dataset
is, to date, unique for a scientific dataset in terms of measurement duration and
sample rate. It consists of about 106 system years represented by 14 billion data
points. Its 146 gigabytes cover three important lithium-ion battery technologies:
lithium iron phosphate (LFP), lithium nickel manganese cobalt oxide (NMC), and
a blend of lithium manganese oxide (LMO) and NMC. The different chemistries
and HSS products present a challenge for method development, which this the-
sis overcomes. The elaborated methods include the SOH estimation in terms of
capacity and energy, the determination of the internal resistance, and the identi-
fication of degradation modes. In addition, important operational parameters are
extracted from the field measurements, and the market development of station-
ary battery storage systems in Germany is reviewed as part of the dissertation.
Most of the current literature focuses either on single-cell laboratory measure-
ments or simulations, while this thesis analyzes system-level field data.

Capacity and energy SOH estimation. The developed SOH estimation auto-
matically detects the electrochemical processes of overvoltage relaxation at low
currents and uses their characteristics for the parameter estimation of a second-
order equivalent circuit battery model. With these parameters, the exact state of
charge at both full charge and full discharge is calculated. These values compute
the remaining capacity, energy, and SOH while analyzing current, voltage, and
temperature. The analyzed storage systems show average decreases in usable
capacity of around two to three percentage points per year. From a technical
perspective, single systems with a higher capacity fade reach their EOL after five
to seven years, defined as 80 % of their nominal capacity. Others still show rea-
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sonable SOH values after the same operational period, indicating a longer life-
time. Nevertheless, the given warranty periods can be reached in most cases by
including aging reserves. Considering that the measured HSSs were from the
first product generation, this is a positive sign for the industry.

Internal resistance estimation. The internal resistance of a battery consists of
different components like ohmic and diffusion resistances. It increases over time
and is the second fundamental criterion for determining battery aging besides
capacity fade. The developed method to estimate the direct current resistance
adopts the system dynamics and automatically identifies characteristic operating
points. The increase of the direct current resistance varies between systems,
with mean values of around one to 25 percentage points per year, depending on
the temperature and SOC range analyzed. Nevertheless, the energy fade is
mainly influenced by the capacity fade, and the internal resistance is only a se-
condary aging parameter in HSSs. One of the reasons for this is probably the low
mean C-rate during operation. Furthermore, the relaxation parameters, such as
the slow diffusion voltage, contain information on the capacity fade, shown using
machine learning methods.

Degradation mode analysis. A battery's open circuit voltage (OCV) curve can
be seen as its electrochemical signature. Its shape and age-related shift provide
information on electrochemical aging processes and material composition on
both electrodes. The developed method reconstructs the OCV curve continuous-
ly over the lifetime of a battery. It innovatively transfers the incremental capacity
analysis and differential voltage analysis, known predominantly from single-cell
analysis in the laboratory environment, to system-level field data. It corrects the
measured voltage during low-dynamic operational phases by the overvoltage
due to the internal resistance. The obtained partial voltage curves during suitable
operational phases, such as the overnight household supply with electricity, are
combined to estimate the overall OCV curve. The change of the obtained OCV
curves over the lifetime allows for determining the occurring degradation modes.
The dominant degradation mode observed is the loss of lithium inventory across
many systems. Additionally, the loss of active material on both anode and cath-
ode can be identified in some case.

Operational metrics. The long measurement period enables the quantification
of key operational metrics, such as the yearly equivalent full cycles (around
200 EFC to 250 EFC) and current distributions (charge with high and discharge
with low C-rates). These parameters are important for product development and
model parametrization and were previously mainly based on simulations.

Market development. The market for grid-connected battery storage is relatively
young and growing rapidly. This leads to a lack of transparent market infor-
mation. Accompanying the market ramp-up, extensive data analyses of self-
gathered and publicly accessible databases are carried out to transparently draw
a picture of the market development in Germany. In total, around seven gigawatt-
hours of stationary battery storage were in operation by the end of 2022, which
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corresponds to almost 20 % of the cumulative energy of the national pumped-
hydro storage power plants, symbolizing the important role of battery storage for
the energy system. The latest numbers for the German market can be seen on
the website www.battery-charts.de and are updated automatically.

8.2 Outlook

This dissertation presents comprehensive knowledge of various aspects of home
storage systems, which can be used for future studies. The industry can use
these methods for demand-oriented maintenance, ensuring a long-lasting opera-
tion of HSSs. Researchers can improve these methods further and use the re-
sults for model parameterization. The extensive dataset was published to help
address the lack of freely available datasets [184,185]. Policymakers can refer to
the comprehensive market analysis to align their objectives with the current state
of battery deployments and use it as a solid planning foundation. The following
topics show promising starting points for research extension.

Scaling to storage population. The methods are designed for a short computa-
tional time. However, analyzing 21 HSSs represents only a fraction of the more
than 100,000 systems operated by single vendors today, and it was already a
challenge to make the methods work for all systems. Therefore, applying the
methods to a whole HSS population would be necessary to recognize which
additional problems can arise. The data resolution for the measured component
(cell, module, system), sample rate, and measurement accuracy also play a
decisive role. Analyzing a large HSS population would also enable statistically
significant correlation with the operating conditions such as C-rate, SOC, and
temperature distributions, which the small HSS number in this thesis did not
allow. In addition, a large dataset would enable lifetime predictions, extending
the SOH analysis done in this thesis.

