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Zörr, Sebastian Hölle, and Johannes Brehm. Thank you for keeping my spirits up throughout this
journey and for your unwavering support. I am deeply grateful to my family and friends outside of
BMW for their unconditional support—regardless of my career path. Your trust and encouragement
kept me motivated even during challenging times. Special thanks go to my brother, Dr.-Ing. Simon
Toni Hofmann, who embarked on his own PhD journey in parallel—albeit at a university and on a
completely different topic. Despite our competitive nature, I know that deep down we support each
other and are proud to be brothers.
Most importantly, I want to thank my fiancée Elena, who stands behind me and every decision I make.
I could not wish for a more loving and supportive partner. Thank you for everything you have done
for me—I love you.



Abstract

The ongoing transition towards sustainable transportation is driving the widespread adop-
tion of battery electric vehicles (BEVs) in personal mobility. While many individuals in
northern European regions and China are already convinced of the numerous advantages
of BEVs over internal combustion vehicles – especially higher efficiency and less pollution
– there remain several concerns in society, including range anxiety and insufficient charging
infrastructure. Consumers worry about the accelerated aging of their high-voltage batteries,
which could lead to a significant reduction in available range and residual value. This concern
is particularly pronounced in the aftermarket for BEVs, where potential buyers are uncertain
about the so-called state of health (SOH), suppressing the demand. Since measuring the SOH
is not feasible during operation due to the need for controlled and lengthy testing, onboard
estimation methods are required to accurately monitor the SOH throughout the lifetime of
BEVs. These algorithms, however, are still lacking accuracy and are mostly limited to the
SOH of capacity. This need is further emphasized by new regional regulations mandating
manufacturers to transparently display the SOH to drivers.

This work presents several novel methods for estimating the SOH using available data,
as detailed in four journal contributions. These studies collectively highlight the issue of
insufficient data, leading to one final paper.

The first study introduces a novel adaptation of the well-known mechanistic modeling ap-
proach, applied to sparse real-world BEV fleet data. By modifying the objective function to
minimize the charge difference instead of the voltage difference, this approach enables the
estimation of not only the SOH of capacity but also the degradation modes (DMs) and the
open-circuit voltage (OCV) of the lithium-ion cells within the high-voltage battery. Valida-
tion with measurement data from the BMW i3 customer fleet demonstrates robust results,
achieving a SOH mean absolute error (MAE) of 2.5 % (in percentage points (pp)).

The subsequent three journal papers focus on integrating data-driven and physics-based
models to accurately characterize batteries. Neural networks, as prominent representatives
of data-driven models, face challenges related to data scarcity and dependence. Conversely,
physics-based models are computationally intensive and require extensive input data. Com-
bining these approaches is promising, as it mitigates individual weaknesses while leveraging
their strengths. In the first study, the pseudo-two-dimensional model generates extensive
battery aging data, which is combined with experimental data to estimate the SOH from
random time-series segments of operation in a physics-informed neural network (PINN).
This approach addresses data scarcity and maintains SOH of capacity MAE below 2.1 %
(pp), although data dependence remains an issue. Consequently, two subsequent journal
papers explore transfer learning. In both implementations, a physics-based model generates



constant-current (CC) charging profiles at various battery aging states. A novel neural net-
work architecture is pre-trained with this extensive data and later fine-tuned with limited
experimental data to monitor both the SOH of capacity and the OCV. The models are bench-
marked against realistic CC charging events at various charging rates and the most commonly
used state of charge (SOC) window from 30 % to 85 %, based on a field data analysis of nearly
2 million home-charging events. Both studies demonstrate excellent performance, with the
first achieving a SOH MAE below 2.0 % (pp) and an OCV reconstruction MAE below 22 mV.
In the second implementation, the transfer-learned neural network is coupled with an OCV
model for updated estimates, showing even superior and more robust performance: The
SOH MAE remains below 1.8 % (pp), the OCV MAE below 10 mV, and DMs can be estimated
with an MAE under 3.1 % (pp), for all input SOC ranges.

Although the presented methods accurately estimate the state of batteries, they neglect
dynamic effects during operation. This limitation arises from the lack of electrode aging
information in public datasets. The final study addresses this gap by presenting a compre-
hensive battery aging study using a three-electrode setup with extensive characterization
measurements.

The published articles contribute to the state of the art in several ways: The first study
enables the mechanistic model to be applied to real-world BEV fleet data. The subsequent
three studies solve the major issues of neural-network-based state estimation – data scarcity
and data dependence – by introducing novel PINN and transfer learning architectures. The
final study provides the first validated battery aging dataset for degradation mode estimation,
linking equilibrium with dynamic cell effects, and with that allowing the extension of the
SOH estimation to other SOH metrics.

These contributions not only enable the implementation of highly accurate SOH estimation
models but also advance further development. This work especially bridges the gap between
state estimation of individual lithium-ion cells and state estimation of high-voltage batter-
ies. This ultimately allows for a comprehensive characterization of BEVs over their lifetime,
encompassing dynamic effects, thereby addressing the fundamental concerns of hesitant
buyers. This thesis contributes to the widespread adoption of BEVs by enhancing the relia-
bility of battery SOH assessments and, thus, adds to the transition towards climate-neutral
mobility.



Kurzfassung

Das Streben nach Klimaneutralität fördert die Verbreitung von Elektrofahrzeugen (engl.
battery electric vehicles, BEVs) in der individuellen Mobilität. Während viele Menschen in
nördlichen europäischen Regionen und China von den Vorteilen der BEVs überzeugt sind,
bestehen in Teilen der Gesellschaft Bedenken hinsichtlich der Reichweite und Ladeinfrastruk-
tur. Verbraucher sind besorgt über die beschleunigte Alterung der Hochvoltbatterie, wobei
sie eine erhebliche Reduzierung der verfügbaren Reichweite und des Restwerts fürchten.
Diese Sorge ist besonders im Gebrauchtwagenmarkt ausgeprägt, da der Gesundheitszu-
stand (engl. state of health, SOH) schwer messbar ist. Daher sind präzise Schätzmethoden
im Fahrzeug erforderlich, um den SOH über die Lebensdauer von BEVs zu ermitteln. Diese
Algorithmen sind jedoch noch nicht präzise genug und beschränken sich meist auf den SOH
der Kapazität. Diese Notwendigkeit wird durch neue regionale Vorschriften verstärkt, die
Hersteller dazu verpflichten, den SOH für Fahrer transparent darzustellen.

In dieser Arbeit werden innovative Methoden zur Überwachung des SOH anhand vorhande-
ner Daten vorgestellt, die in vier Zeitschriftenartikeln veröffentlicht wurden. Diese Studien
beleuchten gemeinsam das Problem der unzureichenden Daten, das im letzten Artikel be-
sonders deutlich wird.

Die erste Studie stellt eine neuartige Anpassung des mechanistischen Modellierungsansatzes
vor, angewendet auf spärliche BEV-Flottendaten. Durch die Modifikation der Zielfunktion
zur Minimierung der Ladungsdifferenz ermöglicht dieser Ansatz die Schätzung des SOH
der Kapazität, der Degradationsmoden (engl. degradation modes, DMs) und der Ruhespan-
nung (engl. open-circuit voltage, OCV) einzelner Zellen innerhalb einer Hochvoltbatterie.
Die Validierung mit Messdaten aus der BMW i3 Kundenflotte zeigt robuste Ergebnisse mit
einem mittleren absoluten Fehler (engl. mean absolute error (MAE)) des SOH von 2.5 % (in
Prozentpunkten (pp)).

Die folgenden drei Artikel konzentrieren sich auf die Integration datengetriebener und phy-
sikalisch basierter Modelle zur genauen Batteriediagnose. Neuronale Netzwerke, als pro-
minente Vertreter datengetriebener Modelle, stehen vor Herausforderungen in Bezug auf
Datenknappheit und Datenabhängigkeit. Im Gegensatz dazu sind physikalisch basierte
Modelle rechenintensiv und erfordern umfangreiche Eingabedaten. Die Kombination die-
ser Ansätze ist vielversprechend, da sie individuelle Schwächen mindert und ihre Stärken
nutzt. In der ersten Studie generiert das pseudo-zweidimensionale Modell umfangreiche
Batteriealterungsdaten, die mit experimentellen Daten in einem physikalisch-informiertem
neuronalen Netzwerk (engl. physics-informed neural network (PINN)) kombiniert werden,
um den SOH der Kapazität aus zufälligen Zeitreihensegmenten während des Betriebs zu
schätzen. Dieser Ansatz adressiert die Datenknappheit und erreicht einen SOH-MAE un-
ter 2.1 % (pp). Trotzdem bleibt die Datenabhängigkeit ein Problem. Folglich untersuchen



zwei nachfolgende Artikel das Transferlernen. In beiden Implementierungen generiert ein
physikalisch basiertes Modell Konstantstrom (engl. constant-current (CC)) Ladeprofile bei
verschiedenen Alterungszuständen. Eine neuartige neuronale Netzwerkarchitektur wird mit
diesen umfangreichen Daten vortrainiert und später mit begrenzten experimentellen Daten
fein-trainiert, um sowohl den SOH der Kapazität als auch die OCV zu schätzen. Die Modelle
werden mit realistischen CC-Ladevorgängen bei unterschiedlichen Raten und einem Lade-
zustandsbereich von 30 % bis 85 % verglichen, basierend auf einer Felddatenanalyse von fast
2 Millionen privaten Ladevorgängen. Beide Studien zeigen hervorragende Ergebnisse, wo-
bei die erste einen MAE des SOH unter 2.0 % (pp) und einen MAE der OCV-Rekonstruktion
unter 22 mV erreicht. In der zweiten Implementierung wird das transfergelernte neuronale
Netzwerk mit einem OCV-Modell für aktualisierte Schätzungen gekoppelt und erreicht noch
bessere und robustere Ergebnisse: Der SOH-MAE bleibt unter 1.8 % (pp), der OCV-MAE
unter 10 mV, und auch DMs können mit einem MAE unter 3.1 % (pp) geschätzt werden,
unabhängig vom Ladezustandsfenster.

Obwohl die vorgestellten Methoden den Zustand von Batterien genau schätzen, vernachlässi-
gen sie dynamische Effekte. Diese Einschränkung ergibt sich aus dem Mangel an Informa-
tionen zur Elektrodenalterung in öffentlichen Datensätzen. Die letzte Studie schließt diese
Lücke, indem sie eine umfassende Batteriealterungsstudie mit einem Drei-Elektroden-Setup
und umfangreichen Charakterisierungsmessungen präsentiert.

Die veröffentlichten Beiträge erweitern den Forschungsstand in vielerlei Hinsicht: Die ers-
te Studie erlaubt erstmalig die Anwendung des mechanistischen Modellansatzes auf reale
BEV-Flottendaten. Die drei darauffolgenden Studien lösen das Kernproblem neuronaler
Netzwerke zur Zustandsschätzung – Datenknappheit und Datenabhängigkeit –, indem die
neuartigen Architekturen PINN und Transferlernen eingeführt werden. Die finale Arbeit
präsentiert einen validierten Batteriealterungsdatensatz zur DM-Schätzung, der nicht nur
Gleichgewichtseffekte mit dynamischen Zelleffekten verbindet, sondern auch die Erweite-
rung der Zustandsschätzung auf beliebige SOH-Metriken erlaubt.

Diese Beiträge ermöglichen die Implementierung hochgenauer SOH-Schätzmodelle und
fördern weitere Forschung. Diese Arbeit schließt insbesondere die Lücke zwischen der Zu-
standsschätzung einzelner Lithium-Ionen-Zellen und von Hochvoltbatterien. Dies ermöglicht
letztlich eine umfassende Charakterisierung von BEVs über ihre Lebensdauer, die auch dyna-
mische Effekte umfasst und damit die grundlegenden Bedenken zögerlicher Käufer anspricht.
Diese Arbeit trägt zur breiten Akzeptanz von BEVs bei, indem sie die Zuverlässigkeit der
SOH-Schätzung von Batterien verbessert, und liefert somit einen wichtigen Beitrag für den
Übergang zu einer klimaneutralen Mobilität.
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1 Introduction and Context

The widespread adoption and transfer from internal combustion engine (ICE) vehicles to
battery electric vehicles (BEVs) in the private transport sector has long begun. Figure 1.1
gives a brief summary of the situation in late 2024 for representative countries.
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Figure 1.1: Current overview over the global electric vehicle (EV) market situation, with (a)
the absolute battery electric vehicle (BEV) market share in 2024, (b) the BEV sales
share in the same year, and (c) the development of the EV stock (including plug-in
hybrid electric vehicles (PHEVs) and range extender electric vehicles (REEVs))
for selected countries. Data for the maps in Subfigure (a) and (b) is taken from
IEA [1]. A list of the included countries in the world map can be found online [1].
Data for the EV stock development (c) is taken from ZSW [2].

While the total BEV market share is globally still inferior (Subfigure 1.1 (a)), the national
yearly sales share of BEVs slowly overtakes those of ICE vehicles in selected countries (Subfig-
ure 1.1 (b)). Especially the northern European countries and China experience high demand
in pure BEVs [1]. In Germany, 19 % of all sold vehicles during 2024 were BEVs, increasing the
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Introduction and Context:

absolute national BEV share to 6.5 % [1]. Subfigure 1.1 (c) shows the detailed development of
the national EV stock, i.e., also including plug-in hybrid electric vehicles (PHEVs) and range
extender electric vehicles (REEVs), for selected countries in Europe, the USA, China, and
the so-called rest of the world (RoW) from 2020 to 2024. China leads this trend and already
operates more than 30 million EVs in their country [2], in which pure BEVs make up 11 % of
the total vehicle share [1]. Interestingly, the adoption of BEVs depends on various factors,
varying from region to region. While Europeans with high income tend towards a higher
acceptance rate, higher salaries negatively correlate with the acceptance rate in the USA [3].
The Chinese market, in contrast, is heavily influenced by government regulations, which
provide significant financial incentives [4; 5], at least in large cities [6]. As demonstrated in
Figure 1.1, this strategy has proven to be effective [1; 2].

As illustrated in Subfigure 1.1 (c), millions of used BEVs continue to be operated or will
eventually enter the aftermarket. The relatively simple and robust design of BEVs results
in fewer parts, potentially allowing long-lasting vehicle generations. However, the most
expensive component, the high-voltage battery composed of many lithium-ion battery (LiB)
cells, also undergoes the most significant relative degradation. During operation, lithium-
ions migrate between electrodes, leading to degradation effects known as cyclic aging. Factors
such as frequent fast-charging cycles, high state of charge (SOC) operating ranges, and low
operating temperatures exacerbate this effect. Additionally, intrinsic side reactions occur
even when the vehicle is stationary, known as calendar aging, which are intensified by high
storage SOC and elevated temperatures. In summary, from the moment of production, BEVs
experience aging manifested as capacity decay and impedance rise, resulting in reduced
available range and diminished power. Consequently, a metric to quantify these aging
effects is crucial for both current owners and prospective buyers. This metric is referred to as
the state of health (SOH).

Most countries have recognized the significance of monitoring this metric and have conse-
quently implemented their own regulations. For instance, the Euro 7 norm in Europe, which
is set to take effect in late 2027, addresses battery durability [7; 8]. The regulation requires
that for passenger cars, including BEVs and PHEVs, the SOH must remain above 80 % after
5 years or 100 000 km of usage, whichever comes first. Additionally, the SOH must not be
lower than 72 % after 8 years or 160 000 km, whichever occurs first. Importantly, the SOH
must be accessible and retrievable by the vehicle user [7; 8].

Measuring the usable battery capacity demands a full discharge and charge with a predefined
profile, which is not possible during normal vehicle operation. Thus, accurate onboard SOH
estimation is of highest priority. These aspirations are aggravated by the reduced available
data in real-world BEV fleets, which often comprises cumulated data or low sampled time-
series data [9].

Therefore, there is a need for methods that leverage the sparse operational data from BEVs to
monitor SOH decay. Promising research directions include data-driven methods and open-
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Introduction and Context: Lithium-Ion Batteries

circuit voltage (OCV)-based models, which incorporate changes in OCV to enable accurate
SOC estimation over the vehicle’s lifetime.

In this context, this work introduces innovative methods based on the OCV model and
data-driven approaches that are applicable to real-world BEV data. The proposed methods
are evaluated for their ability to thoroughly characterize battery aging, including changes
in OCV and degradation modes (DMs). To achieve this, several integrated methods are
presented, combining physics-based approaches with neural networks to harness their indi-
vidual strengths while physically constraining the output. These integrated methods include
physics-informed neural networks (PINNs) and physics-constrained transfer learning. Ana-
lyzing the limitations of individual studies and the current state of the art reveals a significant
research gap in the availability of public aging data. Therefore, the final research topic ad-
dresses the creation of a comprehensive battery aging database. In summary, this dissertation
advances the field by introducing innovative methods for SOH estimation, OCV reconstruc-
tion, and DM estimation. The development of new algorithms facilitates the application to
sparse real-world BEV fleet data, enabling not only fleet monitoring but also the reliable de-
termination of SOH in the aftermarket. The provision of a publicly accessible dataset, which
includes internal electrode degradation information, further enhances the current state of the
art. Ultimately, the research presented bridges the gap towards accessible SOH estimation
methods, thereby increasing trust in the BEV sector, enhancing general acceptance rates, and
promoting a shift towards climate-friendly mobility alternatives.

This thesis is organized into three main chapters, with Chapter 1 providing the essential
fundamentals, Chapter 2 including the research papers and the core of this dissertation, and
Chapter 3 concluding and discussing the results. The following background section is orga-
nized as follows: Section 1.1 provides essential knowledge about LiBs and their degradation
behavior, Section 1.2 provides insights into existing SOH estimation techniques and state-
of-the-art methods. Section 1.3 outlines the research gap and research questions behind this
work, while Section 1.4 concludes with the structure of the thesis.

1.1 Lithium-Ion Batteries

In order to understand and discuss the proposed methods and results within this thesis,
fundamental knowledge about LiBs is required. The following section guides as a brief
introduction, with Section 1.1.1 detailing the components and working principle of LiBs,
Section 1.1.2 providing common definitions in this field, including the fundamental theory
behind the OCV and overpotentials, and Section 1.1.3 and 1.1.4 offering insights into battery
aging, degradation mechanisms and DMs.
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Introduction and Context: Lithium-Ion Batteries

1.1.1 Components and Working Principle

LiBs are electrochemical energy storage devices that are based on lithium-ion exchange
between two electrodes. Besides the electrodes, they consist of a separator and a liquid
electrolyte. A single LiB is the fundamental unit, comprising a negative electrode (anode), a
positive electrode (cathode), and the intervening separator. The typical structure is depicted
in Figure 1.2.

Copper 
Current

Collector

Aluminum
Current

Collector

Anode              Electrolyte Separator                  Cathode

𝑒−

A

𝐿𝑖+

Figure 1.2: Schematic illustration of the components and basic operating principle of a
lithium-ion battery (LiB).

As shown in Figure 1.2, the anode is typically coated on a copper current collector, while
the cathode is deposited on an aluminum current collector. The porous separator, made of
a polymeric material, electrically isolates the two electrodes while allowing the transport
of lithium-ions between them. The most common anode material is graphite, which has a
layered crystal structure that can accommodate lithium-ions through a reversible interca-
lation mechanism. Graphite exhibits a high specific capacity of around 372 mAh g−1 and
excellent cycling stability, making it a widely adopted anode material in commercial LiBs [10;
11]. Advances in anode properties are achieved by adding silicon to the anode because it
has ten times the theoretical specific capacity of 4200 mAh g−1. The large volume expan-
sion of silicon during cycling (≈ 300 %), however, still presents challenges in widespread
industrialization [10; 11].

The choice of cathode active material is a crucial factor in determining the performance
characteristics of LiBs. Table 1.1 summarizes the properties of the most commonly used cath-
ode materials, including their operating voltage, specific capacity, and expected cycle life.
Conventional cathode materials include lithium cobalt oxide (LCO) and lithium manganese
oxide (LMO), while recent battery generations usually focus on materials such as lithium iron
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phosphate (LFP), nickel manganese cobalt oxide (NMC), and nickel cobalt alumnium oxide
(NCA), which offer improved safety, energy density, and cycle life [10].

Table 1.1: Comparison of the key properties of common cathode materials for lithium-ion
batteries (LiBs) [10; 12–14].

Cathode Material Voltage vs. Li/Li+ Spec. Capacity Cycle Count
Lithium iron phosphate (LFP) 3.4 V 165 mAh g−1 2000 - 5000
Nickel manganese cobalt oxide (NMC) 3.7 V 170 mAh g−1 800 - 2000
Nickel cobalt alumnium oxide (NCA) 3.7 V 200 mAh g−1 800 - 2000
Lithium cobalt oxide (LCO) 3.8 V 145 mAh g−1 500 - 1000
Lithium manganese oxide (LMO) 4.1 V 120 mAh g−1 500 - 2000

The electrodes and the separator are immersed in the electrolyte, which is typically com-
posed of lithium salts dissolved in organic solvents, along with various additives. LiBs are
manufactured in different geometries, including cylindrical, pouch, and prismatic configu-
rations [14].

The working principle is based on de-/intercalation of lithium-cations from/between the
electrodes while dis-/charging the cell. During charging the full cell – this means the full cell
voltage increases and energy is transferred from an external load to the cell – lithium-ions
move from the cathode to the anode to intercalate into the layered structure. For a graphite
anode this reaction is [14–16]:

xLi+ + C6 + xe− LixC6 (1.1)

While the lithium-ions lead to an oxidization on the anode side, a reduction takes place at
the cathode side due to ions deintercalating from the host structure. This reduction during
charging is as follows for a LCO half cell:

LiCoO2 Li1−xCoO2 + xLi+ + xe− (1.2)

Summarized the full cell charging process can be described by:

LixC6 + LiCoO2 C6 + LiCoO2 (1.3)

These reactions reverse during discharging, where the external electron movement frees
energy and can be used to operate an external load [14–16].

1.1.2 General Definitions

This thesis uses certain key terms frequently, and having a basic understanding of these terms
is important for following the discussion throughout.
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Capacity

The capacity of a LiB is defined as the maximum amount of electric charge, typically measured
in ampere-hours (Ah), that can be extracted from the battery. While the scientific symbol for
electric charge is Q, the capacity of LiBs is conventionally denoted by the symbol C [17].

This capacity value is dependent on numerous external factors, including the applied current,
ambient temperature, and pressure. Battery manufacturers typically provide a nominal
capacity CN for their produced cells, which is measured under predefined conditions – for
example in discharge direction at a temperature of 25 ◦C and a charging rate (C-rate) of
0.2C [18; 19].

C-Rate

The C-rate is a metric used to quantify the applied current Iapplied in relation to its nominal
capacity CN. It is defined mathematically as follows:

C-rate =
Iapplied

CN
(1.4)

The C-rate is expressed in units of h−1, which indicates the reciprocal of the charging time.
For instance, a C-rate of 2C signifies that the cell can be fully charged or discharged within
a duration of thirty minutes. An increase in the C-rate corresponds to a faster charging
process. Recent advancements in LiBs have achieved C-rates of up to 10C for certain electrode
materials [20].

As the cell undergoes degradation, the available capacity C diminishes. However, the C-rate
continues to reference the nominal capacity CN, resulting in more aggressive charging and
discharging behaviors for the same C-rate throughout the cell’s lifespan.

Open-Circuit Voltage

The potential curves of the electrodes in equilibrium state can be expressed by the open-circuit
potentials (OCPs): OCPNE for the negative electrode and OCPPE for the positive electrode [16;
21]. The OCV is the potential difference between both OCPs. Hence, it is the full cell voltage
when no current flows and both electrodes are in equilibrium state:

OCV = OCPPE −OCPNE (1.5)

This relationship is visualized in Figure 1.3 for the initial full cell SOC.

Electrochemically, the driving force between the Faradaic reactions in LiBs is the electrochem-
ical potential difference of the lithium atoms which is highly dependent on the species, the
concentration, and the temperature. Based on Newman and Balsara [16], in thermodynamic
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Figure 1.3: Schematic illustration of the open-circuit voltage (OCV) and its underlying open-
circuit potentials (OCPs), including the de-/lithiation direction (adopted from [22]).

equilibrium, the OCV is dependent on the change in Gibbs free energy per reaction ∆G:

OCV =
−∆G
nF

(1.6)

where n is the number of electrons transferred per reaction (in LiBs: n = 1), F is Faraday’s
constant and the change in Gibbs free energy depends on the electrochemical potential of
both electrodes:

∆G = µPE − µNE (1.7)

These electrochemical potentials of both electrodes is defined in relation to the electrochemical
potential of lithium in a reference electrode µref:

µ − µref = −nF ·OCP (1.8)

Plugging in Equation 1.8 for both electrodes into Equation 1.7 yields:

∆G = (−nF ·OCPPE + µref) − (−nF ·OCPNE + µref) = −nF · (OCPPE −OCPNE) (1.9)

Moving −nF to the left side, results in:

−∆G
nF

= OCPPE −OCPNE = OCV (1.10)

Comparing Equation 1.10 with Equation 1.6, yields the final equation which is identical to
Equation 1.5 [16]. From this equation, Figure 1.3 can be interpreted: The resulting full-cell
OCV curve is the result of the potential difference between the overlapping section of the
cathode and the anode. The underlying OCPs of the OCV are material-specific, making the
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OCV one of the most important characteristic of LiBs. The relation between the full cell
SOC and the OCV (compare Figure 1.3) is, hence, an important property for accurate state
estimation.

The measurement of the OCV necessitates specialized and time-intensive experiments, as
achieving true equilibrium is theoretically impossible due to the presence of overpotentials
which can never be fully stopped, i.e., self-discharge or aging processes. In most common
material combinations, however, reaching practically equilibrium is possible if sufficient
relaxation time is provided. The most prevalent method for determining the OCV is the
galvanostatic intermittent titration technique (GITT) [23; 24]. In this procedure, a cell is
gradually charged, usually with a C-rate below C/3, to predefined SOCs, where the cell is
allowed to relax for a minimum duration of, e.g., 1 h, although a relaxation period of 3 h is
more commonly employed. It is assumed that all overpotentials have decayed during this
relaxation period, allowing for the collection of a relaxed voltage point that approximates the
OCV. Interpolation between these voltage points provides the complete OCV profile.