Use of single-cell data. This dissertation had access to system-level field data
and could already identify relevant parameters such as the remaining usable
capacity, the internal resistance, and the degradation modes. Using module-level
or cell-level data could allow even more detailed analyses of the variation in
aging between the cells of a storage system. Investigation of the cell-to-cell var-
iation should lead to more precise estimations of lifetimes, degradation modes,
and refurbishment measures.

Lifetime and safety. This thesis used linear fits to quantify the aging rates of
capacity, energy, direct current resistance, slow-diffusion voltage, and degrada-
tion modes. Although the general trend is covered well, more advanced fitting
methods could be applied to account for more details. This will become especial-
ly important when the HSSs reach their knee-point, where the linear assumption
is not valid anymore. The shown estimation of degradation modes can be used
to predict non-linear aging mechanisms and can possibly be used for knee-point
prediction. In addition, safety diagnostics could extend the analyses done.
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Laboratory validation. The field capacity tests already serve as validation of the
capacity estimates and of the degradation mode identification. Nevertheless, the
estimations could be confirmed in future laboratory tests and the degradation
mechanisms in post-mortem analyses.

Extended research topics. The large dataset [185] enables a variety of further
research topics, such as operational strategy optimization, energy market partici-
pation modeling, or product improvement and analysis of any kind. Besides new
topics, different methods can also be developed for the same objectives as the
ones of this dissertation.

Standards and norms. Standards are the base for efficient and transparent
battery use. This is why the European battery passport requires SOH estimates
from field data. The presented challenges and solutions could contribute to dis-
cussions about standards and norms.

Transfer to other applications. The method for determining the internal re-
sistance can presumably be applied to all storage types since it uses the operat-
ing data of all SOC ranges. However, the usable capacity estimation method
requires the regular occurrence of EOC and EOD voltage to calculate the capaci-
ty between these voltage limits. While some storage systems in use cases, such
as intraday trading and renewable energy integration, might have a suitable
profile, other storage applications do not show regular full cycles. An EV is usual-
ly not driven until it is empty but regularly fully charged. Storage systems for
frequency containment reserve have an average SOC of around 50 % most of
the time, rarely reaching the voltage limits. Thus, partial voltage ranges would
have to be evaluated in more detail. In addition, a different method for SOC cal-
culation would probably be necessary, which does not require a recalibration
based on relaxation phases. Nevertheless, the proposed SOH method, which
compares the operational data to the OCV curve of a new cell, holds potential for
these applications. It can be used even if the application does not reach EOC or
EOD voltage. Furthermore, the partial open circuit voltage curves could be used
to analyze the degradation modes if the operating range contains the relevant
peaks to track degradation.

Future battery technologies. At the time of writing, three relevant lithium-ion
technologies are covered: LMO, NMC, and LFP. All of which can be analyzed
using the methods presented. LFP, in particular, is gaining market share due to
its low costs. Nevertheless, new promising candidates for the mid-term future are
emerging. Sodium-ion batteries promise possible cost reduction potential at
lower energy density using cheaper raw materials. However, this potential must
be unlocked through successful scaling of the production and proven quality in
field operation. Other technologies, such as solid-state, sodium-sulfur, redox-
flow, and zinc-ion batteries, are also discussed at the moment. New technologies
require new diagnostic algorithms. If this dissertation could inspire future re-
searchers to develop these, | would be grateful.
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9 Appendix

The appendix holds additional information for different main chapters. A short
introduction in each chapter gives orientation on where the parts belong.

9.1 Market analysis

This chapter provides further analyses for Chapter 3. First, the storage markets
are compared with energy size distributions and energy-to-power ratios. In addi-
tion, extended analyses on industrial and large-scale storage systems are de-
picted, as the main part of Chapter 3 focuses on home storage systems in line
with the other parts of the thesis. In addition, a compact literature overview is
presented.

9.1.1 Comparing storage markets
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Figure 9-1: Share of BSS number in energy classes of HSS (left), ISS (middle), and LSS (right) in
Germany based on own analyses of BSS in operation and registered in MASTR DB [135], used
under dl-de/by-2-0 [136].
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Figure 9-2: Energy-to-power ratio (EPR) distribution of stationary battery storage systems in Germany
based on own analyses of BSSs in operation and registered in MASTR DB [135], used under dl-de/by-
2-0 [136]. Only some LSSs of the innovation auctions were commissioned at the end of 2022, which is
why their higher EPR values do not influence the energy-weighted mean to a larger extent.