An alternative and more efficient approach is the measurement of the pseudo open-circuit
voltage (pOCV) [24–27]. The pOCV method approximates the true equilibrium state by
applying a minimal current, specifically C/20 [26] or lower [27], with the aim of keeping the
resulting overpotentials at negligible levels [24]. For common cell chemistries, both methods
present valid options for measuring the OCV.

The measurement of OCPs requires similar experimental setups, albeit with additional com-
plexities due to the initial configuration requirements. OCPs are typically measured in
half-cell [23; 25; 28] configurations including a reference electrode – mostly pure lithium [25;
28], necessitating the opening of cells to extract electrode sheets or the use of specialized
laboratory cells with fresh electrode sheets. This additional effort enables the measurement
of the complete operating range of both electrodes individually.

Incorporating a reference electrode into a full-cell configuration provides a means to measure
the OCPs during full-cell operation [29–31]. However, this arrangement restricts the mea-
surement of OCPs to the operating range of the full cell, thereby omitting critical sections of
the electrodes in the edge regions (see Figure 1.3). Due to the increased effort involved, OCP
curves are predominantly available only for pristine cells [31]. For simplicity, however, it is
assumed that the qualitative shape of the OCP curves remain constant over lifetime, while
only the resulting OCV changes due to shifting and scaling of the OCP in relation to each
other [32].
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State of Charge

The SOC quantifies the currently available charge amount Qava in relation to the total cell
capacity C [17; 33]. It is mathematically expressed as follows:

SOC =
Qava

C
· 100 % (1.11)

The SOC can be directly measured through Ah-counting and lookups of the OCV:

SOC(t) = SOC0 +

∫
i(t)dt
C

(1.12)

where the reference SOC0 is derived from the OCV lookup and C is determined by the SOH.

As indicated by Equation 1.12, the SOC is significantly dependent on accurate knowledge of
both the SOH and the OCV. This relationship serves as an initial indication of the intercon-
nectedness of these state metrics.

State of Health

The SOH lacks a universally accepted definition and is subject to multiple interpretations [33].
The most prevalent definition is the SOH in terms of capacity, which will be primarily utilized
throughout this thesis and is interchangeably referred to as SOH or SOHC [17]:

SOHC =
C

CN
· 100 % (1.13)

Another widely recognized representation is the SOH in terms of resistance, denoted as
SOHR, which expresses the actual resistance R in relation to its initial resistance R0 [33]:

SOHR =
R
R0
· 100 % (1.14)

Note that the SOHR counterintuitively increases and other definitions exist [33]. It is cru-
cial that the resistance values are consistently defined, taking into account factors such as
temperature, SOC, and C-rate. A commonly referenced resistance value is the direct current
internal resistance (DC-IR) at 50 % SOC, 25 ◦C at 1C, measured after 10 s:

R =
U(t0 + 10 s) −U(t0)
I(t0 + 10 s) − I(t0)

(1.15)

where the current I(t) is applied at time t0 and is considered to be constant.

More recently, particularly in the context of BEVs, the SOH in terms of usable battery energy
(UBE) (denoted as SOHUBE) has emerged as a new, more practical, and user-oriented state
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variable [34]. A possible definition is given by:

SOHUBE =
E
E0
· 100 % (1.16)

where E0 represents the energy extracted from the battery during a predefined driving cycle
in its initial state, and E is the measured energy at the current state. The energy can be
interpreted as the area under the curve of the voltage discharge trajectory and can thus be
calculated using the equation E =

∫
VdQ [34]. It therefore is a combination of the capacity

and resistance and, with that, a more customer-oriented metric as it reflects the currently
achievable range.

Overpotentials

In LiBs, true equilibrium can never be achieved due to the presence of overpotentials. Con-
sequently, the measurable terminal voltage V is always the result of the superposition of the
OCV and the overpotential η:

V = OCV + η (1.17)

Figure 1.4 illustrates the accumulation of overpotentials during a current pulse of 1C for
10 seconds at 50 % SOC, followed by the relaxation phase for a commercial NCA-graphite
battery.

Figure 1.4: Pulse analysis for a nickel cobalt alumnium oxide (NCA)-graphite battery during
a 1C pulse for 10 seconds at 50 % state of charge (SOC) including the schematic
division of the overpotentials. An additional inlet shows the deviation of the
measured voltage signal and the open-circuit voltage (OCV) 1 h after the applied
pulse.
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As depicted in Figure 1.4, the phenomena leading to overpotentials can be attributed to
various processes within the LiB, which can be described by established mathematical equa-
tions [16; 35–39].

Simplified, these overpotentials consist of ohmic losses, polarization effects (also referred to
as charge transfer polarization), and transportation effects [16; 38]. In a simplified manner,
Equation 1.17 can be expressed as:

V = OCV + (ηΩ + ηpolarization + ηtransport) (1.18)

Each component can be further divided into the respective shares of the individual electrodes.

From another perspective, the overpotentials can also be categorized based on their respective
time scales: The ohmic overpotential develops within milliseconds, the polarization overpo-
tential within seconds, and the transport polarization can persist for hours or even days [40;
41]. Additional reaction overpotentials arising from side reactions, including self-discharge
and aging, are not considered in this work. Their influence, however, is visualized in the
inlet of Figure 1.4, where already after 1 h of relaxation the measured voltage drops below
the OCV due to side reactions.

The ohmic overpotential develops instantaneously and is described by Ohm’s law:

ηΩ = RΩ · I (1.19)

The ohmic overpotential is directly proportional to the applied current I and the ohmic
resistance RΩ, which arises from the electronic conductivity of the electrode active mate-
rial, the ionic conductivity of the electrolyte, and the electronic conductivity of the current
collectors [16; 36]. The ohmic resistance is highly dependent on temperature, SOC, and
SOH: Generally, RΩ increases at the boundary regions of the SOC and rises with decreasing
SOH due to alterations in the electrode material [40; 41].

The Butler-Volmer equation describes the fundamental driving force for the reactions oc-
curring in the electrodes and, with that, the kinetics of the de-/intercalation processes. The
polarization overpotential ηpolarization is related to the applied current I and expresses the rates
of anodic and cathodic reactions:

I = i0

[
exp

(
αaF

RT
ηpolarization

)
− exp

(
−αcF

RT
ηpolarization

)]
(1.20)

In Equation 1.20, the first term represents the anodic reaction (deintercalation), while the
second term corresponds to the cathodic reaction (intercalation) [39]. The apparent transfer
coefficients αa and αc govern the ratio of anodic to cathodic reactions [16]. Typically, these
coefficients are set to 0.5 for LiBs [39]. The constants F and R denote the Faraday constant
and the universal gas constant, respectively, while T represents the temperature, and i0
is referred to as the exchange current density [16]. As indicated by Equation 1.20, the
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polarization overpotential is primarily driven by the current, with an additional dependence
on temperature.

The polarization overpotential exhibits a linear relationship with the current if ηpolarization

is small. However, for larger values of ηpolarization, the current changes exponentially with
respect to ηpolarization, and is predominantly influenced by either the first or the second term,
meaning that either the intercalation or the deintercalation process governs the resulting
current [16]. These simplifications, first illustrated using the Tafel plot, facilitate the determi-
nation of ηpolarization at high current densities [16]:

ηpolarization =
RT
αaF

ln
(

I
i0

)
for αaF ηpolarization >> RT (1.21)

ηpolarization =
RT
αcF

ln
(

I
i0

)
for αcF ηpolarization << −RT (1.22)

Transportation effects, also referred to as concentration polarization or diffusion, exhibit time
constants that range from a few seconds to several days, primarily due to the limited diffusion
of charge carriers. The transport overpotential, denoted as ηtransport, acts as a corrective term
for the thermodynamic properties of active materials within an electrode. This term becomes
essential when concentration gradients develop at the interphase between the electrode
surface and the electrolyte, resulting in a change in the electrode and electrolyte potentials.
Such variations in the OCP must be incorporated into overpotential considerations. The
diffusion overpotential is quantified through an extension of the Nernst equation, which
accounts for the effects of concentration gradients, with the boundary current Ib calculated
using Fick’s laws [16; 42]:

ηtransport =
RT
F

ln
(

Ib

Ib − I

)
(1.23)

This diffusion process is significantly influenced by the geometry, including the thickness of
the active material, as well as the temperature [16; 36; 42].

In a simplified manner, all overpotentials can be combined into a single equation derived
from Equation 1.17:

V = OCV + I · RDC (1.24)

where RDC is the DC-IR measured via Ohm’s law, typically after a few seconds. Since RDC

encompasses all sources of overpotentials, its main dependencies are deducible, making it
highly sensitive to temperature, SOC, and the aging state [40; 41].

1.1.3 Aging and Degradation Mechanisms

LiBs experience capacity fade and impedance rise during their lifetime, both of which can be
described by the well-established SOH definitions in Equations 1.13 and 1.14. The extent of
degradation, however, depends on the electrode material, the usage conditions, and various
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external factors. The relation between cause, mechanism, mode and effect is illustrated in
Figure 1.5. As all battery data used within the published work of this thesis relate to Nickel-
containing cathodes and graphite-based anodes, all further descriptions are based on the
NMC-graphite LiB, with NMC as the most common Nickel-containing cathode material.
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Figure 1.5: Relationship between the causes, degradation mechanisms, degradation modes
(DMs), and effects of battery degradation, based on [43–45]. The color solely aims
to guide the reader.

While the causes and effects (on the left and right in Figure 1.5) can be directly measured,
there exist two additional levels of abstraction: Degradation modes (DMs) and the underlying
physico-chemical degradation mechanisms. DMs cluster several degradation mechanisms
and combine them in a mechanistic modeling approach [32]. DMs can be partially measured
and estimated via optimization methods. While loss of lithium inventory (LLI) and loss
of active material (LAM) are commonly considered as DMs, recent literature also identifies
resistance rise and reduced kinetics as DMs [46].
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The degradation mechanisms are the underlying physico-chemical reactions that occur within
the LiB and lead to the DMs and, consequently, to capacity fade and impedance rise. Figure 1.6
illustrates the most important degradation mechanisms within conventional LiBs. Only the
predominant degradation mechanisms – solid electrolyte interphase (SEI) formation, particle
cracking on the anode side, lithium plating, particle cracking on the cathode side, transition
metal dissolution, and structural disordering – are briefly introduced:
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Figure 1.6: Schematic illustration of the degradation mechanisms occurring within a lithium-
ion battery (LiB), based on Birkl et al. [43].

The reaction of the anode with the electrolyte at the electrode/electrolyte interphase is seen
as the major source of degradation on the anode side [44]. As graphite-based anodes are
operated outside the stability window of common electrolytes, reductive electrolyte decom-
position and lithium-ion consumption lead to the build-up of the SEI. The SEI builds mainly
during the formation process, but its growth does not suddenly stop over lifetime. The SEI
itself, however, prevents the accelerated formation of more SEI as it is electronically isolating
but ionically conductive [44]. As can be seen in Figure 1.5, SEI growth mainly leads to LLI
as cyclable lithium is trapped inside the SEI and no longer available for cycling. Due to the
additional layer on the interphase, it may also lead to reduced kinetics and, consequently, to
impedance rise [43–45].

Cycling of the LiB leads to volumetric changes within the anode that may result in particle
cracking. On the one hand, particle cracking on the anode side leads to a loss of ionic and
electronic conductivity and, with that, to loss of active material - negative electrode (LAMNE)
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and impedance rise [43; 45]. On the other hand, particle cracking may affect the SEI layer
and result in the growth of new SEI areas. This again consumes cyclable lithium (LLI) and
may lead to impedance rise [43–45].

One of the biggest concerns in BEV operation is the accelerated degradation during fast
charging. This accelerated degradation is actually due to lithium plating and only occurs
in unfavorable states, specifically, if the anode potential vs. Li/Li+ drops below 0 V [43].
Lithium plating happens if the lithium-ions build metallic lithium instead of intercalating
into the anode. If this plating mechanism forms dendrites, safety concerns may arise, as these
dendrites eventually trigger an internal short-circuit if they grow through the separator [44].
Plating mainly leads to LLI and is favored either by thermodynamic causes, i.e., stoichiometry
in Figure 1.5, or external factors, i.e., low temperature and high current loads [43–45].

Particle cracking may also occur on the cathode side and will lead to loss of active material
- positive electrode (LAMPE) and impedance rise [43]. Similar to the anode side, particle
cracking on the cathode is aggravated by mechanical stress, including cycling with high
current loads [43; 44]. In contrast to the anode, particle cracking of the cathode is not fully
understood, and some researchers question whether particle cracking is just a symptom of
structural disordering and, therefore, not a degradation mechanism itself [47; 48].

One of the most significant degradation mechanisms within the cathode is the so-called tran-
sition metal dissolution, which occurs for transition metals and lithium manganese oxides.
The dissolution of the cathode material leads mainly to LAMPE, but the dissolved metals may
also pass through the separator and accelerate SEI growth there [44]. Reaction of the dis-
solved metals with the electrolyte is, similarly to the anode, referred to as cathode electrolyte
interphase. This is an irreversible phenomenon that leads to impedance rise [43–45].

As discussed, Lee et al. [47] propose that particle cracking is rather a symptom of struc-
tural disordering instead of a mechanism itself. Structural disordering or phase change is
aggravated for Nickel-rich materials in high-voltage segments and describes the formation
of resistive, electrochemically inactive layers on the cathode particles’ surface [44; 47; 49].
This phase change primarily leads to LAMPE but also strongly increases the impedance. As
pictured in Figure 1.5, structural disordering is mainly driven by high current loads [43–45].
More recently, Jung et al. [50] explore a new degradation mechanism – rocksalt formation –
that is especially triggered by cycling in the upper voltage region and the reaction of released
oxygen with the electrolyte at the cathode.

While a general understanding of the underlying degradation mechanisms is beneficial for
interpreting the results of this thesis, more emphasis is laid on the DMs and their relation to
the OCV change. The DMs are one of the state variables in this thesis that are estimated with
appropriate methods.
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1.1.4 Degradation Modes

Understanding the relationship between OCV and DMs is fundamental to this thesis. DMs
categorize degradation mechanisms by the affected region, as illustrated in Figure 1.5. Al-
though DMs cannot be directly measured in full cells, optimization methods enable highly
accurate estimations [27; 32; 51]. Figure 1.7 outlines the three common DMs and their impact
on the OCV.
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Figure 1.7: Relation of open-circuit voltage (OCV) changes, alignment parameter change,
and underlying degradation modes (DMs) for a nickel cobalt alumnium oxide
(NCA)-graphite battery. (a) Initial cell balancing and resulting OCV including
the alignment parameter set αNE, αPE, βNE, and βPE; (b) Resulting OCV after loss
of active material - negative electrode (LAMNE); (c) Resulting OCV after loss of
active material - positive electrode (LAMPE); and (d) Resulting OCV after loss of
lithium inventory (LLI) (Figure inspired by Birkl et al. [43]).
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Figure 1.7 (a) illustrates the pristine state and the relationship between the OCPs, OCV and
the initial full cell SOC. In other words, the initial full cell SOC is the SOC normalized to the
capacity in initial or pristine state and is therefore suitable for a fair comparison.

In this example, the initial anode capacity is approximately 1.09 times the cathode capacity.
This initial ratio, also known as the cell balancing or n/p ratio, is a key design parameter for
LiBs and controls the available lithium inventory [14]. Typically, the n/p ratio is greater than
one where the cathode is limiting in charge direction and the anode is limiting in discharge
direction. This arrangement enables control of the full cell via the full cell voltage while
avoiding electrode potentials that would accelerate degradation [43; 52].

LAM encompasses all degradation mechanisms that reduce the available electrode active
material. LLI includes processes that decrease the cyclable lithium inventory. While these
three DMs are widely recognized as primary DMs due to their description of the equilibrium
behavior of LiB, additional DMs are necessary under real operational conditions: As shown
in Figure 1.5, increased electrical resistance and reduced kinetics may be considered DMs as
they describe the full cell voltage slope under current flow [32; 46]. Particularly when the
OCV is approximated by the measured pOCV, inclusion of these new DMs may be required.

In Figure 1.7, the concept of alignment parameters is introduced. The alignment parameters
αNE, αPE, βNE, and βPE describe the scaling and shifting of the electrodes’ OCPs within the
initial full cell SOC or normalized capacity coordinate system. First introduced by Dubarry
et al. [32], these parameters function within the mechanistic model to calculate DMs.

As depicted in Figure 1.7, the alignment parameters consistently refer to the same coordinate
system, with the full cell SOC as the abscissa throughout this thesis.

Subfigure 1.7 (a) illustrates the ideal, pristine case for a typical NCA-graphite LiB. Both OCPs
have alignment parameters α and β: The scalar α-value represents the relative electrode
capacity compared to the nominal capacity CN of the full cell. The scalar β-values are defined
negative if the arrows show to the left and indicate the relative shift to the charge onset,
typically |βNE| << |βPE|. This relationship strongly depends on the measurement range of the
initially captured OCPs [53–55].

The capacity of each electrode is shown with colored bars at the bottom of Subfigure 1.7 (a)
and can be calculated by:

CNE = αNE · CN (1.25)

CPE = αPE · CN (1.26)

The resulting full cell capacity C is the overlapping section, i.e., the lithium inventory (de-
picted at the bottom of Subfigure 1.7 (a)) of both electrode curves within the usable voltage
range, e.g., 2.8 V to 4.2 V for NMC-graphite batteries. Typically, the anode is limiting in
discharge, while the cathode is limiting in charge direction. This implies that to some extent
LAM does not affect the resulting full cell capacity [43].
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Loss of Active Material - Negative Electrode

LAMNE can arise from two primary causes, each potentially triggered by distinct events: Par-
ticle cracking or the loss of electronic contact between particles within the active material or
between the active material and the current collector [43; 44]. These phenomena are exacer-
bated by high current loads and extensive cycling windows, particularly during overcharge
conditions [44].

LAMNE quantifies the available anode capacity relative to the pristine state, calculated as
follows:

LAMNE =
αNE,pristine − αNE

αNE,pristine
(1.27)

Subfigure 1.7 (b) illustrates the impact of LAMNE on the alignment parameters. A reduction
in αNE corresponds to a decrease in anode capacity, depicted by the shortened red bar at the
bottom of Subfigure 1.7 (b). Despite this reduction, the anode retains an excess in the charge
direction, leaving the lithium inventory unaffected.

Loss of Active Material - Positive Electrode

The specific causes of LAMPE are highly dependent on the material used. However, the
primary causes are similar to those of the anode: Particle cracking and loss of electronic
contact [43; 44].

As shown in Subfigure 1.7 (c), the effect of LAMPE mirrors that of LAMNE. The resulting
LAMPE can be calculated as follows:

LAMPE =
αPE,pristine − αPE

αPE,pristine
(1.28)

Similar to LAMNE, in this case (Subfigure 1.7 (c)) LAMPE only reduces the excess, resulting
in no decrease in lithium inventory or full cell capacity.

Loss of Lithium Inventory

Finally, LLI is the DM that mainly influences the full cell performance. Importantly, LLI can
arise from two different causes: Either LLI is triggered by degradation mechanisms itself and
a corresponding shift of both OCPs in relation to each other (compare Subfigure 1.7 (d)) or
excessive LAM conditions LLI. If LAM on one electrode side consumes its respective excess,
further LAM will also lead to LLI.

The degradation mechanisms behind conventional LLI, however, are SEI formation, build-
up and decomposition, binder decomposition and lithium plating. While the first two
are aggravated by high temperature and high SOC, lithium plating is triggered by low
temperatures and high charging currents [44].
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The conventional case of LLI is illustrated in Subfigure 1.7 (d), where the OCPPE shifts
relatively to the left while both electrode capacities stay the same. Hence, the α values
are consistent while βPE decreases. As depicted in the bottom Subfigure (d) this leads to a
reduction in the overlapping section and, with that, to LLI. Finally, LLI gives the relative
reduction of this lithium inventory:

LLI =
Clit,pristine − Clit

Clit,pristine
(1.29)

Due to the many different possible scenarios of LLI, the available lithium inventory Clit

demands a case-sensitive definition [51]:

Clit =



(αPE − βNE + βPE) · CN , for (αPE − βNE + βPE) ≤ αNE ∧ (βPE − βNE) ≤ 0

(αNE) · CN , for (αPE − βNE + βPE) > αNE ∧ (βPE − βNE) ≤ 0

(αNE + βNE − βPE) · CN , for (αNE + βNE − βPE) ≤ αPE ∧ (βPE − βNE) > 0

(αPE) · CN , for (αNE + βNE − βPE) > αPE ∧ (βPE − βNE) > 0

(1.30)

As can be seen in Figure 1.7, the usable voltage window within the available lithium inventory
returns the full cell capacity. While LAMNE or LAMPE may occur without reducing the usable
cell capacity, LLI always directly reflects the lost capacity. Hence, the LLI linearly correlates
with the SOHC. All of the aforementioned DMs are usually defined within the range from 0 %
to 100 %, although slight negative values in the first few cycles are possible and realistic [56;
57].

1.2 State of Health Estimation

This thesis encompasses multiple studies on SOH estimation, employing two primary types
of methods and their integration: OCV-models – as a type of mechanistic model – and
neural networks – as a type of data-driven model. These methods are categorized and
contextualized within the framework of commonly available SOH estimation techniques by
presenting various categories and discussing the current state of the art. Prior to this, the
standard definition of SOH used throughout this work is reiterated. Section 1.2.1 presents
general approaches for SOH estimation, including physics-based, mechanistic, data-driven,
and empirical models. The two employed architectures within this thesis, i.e., the mechanistic
or OCV model and data-driven approaches, are intensively discussed in Section 1.2.2 and
1.2.3.
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1.2.1 Definitions and General Approaches

As introduced in Section 1.1.2, the SOHC is utilized throughout this thesis. Additionally, the
OCV and the associated DMs extend the SOHC, aiding in the identification of degradation
mechanisms during operation, as shown in Figure 1.5. The SOHC can be directly observed
from the complete OCV curve, with C representing the available capacity within the usable
voltage window. Thus, DMs are a valid extension of the SOHC concept, bridging the gap
between observable effects and underlying degradation mechanisms.

The following overview includes methods that are capable of estimating the SOHC while
some of them also include the OCV and, with that, the DMs. This clustering approach
represents one method to categorize various SOH estimation models. Due to the close
relationships among some models, separation can be challenging and heavily dependent on
the perspective taken.

Cause Mode EffectMechanism

Data-Driven EmpiricalPhysics-Based Mechanistic
x

OCV = f(OCPNE, OCPPE ,
𝜗0,NE, 𝜗100,NE, 𝜗0,PE, 𝜗100,PE)

OCV = f(OCPNE, OCPPE ,
𝛼NE, 𝛼PE, 𝛽NE, 𝛽PE)

𝑿 AI SOHC
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Figure 1.8: Overview of common state of health (SOH) estimation models and their relation
to cause, mechanisms, modes, and effects of battery degradation. (Figure inspired
by Schmitt [58] and Karger [59]).

Figure 1.8 illustrates the interconnection of model types with the abstraction and relation with
the causes, mechanisms, modes and effects of battery degradation, as introduced in Figure 1.5.
Empirical models utilize correlations between usage history — such as storage time and cycle
count — and the decay of SOHC, derived from historical data, to develop approximation
functions [60]. Data-driven models, particularly neural networks, are akin to empirical
models as they are also fitted to historical data to map usage history to effects. This close
relation is indicated with a shared box around both models in Figure 1.8. However, neural
networks can capture complex patterns in the data that simple empirical models cannot.
Recent advancements in neural networks for battery state estimation even incorporate OCV
and DMs [61–66]. Mechanistic models [32] exploit the relationship between OCPs and OCV
to ascertain the current state by relating mode and effect. For state estimation, these models
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must be reformulated as multivariate non-convex optimization problems. The solution
variables, including alignment parameters, allowing for the estimation of OCV, DMs, and
SOHC. As indicated by the shared box around the mechanistic and physics-based model
in Figure 1.8, mechanistic models, however, may be also assigned to the class of physics-
based models, as their underlying theory follows thermodynamic laws. The most detailed
models are physics-based models, notably the pseudo-two-dimensional (P2D) model [16],
as depicted in Figure 1.8. These models directly link the causes of battery degradation to
degradation mechanisms, providing deep insights into the current battery state. In the P2D
model, state variables such as SOHC, OCV, and DMs can be directly calculated from model
parameters, including electrode stoichiometry [16; 67–69].

Empirical Models

Empirical models offer a direct approach for modeling battery degradation based on historical
data. These models focus on SOH metrics, particularly SOHC and SOHR. Training data is
usually sourced from laboratory aging studies, where cells are subjected to cyclic or calendar
aging processes [60; 70–77]. During reference performance tests (RPTs), the relevant metric is
evaluated, such as through a complete constant current (CC) discharge for SOHC or a hybrid
pulse power characterization (HPPC) test for SOHR.

Empirical models encounter two major challenges: The requirement for extensive datasets to
develop the model, and the lack of generalization, as these models are specific to particular
batteries and experimental conditions. The complexity of generalized aging behavior, due
to the nonlinear dependence of capacity decay and resistance rise on various stress factors,
exceeds the scope of empirical models. Nevertheless, data-driven approaches can provide
valuable support. Both model types are limited to replicating degradation behaviors present
in the data; for instance, if temperature effects are not studied during aging tests, they cannot
be represented in the empirical model.

Numerous studies have been conducted to empirically model capacity decay [60; 70–77] and
impedance rise [71; 74; 75]. Typically, either calendar or cyclic aging studies are performed
to isolate their effects on SOHC decline, as demonstrated in:

SOHC =
CN −Qloss,cal −Qloss,cyc

CN
(1.31)

where capacity loss is divided into Qloss,cal and Qloss,cyc. It is widely recognized that distinct
stress factors drive calendar and cyclic aging: Calendar aging is affected by temperature and
storage SOC, whereas cyclic aging is primarily influenced by temperature, depth of discharge
(DOD), and applied current [72; 76; 77].
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One foundational empirical aging model was presented by Schmalstieg et al. [60]: They
modeled capacity decay using two equations:

Qloss,cal = βcal · tαcal (1.32)

Qloss,cyc = βcyc ·Qαcyc (1.33)

where t represents total storage time and Q is the absolute charge throughput. The β param-
eters are adjustable fitting variables determined by experimental conditions, including the
temperature T, the storage SOC (SOCstorage), the DOD, and the average SOC during cyclic
aging SOCmean:

βcal = f (T, SOCstorage) (1.34)

βcyc = f (DOD, SOCmean) (1.35)

In their study [60], α parameters were fixed at 0.5 for calendar and 0.75 for cyclic aging,
leading to the final SOHC estimation equation:

SOHC =
CN − βcalt0.75

− βcyc
√

Q
CN

(1.36)

Equations 1.33 and 1.36 highlight a key limitation: Since the applied current was not varied
during the aging study of Schmalstieg et al. [60], it was excluded from the cyclic capacity loss
fitting function, despite being a significant factor in cyclic aging [72; 76; 77].

The mathematical modeling of capacity decay reveals inherent limitations in distinguishing
calendar and cyclic influences on degradation. While laboratory-generated data can yield
reasonable results, real-world application remains constrained. In practical scenarios, cyclic
and calendar aging effects are interconnected, and path-dependency [78] significantly impacts
field aging behavior. Path-dependency is often absent in empirical studies [60; 70–75; 77].
Consequently, there is a growing need for more comprehensive models, bridging the gap to
physics-based, mechanistic, and data-driven approaches, as illustrated in Figure 1.8.

Physics-Based Models

While a variety of physics-based modeling approaches exist, this section focuses on the
most fundamental: The P2D model [16] and its simplified version, the single particle model
(SPM) [79–81]. As illustrated in Figure 1.8, physics-based models connect degradation causes
to their underlying mechanisms. To extract the aging state from the model, the relevant pa-
rameters must be utilized. This necessitates that physics-based models are updated over the
cell’s lifetime by incorporating degradation mechanisms to accurately replicate cell behavior.
In the following, the basics of the P2D and SPM models are presented, along with a review
of the state-of-the-art degradation-adapted implementations found in the literature.
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The P2D model, introduced by Doyle, Fuller, and Newman [16], describes a battery cell on a
macroscopic scale with two porous electrodes, a separator, and a liquid electrolyte, visualized
in Figure 1.9. The formulas are universally applicable for most common LiBs, allowing them
to be used across different material combinations and cell designs without being limited to a
specific chemistry. The model is built in one dimension x along the cell stack and includes a
second pseudo-dimension r for lithium-ion diffusion within particles, hence the name.
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Figure 1.9: Schematic overview of a lithium-ion battery (LiB) and its modeling in the pseudo-
two-dimensional (P2D) model with its respective dimensions through the cell
layers x and the pseudo dimension r within the particle radius. Figure adapted
from Jokar et al. [79].

The model solves for concentrations cs, cl and potentials φs, φl within the active material (s
for solid phase) and electrolyte (l for liquid phase). Figure 1.9 schemes the concentration in
the solid phase and its dependencies. Key equations of the P2D model, specifically the mass
balance, include:
Separator domain:

εl
∂cs

∂t
= ∇

(
Dl,eff∇cl −

ilt+
F

)
(1.37)

Electrode domain:
εl
∂cs

∂t
= ∇

(
Dl,eff∇cl −

ilt+
F

)
+ as (1 − t+) jn (1.38)

In these equations ε is the volume fraction, Deff is the efficient diffusion coefficient, i is the
current density, and jn is the molar flux density, t is the transport number, as is the specific
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surface and can be calculated from the particle radius rp by as =
3εs
rp

, and F is the Faraday
constant.

For a detailed description of these equations including the remaining auxiliary conditions,
the interested reader is referred to the original work by Doyle, Fuller and Newman [16].

The model is not analytically solvable and requires numerical methods like the finite ele-
ment method [79]. It does not initially account for degradation, necessitating extensions
or coupling with aging models for accurate SOH estimation. Uddin et al. [67] have built
an optimization framework that identifies the most influential parameters for varying ag-
ing scenarios and, with that, updated the model. From these adapted parameters it is
possible to yield the SOHC [67]. The review by Miguel et al. [68] highlights the critical
role of accurate parameter estimation in using physics-based models, especially the P2D
model, for battery management systems (BMSs) and state estimation. It emphasizes that,
while single-optimization approaches may offer good accuracy, multi-optimization analyses
provide more comprehensive parameter estimations. These methods, especially when com-
bined with physico-chemical tests, can enhance the robustness of the P2D model by ensuring
precise parameter estimation and accurate state predictions [68]. While the parameter and
optimization choice itself is already challenging, Laue et al. [69] further discuss the sensitivity
to parametrization tests. Following their results, adequate P2D parameter updates are not
feasible with the common C-rate tests as the reaction and conductivity coefficients cannot be
differentiated. They propose the usage of constant and dynamic current tests, including the
measurement of the half-cell potentials during these tests [69]. Due to these limitations, the
P2D model, despite its high accuracy, is still not applicable in real-world scenarios, as con-
tinuous measurement of electrode potentials can only be conducted in controlled laboratory
settings. Modifying the P2D model for SOH estimation requires the inclusion of degradation
models that update dependent parameters. This integration, however, is aggravated by the
highly sensitive parameters [67–69] and the high computational cost [79].

Reduced order models, such as the SPM, decrease computational complexity and parame-
ter sensitivity by simplifying the P2D model. They assume uniform current density across
electrode thickness and ignore lithium concentrations in the electrolyte, focusing on the mass
balance for electrode particles and a nonlinear output voltage function [80; 81]. The SPM
can be extended to include thermal behavior and aging mechanisms, achieving high state
estimation accuracy [82; 83]. The main benefits of reduced order models are simplicity, low
computational cost, and adaptability for various purposes, although they require fine-tuning
for specific conditions [79]. Li et al. [82] have integrated SEI growth and crack propaga-
tion as the main degradation mechanisms into a SPM and coupled them with LLI to allow
SOHC estimation. Their model accurately estimates battery capacity fade and voltage pro-
files across various temperatures, emphasizing the dominant role of SEI layer formation.
Building on their previous work, Li et al. [83] presented an extended capacity fade model
using an SPM, which further addressed SEI layer formation and growth on the anode, and
volumetric changes in the cathode. This enhanced model effectively estimates the SOHC
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with minimal error, though it requires empirical data for parameter determination and is
cycle-based. Future advancements will focus on dynamic loading situations to enhance
prediction accuracy [83]. While SPM offer a simplified approach compared to the more
complex P2D models, they still face significant challenges: Due to the simplification of a
single particle, they cannot accurately capture the depletion of electrolyte salt concentration
across the dimension of thick electrodes, leading to poor reproduction of voltage drop un-
der high current conditions [84]. One major disadvantage is the multitude of degradation
mechanisms that need to be accurately modeled, which complicates the model development
process. Additionally, the effort required for parameterization is substantial, posing critical
challenges for onboard diagnostics in BMSs. In contrast, mechanistic models, which can
also be considered physics-based models, offer a different approach. Rather than modeling
individual degradation mechanisms, these models focus on DMs that directly influence the
OCV. This approach potentially reduces complexity and computational demands, providing
a more direct assessment of battery health.

Mechanistic Models

Dubarry et al. [32] was the pioneer in introducing the mechanistic modeling approach.
This model adheres to the theory presented in Section 1.1.2, where the OCV is defined as
the potential difference between the positive electrode potential OCPPE and the negative
electrode potential OCPNE. It is assumed that the OCPs remain constant throughout the
lifetime of the system; however, they scale and shift relative to one another, resulting in
corresponding changes in the OCV [32].

As discussed in Section 1.1.4, LAM leads to scaled electrode curves, while LLI results in
shifts in the relationship between the electrodes. This leads to the fundamental concept
of the mechanistic modeling approach for prognosis and diagnosis. Prognosis refers to the
simulation of various aging states, allowing for the adjustment of DMs by simply shifting and
scaling the OCPs. This can be efficiently achieved through programming tools, such as the
alawa toolbox [32; 85], and allows the generation of battery aging data with low computational
cost. In contrast, diagnosis involves estimating the DMs by minimizing the deviation between
the measured and reconstructed OCV.

Schmidt et al. [25] were the first to validate the mechanistic modeling approach through
laboratory measurements. In their study, they disassembled cells to establish specific rates of
LLI and LAM. Their experiments involved six different cells and they found that for a C-rate
below C/20 the deviation between the measured and reconstructed OCPs and OCV consis-
tently remained a mean absolute error (MAE) below 21 mV or 0.5 %. With that, they achieved
the proof of concept for the mechanistic model and gave rise to model modifications [46;
86–92].
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The mechanistic modeling approach has been applied to various scenarios [27; 28; 54; 55; 88;
93–99], including full [25; 28; 43; 88; 93–99] and partial OCV measurements [27; 55]. There
is an increasing number of publications [27; 54; 55; 91; 92] that leverage the mechanistic
modeling approach for real-world charging events, particularly at higher C-rates and during
partial charging segments. One work [100] contained in this thesis, the so-called∆Q-method,
modifies the cost function to optimize the charge difference between relaxed voltage point
pairs which allows the application to real-world BEV fleet data. The mechanistic model has
been modified for more accurate prognosis by integrating blended electrodes [27; 28; 88],
kinetics [46; 89; 91], temperature effects [92], and inhomogeneities [87].

Recent advancements have begun to couple the mechanistic model with data-driven mod-
els [61–63]. For instance, alignment parameters can be estimated using neural networks [61].
However, it is important to note that data-driven methods do not necessarily require a
physics-based core, as they can learn directly from raw data.

Data-Driven Models

In the context of artificial intelligence (AI) and data-driven models, neural networks are a
fundamental component, particularly within the domain of machine learning. In the context
of this work, Figure 1.10 visualizes the location of neural networks for battery SOH estimation
within the AI landscape [9; 101]. The general areas are depicted in orange, while the concrete
fields are colored in blue and highlighted with dashed circles.

Artificial Intelligence

Machine Learning

(Deep) Neural Networks 

Regression
Supervised Learning

Neural Networks for
Battery State of Health

Estimation

Figure 1.10: Schematic visualization of the location of battery state of health (SOH) estimation
within the artificial intelligence (AI) landscape in orange. The dashed, blue circles
offer a more detailed perspective, where the methods solve regression problems
with supervised learning approaches [9; 101].

Neural networks can be employed in both supervised and unsupervised learning paradigms.
In supervised learning, which is the focus of this dissertation, models are trained using labeled
datasets to predict outcomes based on input features. This contrasts with unsupervised
learning, where models identify patterns and structures in unlabeled data. Deep learning is
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a subset of machine learning that involves neural networks with multiple layers, known as
deep neural networks. These layers enable the model to learn hierarchical representations of
data, making deep learning particularly effective for complex tasks such as image and speech
recognition, and increasingly, battery SOH estimation.

Neural networks do not incorporate the underlying electrochemical mechanisms into their
architecture. Instead, they learn the mapping function between input data streams, such as
voltage, current, and temperature, and the SOH of a battery, as can be seen in Figure 1.8.
The performance of these models is heavily dependent on the quality of the dataset and
the preprocessing techniques employed, i.e., the so called feature set. The challenges in
developing a data-driven SOH estimation model lie in data preprocessing and model fine-
tuning to achieve effective generalization. As this thesis only deals with neural networks as
one representation of data-driven models, as can be seen in Figure 1.10, focus is set on these
methods.

Neural networks have become a key tool for estimating the SOH of batteries in recent
years [102–121]. The simplest form, the perceptron, has been known for over six decades
but gained practical application in the 21st century. An artificial neuron mimics biological
neurons by processing multiple inputs with associated weights and applying an activation
function. Training involves minimizing the deviation between expected and estimated out-
puts using gradient descent methods [122]. The feed-forward neural network (FNN) [102–
104] builds on the perceptron by incorporating multiple layers and neurons. Variants such as
the convolutional neural network (CNN) [105–108] excel with grid-like data, while recurrent
neural networks (RNNs) [109; 110] are designed for time-dependent tasks. Long short-term
memory neural networks (LSTMs), a specialized type of RNN, are particularly effective for
sequential data, addressing the vanishing gradient problem (will be discussed in Section 1.2.3)
through memory cells that retain information over time, thus enhancing accuracy [111–115].
Novel modifications, i.e., the temporal convolutional neural network (TCN) – a combination
of LSTM and CNN, have gained attention [116–121]. For example, Bockrath et al. [120] have
shown that TCNs work with raw sensor data and outperform several other neural network
architectures, reaching a SOHC root mean squared error (RMSE) of 1 %.

In recent years, neural networks have been adapted to DM estimation [61–66], including
mostly CNN, LSTM, and novel modifications. Tian et al. [65], for example, have reached an
OCV reconstruction RMSE below 15 mV by developing a CNN that estimates the stoichiom-
etry. From these values, it is possible to directly output the DMs and the OCV.

Advancements have focused on solving the two major problems of neural networks in the
field of battery state estimation: Data scarcity is tackled by leveraging the capabilities of
transfer learning [51; 61; 123–146] and learning from previous battery aging datasets [61;
123–125; 127–130; 132–136; 139; 140; 142; 144–146] or from synthetic data [51; 126; 131;
137; 138]. The solution to data dependence, i.e., generalization, is aimed to be achieved
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by integrating physics-based models into neural networks [51; 135; 147–165] by developing
PINNs and, with that, physically constraining the estimation.

1.2.2 SOH Estimation based on OCV-Models

While many possibilities for successful SOH estimation exist, only two of the previously
introduced approaches are utilized in this work, as both of them allow the extension to OCV
reconstruction and DM estimation, although maintaining low parametrization effort and the
possibility for online application: The mechanistic model and neural networks. As shown in
Figure 1.8 and detailed in Section 1.2.1, the mechanistic model is of high interest, as it reveals
the OCV.

The mechanistic modeling approach was initially published by Dubarry et al. [32], later
validated by Schmidt et al. [25], and has since undergone multiple adaptations, modifications,
and extensions [26; 27; 51; 53; 87; 91; 92; 94–96; 100; 166; 167]. The application of the
mechanistic model for SOHC estimation will also be referred to as the OCV model throughout
this thesis.

The theoretical OCV is the superposition of both OCPs in the full cell design, i.e., the cell
balancing, which can be expressed using the alignment parameter set ϑ, including the scaling
and shifting factors which determine the electrode capacities and the electrode balancing:

ϑ = [αNE, αPE, βNE, βPE] (1.39)

These factors ultimately allow the reconstruction of the full OCV, the estimation of DMs,
and the calculation of SOHC. Mathematically, this implies solving an optimization problem,
where the optimal alignment parameter setϑ is sought to minimize a predefined cost function.
In the following sections, the mathematical derivation for the optimization problem of the
OCV model is presented, where the full cell SOC (herein simply denoted as SOC) is chosen
as the common abscissa. This common abscissa, however, can also be the absolute capacity
within given voltage limits.

Equation 1.5 can be transformed to:

OCV(SOC) = OCPPE(SOCPE) −OCPNE(SOCNE) (1.40)

The OCPs of both electrodes must be transformed to the full cell SOC space:

SOC = αNE · SOCNE + βNE (1.41)

SOC = αPE · SOCPE + βPE (1.42)
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This results in the following expression:

OCV(SOC) = OCPPE

(
SOC − βPE

αPE

)
−OCPNE

(
SOC − βNE

αNE

)
(1.43)

Thus, the reconstructed full cell OCVreco can be described as a function of SOC and ϑ:

OCVreco = f (SOC, ϑ) (1.44)

To finally determine the optimal alignment parameter set, a measured OCVmeas, such as a
pOCV or GITT measurement, is compared to the reconstructed curve, and the minimum
deviation is sought. This process is visualized for a pristine NCA-graphite battery in Subfig-
ure 1.11 (a). Manually, the OCPs of both electrodes must be shifted and squeezed until the
error vanishes. In this example, the current alignment parameter set is [1.05, 1.1,−0.07,−0.18].
As can be seen, OCVmeas and OCVreco still have large deviations, and OCVmeas has more ca-
pacity. Increasing αPE might reduce the cost. This example, however, already shows that
manual tweaking is cumbersome and error-prone.

Automating this curve alignment is much more feasible and well-established [26; 27; 51; 53;
87; 91; 92; 94–96; 100; 166; 167]. To achieve this, a multivariate non-convex optimization
problem must be solved, which generally has the following form:

ϑ = arg min
ϑ

f (ϑ)

s.t. ϑ ≥ lb

ϑ ≤ ub

feq(ϑ) = 0

fineq(ϑ) ≥ 0

(1.45)

where f (ϑ) is the cost or objective function, and ϑ is the optimization argument. Additionally,
lower and upper boundaries (lb and ub) of the optimization argument and additional equality
and inequality constraints ( feq(ϑ) and fineq(ϑ)) may be included. In this case, as shown in
Subfigure 1.11 (a), the cost function f (ϑ) can be expressed as:

f (ϑ) =|| OCVmeas(SOC) −OCVreco(SOC, ϑ) ||22 (1.46)

where both OCV curves must be transformed to the same full cell SOC.

The cost function is the squared Euclidean norm of the measured and reconstructed OCV.
While this optimization problem seems straightforward, it has several major influencing
factors, including the cost function itself, the choice of the search space, the constraints, the
solver, and finally, the input data, which will be discussed in the following.
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Figure 1.11: Different approaches for the cost function of the open-circuit voltage (OCV)
model including the shifted and scaled open-circuit potentials (OCPs), the re-
constructed OCV, and the measured signal for an initial alignment parameter set
of [1.05, 1.1,−0.07,−0.18] for αNE, αPE, βNE, βPE, respectively. Subfigure (a) shows
the voltage, (b) the differential voltage, and (c) the incremental capacity.
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Cost Function

The calculated error is mostly defined at equidistant SOC points and follows, for example,
the squared Euclidean norm. The cost function, however, may also be expressed with
non-equidistant points to weigh several regions higher than others. Besides the Euclidean
norm, it is possible to use any other norm, e.g., the absolute value norm. Note that these
norms may be expressed as error metrics, such as the MAE or the RMSE, however, they are
convertible between each other. While the RMSE is very commonly used in the context of
OCV reconstruction, the perfect configuration is problem-specific [58].

As can be seen in Subfigures 1.11 (b) and (c), the cost function may be changed or extended
by the differential voltage analysis (DVA) or incremental capacity analysis (ICA). The general
concept of the DVA and ICA is visualized in Figure 1.12, including information about the
phase transitions of graphite which also leads to peaks and valleys in the full cell DVA and
ICA.

The DVA is calculated with:
DVA =

dOCV
dSOC

(1.47)

in the SOC domain, and with:

DVA =
dOCV

dQ
(1.48)

in the capacity domain. For easier visualization, the curves are mostly multiplied by either
100 % or CN, respectively. Subfigure 1.11 (b) shows that the full cell DVA can be determined
from both electrode DVAs:

dOCV
dSOC

=
dOCPPE

dSOC
−

dOCPNE

dSOC
(1.49)

Hence, the full cell DVA includes features that can be attributed to individual electrodes
and is a very important tool for diagnosis [22; 59; 91; 98; 169–174]. As can be seen in
Subfigure 1.11 (b) and Figure 1.12, the DVA incorporates features which are not that prominent
in the voltage curve. Equation 1.49 implies that steep gradients, i.e., phase transitions in the
active material [59; 175], lead to peaks in the DVA. These phase transitions are illustrated
in Subfigure 1.12 (c) and (d). The distinctive features observed in the anode are attributed
to the lithiation process of graphite, during which various stages are sequentially traversed,
each resulting in a distinct electrochemical potential. For a more comprehensive explanation,
interested readers are encouraged to consult the works of Dahn [175] or Insinna et al. [168].
The characteristic anode plateau change around 50 % SOC is very visible in the DVA, while
it is diminishing in the voltage curve. Besides that, the edge areas experience high peaks, as
there the electrode OCPs are limiting. Other researchers even use the DVA curve to directly
estimate the DMs by quantifying the change in length between several peaks [22; 91; 169–171;
173; 174]. For example, QNE,1 and QNE,2 quantify LAMNE, while QPE,1 quantifies LAMPE. The
DMs are calculated by Equation 1.27 and 1.28, where the α variables are simply exchanged by
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Figure 1.12: Illustration of the relation between the (a) open-circuit voltage (OCV), (b) the in-
cremental capacity analysis (ICA), and (c) the differential voltage analysis (DVA)
for a nickel cobalt alumnium oxide (NCA)-graphite battery. The location of the
phase transitions in the DVA (c) is related to the phase equilibria in the ICA
(b). The length between these peaks/valleys can be used for peak-tracking, i.e.,
degradation mode (DM) estimation. Figure is adapted from Karger et al. [59].
Subfigure (d) additionally illustrates the phase transitions of graphite during
lithiation and the respective potential vs. Li/Li+ (Figure adapted from Insinna et
al. [168]).

the respective capacity QNE,1, QNE,2 or QPE,1. The capacity between peaks of the anode and
cathode QLLI,1 correlates with LLI. Direct calculation of LLI, however, is not possible [59; 170].
For example, graphite experiences several phase transitions LiC24 → LiC12 → LiC6, with the
perfect configurations visible as peaks in the DVA in Subfigure 1.12 (c) [22; 59; 91; 169; 170;
175–178]. Especially, the LiC12 configuration is a prominent marker [59; 177]. Similarly, for
a NCA cathode, several structural transitions occur, from hexagonal (H) to monoclinic (M),
with the sequence H1→M→ H2→ H3 for delithiation [59; 179]. The two peaks associated
with the H2→ H3 transitions are mostly visible; for example, in Subfigure 1.11 (b) or 1.12 (c),
the last two peaks in the DVA [59; 179]. This so-called peak-tracking [91] follows the same
theoretical considerations as the mechanistic model and the connected DM equations [22; 98;
169–171].
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Similar to the DVA, the ICA is a well-established tool for direct cell diagnosis [91; 98; 173;
174; 180–182]. As can be seen in Subfigure 1.12 (b), however, the peaks are located in phase
equilibria [59; 178], i.e., where large quantities of capacity are allocated in the electrode
without significant potential changes. Mathematically, the ICA can be expressed as:

(
dOCV
dSOC

)−1

=
1

dOCPPE
dSOC −

dOCPNE
dSOC

(1.50)

The full cell ICA can be calculated from both electrode ICAs. In this case, however, the ICA
of the negative electrode is subject to high noise as the OCPNE is extremely flat. Hence,
the ICANE is not included in Subfigure 1.11 (c). Further, the visual mapping of individual
features from the electrodes to the full cell ICA is complicated as the ICAs are plotted
against the voltage, yielding a corresponding shift of the peaks and valleys, as can be seen
in Subfigure 1.11 (c). Nevertheless, the full cell ICA, displayed in Subfigure 1.12 (b), allows
for very strong identification of cathode markers in the upper SOC region, including the
H2→ H3 plateau for NCA cathode materials [59; 179]. Peak-tracking – although in this case
it should rather be called valley-tracking – is, thus, also commonly used for DM estimation [91;
98; 173; 174; 180; 182], following the same equations as peak-tracking with the DVA.

If the cost function is modified to include the DVA and ICA, it will result in:

f (ϑ) =x1· || OCVmeas(SOC) −OCVreco(SOC, ϑ) ||22
+x2· || DVAmeas(SOC) −DVAreco(SOC, ϑ) ||22
+x3· || ICAmeas(V) − ICAreco(V, ϑ) ||22

(1.51)

where x1, x2, and x3 are the weighting factors for the individual components. Bin-Mat-
Arishad et al. [93] have researched the optimum configuration and found evidence that a
combination of all three is beneficial for a NMC-graphite battery. The exact choice of the cost
function, however, remains highly cell-specific and must be optimized individually.

Recent modifications [87; 91] have included peak-tracking as additional terms in the cost
function or directly in the constraints, which is especially helpful for correct anode alignment,
as the LiC12 peak in the DVA [59; 177] just marginally influences the total cost.

Search Space and Constraints

The optimization problem is highly sensitive to the definition of the search space due to
the non-convex nature of the objective function. The search space is determined by the
upper and lower boundaries, as well as the equality and inequality constraints, as outlined
in Equation 1.45. Additionally, some solvers require an initial starting point to perform the
optimization effectively.
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Following the barrier method for non-convex problems [183; 184], the problem can be sim-
plified by incorporating the constraints directly into the objective function. In this approach,
infeasible points are penalized, typically through a quadratic penalty term. Applying this
method to Equation 1.45 results in the following reformulated objective function:

ϑ = arg min
ϑ

f (ϑ) + ρ1 feq(ϑ)2 + ρ2 max(0,− fineq(ϑ))2

s.t. ϑ ≥ lb

ϑ ≤ ub

(1.52)

where ρ1 > 0 and ρ2 > 0 are penalty parameters for the equality and inequality constraints,
respectively.

In recent studies, only a limited number of authors [27; 87; 94] have explicitly incorporated
equality and inequality constraints into their optimization frameworks. Schmitt et al. [27]
included the inequality constraint that the reconstructed OCV must at least reach a voltage of
4.2 V. In other words, this implies that the electrodes keep their balancing with the cathode
being the limiting factor in charge direction, as otherwise the full cell voltage of 4.2 V could
not be reached. Fath et al. [87] employed the barrier method [183; 184] and integrated peak-
tracking into the objective function of the OCV model, as shown in Equation 1.52. They also
added the inequality constraint that all DMs must remain positive.

More commonly, researchers have relied on the use of boundaries and initial values, which
appear to play a more significant role than explicit constraints [27; 51; 93; 100]. For instance,
Schmitt et al. [27] developed an automated analysis tool for RPTs in an aging study. In
their approach, initial values were provided for the pristine cell, corresponding to the first
RPT. Subsequent iterations utilized the solution from the previous run as initial values, with
boundaries set to 30 %. Another implementation [51] further reduced the boundaries to
−20 % and +10 % for the same aging study. However, this procedure is not feasible for most
real-world applications. A proposed OCV model for a BEV fleet leveraged the estimated
SOHC from the BMS to determine the initial values and boundaries [100].