9.1.2 Industrial storage

4,500 -
I Others
4,000 - Lead-acid
I Lithium-ion
«» 3,000 -
c
kel
K
T
2]
£
[}
@

_
3,500 -
ISEA RWTH Aachen
2,500 [
2,000
1,500 -
1,000 -
500 238
[ 113
4 i3 55 37
0 T I I I I I I I

2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 Sum

Figure 9-3: Estimated number of ISS installations in Germany based on own analyses of MASTR DB
[135], used under dl-de/by-2-0 [136].
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9.1.3 Large-scale storage
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Figure 9-6: Estimated number of LSS installations in Germany based on own analyses of MASTR DB
[135] (used under dI-de/by-2-0 [136]), LSS DB [137] (used under CC BY-NC 3.0 [138]), and further
literature research. “Plan” includes all announced LSS. “Not registered” refers to LSS not yet registered
in MASTR DB.
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Figure 9-7: Estimated LSS battery energy (left) and inverter power (right) in Germany based on own
analyses of MASTR DB [135] (used under dI-de/by-2-0 [136]), LSS DB [137] (used under CC BY-
NC 3.0 [138]), and further literature research. “Plan” includes all announced LSSs for the next 2-3
years. “Not registered” refers to LSSs not yet registered in MASTR DB [135].
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Figure 9-8: BSS energy and inverter power (left) of the first five innovation auction rounds [168] and
the system design (right) of the single BSSs based on MASTR DB [135], used under dl-de/by-2-0
[136]. As of February 2023, 21 BSSs are already in operation, while 84 BSSs are under construc-
tion. All BSSs are either lithium-ion batteries or not specified.

Innovation auctions (see Figure 9-8). The BSS power must be at least one-
third of the RE power. However, the single innovation rounds have differences in
the EPR, ranging from an average of 0.75 h in September 2020 to an average of
2.15 h in April 2021. The reason for this is the changed regulations after the first
round in September 2020. In this first round, it was still debatable whether the
BSSs should have been designed for one hour or 25 min. The one-hour design
is based on the requirements of the transmission system operators for limited
energy storage [341]. However, as the BSSs do not have to reach the minimum
size to participate in the aFRR market as specified in the innovation auctions
regulation, some projects are also designed only to meet the test protocol for
aFRR. The protocol is used to verify two test calls of ten min of full power each,
which requires about 25 min of full power, including buffers [341]. These two
options are clearly shown in the project-specific allocation of BSS in Figure 9-7
(right). Here, most of the registered BSS are distributed along these two options.
A larger EPR of at least two hours was required for the following rounds. Howev-
er, there are still projects following an EPR of one hour, which will probably
change their EPR design to meet the requirements. After high award volumes in
April 2022, there was a sharp drop in the December round in which only one
operator submitted a bid. Again, this was due to a change in regulation. Whereas
a fixed market premium was tendered until April 2022, a flexible market premium
was introduced in December 2022, which reduced the rate of return and led to a
drop in bid submissions.
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9.1.4 Market literature
Table 9-1: Literature overview of BSS market development (written in 2019).
Related Focus Covered Selectefi
Source . . X source infor-
Topic Region period .
mation
Worldwide, Historic:
Installations, single infor- until 2017 DOE,
IRENA [96] Costs, BSS mation on Forecast: until literature
Germany 2030
. Historic: until
:(I)Ei?g;)se:\;aéo[rgn?rnission Installations, Worldwide 2017 DOE,
. Costs, BSS, EV Forecast: until literature
/ European Union)
2040
. Historic:
» | Energy Storage Installations \s/\ﬁ)l;‘ltdggaan until 2014 DOE,
5 | Council [342] HSS, LSS Forecast: until literature
a part
[ 2019
©
5
= | Stenzel et al. ) FZJ LSS data-
% [343,344] LSS Germany Until 2018 base
C
Kairies et al. ISEA HSS
[345,346] HSS Germany 2013-2015 database
Figgener et al. ) ISEA HSS
[8.9,347] HSS Germany Until 2018 database
’ ) ISEA HSS &
Figgener et al. [94] HSS, ISS Germany Until 2018 ISS database
Historic:
Team Consult Installations German until 2018 self-gathered
with BVES [348] HSS, ISS, LSS Y Forecast: until | data
2019
BSW-Solar [349] Installations Germany Until 2018 MASTR
BSW-Solar [350] Fee-based
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Costs, installa-

Historic: 2004-

[359]

tions 2016 DOE, inter-
Schmidt et al. [113] BSS’ EV Worldwide Forecast until views,
electronics 2040 literature
» Installations . DOE,
S | Malhotra et al. [112] BSS, applica- | \/orldwide Until 2015 self-added
§ tion projects
e Lifecycle costs .
2 | Battke et al. [111] BSS, applica- | Worldwide Until 2012 \[/)igvlvzé e e
B tions ’
= istoric:
.g Costs, installa- Erﬁlozngm DOE, literature,
o | Muller et al. [114] tions, applica- Worldwide Forecast: self-gathered
g tions until 2025 data
i - -
Tan et al. [351] Installations, | Worldwide, Until 2016 DOE (assumed)
applications focus China
Installations DOE, India
Rohit et al. [116] L India Until 2017 Energy Storage
applications Database
Kairies et al. [91] HSS Germany 2013-2017 szg):sis
EuPD Research [119]
Macrom [120]
IHS Markit [121]
BNEF [122] Fee-based
« | AVICENNE Energy (sometimes extracts available such as [101,123-125];
5 | [354,355]
9]
= | Navigant [356,357] see also other free consultant news like McKinsey [352] or BCG [353])
8 | GTM Research/ESA
2 | [358]
C
8 Total Battery Consulting

LAZARD [126]

Levelized
Costs, HSS,
ISS, LSS,
applications

Worldwide,
single infor-
mation on
Germany

Historic: until
2018
Forecast: until
2038

self-gathered
data, literature
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9.2 Dataset

This chapter supplements Chapter 4 and gives additional information on the
HSSs’ metadata.