Solver

The choice of solver plays a critical role in the optimization process, as it significantly impacts
the convergence behavior and computational cost. Solvers can generally be categorized into
global and local optimization methods [184]. Local algorithms exploit gradient descent to
find the optimum, while global algorithms mostly work iteratively by comparing subsequent
evaluation runs [184]. Each type has distinct characteristics, with some solvers capable
of incorporating constraints and search space definitions, while others may not support
such features. Global optimization methods address the problem on a global scale but are
often more computationally demanding, as they typically require solving multiple local
optimization problems [184].
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The selection of an appropriate solver depends not only on the objective function and search
space but also on the specific knowledge available about the problem. For instance, if the
initial alignment parameters are known, it may be advantageous to choose a solver that allows
the specification of initial values. This can improve convergence and reduce computational
effort [93].

In literature, global solvers have been applied across a wide range of problems [53; 91; 92; 95;
166], with their performance varying depending on the complexity of the objective function
and the dimensionality of the search space. Especially, particle swarm [53; 92; 95] and the
genetic algorithm [53; 91; 92; 95] are popular choices.

Similarly, local solvers have been employed for problems [26; 27; 51; 87; 94; 96; 100; 167],
where the search space is well-defined, and initial values are available, often achieving
faster convergence but at the risk of finding suboptimal solutions in non-convex landscapes.
Herein, mostly the pattern search algorithm [87], sequential quadratic programming [26; 94]
or least-squares solvers [27; 51; 96; 100; 167] are used.

Despite the importance of selecting the optimal solver, objective function, and search space,
these factors alone cannot guarantee success. The quality and sufficiency of the input database
remain fundamental to achieving reliable and meaningful optimization results.

Input Data

Figure 1.13 illustrates charging curves at various C-rates from C/50 up to C/4, which pose
increasing levels of difficulty to the OCV model. In the easiest case, a full measured pOCV or
GITT is available, e.g., the pOCV curve at C/50 or C/25 in Subfigure 1.13 (a). The optimization
problem gets increasingly challenging for partial pOCV and higher C-rates.

Partial voltage curves exclude several important regions. For example, a measured pOCV
from 30 % to 80 % misses characteristic features of the OCV. Compared to Figure 1.12 and
Figure 1.13, the most informative peaks in the DVA (c) and ICA (b) vanish and, with that, the
possibility for peak-tracking. Similarly, the features vanish for higher current loads. As can
be seen in Figure 1.13, the voltage curve at C/4 incorporates drastically less visible features,
hence, tools as the DVA and ICA cannot robustly detect peaks. As the displayed data in
Figure 1.13 is from a pristine cell, this trend is expected to worsen for degraded batteries as
the impedance rises even more and, with that, fewer features are detectable.

If the full measured OCV curve is available, the objective function is typically defined by
Equation 1.46 or extended as shown in Equation 1.51. Xu et al. [185] published a method to
collect the full OCV from discrete curve fragments, allowing the original reconstruction.

In cases where only a partially measured OCV curve is available as input data, the objective
function can be adapted in two ways:

35



Introduction and Context: State of Health Estimation

0 25 50 75 100
Initial Full Cell SOC / %

3.0

3.5

4.0
V

ol
ta

ge
 /

 V

(a)

0 1 2 3
dSOC

dV (100%) 1 / V 1

(b)

0 25 50 75 100
Initial Full Cell SOC / %

0

1

2

3

dV dS
O

C
10

0%
 /

 V

(c)

C-Rate
C/4
C/6
C/10

C/15
C/25
C/50

Figure 1.13: Illustration of potential input data for the open-circuit voltage (OCV) model
derived from the mechanistic modeling approach. With higher C-rates of the
voltage charging curve (a), the features in the incremental capacity analysis
(ICA) (b), and differential voltage analysis (DVA) (c) vanish. The complexity
of the optimization process increases with higher C-rate values and narrower
available charging windows. The displayed charging curves correspond to a
pristine nickel cobalt alumnium oxide (NCA)-graphite battery.

If the cathode OCP exhibits a detectable gradient, as is the case for materials such as NMC or
NCA, Equation 1.46 can be modified to calculate the deviation only within the overlapping
section of the measured data. This section is defined between OCVmeas,min and OCVmeas,max,
which represent the minimum and maximum values of the measured partial OCV curve.
This condition can be added as inequality constraint:

ϑ = arg min
ϑ

|| OCVmeas(SOC) −OCVreco(SOC, ϑ) ||22

s.t. OCVreco(SOC, ϑ) ≥ OCVmeas,min

OCVreco(SOC, ϑ) ≤ OCVmeas,max

(1.53)

For materials with a flat OCV characteristic, such as LFP, this approach is not feasible. Schmitt
et al. [27] and Yang et al. [55] proposed alternative methods in such cases. Schmitt et al. [27]
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adjusted the β-parameters to account for the estimated starting SOC, denoted as SOCstart,est:

β′NE = βNE − SOCstart,est (1.54)

β′PE = βPE − SOCstart,est (1.55)

This adjustment limits the comparable SOC window to the range of the measured data. A
subsequent back-transformation restores the original alignment parameter set, enabling the
reconstruction of the full OCV curve, the DMs, and the SOHC. Similar, Yang et al. [55]
transformed the input data to the fresh cell SOC for cost calculation. For relaxed voltage
points [100] and low C-rates [27], the minimum available SOC span is reported as 40 % to
100 % [100] and 20 % to 70 % [27].

Various approaches exist for real-world charging data with higher C-rates [27; 54; 55; 91; 166].
Again, Schmitt et al. [27] and Yang et al. [55] have used similar approaches and reconstructed
the measured partial OCV curve by subtracting a constant ohmic offset from the partial
voltage charging curve. As can be seen in Figure 1.13, the features of the OCV vanish for
higher C-rates. Lu et al. [54] and Friedrich et al. [166], however, stated that a SOC-dependent
overpotential correction is superior. Recent findings state various upper limits for these
methods and accurate SOHC estimation: Schmitt et al. [27] propose C-rates up to C/4 and a
SOC window from 10 % to 80 %, Yang et al. [55] and Chen et al. [91] even state a maximum
C-rate up to C/3 and a SOC window from 20 % to 70 % [55] or 40 % to 100 % [91], respectively.
Accurate OCV reconstruction and, with that, DM estimation, however, is yet only feasible
for C-rates below C/15 [27].

Kunz et al. [186] have introduced a novel approach by modifying the OCV model to utilize
heat flow measurements instead of voltage for assessing DMs in commercial cylindrical
cells. Although industrialization is infeasible, the approach offers a valid alternative for
laboratory studies. This method leverages isothermal calorimetry and surface temperature
measurements combined with a zero-dimensional thermal model, enabling efficient entropy-
based diagnostics that eliminate the need for thermodynamic equilibrium and predefined
markers.

The literature indicates that accurate OCV reconstruction and DM estimation are only feasible
under specific conditions, such as low C-rates (e.g., below C/15 [27]) and sufficiently large
SOC windows, such as 20 % to 70 % [27; 55], 40 % to 100 % [91; 100], or 20 % to 70 % [55].
However, data-driven methods, particularly neural networks, offer the potential to overcome
these limitations by uncovering hidden patterns in the input data. Such approaches could
enable the use of higher C-rates, shorter charging segments, or even dynamic driving profiles,
thereby expanding the applicability of OCV reconstruction and DM estimation to more
realistic and challenging scenarios.
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1.2.3 SOH Estimation based on Neural Networks

Neural networks have been a foundational concept in AI for over six decades [122], yet their
application within the battery research community has significantly accelerated only in the
past decade [66; 111–115; 117–121]. As empirical models often struggle to accurately capture
the intricate dynamics of battery degradation, neural networks offer a powerful alternative
by uncovering hidden patterns within complex datasets. Neural networks are computational
models inspired by the human brain, designed to recognize patterns and relationships in data.
They can be considered empirical models because they learn from data through experience.
In Figure 1.8, they are, however, classified into a unique category as their working principle
varies greatly from default empirical models.

While a multitude of different realizations for AI exist, this introduction only focuses on
the required building blocks to follow the chosen approach of this work, as shown in Fig-
ure 1.10: The working principle, neural network architectures, and hyperparameter tuning.
The fundamental problems of data scarcity and data dependence in neural network ap-
plications are discussed, introducing two possible solution strategies: PINNs and transfer
learning.

Working Principle

The core of neural networks lies in their iterative training process, which is composed of
three fundamental steps: (1) Initial parameterization, typically performed randomly; (2)
computation of the loss, which involves comparing the model’s predictions to the ground
truth; and (3) updating the model parameters in the direction that reduces the loss. This
process can be illustrated through the example of linear regression: In linear regression, the
goal is to find a function f (x) that predicts the outcome y based on some input x. This
relationship can be expressed as:

f (x) = wx + b (1.56)

where w represents the weights and b is the bias term.

Given a datasetDtrain = {(xi, yi)}ni=1, which is a subset of the datasetD, the task is to determine
the optimal parameter configuration (w∗, b∗). This is achieved by minimizing the loss function
over a subset of the datasetDtrain, which typically comprises about 50 % to 80 % of the entire
datasetD [122; 187; 188]. For instance, using the mean squared error as the loss function, the
objective can be formulated as:

(w∗, b∗) = arg min
(w,b)

f(w,b)(x) = arg min
(w,b)

1
n

n∑
i=1

(
(wxi + b) − yi

)2 (1.57)

Most neural network strategies employ differentiable objective functions, allowing the use
of gradient descent for optimization. The differentiability of the loss function enables the
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calculation of partial derivatives with respect to the weights and biases, facilitating updates
that reduce the loss:

∂ f(w,b)(x)
∂w

=
1
n

n∑
i=1

(
−2xi(yi − (wxi + b))

)
(1.58)

∂ f(w,b)(x)
∂b

=
1
n

n∑
i=1

(
−2(yi − (wxi + b))

)
(1.59)

This iterative process continues through all samples i in the training dataset Dtrain to find
the optimal parameters (w∗, b∗) that minimize the loss function. As neural networks are
composed of numerous such functions, the linear regression example provides key insights
into their working principle [9; 122; 187].

In the case of neural networks, this structure is extended to several layers l each with several
input neurons a(l−1)

0 , . . . , a(l−1)
j which are each processed with individual weights w(l−1)

n , where
n corresponds to the index of the current neuron, and biases b(l−1) processed by a scaling or
activation function σ. Subfigure 1.14 (a) illustrates the relation for two layers and one output.
Common scaling functions are the sigmoid function, the rectified linear unit (ReLU) or the
hyperbolic tangent (tanh) function, visualized in Subfigure 1.14 (b).
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Figure 1.14: (a) Representation of a neural network with two layers and one output, including
the individual weights w and biases b. Figure adapted from Burkov [189] and
Hamar et al. [9]. (b) Overview of the three most common activation functions.
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The function in Equation 1.56 is thus expressed as:

ŷl
0 = σ(w

(l−1)
n a(l−1) + b(l−1)) (1.60)

For a fully connected layer Zl this can be expressed in matrix form:

Zl =


zl

0

zl
1
. . .

zl
k

 = σ



w0,0 w0,1 . . . w0, j

w1,0 w1,1 . . . w1, j

. . . . . . . . . . . .

wk,0 wk,1 . . . wk, j




a0

0

a0
1
. . .

a0
j

 +

bl

0

bl
1
. . .

bl
j



 (1.61)

where j is the neuron index of the previous layer and k is the neuron index in the subsequent
layer.

Similar to the linear regression task, the estimated output Zl
i is compared to the true output

yi in a cost function δ, e.g., for the squared error:

δ =
l∑

i=0

(Zl
i − yi)2 (1.62)

Backpropagation minimizes the cost function by iteratively adjusting parameters using gra-
dient descent, moving towards a local minimum. This involves calculating the partial deriva-
tives of the cost function with respect to each parameter (a, w, and b) for each layer, using the
chain rule:

−∇δ = −∇
l∑

i=0

(
Zl

i − yi

)2
=
∂δ

∂Wl
·
∂δ

∂a(l−p)
·
∂δ

∂bl
(1.63)

∂δ

∂Wl
=
∂Zl

∂Wl
·
∂al

∂Zl
·
∂δ

∂al
(1.64)

∂δ

∂a(l−p)
=
∂Zl

∂a(l−p)
·
∂al

∂Zl
·
∂δ

∂al
(1.65)

∂δ

∂bl
=
∂Zl

∂bl
·
∂al

∂Zl
·
∂δ

∂al
(1.66)

In practical applications, the entire training process is seamlessly integrated into machine
learning packages such as TensorFlow [190], scikit-learn [191], and PyTorch [192].

With this understanding, it becomes evident that linear algebra underpins successful neural
network training. This also highlights the distinction between empirical and data-driven
models: Neural networks provide significant flexibility due to their numerous parameters,
which vary with the number of layers and neurons. Additionally, various topologies exist,
further altering the model’s structure [9; 122; 187].
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Architectures

The principle of hierarchical feature engineering highlights that the strength of deep learning
models lies in their use of nonlinear activation functions, which enable each layer to construct
progressively complex features relevant to the predictive task [122; 188]. This inherent
capability makes deep neural networks particularly powerful, which is why this work focuses
exclusively on them. Despite the multitude of neural network variations, only a few have
been successfully adapted for battery SOH estimation [61–66; 102–121]. This work focuses
on three types of layers: feed-forward neural network (FNN) layers, long short-term memory
neural network (LSTM) layers, and temporal convolutional neural network (TCN) layers.

As illustrated in Subfigure 1.14 (a), in a fully connected layer, each neuron in layer (l − 2) is
connected to every neuron in the subsequent layer (l − 1), and so on. Due to this structure
and the direction of information flow, these layers are often referred to as dense layers or,
when multiple layers are involved, as in FNN [188]. Fully connected layers offer several
advantages: They have the capability to approximate any function, provided there are suf-
ficient neurons and layers, which makes them highly versatile. Fully connected layers are
straightforward to implement and comprehend, as each neuron in one layer is connected to
every neuron in the subsequent layer. They are also capable of learning complex feature rep-
resentations, especially when used in conjunction with nonlinear activation functions [188].
However, they also have some drawbacks: Because of their many parameters, FNN are com-
putationally demanding and prone to overfitting [188]. Fully connected layers cannot take
advantage of spatial or temporal structures, thus, they frequently struggle to extract features
from raw data. To extract features from the data, they are therefore frequently combined with
sophisticated layer structures like LSTM or TCN [64–66; 105–108; 112; 113; 119]. Figure 1.15
shows the main building blocks of the LSTM layer (Subfigure 1.15 (a)) and the TCN layer
(Subfigures 1.15 (b) and (c)).

LSTM layers, first introduced by Hochreiter and Schmidhuber [194], are an advanced form
of RNN layers. Unlike fully connected layers, RNNs process a sequence of inputs, i.e., time-
series data. Their variable number of layers corresponds to a specific timestep in the sequence,
where each layer utilizes the same set of parameters. The recurrent structure is achieved by
a repetitive structure, allowing the RNN to handle sequences of data [188]. RNNs, however,
suffer under the so-called vanishing or exploding gradient problem that originates from the
multiple propagation over many stages during backpropagation, and hinders RNNs from
learning long-term dependencies [122]. Hochreiter and Schmidhuber [194] introduced LSTM
layers as the solution for this problem. The main building blocks of an LSTM memory cell
are shown in Subfigure 1.15 (a). The cell has an internal recurrent connection, where the
input is calculated by a regular neuron. The input gate allows accumulation of the input
data flow through a sigmoid activation function, which is also used in all other gates of the
LSTM memory cell. The output gate can shut down the output when necessary. The core
idea of LSTM is that the gradient can flow through self-loops connected to the state unit.
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Figure 1.15: Illustration of a neural network with two different layer architectures: (a) long
short-term memory neural network (LSTM) memory cell, adapted from Goodfel-
low et al. [122]. (b) Dilated causal convolution for a kernel size of 2 and dilation
factors d within (c) a temporal convolutional neural network (TCN) residual
block, which is interconnected with dropout and rectified linear unit (ReLU) lay-
ers. Figure adapted from Bai et al. [193] and Bockrath et al. [120]

Modifications of the self-loop weight allow dynamic control of the time scale integration
via the forget gate [122; 188; 194]. This unique structure enables the cells to capture both
long- and short-term dependencies within sequence data, making them extremely useful for
time-series forecasting or regression tasks from time-series data, as in many battery state
estimation applications [111–115].
CNNs follow a completely different working principle, as they exploit mathematical convo-
lution instead of matrix multiplication [122]. Initially inspired by a biological experiment on a
cat’s visual cortex [188], they have been widely adapted for many different applications [122;
188]. CNNs are especially applicable to grid-like data, i.e., images or occasionally time-series
data. One default convolutional layer has a three dimensional structure with height, width,
and channels. For example, a colorful image with 32 × 32 × 3 pixels has 32 height, 32 width,
and 3 channels, each one for red, green, and blue [188]. A kernel or filter, which is generally
smaller than the input, allows rapid reduction of the data and enhances efficiency. In gen-
eral, by appropriately selecting the kernel size, stride, and padding, the feature map can be
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efficiently reduced while retaining the essential information. In the case of an 5 × 5 × 3 filter
with a stride of 1 and no zero padding, the 32 × 32 × 3 image is reduced to 28 × 28 × 5 due to
the filter convolving over the image. CNNs are further perfectly suited for feature extraction
including edge detection from raw data as they exhibit equivariant representations and are
capable of handling variable input size [122; 188]. CNNs are modifiable by many other set-
tings and layers, including input data modifications such as padding, strides, pooling, and
ReLU-layers, which is well documented in literature [122; 188].

Standalone CNNs, however, are not perfectly suited for time-series data as they must be
coupled with LSTM layers to not only extract but also interpret features. Lea et al. [116],
therefore, introduced the novel TCN architecture that was initially introduced for action
segmentation and detection. In one of the first benchmarks [193], TCNs outperform RNNs in
terms of efficiency and accuracy as they require less parameter and can process raw data [193].

The main building blocks are schemed in Subfigures 1.15 (b) and (c). As shown in Subfig-
ure 1.15 (b) dilated TCNs can work for sequence modeling ŷ0, . . . , ŷT = f (x0, . . . , xT). The
dilated convolution circumvents information leakage from the future as the output ŷT only
processes features from time step T and earlier. In contrast to CNNs, TCNs exploit dilated
convolution which allows the processing of large receptive field by dilating a kernel of size k
by a dilation factor d. This results in the convolution operation F() on the element s:

F(s) = (x ∗d f )(s) =
k−1∑
i=0

f (i) · xs−d·i (1.67)

for a 1D-sequence input x ∈ Rn and the filter f : {0, . . . , k − 1} → R. The final receptive field
per layer can be calculated by:

R = 2l(k − 1) (1.68)

with l as the number of layers [120; 126; 193].

In Subfigure 1.15 (b), this dilated causal convolution is exemplarily shown for k = 2 and
d = (2, 4, 8), visualizing the high data compression. The dilated causal convolution is arranged
in a residual block including ReLU and dropout layer (Subfigure 1.15 (c)). A dropout layer is
a very common regularization technique that randomly sets the inputs to the layers to zero
(randomly dropping out) during each update of the training phase. In Subfigure 1.15 (c) an
optional 1 × 1 CNN processes the input in case of differing dimensions. The final output y is
the applied transformation F of the input x added to the input x before flowing through the
activation function σ [193]:

y = σ(x + F (x)) (1.69)

Due to these advantages for time-series modeling, LSTMs and TCNs are often employed
for battery SOH estimation [66; 111–115; 117–121]. Many publications [111–115] explore the
usage of LSTM networks for SOHC estimation, demonstrating their effectiveness in capturing
temporal dependencies for accurate battery health predictions. Peng et al. [114] proposed
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a method combining multi-health feature extraction with an improved LSTM model, opti-
mized using an improved quantum particle swarm optimization algorithm. Their approach
improved SOHC estimation accuracy and robustness, achieving a MAE (percentage points
(pp)) within 1 % for the NASA dataset [195]. For the same dataset, Zhang et al. [115] devel-
oped an SOHC estimation method using incremental capacity and LSTM networks. They
introduced an improved feature extraction method based on voltage time-series data, which
retains key information and reduces computational efforts. The LSTM model achieved supe-
rior accuracy with a mean absolute percentage error (MAPE) of less than 2 % across different
battery samples. A recent publication by Guo et al. [66] revealed the ability of LSTM networks
to reconstruct the OCV and estimate the underlying DMs. Their LSTM network was capable
of estimating the partial OCV from partial charging curves, which is later fed into an opti-
mization regime. There, the OCV is reconstructed by the mechanistic modeling approach and
linear regression. The approach achieves a MAE of less than 20 mV in OCV reconstruction
and a SOHC MAE of less than 1.3 % (pp) for the Oxford dataset [196]. The method is verified
across different charging segment lengths, demonstrating consistent results and improved
estimation accuracy and stability in comparison to purely data-driven or purely mechanistic
models [66].

Recently, TCNs are handled as the benchmark architecture for battery SOH estimation from
time-series data [117–121]. Li [119] proposed a hybrid model combining TCN and LSTM
for SOHC estimation. The TCN-LSTM model was tested against CNN-LSTM, TCN, and
LSTM models using the public NASA [195] and Oxford [196] datasets. The TCN layers were
designed to extract the health features out of the voltage, current, and temperature time-
series signals during discharge cycles. The TCN-LSTM network showed significant accuracy
improvements in SOHC estimation in comparison to the other architectures, with RMSE
reductions of over 16 % in NASA [195] and 14 % in Oxford [196] datasets. Similarly, Liu et
al. [121], compared their improved TCN with default TCN and LSTM networks. Different
features were extracted using principal component analysis and derived from empirical
mode decomposition of the capacity decay curve. The improved TCN model incorporates
a channel attention module and a residual shrinkage network to enhance feature processing
and adaptive threshold training. Tested on the NASA battery dataset [195], the improved
TCN network achieved a MAE of 2 %, outperforming LSTM and default TCN networks.

This work presents new research [51; 126] accelerating the usage of combined TCN-LSTM
networks for OCV reconstruction and DM estimation, marking the first exploration of TCNs
in these areas.

Hyperparameter Tuning

While the dataset is the most crucial component for successful deep learning applications,
the selection of hyperparameters also plays a significant role. Hyperparameters refer to any
parameter within a neural network that is not a weight and, therefore, is not updated during
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the training process. In other words, hyperparameters are chosen by the model developer.
Generally, hyperparameters can be categorized into those that define the architecture, such
as the number and type of layers, number of neurons, activation functions, and specific
settings within the layer itself (e.g., filter size in a CNN), and those that guide the learning
process, including the optimizer, data split, batch size, and epochs. Depending on the specific
implementation, there can be many more [122; 188].

Hyperparameter tuning aims to assess various combinations to identify the hyperparameters
that yield the lowest cost. Hence, it is an optimization problem itself, where the objective
function is the training or validation loss [122]. The most common tuning strategies include
grid search, random search, and Bayesian optimization. Grid search is a straightforward
approach, where the search space, i.e., the space of tunable parameters, is covered with
equidistant points. The set of parameters that returns the lowest cost is selected as the
optimal parameter set. However, the search space is non-convex, and several local optima
may exist between the selected grid points. Random search, an advancement of grid search,
aims to minimize this risk by defining search points randomly within the search space. Both
approaches can become infeasible for larger search spaces, as the number of evaluations
grows exponentially with the number of hyperparameters [122]. For instance, if seven
parameters are to be tuned during grid search and five different search points are defined for
each parameter, a total of 57 = 78, 125 models must be evaluated. Even if one trial takes only
1 min, the entire grid search would take more than 54 days. Bayesian hyperparameter tuning
significantly reduces the computational cost by introducing a surrogate model that follows
the rules of exploration and exploitation [122]. This probabilistic surrogate model, based on
Bayes’ theorem, considers past evaluations to prune unpromising combinations. It effectively
moves in the direction of gradient descent, even if the objective function is non-differentiable,
and, hence, the gradient cannot be computed, and is likely to yield a local optimum within
a few trials. Hyperparameter tuning requires initializing the set of parameters to be tuned
and defining the range of the search space. After evaluating an initial set of points, the
probabilistic analysis begins, leading to a local optimum [122; 188; 197].

Due to these beneficial properties of the Bayesian hyperparameter, it is regarded as the state
of the art for neural network optimization in the context of battery SOH estimation [51;
119; 120; 126; 149; 197–201]. Li et al. [200] introduced a deep neural network combin-
ing CNN and LSTM layers for battery SOHC and remaining useful life estimation. The
study utilized Bayesian optimization, guided by a prior distribution obtained through the
Kolmogorov–Smirnov test [202], to automatically configure hyperparameters, significantly
reducing manual tuning efforts. This approach demonstrated superior accuracy, compared
to existing neural network models, and highlighted Bayesian optimization as the state-of-
the-art method for hyperparameter tuning in battery SOH estimation. Similarly, Mazzi et
al. [201] introduced a hybrid deep neural network for battery SOHC estimation. The study
employed Bayesian optimization to efficiently tune hyperparameters, achieving a low MAE
of 2.1 % (pp) in just 19 iterations. While Bayesian tuning is highly efficient, they emphasized
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the importance of smart selection of tunable parameters to reduce the search space. Choosing
default values for certain hyperparameters, such as using Adam [203] as the default optimizer
or fixing the batch size, is a promising strategy to minimize effort and complexity [201].

Despite all the recent advances in developing and tuning neural network architectures, the
crucial ingredient for successful data-driven modeling remains the source data.

Data Scarcity and Solution Approaches: Transfer Learning and Physics-Informed
Neural Networks

The lack of sufficient training data is referred to as data scarcity. Data scarcity is seen as
the biggest hurdle for the generalized application of neural networks in any discipline [122;
188]. Common strategies employ data augmentation or semi-supervised learning to over-
come this hurdle [122]. They, however, still have to face the challenge of data dependence
and domain shifts, limiting the generalization [204]. In the automotive sector, the issue of
insufficient training data is exacerbated by the limited number of BEV SOH references avail-
able. Validated SOH labels are particularly inaccessible for new vehicle generations due to
the insufficient time within the development cycle to accumulate degradation data. Addi-
tionally, training data cannot typically be directly obtained from the BMS because of limited
memory and often inadequate sampling frequency [9; 123; 141]. Consequently, transferring
knowledge from the cell level to real-world BEVs or between varying vehicle generations is
a critical task in the automotive industry.

This thesis presents two novel approaches on how to circumvent this fundamental issue and
helps to bridge the gap towards generalizable data-driven models. The core idea of both
methods, transferring knowledge via the model itself or the data, is illustrated in Figure 1.16.
The detailed description, on which this summary is based on, can be found in the included
publications of this dissertation [126; 149].

As can be seen in Subfigure 1.16 (a), transfer learning exploits two different domains: The
source domain DSource and the target domain DTarget. Conventional deep learning requires
both domains to be independent and identically distributed. Transfer learning circum-
vents this necessity. The following introduction to transfer learning refers to the published
work [126] and to Tan et al. [204] and Weber et al. [205]:

A domain D = {χ,P(X)} is characterized by the feature space χ and the edge probability
distribution P(X) over the features, where X = {x1, . . . , xn} ∈ χ. A task T = {y, f (x)} comprises
the label space y and the target prediction function f (x), which can also be interpreted as the
conditional probability function P(y | x) [126; 204; 205].

Definition 1 (Transfer Learning). Transfer Learning seeks to improve the performance of the
predictive function fT for the primary learning task TTarget by utilizing latent knowledge
obtained from an auxiliary learning task TSource and its corresponding datasetDSource, where
DSource , DTarget or TSource , TTarget [126; 204; 205].

46



Introduction and Context: State of Health Estimation

PB

NN

𝔇Source

𝔇Target 𝑦T,test

𝔇Source NN

𝔇Target NN

(𝑋S,train , 𝑦𝑆,train )

(𝑋T,train , 𝑦𝑇,train )
𝑦T,test

ℒ(𝑦T,test , 𝑦T,test )

𝑋T,test

Model 
Transfer

PR
IO

R

ℒ(𝑦T,test , 𝑦T,test )

𝑋S,PB
𝔇Source, PB

(𝑋S,train , 𝑦𝑆,train )

𝑋T,test

𝑦S,PB

Data
Transfer

PR
IO

R

(𝑋T,train , 𝑦T,train )

(a)

(b)

.

Figure 1.16: The problem of data scarcity and two possible solution approaches. (a) The
model-based transfer learning approach solves the problem by pretraining a
blank model on extensive data from other datasets DSource prior and transfer-
ring the knowledge to another domain DTarget. (b) The sequential PINN ap-
proach [147] accumulates more training data DSource by running physics-based
simulations with unlabeled dataDSource,PB prior.

Although no universal guideline exists for the ratio between DSource and DTarget, it is advis-
able for the dataset DSource to be substantially larger than DTarget. This approach enhances
the likelihood of rapid generalization within the target domain [122]. With these proper-
ties, transfer learning reduces training time, improves generalization, and has a decreased
dependency on large-scale data collection for the target task [206].

For time-series regression problems transfer learning employs domain adaptation, i.e.,DSource ,

DTarget [205]. As surveyed by Tan et al. [204] deep transfer learning with time-series data can
be broadly categorized into four main types:
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• Instance-based Transfer Learning: The strategy focuses on identifying and re-weighting
data samples from the source domainDSource that are most relevant to the target domain
DTarget. The fundamental idea is that even if the source and target domains differ, a
carefully selected subset of source instances can enhance the performance of the target
model. The relevance of these instances is typically scaled to maximize their beneficial
impact [204].

• Adversarial-based Transfer Learning: Inspired by generative adversarial networks,
this approach establishes an adversarial relationship between two components. A
feature extractor learns to produce feature representations that are indistinguishable
between the source and target domains. Concurrently, a domain discriminator attempts
to identify the origin of these features. The goal is to derive representations that are both
highly effective for the main learning task and domain-invariant, ensuring successful
knowledge transfer [204; 205].

• Feature-based Transfer Learning: This method aims to find a common feature space,
where the data distributions of the source and target domains are more aligned. Data
from both domainsDSource andDTarget are projected into this new, shared representation
DShared, which reduces domain discrepancy. This facilitates applying a model trained
on the source data to the target data within this unified space [204].

• Model-based Transfer Learning: This widely adopted method, particularly prominent
in deep learning, is visualized in Subfigure 1.16 (a). It involves leveraging a model,
or parts of it, pre-trained on a large source dataset DSource. As the diagram illustrates,
parameters or entire layers are transferred to initialize a new model for the target
task TTarget. This new model is then typically fine-tuned by continuing the training
process on the target dataset DTarget. The final performance can be evaluated by the
loss calculation L(yT,test, ŷT,test). The core justification is that the initial layers of a pre-
trained network learn general-purpose features that are widely applicable, providing
an excellent starting point for the target task [204–206].

These transfer learning methods enable the development of robust and accurate models
even with limited target data, where model-based transfer learning is the most prominent
approach for battery SOH estimation [141; 143].

As the literature and Figure 1.16 reveal, a clear separation between transfer learning and
PINN is not always possible. Many PINN approaches leverage methods which traditionally
belong to transfer learning and vice versa. The following state of the art, however, presents
recent publications, where a clear assignment, following Definition 1, is possible. While
initially transfer learning methods were mostly applied for battery SOH estimation [61; 124;
125; 127–132; 134–136; 138–146], more recent implementations even tackle the problem of
OCV reconstruction and DM estimation [51; 123; 126; 133; 137].
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Chen et al. [124] compared different transfer learning strategies for varying degrees of domain
shift in the context of battery SOH estimation. With uniform features derived from partial
charging voltage segments, the degree of domain shift was defined by the battery type and the
charging strategy. They propose that model-based transfer learning, namely direct transfer
learning or fine-tuning, are optimal for minimal domain shifts. Adversarial-based transfer
learning, i.e., domain-adversarial neural networks, are recommended for substantial domain
shifts.

Huang et al. [127] compared two different fine-tuning strategies applied to an LSTM network.
The first strategy involved fine-tuning the fully connected layers and the second strategy
fine-tuning of all layers. Features were extracted from partial CC charging voltage curves.
Regardless the strategy or the domain shift, all transfer learning models kept an SOHC

estimation RMSE under 1.44 %. This demonstrates the reduced requirements for training data
in the target domain and increased accuracy in comparison to conventional deep learning
methods.

Chen et al. [123] extended the fine-tuning approach to DM estimation and explored domain
shifts between experimental and BEV batteries. With features derived from the ICA, their
LSTM model yielded a MAE below 6 % (pp) for all DMs and batteries.

The extension to full OCV reconstruction was accomplished by Zhou et al. [133] with a
deep neural network. Only 50 seconds of partial charging sufficed to train and fine-tune the
transfer learning model. Even across battery types, their model achieved relative OCV curve
reconstruction RMSEs below 0.5 % and 2.5 % for NCA and LFP batteries, respectively.

While harvesting suitable degradation datasets including OCVs and DM labels is challenging,
synthetically generated source datasets offer an easy solution. Especially this direction is
heavily researched in recent work [131; 137; 138]. Within this work, two novel approaches [51;
126] are presented that extend the state of the art. Both methods explore the application of
transfer learning for precise OCV reconstruction and DM estimation between synthetic source
and experimental target domains.

Subfigure 1.16 (b) presents an alternative solution approach, namely PINNs. PINNs couple
neural networks with physics-based models to exploit the extrapolation capability of simula-
tion with the interpolation capability of deep learning. There exist, however, many different
architectures which greatly vary in their structure and application. This thesis follows the
introduced definitions for PINNs by Aykol et al. [147]. There, they state that PINNs in
the context of battery state estimation are either hybrid or sequential, where hybrid PINNs
integrate one model into the other, and sequential PINNs have a sequential structure.

This brief introduction of the varying architectures follows the description by Aykol et al. [147]
and is further discussed in one of the included publications [149] of this thesis. Aykol
et al. [147] stated that there are three sequential and two hybrid approaches. This PINN
landscape, however, is not complete and is continuously extended by recent research.
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• Sequential Residual Learning Approach: This approach feeds the output of a physics-
based degradation model into a neural network update model. The neural network
learns the residual between the physics-based model’s estimation (ŷPB) and the true
label (ŷtrue), using this learned residual to update the estimation and minimize er-
ror. While the physics-based model captures basic aging effects, the neural network
is promising for learning more complex degradation mechanisms. The application,
however, is limited by the complexity of the numerical solution for the physics-based
model and its implemented degradation mechanisms [147; 149].

• Sequential Transfer Learning Approach: This approach is shown in Subfigure 1.16 (b)
and runs the complex physics-based model temporally decoupled (prior) with arbitrary
input data DSource,PB. The estimated output data ŷS,PB may include internal battery
states such as concentrations and potentials and yields a generated datasetDSource. This
dataset is combined with experimental data from the target domain (XT,train, yT,train) ∈
DTarget to train the neural network. During operation, time-series data from the target
domain XT,test ∈ DTarget can be used to estimate ŷT,test with low computational cost
and physical constraints. The loss L(yT,test, ŷT,test) is calculated to evaluate the final
performance. The final PINN does not depend on the complexity of the physics-based
model and is capable of learning the hidden physics of battery degradation [147; 149].

• Sequential Parameter Learning PINNs: This approach uses a prior neural network
to learn battery parameters over its lifetime, updating the physics-based model with
accurate parameters. The physics-based model uses this information to solve for, e.g.,
SOHC, internal states, or DMs. Reduced physics-based models are necessary to reach
onboard applicability [147; 149].

• Hybrid Physics-Constrained Neural Networks: This hybrid approach integrates phy-
sics-based elements into the neural network, such as in the loss function during training.
There is optimism to physically constrain the output by following physico-chemical
laws [147; 149]. An adaptation of this approach, leveraging a mechanistic model
instead of a purely physics-based model, is presented in this thesis in one of the included
publications [51].

• Hybrid Neural-Network-Accelerated Physics-Based Models: These models exploit
the approximation ability of neural networks to solve underlying partial differential
equations (PDEs) of physics-based models with less computational burden. The ur-
gency to integrate degradation mechanisms into physics-based models, however, still
limits the application of accurate neural-network-accelerated physics-based models for
SOH estimation [147; 149]. This hybrid approach is closely related to the general defini-
tion of PINNs, as introduced by Raissi et al. [207; 208]. They exclusively define PINNs
as neural networks for PDE approximation. This definition, however, was loosened up
by Aykol et al. [147].
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Since the introduction of PINNs for battery SOH estimation, many publications explored the
usage for varying data [51; 131; 135; 147–165]. Within the PINN SOH estimation landscape,
mostly the sequential transfer learning [131; 148; 149; 162–165] and the hybrid physics-
constrained neural networks [135; 150–155; 158; 160; 161; 163] are present. Only few publi-
cations exploit the approximation ability of neural networks to solve for underlying PDEs of
physics-based models [156; 157; 159]. Notably, recently many hybrid PINNs exploit tradi-
tional transfer learning strategies, such as the before discussed fine-tuning, to adapt models
from one battery type to another [151; 153; 159].

The sequential transfer learning PINN approach, presented by Tian et al. [131], is particularly
effective in reducing data requirements for SOH estimation. As synthetic data is fused with
experimental data, it is also referred to as data augmentation [163]. A physics-based model
is employed to generate synthetic charging curves at various aging states. A CNN is then
trained using a fused dataset that combines synthetic and experimental data, leveraging the
internal knowledge embedded in the variables of the synthetic dataset. This method not only
reduces data requirements but also achieves higher performance compared to benchmark
models. Furthermore, it is highly scalable and transferable to other battery types.

Ye et al. [150] developed a hybrid PINN for SOH estimation. They extracted features from ICA
and differential temperature curves, using the peaks of ICA to form a monotonic relationship
with SOHC decay. This relationship was included as a physical constraint in the loss function.
The model achieved a SOHC RMSE below 1.5 % on the public Oxford [196] and NASA [195]
datasets, outperforming conventional deep learning methods.

Similarly, Xiong et al. [161] incorporated a mechanistic modeling approach into the loss
function of their hybrid PINN. This integration enables the generation of complete OCV
curves and DMs while following physical constraints. Their CNN provides the alignment
parameters, which are used internally to reconstruct and compare the OCV within the loss
function. Using input data consisting of partial charging voltage segments of 300 mV at C/2,
their model outperformed other deep learning models, achieving RMSEs for SOHC, OCV,
and DMs estimation of less than 2.5 %, 12.5 mV, and 1.8 %, respectively.

Méndez-Corbacho et al. [156] employed a hybrid PINN to solve the underlying PDEs of an
SPM. This approach enabled the model to process unlabeled data and determine internal
states, including stoichiometry, thereby calculating the OCV and DMs. They enhanced
the loss function with physics-based terms to ensure adherence to physical laws and achieve
generalization. The developed PINN was benchmarked against a SPM solved using the finite
element method. The simulation of a complete 1C discharge curve required only 100 ms with
the PINN, compared to 2.9 s for the conventional SPM, excluding mesh generation time. The
RMSE between the simulation results was 19 mV, demonstrating the significant potential of
PINNs for rapid and precise battery diagnosis and prognosis.
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1.3 Research Gap and Research Questions

Reviewing the state of the art, several research gaps in the field of battery state estimation are
detectable: First, the application of mechanistic models to vehicles necessitates time-series
data, which is not feasible for most existing vehicle fleets, giving rise to the first research
question:

1. How can the mechanistic model for OCV reconstruction be applied to real-world vehicle
data?

Second, conventional deep learning methods demand extensive training data, which not only
poses challenges of data scarcity but also leads to issues of data dependence and a lack of
adherence to physical laws and interpretability. These interconnected challenges undermine
the trustworthiness of the models. Consequently, the second research question which needs
to be answered within this thesis is:

2. How can the issue of data scarcity in deep learning be resolved?

To address the broader implications of these challenges, which are also discussed within the
scope of the second research question, the third research question is formulated:

3. How can deep learning models be integrated with physics-based models to ensure
adherence to physical laws and improve interpretability?

Lastly, while there is a lack of publicly available datasets related to battery aging, particularly
for OCV aging, this thesis also considers the potential for future research in this area. The
availability of such datasets could enable comprehensive SOH estimation across various
metrics, including SOHC, SOHR, and SOHUBE, to fully characterize the current state of a
LiB in terms of energy, power, and lifetime. The final research question, which serves as an
outlook for future exploration, is:

4. What dataset is required to extend SOH estimation to other SOH metrics, such as SOHR

and SOHUBE?

This thesis sets the stage for exploring the research questions outlined above. It aims to
provide comprehensive insights and detailed answers to each question.

1.4 Outline of this Work

The comprehensive outline of this work is depicted in Figure 1.17. The core of this thesis is
presented through five journal papers in Chapter 2, organized into sections corresponding
to the respective research question.

In Section 2.1, a conventional OCV model, specifically the mechanistic model, is adapted for
application to real-world vehicle fleet data. This work, titled The∆Q-method: State of health and
degradation mode estimation for lithium-ion batteries using a mechanistic model with relaxed voltage
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points, involves collecting relaxed voltage points and the accumulated charge between these
points from the BMS of the BMW i3 vehicle fleet. The modified OCV model facilitates OCV
updates, SOHC, and DM estimation.

Section 2.2 presents several deep learning approaches addressing not only the data scarcity
issue, but also the integration with physics-based models. In Subsection 2.2.1, the work
Physics-Informed Neural Networks for State of Health Estimation in Lithium-Ion Batteries is pre-
sented. The developed PINN enables the fusion of synthetic data, generated from a full P2D
model including internal states, with experimental data. This sequential PINN approach
not only reduces data requirements but also enhances accuracy by incorporating physical
knowledge of LiB degradation into the learning process.

Subsection 2.2.2 addresses data scarcity through an alternative approach, transfer learning
from synthetic data, as detailed in Transfer learning from synthetic data for open-circuit voltage
curve reconstruction and state of health estimation of lithium-ion batteries from partial charging
segments. A transfer learning neural network, trained on synthetic data generated by the
mechanistic model, is developed to reconstruct the full OCV curve using partial voltage
charging segments as input.

This work is further extended in the publication Physics-constrained transfer learning: Open-
circuit voltage curve reconstruction and degradation mode estimation of lithium-ion batteries, in-
cluded in Subsection 2.2.3. By sequentially integrating a mechanistic model with the afore-
mentioned transfer learning neural network, physical constraints on the output are achieved,
allowing for the estimation of DMs.

Section 2.3 introduces a novel battery aging database in the work Database of Lithium-Ion
Battery Aging: Degradation Modes, Electrode Resistance Rise, and Impedance. This database
serves as a foundational resource for generalized battery state estimation models concerning
any SOH metric. It successfully bridges the gap between capacitive and resistive SOH
metrics, enabling a comprehensive characterization of LiBs.

Chapter 3 provides an extensive discussion of the thesis, with a particular focus on OCV
models, the challenge of data scarcity, and the extension of the SOH metric. Section 3.1
examines the contribution of the modified OCV model and its classification within the re-
search context. Section 3.2 elaborates on the work related to deep learning methods for SOH
estimation. Section 3.3 discusses the undergone studies in order to extend the state of the art
of public battery datasets. Finally, Section 3.4 summarizes and concludes the entire thesis,
offering an outlook on future research directions.
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Introduction and Context: Outline of this Work
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2 Published Results

This chapter presents the main findings of this cumulative thesis in the form of four published
peer-reviewed journal papers and one draft version that will be submitted in 2026. Prior
to each included publication, a concise summary is provided, along with its classification
within the scope of this dissertation, the broader research context, publication notes, and the
contributions of the authors.

2.1 Conventional OCV-Models for SOH Estimation

Conventional
OCV-Models

O
C

V

SOC

Estimation

LAMNE

LAMPE

LLI

Figure 2.1: The trimmed outline of the thesis structure with focus on this chapter.

As discussed in the introduction, the SOHC alone is insufficient to fully describe a battery’s
state. The aging of electrodes leads to changes in the OCV, making OCV updates crucial for
BEVs. Accurate OCV curves are crucial for optimizing charging algorithms and enhancing
SOC estimation. Incorrect OCV estimates result in imprecise SOC calculations, requiring
a reduction in the displayed range to prevent running out of battery energy. Conversely,
precise OCV updates enhance SOC estimation accuracy, thereby increasing the displayed
range in BEVs. The application of mechanistic models, however, requires time-series data
from (partial) charging events at low C-rates, which is not available for most existing BEV
fleets [9]. Additionally, such measurements would require significant time and data storage,
depending on the sampling frequency. This research, hence, addresses the question: How
can the mechanistic model for OCV reconstruction be applied to real-world BEV fleet data?

To date, mechanistic models have been applied primarily to time-series data, initially using
fully measured pOCV curves [25; 32; 185], extended to partially measured pOCV curves [27;
55], and finally adapted to partial charging events with C-rates up to C/3 [27; 54; 55; 91; 166].
The state of the art demonstrates that accurate reconstruction is possible for partial segments
from 20 % to 70 % with C-rates up to C/15 [27; 55]. No existing method, however, can operate
without knowledge of time-series data.
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Published Results: Conventional OCV-Models for SOH Estimation

This work modifies the mechanistic modeling approach to reconstruct the full OCV curve
using relaxed voltage point pairs and the associated charge throughput, data typically stored
for existing BEV fleets for SOC calibration [209]. For example, the BMW i3, one of the oldest
electric BMWs, has this type of data available. The approach combines multiple points from
recent weeks to assemble the full OCV. Consequently, the objective function is adjusted to
optimize the deviation between charge differences ∆Q of neighboring points, giving rise to
the name of the algorithm: ∆Q-method.

The method is validated at both the cell and vehicle levels. In laboratory tests with an
NMC-graphite cell dataset of 116 Ah capacity, the method achieved an MAE of 1.11 % (pp)
for SOHC estimation and 9.09 mV for OCV reconstruction. At the vehicle level, validation
was performed using data from the BMW i3 fleet, comprising over 550 vehicles, each with a
measured SOHC label obtained during service visits. Although the true OCV is unknown,
the OCV error is based on the optimization error. The ∆Q-method achieved an SOHC MAE
of 2.52 % (pp) and an OCV optimization error of 7.19 mV. The fleet’s aging behavior was
analyzed by calculating the DMs from the reconstructed OCV curves. A comprehensive
sensitivity analysis of the fleet dataset revealed that the algorithm is robust against variations
in input data and solver choice. As few as three relaxed voltage points, including one below
3.8 V and a minimum voltage window of 300 mV (equivalent to an SOC window from 40 %
to 100 %), were sufficient to achieve an SOHC MAE below 3 % (pp). For lower start SOCs the
required SOC reduces even further to 30 % to 75 %.

For the first time, this work enables the application of the mechanistic model to real-world
fleet data. By incorporating labeled vehicle data, the approach is validated. Compared to
existing literature, the findings confirm the required SOC ranges and highlight the importance
of lower segments for accurate reconstruction.

The paper introduces the method and develops the optimization problem. The ∆Q-method
is initially presented using the cell dataset and subsequently validated with the fleet dataset.
In addition to OCV and SOHC, the DMs are calculated and discussed, despite the absence
of true OCV measurements for the fleet data. A comprehensive sensitivity analysis of the
method applied to the fleet dataset compares various input data filters and solvers (global
vs. local, number of iterations, and stop tolerance).

Publication Notes

The article The∆Q-method: State of health and degradation mode estimation for lithium-ion batteries
using a mechanistic model with relaxed voltage points is presented in the following. The article
was submitted to the Journal of Power Sources for peer review in December 2023 and was
accepted in January 2024 [100]. The permanent web link to this publication is available under
https://doi.org/10.1016/j.jpowsour.2024.234107.
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H I G H L I G H T S

• A novel method for full OCV curve re-
construction is introduced.

• Method utilizes captured relaxed voltage
points within the last month.

• Method works with only three relaxed
voltage points within a SOC window of
30% to 75%.

• Method is validated with real-world ve-
hicle data from the BMW i3.
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A B S T R A C T

Lithium-ion batteries exhibit path-dependent aging behavior. Degradation mode (DM) estimation is a first step
towards accurate state of health (SOH) representations by clustering degradation mechanisms. Mechanistic
models shift and scale pristine half-cell open circuit potential (OCP) curves of both electrodes to reconstruct
the open circuit voltage (OCV) curve by minimizing the difference between measured and reconstructed OCV.
Alignment parameters describe the shift and scaling of the OCPs and can be used to estimate SOH and DMs.
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Mechanistic model
Relaxed voltage points
Battery electric vehicle
Partial charging

This study introduces the 𝛥𝑄-method, which relies on relaxed voltage points and accumulated charge between
these points. It is independent of current rates and applicable after almost every event. The optimization
problem minimizes deviation between measured and reconstructed 𝛥𝑄. The method is developed with an
automotive cell dataset and validated with real-world vehicle data from the BMW i3. The 𝛥𝑄-method achieves
a mean absolute SOH estimation error of 2.52% and a mean absolute OCV reconstruction error of 7.19mV.
Reliable estimations are ensured by predefined filters. The method remains effective with restricted state of
charge (SOC) windows or limited data points. It is robust against variations in input data, solver choice, and
optimization settings. Convergence is improved by constraining the solution space.

Nomenclature

List of Symbols

𝛼 Scaling parameter
𝛽 Shifting parameter
𝛥𝑄 Charge difference between two relaxed

voltage points
𝛥𝑡 Time horizon of data acquisition in one

data sample
𝛥𝑉 Voltage difference in one data sample
LAM Loss of active material
LLI Loss of lithium inventory
MAE Mean absolute error
OCP Open circuit potential
OCV Open circuit voltage
SOC State of charge
SOH State of health
𝜗 Alignment parameter set
𝐶 Capacity
𝑁Points Number of points in one data sample
𝑉 Voltage
𝑉end Highest voltage in one data sample
𝑉start Lowest voltage in one data sample

Subscripts

est Estimated
FC Full cell
interpolated Interpolated
max Maximum
meas Measured
NE Negative electrode
N Nominal
OCV Open circuit voltage
PE Positive electrode
reco Reconstructed
SOH State of health
true True value

Superscripts

aged Aged
pr Pristine

1. Introduction

With the rapid advent of battery electric vehicles (BEVs), modern
battery management systems must be able to estimate internal states
with high accuracy and robustness. Especially the SOH, which is com-
monly defined as the actual capacity in relation to the capacity at
BOL, is crucial for optimal and safe operation, and prolonged battery

life. Notice about the SOH, however, does not ensure knowledge about
the aging path. Lithium-ion batteries age particularly path-dependent
and have strong nonlinear dependencies on their operational strat-
egy [1–3]. Two cells with the same SOH but a different history can
behave completely different in future operation. A first step towards
understanding path-dependent aging are the DMs [4,5]. These modes
cluster the electrochemical degradation mechanisms into loss of active
material at the negative electrode (NE) (LAMNE), loss of active material
at the positive electrode (PE) (LAMPE) and loss of lithium inventory
(LLI). These modes not only allow current characterization of the cell
but also a more precise future prediction and strategies to mitigate
degradation [6]. The DMs are connected to the change of the OCV over
lifetime and hence existing DM estimation models output the OCV as
well [4,5,7]. The updated OCV is beneficial for accurate SOC estima-
tion [8] and optimal charging strategies over lifetime. Consequently,
understanding the DMs provides valuable information for accurate SOH
estimation and enables proactive maintenance and control strategies.

While DM estimation models rise in popularity, numerous other
SOH estimation models exist which vary in complexity and accuracy:
The most common electrochemical battery model is the Newman type
pseudo-two dimensional model [9–11] which needs to be modified in
order to add the SOH as a solution variable. It is usually reduced in
order to decrease the computational complexity. Recent reduced order
models [12–14] implement the SEI-growth into an aging-dependent
voltage loss equation. Other approaches [15] implement the DMs di-
rectly by adapting the stoichiometries. Either way, the parameters of
interest are updated by a comparison of the modeled and measured
voltage response.

With the constant rise of machine learning, it is more and more used
for battery state estimation [16]. Machine learning utilizes the hidden
features in measurable signals like current, voltage and temperature
to exploit the correlation between these features and the SOH. Within
machine learning, deep-learning gains significant attention. Especially
decision-tree models, convolutional and recurrent neural networks are
eligible for processing time-series data and estimating the SOH [17].
Promising publications [16,18–20] reach root-mean squared errors
below 2.5% with neural networks that process time-series data from
partial charging segments. The availability of more comprehensive
input data, such as electrochemical impedance spectra, has enabled
even greater accuracy in estimation. For instance, Luo et al. [21]
achieve a mean absolute percentage error of 1.63% using transformer-
based neural networks that leverage the electrochemical impedance
spectrum. Their study demonstrates the superiority of transformer-
based neural networks over recurrent neural networks in effectively
processing information from complete input data or long-term data
sequences.