Table 9-2: Meta information on the measured HSSs.

Warranty
D Capacity in Ah Voltage in V Energy in kWh condition Inverter
(nominal) (nominal) (nominal) Energy in kWh power in kW
(datasheet)
1 15 146.7 2.2 2.0 2.0
2 15 146.7 2.2 2.0 2.0
3 15 146.7 2.2 2.0 2.0
4 15 146.7 2.2 2.0 2.0
5 15 146.7 2.2 2.0 2.0
6 15 146.7 2.2 2.0 2.0
7 180 48.1 8.7 8.5 3.0
8 188 46.8 8.8 8.5 3.0
9 180 48.1 8.7 8.5 3.0
10 188 46.8 8.8 8.5 3.0
11 172 50.4 8.6 7.5 2.5
12 229 50.4 11.5 10.0 2.5
13 189 51.8 9.8 8.8 5.0
14 158 51.2 8.1 8.0 33
15 195 51.2 10.0 10.0 33
16 158 51.2 8.1 8.0 33
17 158 51.2 8.1 8.0 33
18 158 51.2 8.1 8.0 33
19 200 46 9.2 7.0 3.0
20 200 46 9.2 7.0 3.0
21 300 46 13.8 10.5 35
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9.3 Capacity estimation

This chapter provides additional information on the capacity, energy, and SOH
estimation elaborated in Chapter 5.

9.3.1 Relaxation

The following information supplements the fitting of the battery model and relaxa-
tion parameters of Chapter 5.2.2.

Fitting boundaries. Using the time constants discussed in Chapter 5.2.2, the
permissible interval for both time constants of the second-order ECM is stipulat-
ed to fall within a duration of less than sixty minutes (see Table 9-3). The range
is wider than the established numerical figures found in literature. This choice is
made to preempt any artificial imposition on the fitting process, ensuring its ap-
plicability across diverse battery technologies and operational scenarios, even as
the battery ages. Nevertheless, the fitting algorithm maintains the condition that
Tfase IS iNvariably smaller than zg,,,, aligning with the fundamental definitions.

Table 9-3: Identification restrictions.

Variable Relaxation after charging | Relaxation after discharging
. min 0
in sec
Frast max 3600
T in sec min 0
slow max 3600
. min 0 -inf
14 inV
fast max inf 0
. min 0 -inf
Vstow In V max inf 0
. min -inf Vierax (end)
VocvinV max Vyerax(end) inf
Starting point:
[V fase Tase Vstow: Tstowl Vrastresiauar sier Tfast resiqual fit’ Vstowocy siwr Tstowocy fit]

Non-transient effects. The voltage constantly decreases over time as the bat-
tery supplies the BMS through small discharge currents. This discharge is con-
sidered approximately linear within a certain SOC range. The data from long
relaxation phases is used to construct a database to account for this effect. The
database operates as a k-nearest-neighbor model, consisting of one neighbor
(1-NN). This approach involves anticipating an unclassified sample's category
based on the established classifications of neighboring samples [360]. The 1-NN
model is trained at a system level. Based on the operational data as the input,
the output is the gradient of the non-transient fitting. This gradient is subtracted
from the measured voltage to correct it. Further insights into the k-nearest-
neighbor methodology are presented in [360] and [361].
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Residual Fit. Figure 9-9 represents this fitting procedure, specifically for relaxa-
tion after discharging, showing the OCYV fit (top) and the residual fit (bottom).
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Figure 9-9. OCV fit (top) and residual fit (bottom) to estimate the starting points of the final second-
order ECM fit. The residual voltage is the difference between the measured voltage and the OCV fit
from the upper plot.
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Figure 9-10: Fitting RMSE for first-order (RC 1) and second-order (RC 2) ECMs for EOD and EOC
relaxations of all systems. The second-order ECM has a higher accuracy than the first-order ECM
(also valid for each single system), which is why it was used in this thesis. Outliers are not displayed.

144



9 APPENDIX

I 3 min 10 min [ 30 min [ 120 min 240 min  @® mean
5 min M 15 min [ 60 min 180 min —— median
1_ 1 bl T
o EOD relaxation | H' I |;I:I|
308} - i L e I g
> IR ' ! i
3 gl ! o I' 1 ¥
06 ||'i||| I{|| N || Iy | !
T ||I, il || ‘ |I ||| || ||‘
go.4l|,|||||| '1 . ||| i -|
5 |,I|I |' I'| |
¢‘ I ‘ L
0 1 1 11111 e i*ii “ 1| i 111 ihh I,
fast Ttast slow Tslow RMSE R
Fitting parameters
B 3 min 10 min [l 30 min 77 120 min 240 min @ mean
[ 5min -15 min [ 60 min 180 min —— median
° o 'EoC relaxatlon” M IR
] Il |.9 RNENT | P
038 I | | | 1| oo
> 1
2ok | | I ! Il
N I | I
2 0 i | g
s ! | |I|\ ||||||l i I IH
Z45 ||||||||| nl ‘ il .
vm fisid
oL i:-a LS bt 111111
f \ RMSE R2
ast Ttast slow Tslow