Similar to machine learning, empirical fits use the correlation be-
tween measurable features and the SOH [22,23]. In contrast to neural
networks and other ML approaches, empirical fits are designed by the
engineer. These methods allow to describe the SOH as a function of
multiple input signals including the operational history.

All of the aforementioned methods require data from costly and long
aging studies. This major drawback makes the application of these mod-
els to new generation of cells extremely challenging, especially for fast
development sequences. The mechanistic model approach, introduced
by Dubarry et al. [4], however, avoids this limitation by solely relying
on pristine measurement data. Hence the mechanistic model is an
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efficient, cheap and non-invasive diagnostic tool. The model describes
the OCV over degradation as the difference of the half-cell potentials
and assumes that the OCV only changes relative to the shifting and
scaling of the OCPs. How the OCPs shift and scale further determines
the DMs and the SOH which allows more knowledge about the aging
path.

Since the first publication of the mechanistic model approach [4],
numerous papers [5,7,24–35] were published which evaluate the
method for different cells including electrode composites [7,28,29]
and other cost functions depending on the differential voltage anal-
ysis (DVA) or incremental capacity analysis (ICA) [26,27,30,31,33].
Schmidt et al. [7] were the first to validate the mechanistic model
approach with laboratory measurements. They disassembled cells to
set specific rates of LLI and LAMPE. For six different cells and a C-rate
below C/20, the deviation between measured and reconstructed OCPs
or OCV was always below 0.5%.

There is a noticeable increase in scientific publications [36–41]
exploring the application, extension and utilization of the method
at higher C-rates and during partial charging segments, making the
method applicable to real-world conditions. In their study, Schindler
et al. [36] demonstrated the applicability of the model to higher C-rates
and varying temperatures by incorporating the Arrhenius-dependent
ohmic resistance increase and rate degradation factor as additional
factors. The researchers assessed the performance of the model at
different C-rates (C/35, C/5, C/3) and temperatures (10 °C, 25 °C, 45 °C)
and observed that the residual error in OCV reconstruction remained
below 2%. This indicates that the model provides accurate predic-
tions even under these challenging conditions. Progress has also been
made by Yang et al. [37] in the application of the method to partial
charging segments from a NMC–graphite cell, even when subjected
to higher C-rates. Their investigation revealed that, for a C-rate of
C/3, a SOC window spanning from 20% to 70% is essential to achieve
accurate results for various aging paths. These findings were corrobo-
rated by Chen et al. [38]: By employing DVA and ICA on C/3 partial
charging segments from a NMC/LCO–graphite cell within the range
of 40% to 100% SOC, they also successfully determined the SOH and
estimated the DMs with a root mean squared error below 3.5%. In a
recent study, Schmitt et al. [39] conducted a comprehensive sensitivity
analysis of the method, considering higher C-rates and varying SOC
windows for a NMC–Si/graphite cell. They addressed the issue of over-
potentials at higher C-rates by introducing a correction method based
on subtracting constant overpotential offsets. These offsets were com-
puted by multiplying the applied current with the measured internal
resistance. Interestingly, their results diverged from those of Yang et al.
[37], as they revealed that achieving accurate DM estimation requires
lower C-rates (≤ C/15). Furthermore, the study demonstrated that
for sufficiently low C-rates (≤ C/30), even partial charging segments
covering the SOC range of 20% to 70% are adequate. For precise SOH
estimation, C-rates up to C/4, and partial charging segments spanning
at least the SOC window of 10% to 80%, were shown to be feasible [39].

Mainly due to the availability of public battery aging data and the
introduction of the alawa toolbox [42,43] for big data generation, vari-
ous machine learning approaches [44–47] using the mechanistic model
approach were published. Similar to existing methods [38], these mod-
els interpret the hidden features of raw [45,47] or postprocessed [44,
46] charging curves.

The major drawback of existing methods, which rely on time-series
data, is the dependency on wide SOC ranges and low C-rates. Hence,
the application to real-world data is severely limited by the operational
strategy of the customer.

In contrast to available methods, our novel 𝛥𝑄-method solely relies
on a small number of relaxed voltage points and the accumulated
charge between these points which are normally stored for BEVs. It is
thus applicable to relaxed voltage points after almost every charging
or driving event, independent of the applied current. This makes the
𝛥𝑄-method a promising algorithm for existing vehicle fleets.

The study at hand presents a novel algorithm for OCV reconstruc-
tion, SOH and DM estimation based on relaxed voltage points and the
accumulated charge between these points. The 𝛥𝑄-method is evaluated
with laboratory data from an automotive cell. The method is validated
with real-world vehicle data from the BMW i3 fleet and its sensitivity
to specific data filters is accessed. The influence of specific solvers and
their settings is evaluated in terms of SOH error. We further highlight
the advantages over conventional methods by evaluating the minimum
requirements. The 𝛥𝑄-method is applicable to data from vehicles in
operation with at least three measured relaxed voltage points, collected
over a time-horizon up to six months. To the best of the authors
knowledge, this is the first publication to design a mechanistic model
approach using relaxed voltage points and accumulated charge for SOH
and DM estimation.

2. Method

Knowledge about the DMs gives insight about the path-dependent
aging behavior of lithium-ion batteries because the DMs correlate with
the knee-point in battery aging trajectories [6]. Roeder and Ramasubra-
manian [48] suggested to define path dependence in three levels. While
in level one, the aging path solely depends on the usage schedule, we
refer in this work to level two: The current battery SOH depends on
the order of usage conditions and not just their cumulative influence.
As introduced by Dubarry et al. [49], extending the SOH definition with
DMs helps to incorporate path-dependent battery degradation into the
current state itself.

Conventional methods utilize the OCPs of the electrodes to recon-
struct the full cell (FC) OCV by shifting and scaling the respective
curves. Hence, it is assumed that the OCV is a function of the half cell
potentials and these will only change in relation to each other which
can be described by the alignment parameter set 𝜗 = [𝛼NE, 𝛼PE, 𝛽NE, 𝛽PE].
The 𝛼-parameters specify the squeezing and the 𝛽-parameters describe
the shifting of the OCPs. If the OCPs or the OCV are captured at very
low C-rates, they are pseudo-OCP/OCV because even at low C-rates
the measured values will deviate from the truly relaxed voltage. For
simplicity, in the following the terms pseudo-OCP/OCV and OCP/OCV
will be used as synonyms.

2.1. Method description

Along a battery’s lifetime its OCPs can be described with respect to
the electrode SOC (SOCNE and SOCPE) or charge amount

OCPNE = 𝑓NE(SOCNE) (1)

OCPPE = 𝑓PE(SOCPE). (2)

Fig. 1 summarizes the steps to set up the algorithm: First, the OCV and
OCPs must be captured in either charge or discharge direction. The
direction of charge should be kept constant throughout the application
of the algorithm to reduce the influence of hysteresis. All curves are
normalized to their respective SOC. The C-rate is usually set below C∕20
to decrease the influence of overpotentials. All inputs are transformed
into the coordinate system of the full cell, i.e., the full cell SOC (SOCFC),
by scaling the specific electrode SOCs by the 𝛼-parameter and finally
shifting them by the 𝛽-parameter.

SOCFC = 𝛼NE ⋅ SOCNE + 𝛽NE (3)

SOCFC = 𝛼PE ⋅ SOCPE + 𝛽PE (4)

Hence, Eqs. (1) and (2) transform to

OCPNE = 𝑓NE((SOCFC − 𝛽NE)∕𝛼NE) = 𝑓NE(SOCFC, 𝜗) (5)

OCPPE = 𝑓PE((SOCFC − 𝛽PE)∕𝛼PE) = 𝑓PE(SOCFC, 𝜗). (6)

The full mathematical derivation of the coordinate transformation can
be found in the publication by Schmitt et al. [39].
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Fig. 1. Initialization process of conventional OCV reconstruction models. The OCV
(a) together with the positive (b) and negative (c) electrode OCPs in the pristine
state are captured at the same C-rate. In this example, all curves are measured in
charge direction. (d) The pristine alignment parameters are fitted to minimize the error
between the pristine OCV measurement and the reconstructed curve. (e) The resulting
pristine alignment parameters are later mandatory to derive the SOH and DMs.

Finally, the OCV can be described with the help of the OCPs and
the alignment parameters

OCV(SOCFC) = 𝑓FC(OCPNE, OCPPE, 𝜗, SOCFC). (7)

Second, the pristine (pr) alignment parameters are fitted to minimize
the error between the measured (meas) and reconstructed (reco) OCV
curve OCVmeas and OCVreco. The cell’s BOL capacity is defined as the
accumulated charge between the minimum and maximum cell voltage.
Per definition, the SOH is always 100% for this scenario. Last, the
pristine alignment parameter set 𝜗pr must be stored in order to calculate
the DMs in the application phase. In Fig. 2 the application phase is visu-
alized for the conventional but also the 𝛥𝑄-method. The conventional
algorithm, illustrated in Figs. 1 and 2, takes the raw OCV measure-
ment OCVmeas (Fig. 1a) and the pristine OCPs: OCPpr

PE,meas, OCPpr
NE,meas

(Fig. 1b and c) as an input. By shifting and scaling the OCPs in relation
to each other, the OCV reconstruction error is minimized (Fig. 1d) to
finally yield the alignment parameters (Fig. 1e) and hence the SOH and
DMs. Advances are made to use DVA and ICA for optimization [36–38].
The optimization happens in the coordinate system of the pristine full
cell SOC (SOCpr

FC) or the absolute Ah-space. If a local optimum is found
and no further feasible direction is detectable, the algorithm stops and
returns the aged alignment parameter set

𝜗aged = argmin
𝜗

‖OCVmeas(SOCFC) − OCVreco(𝜗, SOCFC)‖2. (8)

The choice of optimization algorithm, i.e., gradient descent, particle
swarm or genetic algorithm, can influence the final parameter solution.

In contrast to conventional methods, the 𝛥𝑄-method requires only
three measured relaxed voltage points 𝑉1, 𝑉2, 𝑉3 and the accumulated
charge between these points 𝛥𝑄1, 𝛥𝑄2. By definition, the 𝛥𝑄 is positive
for charging events. For negative 𝛥𝑄s and consequently discharge
events, the 𝛥𝑄 is inverted and the order of the voltage pair is reversed
to meet the requirements. The algorithm minimizes the objective func-
tion 𝑓 (𝜗), which is the vector of accumulated charge between adjacent
points, and fixates the OCV points

𝜗aged = argmin
𝜗

‖𝑓 (𝜗)‖2

= argmin
𝜗

‖𝛥𝑄meas(𝑉 ) − 𝛥𝑄reco(𝜗, 𝑉 )‖2, (9)

where 𝛥𝑄meas is the vector of measured 𝛥𝑄s and 𝛥𝑄reco is the vector
of the reconstructed 𝛥𝑄s.

Instead of optimizing with respect to the 𝑦-axis, the 𝛥𝑄-method uses
the 𝑥-axis. One of its advantages lies in the fact that no fixed reference
voltage is required. Hence, every voltage pair is fitted individually.
The alignment parameters not only yield the aged OCV-curve (Eq. (7))
but are further used to calculate the DMs. Because the aged OCV
is reconstructed in the charge coordinate system, the SOH is easily
derived by Eq. (10). The capacity of the pristine cell 𝐶pr is simply the
accumulated charge between the voltage limits for the pristine fit in
Fig. 1d. The same applies for the estimated capacity of the aged cell
𝐶aged

est .

SOH =
𝐶aged

est
𝐶pr =

𝑄aged(𝑉 aged
max )

𝑄pr(𝑉 pr
max)

(10)

In Eq. (10), 𝑄aged and 𝑄pr are the aged and the pristine charge vector,
while 𝑉 aged

max and 𝑉 pr
max are the maximum voltage values of the aged and

pristine voltage curves.
Loss of active material describes the available electrode capacity

with respect to the pristine state. For both electrodes, the definition
is similar:

LAMNE =
𝛼pr

NE − 𝛼aged
NE

𝛼pr
NE

(11)

LAMPE =
𝛼pr

PE − 𝛼aged
PE

𝛼pr
PE

(12)

Lithium inventory 𝐶lit is the available lithium for cycling in both
electrodes, i.e. the superposition of both OCPs. The loss of lithium
inventory is defined with respect to the pristine amount of available
lithium inventory 𝐶pr

lit .

LLI =
𝐶pr

lit − 𝐶lit

𝐶pr
lit

(13)

When examining both OCPs across the entire delithiation and lithiation
range, it is observed that the cathode builds a capacity overhang
during discharge, while the anode exhibits a capacity overhang during
charge [5], as depicted in Fig. 1. This remains generally true throughout
the lifespan, leading to the definition of lithium inventory primarily
as

𝐶lit = (𝛼PE + 𝛽PE − 𝛽NE) ⋅ 𝐶N. (14)

There are instances, however, where the minimum or maximum lithi-
ation degree for the initial measurement deviates from the standard
definition due to varied measurement settings. This results in the
possibility of mathematically determining an overhang in the discharge
direction for the anode or an overhang in the charge direction for the
cathode. In Fig. 4(a) for example, the cathode is limiting in charge
and discharge direction. Besides the deviations in initial measurement
settings, even if the pristine alignment parameters are set as in Fig. 1,
a rapid LAMNE, without LAMPE and LLI, may lead to the need for
a new lithium inventory definition. Hence, it becomes necessary to
introduce a case-sensitive definition for the lithium inventory, as shown
in Eq. (15).

𝐶lit =

⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎩

(𝛼PE − 𝛽NE + 𝛽PE) ⋅ 𝐶N , for (𝛼PE + 𝛽NE − 𝛽PE) < 𝛼NE

∧ (𝛽PE − 𝛽NE) ≤ 0

(𝛼NE − 𝛽NE) ⋅ 𝐶N , for (𝛼PE + 𝛽NE − 𝛽PE) > 𝛼NE

∧ (𝛽PE − 𝛽NE) ≤ 0

(𝛼NE + 𝛽NE − 𝛽PE) ⋅ 𝐶N , for (𝛼NE + 𝛽NE − 𝛽PE) < 𝛼PE

∧ (𝛽PE − 𝛽NE) ≥ 0

(𝛼PE − 𝛽PE) ⋅ 𝐶N , for (𝛼NE + 𝛽NE − 𝛽PE) > 𝛼PE

∧ (𝛽PE − 𝛽NE) ≥ 0

(15)
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Fig. 2. Description of conventional OCV reconstruction methods and the novel 𝛥𝑄-method. For both algorithms the pristine OCPs are mandatory. While conventional methods
use time-series measurements of the OCV, the 𝛥𝑄-method solely requires relaxed voltage points and the accumulated charge between those points. Conventional methods fit the
pristine OCPs to the measured OCV by shifting and scaling the curve to minimize the OCV reconstruction error. The 𝛥𝑄-method, however, pursues the same target by minimizing
in respect to the 𝑥-axis, i.e., the accumulated charge between two relaxed voltage points. The optimization argument yields the optimal alignment parameters which are used to
estimate the SOH and DM.

2.2. Dataset

This paper introduces the basic idea of the 𝛥𝑄-method. First, the
method is developed with measurements under laboratory conditions
from a cyclic aging study of an automotive cell. The used automotive
cell has a NMC811-cathode, a graphite-anode and a nominal capacity
of 116Ah [50]. Second, the developed algorithm is applied to real-
world vehicle field data from the BMW i3, which was captured over
eight years, not relying on accelerated aging tests. The BMW i3 uses
a different cell with a NCA/NMC/LMO-blended-cathode, a graphite-
anode and a nominal capacity of 60Ah measured by a constant-current
constant-voltage (CCCV) charge with C∕3 at 25 °C.

The cell dataset comprises of twelve samples with 27 relaxed voltage
points, the accumulated charge between these points and the respective
SOHtrue label. All points were measured at 25 °C in charge direction.
Half of the samples were taken at BOL, while the remaining samples
are distributed between 77% to 93% SOH after performing 500 to 1000
continuous cycles with C/3 charge and C/2 discharge at 10 °C and 35 °C.
The pristine, true alignment parameter set is known from a previous
publication [50] investigating the same cell.

In contrast to the standardized cell dataset, the vehicle dataset is
captured at various conditions for 574 vehicles. The vehicle dataset
is visualized in Fig. 3 with special focus on the variables of interest:

SOH, number of relaxed voltage points, voltage level and accumulated
charge between two adjacent voltage points. While the signals voltage
and charge were captured on pack level, they are transformed to cell-
level by multiplication by a fixed scaling factor. All vehicles in this
dataset have undergone at least one and a maximum of eight testbench
capacity measurements to create the SOHtrue label. The testbench ca-
pacity measurement consists of a CCCV charge with C∕3 at the service.
The capacity is defined as the full accumulated charge throughput
during this service. The dataset is categorized into three degradation
states based on mileage: BOL for vehicles with mileage below 25 000 km,
MOL for vehicles with mileage between 25 000 km and 100 000 km, and
EOL for vehicles with mileage exceeding 100 000 km. The total mileage
correlates with the aging state of the high voltage storage system.
The SOH remains above 75% even for vehicles with over 100 000 km
and a vehicle age above eight years. While all BOL vehicles have a
SOH above 90% and all EOL vehicles have a SOH below 85%, the
MOL vehicles show ranges over the entire extreme, where one can
see more clearly the influence of other factors on the vehicle SOH.
The dataset was recorded within a time window of eight years. As
a result, not every historical relaxed voltage point is included in the
dataset. For this dataset, BOL vehicles are operated more frequently
than MOL or EOL vehicles and inhibit more data points. Regarding
voltage levels and SOC, the majority of data points in the entire dataset
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Fig. 3. Visualization of the validation dataset gathered from aged vehicles in the field. The upper diagonal figures show the scatter plot and the lower diagonal figures visualize
the kernel densities. Both refer to the first 𝑦-axis on the left. The second 𝑦-axis on the right side refers to the cumulative distribution plots in the diagonal, in golden color. The
hue indicates the milage of the investigated vehicles, which shows good agreement with the SOH.

are distributed at higher voltage levels. This observation is reasonable
since there is high probability that a relaxed voltage point is recorded
after a charging event. Due to the relatively small capacity of the first
BMW i3, customers tended to show high frequent charging behavior.
Additionally, the OCV increases with degradation, leading to even more
data points at higher voltage levels. The accumulated charge between
two adjacent points provides insights into user behavior. A higher
value indicates longer charging events or that the vehicle is operated
for a longer duration between stops. Comparing these key charging
features, the cumulative distribution exhibits remarkable similarity for
all three datasets, implying that user behavior remains consistent over
the lifetime of the vehicles.

The dataset does not include the history between two points,
i.e., current profile or the temperature, but makes sure that between
two points charging events are not mixed with driving events. The
combination of OCV points derived from both charging and discharging
events, irrespective of their prior history, may be achieved under
negligible hysteresis assumptions for the given cell. This objective can

be realized by assigning a positive 𝛥𝑄 value to a charging event, and
multiplying the discharge event, which yields a negative 𝛥𝑄, by −1. To
this end, the order of the measured voltage pair needs to be reversed.

3. Results

The proposed method is first implemented on cell data. The devel-
oped method is validated with actual field data from the BMW i3, which
uses a different cell.

3.1. Application of the method to laboratory cell data

Fig. 4 provides a comprehensive visualization of the complete ap-
plication of the 𝛥𝑄-method. In Fig. 4(a), the pristine OCPs, OCV,
and measurement results are depicted. Additionally, the interpolation
of the OCV voltage points is included to enhance the visualization
of the actual OCV trajectory. The OCPs are appropriately adjusted
based on their corresponding pristine alignment parameters, which are
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Fig. 4. Application of the algorithm to a single sample at an aged state from the standardized cell dataset. (a) Pristine Fit for investigated cell. (b) Input for 𝛥𝑄-algorithm: aged
relaxed OCV points with accumulated charge between points. (c) Optimization result for aged cell. For this cell: MAESOH = 1.05% and OCV reconstruction error: MAEOCV = 12.4mV.
(d) Result for all samples: MAESOH = 1.11% and OCV reconstruction error: MAEOCV = 9.09mV.

given in Table 1. In this paper all alignment parameters refer to a
normalized SOC-axis between zero and one. It is worth noting that
the observed anode-overhang in the discharge direction, as discussed
earlier, is a result of the high cutoff voltage set to 1.5V during the
OCPNE measurement.

Fig. 4(b) illustrates the relaxed voltage measurements obtained from
an aged cell. Again, an interpolation of the voltage points is visualized.

In order to apply the algorithm, the data needs to undergo prepro-
cessing and to be organized into a matrix where the columns contain a
vector with the voltage and charge difference value pairs, with each
row representing a complete set for a sample at a consistent SOH.
Specifically, the voltage points 𝑉1 and 𝑉2 are set in the first column,
along with the corresponding charge difference 𝛥𝑄1 = 𝑄(𝑉2) − 𝑄(𝑉1).
Subsequently, the second column is filled with 𝑉3, 𝑉4, and 𝛥𝑄2 =
𝑄(𝑉4) −𝑄(𝑉3), as shown in Eq. (16).

⎡

⎢

⎢

⎢

⎣

𝑉1 𝑉2 𝛥𝑄1

𝑉3 𝑉4 𝛥𝑄2

…

⎤

⎥

⎥

⎥

⎦

(16)

Again, if for example 𝛥𝑄1 is negative due to a driving event, Eq. (16)
changes, as in Eq. (17).

⎡

⎢

⎢

⎢

⎣

𝑉2 𝑉1 −𝛥𝑄1

𝑉3 𝑉4 𝛥𝑄2

…

⎤

⎥

⎥

⎥

⎦

(17)

For the cell laboratory measurements 𝑉3 equals 𝑉2 and so forth. Along
with the measured data, the pristine OCPs are normalized to equal
length and stored to be used within the optimization process.

Table 1
Alignment parameter for the pristine state (SOH=100%) and the estimation for an aged
cell (SOH=93%) (sample from Fig. 4(c)).

𝛼NE 𝛼PE 𝛽NE 𝛽PE

Pristine 1.26 1.02 −0.05 −0.02
Aged Estimation 1.07 0.99 −0.05 −0.07

The optimization problem is formulated within MATLAB and the
built-in nonlinear least-squares solver lsqnonlin() [51]. Instead of min-
imizing a scalar value, the nonlinear least-squares solver minimizes
the vector of differences, as in Eq. (9). The default algorithm trust-
region-reflective and all default settings from MATLAB are used for the
solver [51]. The settings must be further redefined for more challenging
datasets, i.e., the BMW i3 dataset in the consecutive subsection.

The optimization constraints and initial start points are set accord-
ing to Table 2, which were found to be the best fit for pristine state and
reflect most of the battery degradation. The algorithm does not rely on
any additional constraints except the lower and upper boundaries.

Defining broader boundaries which make up to the full SOH-range
lead to several local optima and the high risk of returning a result with
an optimal solution with respect to the loss function but unreasonable
alignment parameters. This means that for a specific set of voltage
points several combinations of parameters exist which lead to equally
low cost values of the objective function. Nevertheless, just a single
combination yields the correct result. Limiting the solution space with
adequate constraints helps to marginalize unwanted local optima.

The objective function 𝑓 (𝜗), as it appears in Eq. (9), is defined
as the vectorized difference between the measured 𝛥𝑄meas(𝑉 ) and the
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Table 2
Optimization constraints and initial values of the lsqnonlin() solver for the cell dataset.

Parameter 𝛼NE 𝛼PE 𝛽NE 𝛽PE

BOL
Initial Value 1.23 1.00 −0.05 −0.04
Lower Bound 1.21 0.99 −0.05 −0.04
Upper Bound 1.26 1.02 −0.05 −0.02

MOL
Initial Value 1.13 0.92 −0.05 −0.04
Lower Bound 1.07 0.87 −0.07 −0.07
Upper Bound 1.22 0.99 −0.05 −0.02

EOL
Initial Value 0.98 0.80 −0.05 −0.02
Lower Bound 0.94 0.76 −0.07 −0.07
Upper Bound 1.02 0.83 −0.05 −0.02

BOL: SOH ≥ 95%, MOL: 80% ≤ SOH < 95%,EOL: SOH < 80%.

reconstructed 𝛥𝑄reco(𝜗, 𝑉 ). Because all charge vectors are consecutive,
i.e., in Eq. (16) 𝑉3 equals 𝑉2 and so forth, the optimization problem can
be further simplified.

𝑓 (𝜗) = 𝛥𝑄meas(𝑉 ) − 𝛥𝑄reco(𝜗, 𝑉 )

=

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝑓1(𝜗)

𝑓2(𝜗)

…

𝑓𝑁−1(𝜗)

⎤

⎥

⎥

⎥

⎥

⎥

⎦

=

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝛥𝑄meas,1 − 𝛥𝑄reco,1

𝛥𝑄meas,2 − 𝛥𝑄reco,2

…

𝛥𝑄meas,𝑁−1 − 𝛥𝑄reco,𝑁−1

⎤

⎥

⎥

⎥

⎥

⎥

⎦

=

⎡

⎢

⎢

⎢

⎢

⎢

⎣

(𝑄meas,2 −𝑄meas,1) − (𝑄reco(𝑉2, 𝜗) −𝑄reco(𝑉1, 𝜗))

(𝑄meas,3 −𝑄meas,3) − (𝑄reco(𝑉3, 𝜗) −𝑄reco(𝑉2, 𝜗))

…

(𝑄meas,𝑁 −𝑄meas,𝑁−1) − (𝑄reco(𝑉𝑁 , 𝜗) −𝑄reco(𝑉𝑁−1, 𝜗))

⎤

⎥

⎥

⎥

⎥

⎥

⎦

(18)

The nonlinear least-squares problem is

𝜗est = arg min
𝜗

‖𝑓 (𝜗)‖22

= arg min
𝜗

(𝑓1(𝜗)2 + 𝑓2(𝜗)2 +⋯ + 𝑓𝑁−1(𝜗)2) s.t.

𝜗 ≥ lb
𝜗 ≤ ub

(19)

where lb is the lower and ub is the upper boundary, according to
Table 2.

Fig. 4(c) shows the optimization result for the sample in Fig. 4(b).
The alignment parameters change according to Table 1.