Fitting parameters

Figure 9-11: Impact of relaxation duration on relaxation parameters after discharge (top) and charge

ottom). The value ranges are scaled from 0 % to 6.
bott Th I led from 0 % to 100 %

145



9 APPENDIX

9.3.2 Field capacity tests

Figure 9-12 depicts the results of the field capacity tests. Each dot represents
one test. The values are normalized to the energy taken from module information
(left) and to values stated in the datasheet (right). The SOHue values are normal-
ized to assumed usable energy values based on module labels, operational
analysis, and further research. To show the influence of normalization, the
SOHwarranty values are normalized to datasheet information, typically stated lower
as they include an aging reserve and are subject to warranty conditions. Howev-
er, the stated usable energy does typically not reflect the “real” usable energy for
operation. This corresponds rather to the stated nominal energy (but not always).
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Figure 9-12: SOHue (left) and SOHwarranty (right) based on field capacity tests. Results are shown ac-
cording to system age (top) and to equivalent full cycles (bottom).
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9.3.3 State of health

Figure 9-13 shows additional results for the methods shown in Chapter 5.2.3.
The Mediumnmc system is an example that does not work very accurately (but
other Mediumnmc systems show higher confidence). The Medium_rp system is a
good example of LFP diagnostics. Both systems were chosen as there were
enough capacity tests for validation.

Data availability
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Figure 9-13: SOHuc results of an exemplary Mediumnmc system (top) and a Mediumcre system (bottom).
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Figure 9-14: SOH gradients for capacity (SOHcocv) and energy (SOHeocv) per year.
Left: Current and power integration between any two relaxation points. Right: Current and power
integration only between EOC and EOD voltages. Difference: Small OCV differences lead to higher
inaccuracy and explain the difference. The results for Small.mo and Mediumnwc HSSs are comparable
to the estimation of the SOHuc and SOHue in Chapter 5.2.3. However, for Mediumirp systems, the
estimations are worse due to the flat OCV curve and the quality of the gathered OCV curve.
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Figure 9-15: SOC estimation with EOD relaxation reset points and offset current correction.
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9.3.4

Literature capacity estimation

Table 9-4: Literature overview on field capacity tests.

Source Application Type Conditions Results capacity loss
PV + BSS C/5 constant
[215] (LIB & vanadium Field power discharge -3.7 %lyear
redox flow) (monthly)
Cell voltages at
AR -2.5 %lyear
[218] %‘g;“"ty Field :?::gnfqm;ﬁ?o (-7 % after 1000 days
ooV cur?/e & >5000 cycles)
Cell voltages at
end of full cycle
Grid utilit are compared to Modules:
[219] (LTO) y Field OCV curve and 5-10 % (7yrs)
50 kW slow charge | BESS: 15 % (7yrs)
and discharge
(P/6.5)
Fully charged and o - .
[222] HSS Laboratory | then 55 W dis- 55 % of initial capacity
(lead acid) remaining
charge
PV ) 14 months:
[221] (lead acid) Field C/16-C/18 89 % of Cx
Consumer load ) Calculated monthly
[226] management gle%rithmic) from discharged ?8;/; after 1766 cycles
(LIB & lead acid) 9 energy in operation
Grid storage, 50, 100, 150 kW
[220] “minimal opera- Field (~10-~90 % SOC) 7 % in 3 years
tion” (LIB) (C/6-C/16)
Standby BSS in
[223] telecom. Field & Lab C/5 discharge ~1 % per year
(Ni-Cd)
[224] EV (lead acid) Lab C/20 discharge ~42 % in 100 cycles
Field Algorithmic from ~15 % per year, own
[227] EV(LIB) (algorithmic) | driving data estimation
[228] EBLSIBS)m building Etlﬁlriif:e)‘lgo_ Algorithmic Varying capacity loss
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Table 9-5: Selected battery datasets.

Source Origin Type

[252] Literature Overview of datasets

[185] Field Large HSS field dataset (used in this dissertation)

[266] Field Large EV field dataset

[262] Field Large EV field dataset

[206,253] Laboratory Fast charging LFP cell data

[209] Laboratory LCO cycling data

[254] Laboratory LIB cycling data

[207] Laboratory Cycling data at varying conditions for NMC, LMO, and LFP
[263] Laboratory Cycling data with randomized current profiles & reference cycles
[255] Laboratory 0.5C CC cycling data (LCO)

[264,265] Simulation Simulated degradation data (LFP)

[208] Laboratory Cycling data at 1.5C for NMC and LCO

[258] Laboratory LCO cycling data (drive cycle discharge profile)

[259] Laboratory Cycling data using a mix of different driving cycles

[260] Laboratory Simulated driving cycles (NMC)

[261] Laboratory LIB cycled using DST profile

[256] Laboratory Cycle tests at 0.5C in different voltage bands (LMO)

[257] Laboratory Galvanostatic discharge tests (LFP, NMC, LMO)

[224,362] Field Lead-acid field measurements compared to laboratory test
[226] Field Field study on performance and economics (LIB, lead-acid)
[363] Laboratory Measurement of cells from field-tested EVs

[215] Laboratory Laboratory measurements under field conditions

[222] Field Lead-acid field measurements

[221] Laboratory Field-used batteries tested in laboratory

[223] Field Laboratory measurements compared with field test

[217] Laboratory Long-term testing of commercial battery packs
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9.4 Degradation modes

This chapter gives additional information on Chapter 7. It validates the obtained
ICA and DVA curves through the field capacity tests and summarizes selected
literature on ICA and DVA.