With Eqs. (10), (11), (12) and (15) the SOH and DMs can be
calculated. According to Table 2 the highest reachable DMs are 25.4%
for LAMNE, 25.5% for LAMPE and 27.9% for LLI. For the sample in
Fig. 4(c) the estimated SOH is 92.1%, which underestimates the actual
SOH by absolute 1.05%. LAMNE, est is 20.6%, LAMPE, est is 16.7% and
LLI, est is 19.1%. Mainly LAMPE is responsible for LLI due to the anode
overhang and the negligible relative shift of the OCPs. Further, LLI
highly correlates with the SOH fade once the capacity overhangs of
the anode is consumed, i.e., LAMNE exceeds 16.7%. If the cathode OCP
does not shift, every LAMPE directly leads to LLI and consequently to a
decreasing SOH. The OCV reconstruction error is 12.4mV. While SOH
and OCV estimation is validated with the true value, it is not evaluated
for the DMs. A detailed validation of the DM estimation exceeds the
scope of this publication.

Fig. 4(d) presents the final result for all eleven samples of the cell
dataset. All results are evaluate in terms of the mean absolute error
(MAE). The MAE is defined as

MAE = 1
𝑁

𝑁
∑

𝑖=1

|

|

|

𝑌 − 𝑌 ||
|

(20)

where 𝑌 is the true value, 𝑌 is the estimate and 𝑁 is the total number
of samples.

The MAE of SOH estimation is 1.11% and the OCV MAE is 9.09mV.
The green squares show the estimated versus the true SOH. Due to
the small amount of samples per SOH-value and the similar estimation
result of those samples, the standard deviation is too small to be visible.
The light blue bars indicate the OCV reconstruction error. While the
estimation accuracy of SOH and OCV is very high for samples above
90%, it decreases for higher degraded cells. The OCV error seems
to directly correlate with the SOH error. Although this trend can be
generally observed in Fig. 4(d), the samples with a true SOH of 88%
show the highest OCV error, while the SOH error is smaller than
average.

For the laboratory dataset, one set of boundary conditions and a
fixed initial start point, i.e., using the BOL upper boundary, EOL lower
boundary, and MOL initial point, leads to accurate results. The recon-
struction algorithm achieves a SOH MAE of 1.29% (+0.18% compared
to clustered conditions, Fig. 4(d)) and an OCV reconstruction MAE of
9.70mV(+0.61mV compared to clustered conditions, Fig. 4(d)).

3.2. Validation of the method with vehicle field data

To evaluate the commercial viability, the proposed algorithm is
validated with actual field data from the BMW i3. This dataset, on the
one side, includes more samples and increases statistical significance.
On the other side, the more challenging boundary conditions prove the
real-world applicability of the 𝛥𝑄-method.

Fig. 5 gives a brief summary of the algorithm workflow, the dataset
and the final result. As shown in Fig. 5(a), the method starts with an
existing testbench capacity measurement as a reference. For this spe-
cific vehicle, a set of relaxed voltage points and the accumulated charge
information are accessed. This dataset is preliminary checked and fil-
tered to align with the requirements. The preset filters are a result of an
availability-accuracy tradeoff, which is discussed in detail in Section 4.
At least 10 data points, captured within the last 25 to 40 days before the
testbench capacity measurement, must be available. The time horizon
extends with higher vehicle age, i.e., older vehicles are closer to 40
on average. Additionally, the vehicle must be above 75% SOH to
align with the preset alignment parameter boundaries in Table 3. This
criterion is simply checked by assessing the previous testbench capacity
measurement. If no earlier measurement is available, the criterion is
always fulfilled. For the investigated vehicle dataset, however, barely
any samples below 75% are available (see Fig. 3). Hence, this filter
excludes a negligible amount of EOL vehicles. If all criteria are met, the
boundary conditions of the algorithm are set according to Table 3. To
prefilter the boundary conditions, the last maximum onboard (ob) SOH
estimation max (SOHob) is used as a criterion. This values is generally
available and accurate enough to distinguish between BOL, MOL and
EOL, but limited due to computing resources. The 𝛥𝑄-method processes
this information and increases the quality and reliability of estimation.
The 𝛥𝑄-method is validated against testbench capacity measurements
instead of the onboard estimation.

The boundary conditions per degradation state are set such that they
have an overlap with the other degradation states. This means, even if
the latest maximum SOH onboard estimate implies that the boundary
conditions are set according to BOL-conditions, the final estimate can
still lay in the MOL-range. Hence, rough preliminary knowledge about
the vehicle age is enough to run the algorithm. As shown with Eq. (19),
the optimization uses the pristine OCPs to reconstruct the most accurate
voltage curve. The optimization returns the adopted OCV, which is
essential to estimate the SOH (Eq. (10)). In combination with the
pristine parameter set, the estimated parameter set yields the DMs (Eqs.
(11), (12), (15)).

In comparison to the cell dataset, the vehicle data demand tuned
settings, as given in Table 3. The specific settings are a result of a
detailed sensitivity analysis, which is further discussed in Section 4.

The maximum function evaluations (MaxFunEvals) are reduced to
100 from the default value of 400 to decrease the time-effort but
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Fig. 5. Application of the algorithm to the vehicle dataset. (a) Workflow of the 𝛥𝑄-method. Input fields are colored in dark blue. (b) Input samples and optimization results for
a BOL and EOL measurement. The arrows indicate the shift of the half cell potentials due to LAM and LLI. It must be noted that the cathode OCP was measured within a narrow
voltage range leading to the appearance of a limiting cathode in discharge direction for the EOL sample. (c) Result for all samples: MAESOH = 2.52% and OCV reconstruction error:
MAEOCV = 7.19mV. The OCV reconstruction error is solely calculated in respect to the measured points which are used for the fitting process.

Table 3
Optimization settings, constraints and initial values of the lsqnonlin() solver for the
BMW i3 vehicle dataset. The criteria for the BOL, MOL and EOL condition is realized
by accessing the latest maximum SOH onboard estimation.

Setting Value

MaxFunEvals 100
DiffMaxChange 1 × 10−5

DiffMinChange 1 × 10−5

FinDiffType central

Parameter 𝛼NE 𝛼PE 𝛽NE 𝛽PE

BOL
Initial Value 1.29 1.01 −0.10 0.00
Lower Bound 1.16 0.96 −0.16 −0.02
Upper Bound 1.29 1.01 0.00 0.00

MOL
Initial Value 1.23 0.91 −0.15 0.00
Lower Bound 1.16 0.77 −0.19 0.00
Upper Bound 1.25 0.96 −0.06 0.00

EOL
Initial Value 1.16 0.81 −0.16 0.00
Lower Bound 0.97 0.76 −0.20 0.00
Upper Bound 1.23 0.91 −0.08 0.00

BOL: max (SOHob) ≥ 95%, MOL: 80% ≤ max (SOHob) < 95%,
EOL: max (SOHob) < 80%.

still allow convergence. The minimum change in finite-difference for
the variables (DiffMinChange) increases from zero to 1 × 10−5. The
maximum change (DiffMaxChange) is reduced from infinity to the same
value as DiffMinChange, 1 × 10−5. These settings allow fast computation
while significant optimization steps are performed. It further hinders
the algorithm from taking too large steps and potential skipping of op-
tima. The finite difference type (FinDiffType) is switched from forward
to centered, which doubles function evaluations but increases accuracy.

Table 4
Alignment parameter for the pristine state (SOH=100%) and the estimation for an aged
storage (SOH=80%, sample from Fig. 5(b)).

𝛼NE 𝛼PE 𝛽NE 𝛽PE

Pristine 1.29 1.02 0.00 −0.02
Aged Estimation 1.15 0.79 −0.12 0.00

While these tuned settings lead to a marginal SOH-estimation ac-
curacy increase, they drastically reduce runtime: The MAESOH reduces
from 2.57% to 2.52% and the computation time decrease by 41.5%, on
average.

As can be seen, the boundaries of the degradation states overlap, to
make up for imprecise classification by the latest maximum SOH on-
board estimation. The maximum reachable DMs are 24.8% for LAMNE,
25.5% for LAMPE and 26.9% for LLI. The pristine alignment parameter
set is given in Table 4. It further includes the parameter estimation
result for the aged sample of Fig. 5(b).

Fig. 5(b) reveals the optimization result for a BOL and EOL sample.
The BOL sample is estimated with an absolute SOH error of 1.82%
and underestimates the value to be at 97.2%. Nevertheless, the OCV
reconstruction error stays below 5.62mV which indicates an accurate
fit. The EOL sample reaches an absolute SOH error of 0.13% and
the OCV reconstruction error is 8.21mV. The alignment parameters in
Table 4 yield the DMs: The LAMNE, est is 11.2%, the LAMPE, est is 22.4%
and the LLIest adds up to 22.4%. Due to the oversized anode, the LLIest
approximately equals LAMPE, est and leads to the estimated SOH of
80%, which is further visible in Fig. 5(b). It must be noted that the
anode overhang in discharge direction for the EOL sample may appear
due to the limited voltage range for the cathode OCP measurement.
On the contrary, this type of degradation is possible, following the
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Fig. 6. Evolution of the DMs and their standard deviation, clustered per 2% SOH range, for the (a) cell dataset and the (b) vehicle dataset. The markers for the LAM modes are
slightly shifted to the left and right of the true SOH value in order to increase visibility.

explanations by Birkl et al. [5], who contribute this type of electrode
shifting to delithiated LAMPE.

The evaluation for the full dataset is presented in Fig. 5(c). The 𝛥𝑄-
method achieves reasonable results with an MAESOH of 2.52% against
the testbench capacity measurements and an MAEOCV of 7.19mV. The
standard deviation implies high estimation confidence for a broad
spectrum of vehicles. For the larger and more diverse i3 dataset, the
correlation of SOH and OCV accuracy is less prominent.

4. Discussion

One big advantage of the proposed method (or in general, the mech-
anistic model approach [43]) lies in the reconstructed OCV which is
used to not only estimate the SOH but also the DMs. The OCV further is
an important input for other vehicle functions, i.e., SOC estimation [8]
or the fast charging strategy [52]. The studied datasets do not include
a validated DM label due to the missing full OCV readouts for every
SOH and the further challenging DM estimation, usually based on DVA
and ICA [5]. It is possible, however, to evaluate the accuracy of the
estimation by the OCV reconstruction error and the SOH estimation
error. With these metrics, the 𝛥𝑄-method is further analyzed in terms
of sensitivity to input data and solver settings.

4.1. Degradation mode estimation

Fig. 6 illustrates the trajectory of the estimated DMs for the cell
dataset (Fig. 6(a)) and the vehicle dataset 6(b).

As expected, the DMs of the cell dataset in Fig. 6(a) generally
increase with higher age. While the LAMPE shows a reasonable con-
tinuous rise, LAMNE and LLI increase rapidly after the first check-up
at approximately 97%. Moreover, LAMNE stays constant for the con-
secutive two checkups. It is suspicious that the LLI decreases again.
This, however, is not physically but mathematically possible if the 𝛽-
parameters get closer to zero and their offset ‖𝛽PE ∣ − ∣ 𝛽NE‖ decreases.
Hence, mathematically more lithium inventory is available for cycling
again. Measured by the SOH and OCV error, the first two checkups
(100% to 97% SOH) are estimated with high accuracy, making the
DM estimation feasible. The third and fourth check-up (87% to 84%),
however, underestimate the SOH and contain a relatively high OCV
error. This makes an underestimation of the LAMPE very likely. In this
degraded state, LLI shows high correlation to both types of LAM due
to the consumed capacity overhang. Hence, the underestimated LAMPE
probably leads to an underestimation of LLI and consequently the lower
SOH estimate. The last check-up overestimates the SOH and shows an
acceptable OCV error. The most viable option is an underestimated 𝛽PE
which further increases LLI.

For more samples, as visualized in Fig. 6(b) for the i3 vehicle
dataset, the consistent trend of the DMs is more visible. The LAMNE

Fig. 7. Fictional sample as an example for the evaluation of applied data filters. This
sample includes six data points, which were captured within a time-window of 11 days.
The data points span a charge section of 25Ah and a voltage window of 0.3V. The
minimum voltage is 3.7V and the maximum voltage is 4.0V.

contains the highest fluctuation, especially with the underestimation
at 92% SOH. At BOL the LLI is a result of LAM at both electrodes
once the electrode capacity overhangs are consumed. Below 90% SOH
the LAMPE exceeds the LAMNE and LLI matches LAMPE due to the
oversized anode. This is reasonable due to the restricted search space
of 𝛽PE (Table 3) which results from the narrow voltage range of the
cathode OCP measurement. This yields the fact that a decreasing 𝛼PE
directly influences the LLI. A strong anomaly for LAMPE is visible at
82% SOH with a decreasing slope. Analyzing Fig. 5(c) makes clear
that the SOH is overestimated and hence it is reasonable that LAMPE
might be underestimated. Besides that, the highest SOC and OCV errors
are located at 92%, 82% and especially 75%. All these samples lead
to anomalies in the course of the DMs. Hence, this strengthens the
previous assumption of the correlation of SOH and OCV reconstruction
with the DM estimation accuracy.

4.2. Sensitivity of the method to input data

In comparison to the cell dataset, the i3 vehicle dataset has rela-
tively sparse information included. The dataset was captured from the
field without focus on the 𝛥𝑄-method and hence does not include the
full operational strategy between the captured points. Nevertheless, it
is insightful to explore the sensitivity of the method to the initially
defined settings and further to understand why the filters are set as
depicted in Fig. 5(a).

To better understand the applied filters and their impact, the process
of dataset filtering is explored for an example sample, as depicted in
Fig. 7. The filters always refer to the full input dataset per vehicle.
Hence, the 𝛥𝑡, max(𝛥𝑄) and 𝛥𝑉 relate to several relaxed voltage points
between multiple charging and driving events.
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Table 5
Applied filters, their criteria and the final evaluation for the random sample in Fig. 7.
For this specific example all example filters hold true and the sample could be further
processed in the algorithm. The default filters do not hold true and the sample would
be excluded.

Filter Criterion Check Result

Example
𝑁Points 𝑁 ≥ 5 6 ≥ 5 ✓

𝛥𝑡 𝛥𝑡 ≤ 20 d 11 d ≤ 20 d ✓

max(𝛥𝑄) max(𝛥𝑄) ≤ 30Ah 25Ah ≤ 30Ah ✓

𝛥𝑉 𝛥𝑉 ≤ 0.5V 0.3V ≤ 0.5V ✓

𝑉start 𝑉start ≥ 3.5V 3.7V ≥ 3.5V ✓

𝑉end 𝑉end ≤ 4.1V 4.0V ≤ 4.1V ✓

Default
𝑁Points 𝑁 ≥ 10 6 ≱ 10 ✗

𝛥𝑡 𝛥𝑡 ≤ 25 d 𝑡𝑜 40 d 11 d ≤ 25 d ✓

Table 5 evaluates the example sample for the randomly set and the
default filters. With this background knowledge, it should be straight-
forward to interpret the following discussion.

The possible filter variations and resulting SOH and OCV errors are
visualized in Fig. 8. The default number of required points is set to 10.
In contrast to the absolute variation in Fig. 8(b), the default value of
the time threshold is set relative to the age (time since delivery) of the
vehicle. Per default, for a BOL vehicle the last 25 days, while for an
EOL vehicle up to 40 days, are used. Similar to the mileage feature, the
age highly correlates with the SOH. These filters are mainly set due
to the smaller number of available points for older vehicles (compare
Fig. 3). Hence, increasing the time threshold for older vehicles, allows
more samples with a higher number of points which cancels out the
negative effect of itself. For the proposed algorithm, no filters are set
regarding available voltage window, minimum and maximum voltage
or maximum 𝛥𝑄. For every subfigure in Fig. 8, one variable is varied
while all others are fixated to the default value. All used default settings
are listed in the bottom section of Table 5. In Fig. 8 the rate of use
is normalized to the number of investigated vehicles (574) and gives
the number of available samples after the filtering. A small fraction
(< 10%) is initially unavailable due to the preset filters in Fig. 5(a)
checking for feasible SOH values between 75% to 100%.

In practice, the algorithm already works with at least three points.
As can be seen in Fig. 8(a), more sample points lead to higher accuracy.
On the contrary, by requiring more points less samples fulfill these con-
ditions. The amount of usable samples in relation to the total number
of samples is referred to as rate of use. A sample size of 10 points
allows high accuracy and a high rate of use. On the contrary, more
points continuously lead to slightly higher OCV reconstruction errors
because more points increase the complexity of the fitting process.
It must be noted that the statistical significance decreases with more
required points due to the smaller rate of use.

For every sample, the date of the testbench capacity measurement
is not only the reference for the SOH but also to select past relaxed
voltage and 𝛥𝑄 pairs. In Fig. 8(b) an upwards trend in the SOH error
is detectable for a longer allowed data acquisition time. This behavior
is reasonable due to the continuous nature of battery aging. The OCV
error slightly decreases continuously. With a looser time-threshold
more points over a broader SOC range and hence more samples are
available for estimation. The voltage and 𝛥𝑄 information provided by
additional points seems to counteract the error from increasing time
windows between points. This is especially the case for MOL and EOL
vehicles which have a lower frequency of recordings within specific
time periods (see Fig. 3).

Fig. 8(c) shows the influence of the accumulated charge amount
between relaxed voltage points. Starting with a 𝛥𝑄 of 8Ah, enough
points for some samples are available to pass the prefilter. The SOH
error increases over 4% with a max(𝛥𝑄) of approximately 12Ah. The
error continuously decreases for higher 𝛥𝑄 constraints, making clear

that with 50Ah all possible samples are available. The OCV error fol-
lows the slope of the SOH error. This again, gives rise to the assumption
of an existing correlation between the OCV reconstruction accuracy and
the SOH error. The interpretation, however, must be seen in the context
of the error, which fluctuates between low values of 6.6mV to 8.0mV.

The voltage window is analyzed in Fig. 8(d). The voltage boundaries
are set according to Fig. 3. For BOL vehicles this voltage window of
0.9V equals the SOC width from 4% to 100%. The correct SOC value
is unknown for aged vehicles because the full and validated OCV is
only known for pristine state. Hence an estimation aided by a look-up
table is only possible for BOL vehicles. Due to the shifting of the OCV
with degradation, huge errors are possible if the pristine OCV curves
is used for a look-up table based SOC estimation. Consequently, the
accuracy of the method is evaluated against varying available voltage
windows instead of SOC windows. Fig. 8(d) shows the big advantage
of the 𝛥𝑄-method. Accurate results are already feasible with small
voltage windows, starting at 0.3V, which equals approximately 60%
SOC for BOL vehicles if the start SOC is set to 40%, or 45% if the
start SOC is set to 30%, as can be seen in Fig. 5(b). The SOH error
decreases with broader voltage windows and the rate of use increases.
The OCV reconstruction error shows an upwards trend for broader
voltage windows, giving more support to the following interpretation: It
is most probable that broader voltage windows allow more uncertainty
in the exact position of the relaxed voltage points which, as a result,
yields a more inaccurate reconstruction.

In Figs. 8(e) and 8(f) the accuracy in dependence of the minimum
and maximum voltage is depicted. With a higher minimum voltage a
smaller voltage window and hence less points per sample are available.
This leads to not only a lower rate of use but also a higher SOH
estimation error. The dependence of the OCV reconstruction error on
the minimum voltage strengthens the previously made interpretation: A
smaller available voltage and charge window leads to less uncertainty
and hence more precise reconstruction. In summary, a preset minimum
voltage below 3.8V is sufficient for an adequate OCV reconstruction
and SOH estimation. Due to mostly present relaxation voltages at
higher SOCs in all samples, the maximum voltage must be set relatively
high. As can be seen in Fig. 3 most of the data is distributed at
high voltage values because of many charging events. The minimum
maximum voltage allowing for an adequate rate of use is 4.10V. The
error behaves mostly as expected: With a higher allowed maximum
voltage more samples and points are included in the reconstruction and
the SOH and OCV error decreases. Both errors inhibit a minimum for
an allowed maximum voltage of 4.09V. This, however, lacks statistical
significance due to an rate of use below 20%.

4.3. Sensitivity of the method to different solvers and settings

The solver choice and algorithm settings are evaluated. Table 6
shows the SOH error for five solvers in dependence to two varied
setting: maximum evaluations or generations and function tolerance.
For all solvers except lsqnonlin() the cost function is modified to return
a scalar value.

As can be seen in Table 6, the solver choice has marginal impact
on performance. The nonlinear least squares solver lsqnonlin() shows
the best performance. The pattern search algorithm with five evalu-
ations has the second highest accuracy but is computationally more
complex [53]. The chosen maximum function tolerance of 100 assures
to find the optimum without wasting computational effort and could
be reduced even further. On the other side, the function tolerance does
not seem to influence the accuracy at all, see Table 6. The termination
tolerance on the objective function has no influence until it reaches rel-
atively high values of almost 1 × 10−1. Consequently, the optima in the
objective functions are reached early within the optimization process,
i.e., the higher function tolerance and possibly slower convergence do
not hinder the algorithm to find the lowest cost function value. Starting
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Fig. 8. Sensitivity of the 𝛥𝑄-method to specific input data filters and the resulting rate of use for the vehicle dataset. (a) Number of data points. (b) Data acquisition time horizon.
(c) Maximum allowed amount of charge between two consecutive points. (d) Available voltage window in sample, where 0.9V equals the SOC range from 4% to 100% for BOL
batteries. (e) Minimum voltage threshold. (f) Maximum voltage threshold.

with function tolerances of 1 × 10−1 the optimization eventually stops
too early and might miss the local optimum.

In summary, the designed cost function (Eq. (9)) is mathematically
well-designed and robust against varying solvers and their settings. The
chosen settings, as shown in Table 3, assure to find the local optimum
with lowest SOH estimation and OCV reconstruction error.

4.4. Comprehensive analysis and discussion

The present study introduces a novel method for OCV reconstruction
and subsequent SOH and DM estimation. The main research question
at hand was whether the method is applicable to real-world data and
how robust the algorithm is against varying input data and optimization
settings. The application to real-world vehicle data from the BMW i3

could quantify the uncertainty of the method for the SOH estimation
and demonstrate the robustness of the algorithm with respect to filter
parameters and solver settings. As can be seen in Fig. 8(a), with already
three relaxed voltage points and two 𝛥𝑄 values, the method reaches an
SOH error below 3% and reconstructs the OCV with an average error
below 10mV. In contrast to conventional methods, the 𝛥𝑄-method does
not require a fixed reference voltage for the fitting process but rather
fits every voltage pair individually.

Established methods for OCV reconstruction [5,7,24–35] demand
the full SOC range with relatively low C-rates to yield accurate results
for DM estimation. Improved studies [37–39] established the possibility
to reduce the SOC window and further increase the C-rate. Yang et al.
[37] managed to use partial charging segments from 20% to 70% SOC
with a C-rate of C/3. Similar, Chen et al. [38] reconstructed the OCV
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Table 6
Sensitivity of the 𝛥𝑄-method’s SOH estimation accuracy to the selected solver and
specific algorithm settings, i.e., maximum function evaluations and function tolerance
for termination. In the case of the genetic algorithm, the maximum function evaluations
refer to the maximum number of generations and for the particle swarm it is the
maximum number of iterations. The OCV fitting accuracy is almost independent
(sensitivity below ±1mV) of the investigated settings and hence not included in this
Table.

Maximum Evaluations/Generations
Solver 5 50 100 200

lsqnonlin 3.76% 2.46% 2.52% 2.54%
fmincon 3.34% 2.91% 2.88% 2.89%
Genetic Algorithm 2.79% 2.96% 2.92% 2.86%
Particle Swarm 2.88% 2.88% 2.90% 2.90%
Pattern Search 2.69% 2.94% 3.01% 3.01%

Function Tolerance
Solver 10−10 10−8 10−4 10−1

lsqnonlin 2.53% 2.53% 2.52% 2.40%
fmincon 2.88% 2.88% 2.88% 2.88%
Genetic Algorithm 2.94% 2.88% 2.88% 2.91%
Particle Swarm 2.90% 2.90% 2.97% 2.96%
Pattern Search 3.01% 3.01% 3.01% 3.01%

with partial charging segment from 40% to 100% SOC and a C-rate
of C/3. Schmitt et al. [39] raised the applicable C-rate up to C/4 by
introducing a constant overpotential offset to reconstruct the partial
OCV. The offset is calculated by repetitive pulse measurements to make
up for the increasing internal resistance due to aging. Nevertheless, for
a C-rate of C/4 a SOC window of at least 10% to 80% is mandatory to
create accurate capacity estimations. Accurate DM estimation is feasible
for C-rates below C/15 and a maximum SOC of at least 70%. For
lower C-rates of C/30 a smaller window of 20% to 70% is sufficient
to yield an SOH error below 2%. The 𝛥𝑄-method, however, works
without any preprocessing because the relaxed voltage points, which
equal the actual OCV, are utilized in the first place. These relaxed
voltage points are gathered after almost every charging or driving
event, independent of the applied current and history. Figs. 8(d),
8(e) and 8(f) prove that a voltage window of at least 300mV and a
starting voltage below 3.8V suffice to reconstruct the OCV with an
error below 7mV and estimate the SOH with an error ≤ 3%. For the
pristine battery, these values correspond to a SOC window from 40%
to 100%. For a lower starting voltage of 3.7V the required SOC window
spans from 30% to 75% which reduces the minimum required SOC
range in comparison to known studies [37–39]. In contrast to existing
methods [4,5,7,24–41], the 𝛥𝑄-method is independent of any reference
charging process. It utilizes existing data from any vehicle fleet with
very low sample rate and thus also low requirements with respect to
bandwidth and/or storage capabilities that could be easily implemented
in existing architectures. As there are no available data sources suitable
for both the mechanistic model approach involving higher C-rates and
partial charging segments, as well as the 𝛥𝑄-method, a comparison is
performed using individual aging datasets.