9.4.1 Validation through capacity tests

Figure 9-16 displays the IC and DV curves obtained from the developed algo-
rithm for exemplary systems contrasted with curves from field capacity tests. The
discharge-derived curves follow the general patterns observed in field capacity
tests. However, the algorithm is considered more accurate, as the field capacity
tests have high C-rates and show only one voltage course, which has a lot of
noise. Often, it was not possible to obtain a suitable IC and DV curve from the
field capacity tests.
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Figure 9-16: Algorithmic ICA and DVA validated by capacity test data.
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94.2 Literature on ICA and DVA

Table 9-6: Selected literature overview on incremental capacity and differential voltage analysis.

Source l?g:stlga- Methods| DMs OCV source Results
Dubarry . e .
and Ansean Be?t prgctlc- ICA LLI, Laboratory Shifts in FOIs areldls-
[275] es for ICA LAMpeNE cussed and explained
Simulation
Dubarry et HSS ICA LLI, based on ICA may be possible
al. [333] LAMpeNE measure- from field operation
ments
Simulation
Dubarry et LLI, based on
al. [334] HSS ICA LAMpene measure- Follow-up study on [333]
ments
Presentation Simulation
Dubarry et ) . LLI, based on Impact of different DM
of simulation ICA .
al. [311] LAMpeNE measure- scenarios on cell OCV
model
ments
Training datasets for
. ICA/ Simulation deep learning prognosis
Dubary | Anavseof | pva LLI, based on and FOl-based statistical
[331] d);tasets using LAMeene measure- analysis of the impact of
FOls ments degradation paths on
ocv
SOH estima- | ICA/ SOH estimation from
Lietal [55] | lom Gauss- | DVA LLI, LAM | Laboratory FOI analysis of IC/DV
ian smooth- using curves with maximum
ing FOls error of 2.5 %
Data-driven . R
Severson et | prediction of ICA/ LLI, Laborato Té%décl:i(s)bvﬁilggtéglt“al
al. [206] battery cycle | DVA LAMpene v yeesw
life error of 9.1 %
Identifying
Dubarry et battery aging LLI, LLI and LAMee identified
al. [87] mechanisms ICA LAMPENE Laboratory as origins of degradation
in LFP cells
Capacity fade is mainly
Calendar LAM due to changes in
Keil et al. aging of DVA elect':cE)ae Laborato electrode balancing,
[330] lithium-ion ) ry strongly dependent on
) balancing .
batteries low anode potentials at

high SOC
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10 Nomenclature
Table 10-1: Abbreviations.

Abbreviation Meaning

AC Alternating current

aFRR Automated frequency restoration reserve

BMBE Bundesminjs_terium far Bildyng und Forschung
(Federal Ministry of Education and Research)

BMS Battery management system

BMWK Bundesmin_is_terium far Wirts_chaft u_nd Klima_schutz .
(Federal Ministry of Economic Affairs and Climate Action)

BNEF Bloomberg New Energy Finance

BOL Begin of life

BSS Battery storage system

BSW Bundesverband Solarwirtschaft (BSW-Solar)

BVES Bundesverband Energiespeiche( Systeme
(Energy Storage Systems Association)

BW Baden-Wdrttemberg

CD Capacity decrease

Cl Confidence interval

C-rate Current rate

DAA Deutsche Auftragsagentur

DC Direct current

DCR Direct current resistance

DM Degradation modes

DOD Depth of discharge

DOE Department of Energy

DV Differential voltage

DVA Differential voltage analysis

E2E Empty-to-empty (full cycle)

E2F Empty-to-full (half cycle)

ED Energy decrease

EEG Erneuerbare-Energien-Gesetz (Renewable Energy Sources Act)

EFC Equivalent full cycles

EIS Electrochemical impedance spectroscopy

EOC End of charge

EOD End of discharge

EV Electric vehicle
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EOL End of life

EPR Energy-to-power ratio

E-rate Energy rate

F2E Full-to-empty (half cycle)

F2F Full-to-full (full cycle)

FCR Frequency containment reserve

FMTA Federal Motor Transport Authority

FNA Federal Network Agency (German: Bundesnetzagentur)

FOI Feature of interest

HSS Home storage system

HV High voltage

IC Incremental capacity

ICA Incremental capacity analysis

ID Identification (number)

IEA International Energy Agency

IRENA International Renewable Energy Agency

ISEA Institute for Power Electronics and Electrical Drives

ISS Industrial storage system

LCO Lithium cobalt oxide

LFP Lithium iron phosphate

LIB Lithium-ion battery

LAM Loss of active material

LLI Loss of lithium inventory

LMO Lithium manganese oxide

LNO Lithium nickel oxide

LSS Large-scale storage system

LTO Lithium titanate oxide

Lv Low voltage

MASTR Marktstammdatenregister (battery storage registration database of the FNA)
Mediumoe Er?(;r;‘e;hzttt;rigtete?;/stems with a medium battery energy and a lithium iron
Mediumame :z;rr?geaﬁteosr:%ibsaylltsirir;se \{)vgtt:efy medium battery energy and a lithium nickel
MV Medium voltage

NCA Lithium nickel cobalt aluminum oxide

NMC Nickel manganese cobalt oxide

NOW Nationale Organisation Wasserstoff- und Brennstoffzellentechnologie
OCP Open circuit potential

ocVv Open circuit voltage

PCA Principal component analysis

pp Percentage points
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PV Photovoltaic

PVM pv magazine

qOCV Quasi OCV

RE Renewable energy

RWTH RWTH Aachen University

SDV Slow diffusion voltage

SEI Solid electrolyte interface

Smallumo que s.tor.age systems with a smal! battery energy and a lithium manganese
oxide / lithium nickel manganese oxide blend battery

SOoC State of charge normalized to actual capacity

SOH State of health

SOHc.ocv State of health normalized to capacity of initial OCV curve

SOHe,ocv State of health normalized to energy of initial OCV curve

SOHnNc State of health normalized to nominal capacity

SOHNE State of health normalized to nominal energy

SOHuc State of health normalized to initial usable capacity

SOHue State of health normalized to initial usable energy

uc Usable capacity

UE Usable energy
Ministerium fiir Umwelt, Klima und Energiewirtschaft Baden-Wirttemberg

UMBW (Ministry of Environment, Climate Protection and the Energy Sector
Baden-Wuerttemberg)

UPS Uninterruptible power supply

VAT Value-added taxes

Table 10-2: Parameters.

Parameter Unit Meaning

c - Bias

Ceharge Ampere-hour Charged capacity

Caischarge Ampere-hour Discharged capacity

Cy Ampere-hour Nominal capacity

Ce - Graphite

DOD, Percent Depth of discharge capacity
DODg Percent Depth of discharge energy
e~ - Electron

Echarge Watt-hour Charged energy

Egischarge Watt-hour Discharged energy

E, Watt-hour Energy losses

Ey Watt-hour Nominal energy

g - Activation function

h - Output neuron

Ipat Ampere Battery current

[ Ampere Current through the fast diffusion capacitance

157



10 NOMENCLATURE

Colow Ampere Current through the slow diffusion capacitance
Lnax Ampere Maximum current
IR ot Ampere Current through the fast diffusion resistance
Irgon Ampere Current through the slow diffusion resistance
Li - Lithium
Me - Metal
0, - Oxygen
Ppat Watt Battery power
Q Ampere-hour Charge / capacity
R Ohm Internal resistance
Rer Ohm Charge transfer resistance
Rrast Ohm Fast diffusion resistance
Rinitial Ohm Initial internal resistance
Ronm Ohm Ohmic resistance
Rgiow Ohm Slow diffusion resistance
soc Percent State of charge
SOE Percent State of energy
SOH Percent State of health
SOHy( Percent State of health in terms of the nominal capacity
SOHyg Percent State of health in terms of the nominal energy
SOHg Percent State of health in terms of the internal resistance
SOHy Percent State of health in terms of the usable capacity
SOHyg Percent State of health in terms of the usable energy
Viar Volt Battery voltage
Veorrected Volt Corrected battery voltage (overvoltage is corrected)
Vrast Volt Fast diffusion voltage
Vocr Volt Open circuit voltage
Vover Volt Overvoltage
Vstow Volt Slow diffusion voltage
w - Connection weights
x - Input neurons / input vector
¥y - Estimated output
z 1/Kelvin Temperature coefficient
Neoulomb Percent Coulomb efficiency
Nenergy Percent Energy efficiency
| Trast Seconds Time constant of the fast diffusion processes
Tsiow Seconds Time constant of the slow diffusion processes
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12 Related publications

Within this dissertation, several publications have been written. The content of
these publications was partly integrated into this dissertation. This adheres to the
current guidelines set forth by the faculty of Electrical Engineering and Infor-
mation Technology at RWTH Aachen University and has received concurrence
from Prof. Dirk Uwe Sauer, the primary supervisor overseeing this dissertation.
Text elements, figures, or tables from these publications are not explicitly cited
within the thesis, as far as | mainly created them. If the co-authors mainly created
such elements in the listed publications, a direct link to the publication is given.
The following publication list was written in September 2024.
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Battery storage systems are a key technology for the energy
transition. They can shift energy flexibly in time and thus bal-
ance out fluctuations in the presence of sun and wind. Home
storage systems account for the largest share of grid-connect-
ed storage capacity in Germany, one of the pioneering markets
worldwide. In the relatively young market, warranty periods of
about ten years have become the norm. However, it is unknown
whether these warranties can be maintained. To increase trans-
parency, the European Union requires the provision of reliable
information on the batteries’ state of health.

As a contribution to research, this dissertation develops novel
methods to estimate important warranty-relevant parameters
of lithium-ion batteries, such as the remaining capacity or the
internal resistance, based on operational data. The developed
methods use the data generated during field measurements of
21 home storage systems in private households over a peri-
od of up to eight years. This corresponds to about 106 system
years and 14 billion data points.

The analyzed storage systems show a decrease in usable ca-
pacity of around two to three percentage points per year. The
batteries show an average system-specific resistance increase
of around one to 25 percentage points per year. The dominant
degradation mode observed is the loss of lithium inventory.

ISSN 1437-675X




	Data-driven battery aging analysis  of home storage systems  based on high-resolution  field measurements
	1 Introduction
	1.1 Motivation and objective
	1.2 Structure and content

	2 Fundamentals of home storage systems and batteries
	2.1 Home storage systems
	2.1.1 Principle
	2.1.2 Topologies

	2.2 Lithium-ion batteries
	2.2.1 Principle
	2.2.2 Definitions
	2.2.3 Cell voltage
	2.2.3.1 Open circuit voltage
	2.2.3.2 Relaxation effects

	2.2.4 Aging
	2.2.4.1 Calendar aging
	2.2.4.2 Cycle aging
	2.2.4.3 Cell-to-cell variation

	2.2.5 State of health estimation


	3 The development of stationary battery storage systems in Germany
	3.1 Overview
	3.2 Methodology
	3.2.1 Battery storage classification
	3.2.2 Dataset description
	3.2.3 Market estimation

	3.3 Results and discussion
	3.3.1 Home storage
	3.3.1.1 Market development
	3.3.1.2 Market outlook

	3.3.2 Industrial storage
	3.3.2.1 Market development
	3.3.2.2 Market outlook

	3.3.3 Large-scale storage
	3.3.3.1 Market development
	3.3.3.2 Market outlook

	3.3.4 Prices

	3.4 Conclusion

	4 Dataset and field operation
	4.1 High-resolution field measurements
	4.1.1 Dataset and measurement
	4.1.2 Dataset representativeness

	4.2 Field operation of home storage systems
	4.2.1 General operation
	4.2.2 Key metrics
	4.2.2.1 Operational parameter distributions
	4.2.2.2 Equivalent full cycles

	4.2.3 Seasonal effects
	4.2.4 System characteristics

	4.3 Conclusion

	5 Capacity and energy estimation
	5.1 Overview
	5.2 Methodology
	5.2.1 Field capacity tests and warranty
	5.2.2 Battery model and relaxation phase detection
	5.2.2.1 Relaxation phase detection
	5.2.2.2 Model parametrization
	5.2.2.3 Relaxation phase filters

	5.2.3 Usable capacity and energy SOH estimation
	5.2.3.1 Identifying full cycles
	5.2.3.2 Offset current correction
	5.2.3.3 SOC estimation

	5.2.4 SOH estimation using OCV curve

	5.3 Results and discussion
	5.3.1 Field capacity tests
	5.3.2 Relaxation phases
	5.3.3 SOH according to usable capacity and energy
	5.3.4 SOH according to initial OCV curve

	5.4 Conclusion

	6 Internal resistance estimation
	6.1 Overview
	6.2 Methodology
	6.2.1 Direct current resistance estimation
	6.2.2 Slow diffusion voltage estimation
	6.2.3 Linking relaxation parameters to capacity fade

	6.3 Results and discussion
	6.3.1 Direct current resistance
	6.3.2 Slow diffusion voltage
	6.3.2.1 Short-term influence factors
	6.3.2.2 Long-term influence factors

	6.3.3 Linking relaxation parameters to capacity fade

	6.4 Conclusion

	7 Degradation mode estimation
	7.1 Overview
	7.2 Methodology
	7.2.1 Derivation of the qOCV curves
	7.2.1.1 Creating partial qOCV curves

	7.2.2 Application of ICA and DVA
	7.2.3 Selection of features of interest

	7.3 Results and discussion
	7.3.1 Single system analysis
	7.3.1.1 LMO/NMC blend
	7.3.1.2 NMC
	7.3.1.3 LFP

	7.3.2 Aggregated analysis

	7.4 Conclusion

	8 Summary and outlook
	8.1 Summary
	8.2 Outlook

	9 Appendix
	9.1 Market analysis
	9.1.1 Comparing storage markets
	9.1.2 Industrial storage
	9.1.3 Large-scale storage
	9.1.4 Market literature

	9.2 Dataset
	9.3 Capacity estimation
	9.3.1 Relaxation
	9.3.2 Field capacity tests
	9.3.3 State of health
	9.3.4 Literature capacity estimation

	9.4 Degradation modes
	9.4.1 Validation through capacity tests
	9.4.2 Literature on ICA and DVA


	10 Nomenclature
	11 References
	12 Related publications
	12.1 Peer-reviewed journal articles (31)
	12.2 Conference proceedings (6)
	12.3 Conference posters (5)
	12.4 Book chapters (3)
	12.5 Preprints and selected reports (9)
	12.6 Industry guideline contribution (3)
	12.7 Websites (2)
	12.8 Selected guest articles in mass media (21)

	13 Supervised students
	13.1 Bachelor theses
	13.2 Master theses
	13.3 Project thesis
	13.4 Student assistants

	14 Acknowledgment
	15 Curriculum vitae