The proposed method proves its suitability for given vehicle
datasets, as in Fig. 5(c). With the default filters of at least 10 data points
per sample, a maximum time-horizon of 25 to 40 days and the depen-
dence on the last maximum SOH onboard estimation, a big fraction
of over 59% of the investigated vehicles with an existing testbench
capacity measurement can be evaluated. The data is stored without
any limitation on the operation between relaxed voltage points or
temperature. It further shows in Figs. 8(b) and 8(c), that the algorithm
is only slightly influenced by the time-horizon of data acquisition or the
maximum allowed accumulated charge in-between voltage points, once
max(𝛥𝑄) ≥ 20Ah. These dependencies are further canceled out by the
large benefit of more sample points distributed between a large voltage
window which have the biggest influence on SOH and OCV error, as
Figs. 8(a), 8(d), 8(e) and 8(f) show.

Existing methods [37] usually set the constraints and boundary
conditions in respect to the last evaluation. Because this method is

proposed for a vehicle fleet with at least one testbench capacity mea-
surement during its lifetime, the boundary conditions must be set
initially. The solution space, however, must be limited to reduce the
risk of reaching the wrong local optimum. For this matter, the upper
and lower boundaries of the 𝛼- and 𝛽-parameter are set according to
the last maximum SOH onboard estimation which divides the storage
into BOL, MOL and EOL, as in Table 3. Although this seems to bias
the estimation towards the onboard estimation values, it must be kept
in mind, that the onboard estimation is limited by the computation
resources. The alignment parameter boundaries are defined loosely, to
even allow out-of-bound estimations if the onboard value is completely
off. Fig. 3 visualizes the strong correlation of mileage with the true
SOH. It is thus possible to exchange the condition variable with either
mileage or total time since production.

The total time since production is already used for setting the time-
horizon filters as proposed in Fig. 5(a). Depending on this value, older
vehicles use more of their history than new vehicles. While this filter
hardly influences accuracy, it helps to increase the rate of use as
Fig. 8(b) shows.

In comparison to the cell data results (Fig. 4(d)), the vehicle data
OCV is reconstructed with similar precision over all samples (Fig. 5(c)).
The OCV is only evaluated at its measured points. The reconstructed
OCV is interpolated and evaluated at the respective measured charge
points to calculate the OCV reconstruction error. The average num-
ber of available points for optimization, however, is 70 for the i3
dataset, assuring higher OCV reconstruction accuracy with statistical
significance.

The proposed dataset is not applicable to verify the DM estimation
because no full OCV measurement in aged state is available. It is only
possible to evaluate the accuracy in dependence of their plausibility
over SOH (Fig. 6(b)) and in terms of OCV error (Fig. 5(c)). With this
mitigated criteria, the DM estimation shows reasonable trajectories.

In contrast to known methods for OCV reconstruction [4,5,7,24–
41], the 𝛥𝑄-algorithm collects data from a broader time-horizon in-
stead of relying on continuous measurements. The results in Fig. 8(b)
give strong evidence that the influence of aging in data acquisition
windows up to half a year is negligible. This further gives rise to the
possibility to exploit this data collection scheme for time-series based
algorithms, i.e., collection of several partial charging segments at a
specific C-rate and subsequent reassembly.

5. Conclusion

In this work, the novel 𝛥𝑄-method was introduced and validated
with real-world vehicle data gathered from more than 8 years of
customer operation. The analysis showed that the method is robust to
input data, solver choice and optimization settings. For the BMW i3,
a minimum number of three relaxed voltage points, at least a voltage
point below 3.8V, and a minimum voltage window of 0.3V – which
combined equals a SOC window of 40% to 100% – were sufficient to
yield SOH estimation errors below 3%.

The algorithm is an adoption of the known mechanistic modeling
approach [4] and eases the utilization for existing BEV fleets. The
method does not require explicit charging segments with low C-rates
but rather is applicable to relaxed voltage points and the accumulated
charge between these points. No fixed reference voltage is required
for the optimization process and rather every voltage pair is fitted
individually during the minimization task. Analysis of the BMW i3
dataset shows that a large fraction of the studied vehicles (≥ 59%) are
enabled for application.

The proposed method shows its suitability for existing BEV fleets.
Most monitoring systems collect the relaxed voltage points and track
the accumulated charge. Hence, it is straightforward to use these exist-
ing datasets for OCV reconstruction if the pristine OCPs and parameter
sets are known. Updated OCVs further allow calibrated SOC estimation
and improved charging strategies.
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The algorithm requires the latest SOH onboard estimation to con-
strain the solution space which is usually available for modern BEV
fleets. This dependence is solvable with exchanging the criteria with
aging-correlating variables, i.e., time or mileage. The method can be
further enhanced by leveraging the remaining available vehicle aging
data to restrict the solution space using machine learning techniques.
Alternatively, combining existing methods for OCV reconstruction with
the 𝛥𝑄-method can reduce uncertainty. The method’s validity for DM
estimation remains unconfirmed and exceeds the scope of this publica-
tion. Therefore, further evaluation of this aspect is imperative in future
research endeavors. It stays an open research question whether the
proposed 𝛥𝑄-method is suitable to estimate the DMs, even with narrow
SOC windows of 50%. It is therefore desired to prove this assumption
with an extended measurement series with full OCV measurements in
the checkups, to derive the DVA and ICA which can be used to create
comparable DM labels.
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2.2 Solutions for Data Scarcity in Neural-Network-Based SOH
Estimation

Besides the mechanistic OCV model, neural networks are emerging as a promising technology
for accurate SOH, OCV, and DM estimation. Training of neural networks demands extensive
amounts of data and suffers from data dependence. Especially for new generations of LiBs,
training data is scarce and development of generalizable methods is, thus, challenging. This
chapter presents several strategies on how to overcome the big issue of data scarcity and
physical interpretability with novel methods, including PINN, transfer learning, and the
fusion of physical constraints with transfer learning. Each section contributes to answering
the overarching research questions:
How can the issue of data scarcity in deep learning be resolved?
How can deep learning models be integrated with physics-based models to ensure adherence
to physical laws and improve interpretability?

2.2.1 Physics-Informed Neural Networks for SOH Estimation

Physics-
Informed

Neural
Networks

SO
H

Time

Estimation

⋮
⋮⋮

SIM

Figure 2.2: The trimmed outline of the thesis structure with focus on this chapter.

Neural networks are often regarded as black boxes that do not inherently adhere to physical
laws, necessitating extensive amounts of training data to develop accurate and valid models.
PINNs address the issue of data scarcity and physical interpretability by integrating physics-
based models with neural networks. This work introduces a sequential PINN that utilizes
simulation data from the P2D model, incorporating internal states for SOH estimation.

PINNs for SOH estimation were initially introduced by Aykol et al. [147], who distinguished
between sequential and hybrid PINNs. Sequential models employ physics-based models and
neural networks in a sequential manner. The state of the art involves combining synthetic with
experimental data to reduce data requirements and expand the data space, leveraging the
extrapolation capabilities of simulations and the interpolation power of neural networks [131;
148; 162–164]. Hybrid models integrate one model into the other, with the state of the art
focusing on solving for internal states of the SPM by approximating the governing PDEs
using a neural network [156].
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Regarding sequential PINNs, the inclusion of internal states in the training dataset for SOH
estimation has not been thoroughly researched. Additionally, adapting the P2D model for
aging serves as the neural network training data generator.

In this article, the P2D model is adapted to generate a substantial amount of time-series
data for various aging paths. This P2D data is fused with experimental cell and in-vehicle
data. A comprehensive correlation, sensitivity, and feature analysis is conducted to enhance
the dataset, with particular focus on the influence of internal states from the P2D aging
dataset. Bayesian hyperparameter optimization is employed to refine the model architecture.
Model performance is evaluated across various driving profiles and compared against other
benchmark models.

The developed LSTM PINN surpasses benchmark models, achieving an average SOHC MAE
of 2.11 % (pp) across all datasets, using random 30 min driving time-series data as input with
a 5 s sampling rate. The PINN performs optimally for CC (dis-)charging events, regardless
of temperature. However, the PINN struggles to accurately monitor the in-vehicle dataset,
as data analysis reveals significant structural differences from the extensive training data
generated by the P2D model and extracted from laboratory cell data. Sensitivity and correla-
tion analysis indicate that the inclusion of internal states, such as concentrations in the solid
and liquid phases, enhances performance, even for experimental data lacking these features.
This suggests that SOH estimation of experimental data benefits from the additional internal
states included from the P2D data.

In comparison to existing literature, this work analyzes the use of highly accurate P2D aging
data, the impact of data fusion, and the inclusion of internal states. This research presents
an accurate aging parametrization for the P2D model and demonstrates that synthetic data,
particularly when highly accurate, and inclusive of internal states, accelerates neural network
performance. The publication proposes a default pipeline, i.e., guidelines, for neural network
development in the context of battery state estimation.

The paper begins with a comprehensive literature survey, followed by an explanation of data
sources, particularly data generation via the P2D model. It details model development, in-
cluding feature engineering, correlation and sensitivity analysis, and hyperparameter tuning.
Results are presented and compared against state-of-the-art neural network architectures, in-
cluding LSTM, CNN, RNN, and FNN.
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One of the most challenging tasks of modern battery management systems is the accurate state of health estimation. While physico-
chemical models are accurate, they have high computational cost. Neural networks lack physical interpretability but are efficient.
Physics-informed neural networks tackle the aforementioned shortcomings by combining the efficiency of neural networks with the
accuracy of physico-chemical models. A physics-informed neural network is developed and evaluated against three different
datasets: A pseudo-two-dimensional Newman model generates data at various state of health points. This dataset is fused with
experimental data from laboratory measurements and vehicle field data to train a neural network in which it exploits correlation
from internal modeled states to the measurable state of health. The resulting physics-informed neural network performs best with
the synthetic dataset and achieves a root mean squared error below 2% at estimating the state of health. The root mean squared
error stays within 3% for laboratory test data, with the lowest error observed for constant current discharge samples. The physics-
informed neural network outperforms several other purely data-driven methods and proves its advantage. The inclusion of physico-
chemical information from simulation increases accuracy and further enables broader application ranges.
© 2023 The Author(s). Published on behalf of The Electrochemical Society by IOP Publishing Limited. This is an open access
article distributed under the terms of the Creative Commons Attribution 4.0 License (CC BY, http://creativecommons.org/licenses/
by/4.0/), which permits unrestricted reuse of the work in any medium, provided the original work is properly cited. [DOI: 10.1149/
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Manuscript submitted June 23, 2023; revised manuscript received August 8, 2023. Published September 21, 2023.

The transport sector is responsible for nearly a quarter of the
global carbon emissions.1 The transition to climate friendly mobility
is heavily dependent on electric vehicles (EVs) and thus the
development and production of lithium-ion batterys (LiBs). While
the battery market size has doubled from 2014 to 2019,2 the
development of efficient and highly accurate battery management
systems (BMSs) remains a challenge. The BMS monitors and
controls the high-voltage storage systems by measuring signals
like current, voltage and temperature, in order to estimate the state of
charge (SOC) and the state of health (SOH). Accurate state
estimation is mandatory to enable long and safe operation.3 New
cell chemistries and more sophisticated systems aggravate the
development of universal methods.

This paper refers to the SOH in terms of capacity, i.e.,
SOHC= C/Cinit. The current capacity is C and Cinit is the initial
capacity, which is a measured value at begin-of-life (BOL). This value
is usually higher than the nominal capacity CN, issued by the
manufacturer. In the case of synthetic data, Cinit is equal to CN. In
literature several error metrics can be found to evaluate the accuracy
of estimation models, e.g., root mean squared error (RMSE) and mean
absolute error (MAE). The necessary definitions are listed in the
Appendix, Table XI. Various SOH estimation models exist and can be
roughly clustered into physics-based (PB), semi-empirical and data-
driven methods. A brief summary of recent implementations and their
SOH estimation accuracy is listed in Table I. PB models catch the
underlying physical and chemical mechanisms of LiBs. In most cases
they are defined as a set of partial differential equations (PDEs) or
ordinary differential equations (ODEs). The pseudo-2-dimensional
(P2D) model by Doyle, Fuller and Newman is the common way to
model a battery with focus on its mass transport and thermodynamics.4

A detailed description of the P2D model can be found in the Appendix.
The model has physico-chemical interpretability, but the numerical
solving of the PDEs is computationally cumbersome. The model itself
is not capable to describe aging effects. Furthermore the parameter sets
of PB models are snapshots of the current degradation state, i.e., the
SOH.4 The implementation of degradation mechanisms into the model
architecture leads to further complexity increase. It is nearly impossible
to fully describe these numerous mechanisms in mathematical

expressions. Reduced P2D models coupled with filter algorithms are
often found in SOH estimation methods because they decrease the
computational cost heavily.5–9 The widely used reduced order single
particle model (SPM) assumes an uniformly distributed current density
along the porous electrode thickness and thus simplifies the P2D model
to one single particle per electrode.9–11 This assumption reduces the
amount of PDEs and hence the computational complexity.11 Different
to the P2D model, the SPM neglects the dynamics in the liquid phase
and hence fails to fully describe the mass transport in the electrolyte.12

Recentpublications5,7–9,13,14 frequently assume solid electrolyte inter-
face (SEI) growth as the dominant degradation mechanism and couple
the SPM with adaptive filter algorithms to yield SOH estimation
models. For example, Allam and Onori5 have developed such a model.
The SEI growth is implemented into an aging-dependent voltage loss
equation in which the relevant degradation parameters are updated via
a sliding mode interconnected observer. The parameter update is
achieved by fitting the simulated voltage to the measured signal. The
updated parameters are directly linked to capacity fade. The model
showed high robustness against measurement noise and reached a
mean absolute percentage error (MAPE) of 0.92% for a new and
1.65% for an aged cell.5 Gao et al.7 introduced a simplified P2D model
with integrated degradation modes,15 i.e., loss of lithium inventory
(LLI), loss of active material (LAM) and resistance rise. The internal
parameters are updated by comparing measured and calculated voltage
responses. The adaptation is directly linked to the SOC and SOH. For
constant temperature the method reached a MAE below 1%.7 Similar,
Zhao et al.9 or Gambhire et al.8 presented PB reduced order models
which achieved MAE below 2% and 1% for constant ambient
temperature.

Whereas PB models integrate the underlying electrochemical
mechanisms into the architecture, data-driven or machine learning
(ML) models are black boxes with a learned mapping from
measurable to immeasurable variables. The performance relies on
the input training dataset and the user-defined model architecture. A
requirement is an existing correlation between input and output. It is
simple to set up a data-driven approach for SOC or SOH estimation
but very challenging to reach generalization. In the context of ML
generalization means that test data is different from training data,
i.e., a method works for unknown data in new scenarios.16 From
2018 to 2022 most of the publications dealing with data-driven state
estimation utilize support vector machines (SVMs) or neuralzE-mail: tobias.th.hofmann@bmw.de
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networks (NNs).17 Especially long-short-term memory networks
(LSTMs), first introduced by Hochreiter and Schmidhuber,18 are in
the focus because they are the most efficient and widely used
sequential networks in the field.17–19 For example, Gong et al.20

published a combined SOC and SOH estimation model that uses
unprocessed charging voltage curves as input. For the Oxford
Battery Degradation dataset the LSTM model reached a RMSE
below 0.5% and a maximum absolute error (MAX) below 1% at
constant temperature. Similar, Li et al.21 developed a LSTM model
which uses unprocessed voltage charging curves as input and
reached a MAPE below 2.08% at constant temperature of 25 °C.
Choi et al.22 have demonstrated up to absolute 3.57% RMSE
reduction by utilizing a combined dataset from voltage, current
and temperature. In a temperature range from 20 °C to 30 °C the
LSTM model achieved a RMSE below 2.5% for the NASA Battery
dataset. Rahimian et al.23 showed a SOH estimation RMSE below
0.9% when training a feedforward neural network (FNN) with
partial voltage, current and temperature data from automotive cells.

A more recent publication by She et al.24 combined multiple
equivalent circuit modelss (ECMs) on cell level with incremental
capacity analysis (ICA) to build a full battery storage SOH
estimation model. By utilizing the features gathered from ICA and
a subsequent update of the battery parameters, the model estimated
the SOH of an EV fleet with a RMSE of 2.04%. Similar, Wang et
al.25 combined health-indicating features gathered from coulomb-
counting and ICA to inform a hybrid deep NN. The combined
convolutional neural network (CNN) and FNN reached a SOH MAE
of 2.79% for an EV bus fleet. More information about recent SOH
estimation models can be drawn from recent review papers, e.g., by
Yang et al.26

Aykol et al.27 first recognized the potential of the physics-
informed neural network (PINN) for SOH estimation in 2021. While
PB models require high computational effort, ML models lack
physical interpretability. The fusion of both models is promising to
eliminate the respective disadvantage and rather strengthen the
benefits.

As Fig. 1 shows, Aykol27 extended the possible model archi-
tectures to sequential and hybrid PINNs. Strongly related to PINNs,
and often falsely described as such, is physics-informed machine
learning (PIML). These methods utilize other ML approaches like a
SVM or Gaussian process regression (GPR). Sequential PINNs are
generable with existing PB and ML models. The sequential residual
learning approach S1 from Fig. 1 feeds the output of a PB
degradation model into a ML update model. The ML model learns

the residual between the PB model estimation SOHPB and the true
label SOHtrue. The learned residual is used to update the estimation
and minimize the error. While the PB model captures basic aging
effects, the ML model is promising to learn more complex
degradation mechanisms. The output SOHest is partially constrained
by physics but the application is still limited by the complexity of the
PB model and its implemented degradation mechanisms.27

The transfer learning approach S2 tackles this limitation by
running the complex PB model temporally decoupled with arbitrary
input data {X}. The output data yPB includes internal battery states
such as concentrations and potentials. This data is combined with
experimental data Xmeas to train the ML model. During operation,
time-series data X(t) can be used to estimate the SOHest with low
computational cost and physical constraints. The final PINN does
not depend on the complexity of the PB model and is prospective to
learn the hidden physics of battery degradation.27 Relatively few
publications exist on sequential PINN or PIML for SOH estimation.
Thelen et al.28 researched the sequential PINN approaches S1 and S2
in two subsequent studies.28,29 The first transfer learning PINN (S2)
was trained to co-estimate the SOH and the primary degradation
mode, LAM and LLI, by fusing experimental data with simulated
data from a half-cell model. Both datasets were captured at two
temperatures and current rates. The half-cell model output the open-
circuit-potential (OCP) curves of both electrodes which can be used
to reconstruct the open-circuit-voltage (OCV) of the full cell. Finally
a differential voltage analysis (DVA) determines the degradation
mode. These features were used to train a single hidden layer NN to
estimate the SOH and degradation modes. The advantages of the
data fusion was confirmed by a comparison to models trained solely
with one input dataset. The combined training dataset lead to best
performance with a RMSE of 0.74% for SOH and 2.85% for
degradation mode estimation. In the consecutive study29 the first
approach was compared to the residual learning approach S1 with
almost identical settings. The residual learning approach performed
worse with an average RMSE of 2.35% for SOH and 5.09% for
degradation mode estimation. Similarly, Kohtz et al.30 developed a
transfer learning PIML with three subsequent steps. SEI-growth was
implemented as the major degradation mechanism in the initial PB
model to describe capacity loss. It must be noted that SEI growth is
yet not fully understood and building accurate models is an ongoing
research question.31 A succeeding GPR was trained to map partial
charging voltage, current and temperature curves to SEI-layer
thickness. The final multi-fidelity look-up table directly correlated
the SEI-thickness with capacity, accepting an initial 1.5% error.

Table I. Recent realizations of PB models and NNs with their SOH estimation accuracy. If not stated otherwise, the datasets were captured on cell
level.

Method Dataset Limitation/Remark Accuracy References

SPM with sliding mode intercon-
nected observer

Experimental dataset with two
capacity measurements

— 1.65%
RMSE

5

Simplified P2D model with inte-
grated degradation modes

Experimental dataset with 21
capacity measurements

Constant temperature 1% MAE 7

PB reduced order model Experimental cyclic aging data Constant temperature (25, 40, 55 °C) 2% MAE 9
PB reduced order model Experimental cyclic and

calendaric aging data
Constant temperature (25, 45 °C) 1% MAE 8

LSTM NN Oxford Battery Degradation
dataset

CC charging voltage curves at constant temperature 0.5%
RMSE

20

LSTM NN Experimental cyclic aging cell
data

CC charging voltage curves at 25 °C 2.08%
RMSE

21

LSTM NN NASA Battery Degradation
dataset

CC charging voltage, current and temperature curves
at temperature from 20 °C to 30 °C

2.5%
RMSE

22

FNN Experimental cyclic and
calendaric aging data

Only applicable to narrow temperature window (25 °
C to 35 °C)

0.9%
RMSE

23

CNN–FNN Real-world data from 40 EV
buses

Long CC charging windows at low currents manda-
tory to reach high accuracy

2.79%
RMSE

25
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Training data consisted of charging curves at 0.2, 0.33, 0.5, 1, 2C
and 25, 35, 45 °C, while validation was carried out by samples at
1.5C, 30 °C and avarying duration of 150 s to 400 s. Assuming the
exclusion of errors in the upper regions of the SOH, the RMSE of
the estimated SEI thickness was found to be 8.97%.

The identification of physico-chemical battery parameters is a
well discussed research topic.27,32,33 First, more information about
the influence of degradation on these parameters is necessary in
order to implement validated parameter learning PINNs (S3). This
approach uses a prior ML model to learn the parameter set of a
battery over its lifetime and eventually update the PB model with an
accurate parameter set. The PB model uses this information to solve
for the internal states and SOHest. Reduced PB models are necessary
to reach online applicability.27 To the best of the authors knowledge,
Li et al.33 were the first to realize a parameter identification ML
model. The model estimated degradation dependent PB parameters
from voltage and current signals at a constant temperature of 25 °C
with a MAPE of 12.5%.

The hybrid PINN approaches integrate one model into the other
architecture. Physics-constrained ML (H1) implements PB ele-
ments in the ML model, e.g., in the loss function during training.
There is optimism to physically constrain the output by following
physico-chemical laws.27 Nascimento et al. contributed with several
publications34–36 to the field of hybrid PINN for SOC estimation and
remaining useful life (RUL) prediction. In their studies, they
implemented physis-based knowledge into deep NN, for example
by embedding it into recurrent neural network (RNN) cells, to
simulate the time-dependent response of a battery to applied
current.36

The ML-accelerated PB models (H2) are the original imple-
mentation of PINN, first introduced by Raissi et al.37 Hence in
other research areas these models are only referred to as PINNs.
The approximation ability of NNs is exploited to solve the

underlying PDEs of PB models with less computational burden.
Due to the relation of the internal state lithium-ion concentration to
the SOC, more H2 PINNs are already developed for SOC
estimation.38 In contrast, the urgency to integrate degradation
mechanisms into PB models still limits the application of accurate
ML-accelerated PB models for SOH estimation.27 Pepe et al.39

introduced a NN which solves the underlying differential equations
of a PB system. For training with the NASA and Oxford Battery
dataset, the PINN reached an SOH RMSE of 5.81% and 1.55%,
respectively. The data was limited to a narrow current and
temperature region. Thus, challenges remain to develop accurate,
generalizable, ML-accelerated PB models. Recently, Xu et al.40 set
the benchmark for hybrid battery models by publishing a physics-
informed deed autoencoder with an SOH RMSE of 0.64%. Similar,
Wen et al.41 proved the ability of NNs to approximate the
underlying PDEs of a Verhulst model in order to estimate the
SOH and predict the RUL.

While available PINNs show promising results for internal state
estimation,42–45 few publications exist on accurate, robust and
generalizable SOH estimation. Especially, there are no studies
utilizing these aforementioned immeasurable internal states, such
as concentrations and potentials. To the best of the authors knowl-
edge, this is the first publication to develop a transfer learning PINN
which fuses experimental data from in-vehicle and laboratory
sources with simulation data (including internal states), generated
by a P2D model. The developed model fuses data with different
dimensions from a broad operational region with a variety of load
profiles and charging strategies, including temperatures from 0 °C to
50 °C and currents from −2.5C to 2.5C. The benefit of including
synthetic data and especially immeasurable internal states is
discussed in detail. The proposed method is further analyzed in
regards of its sensitivity to current profiles and temperature and
finally benchmarked to purely data-driven models.

Figure 1. PINN architecture model landscape for SOH estimation (adapted from Aykol et al.27). In architecture S1, S3 and H2 it is assumed that the PB model
has degradation mechanisms implemented and is thus able to estimate the SOH. X(t) can be any time-series battery data used to perform the SOH estimation,
Xmeas can be any experimental battery data including time-series data, {X} describes the necessary input data including battery parameters for the PB model, ϑ are
the battery parameters and yPB can be any output from a PB model.
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Experimental

The outline of the proposed method is illustrated in Fig. 2. For
this work a Newman-P2D model is used to generate data which is
merged with experimental data. The combined dataset is randomly
split into training and testing data.

The initial model is selected based on a literature research and
optimized with additional features. The best features are chosen
based on the results of a correlation and sensitivity analysis. The NN
is finetuned in accordance to the results of a Bayes hyperparameter
tuning approach.

Data generation.—The simulation of cell internal states over
lifetime demands a parameter set, which represents the cell in its
aged state. For the investigated cell 16 parameter sets at SOHs
ranging from 73% to 100% are developed and validated against
laboratory measurements. Table XV in the Appendix offers a more
detailed description of the parameter set and the dependencies of
single parameters on degradation. Further, a resimulation of the
measurement profiles (Fig. 12 in the Appendix) yields an acceptable
voltage MAE below 35 mV, even for degraded batteries.
Nevertheless, it is crucial to remember that selecting correct
parameters is still an open research question. Although the simulated
voltage and temperature signals fit the true measurements, it cannot
be proven that every physical and electrochemical parameter is
correct.

The simulation dataset includes charging events, dynamic driving
profiles and check-up tests. Figure 3 summarizes the simulated drive
cycles together with the experimental current profiles.

The laboratory data was captured with a battery cycler in a
climate chamber at 25 °C. Prior to testing, the cells were acclima-
tized and set to a default SOC of 50%. The laboratory measurements
(Fig. 3i) refer to a predefined check-up-profile with four alternating
C/3 charge and discharge sections which are applied within voltage
limits. The constant current (CC) charging profiles are followed by a
constant voltage (CV) section until the remaining cell current
reaches a predefined threshold. The laboratory tests do not include
dynamic load profiles. In total almost 150 d of time-series data from
laboratory check-ups are used in the proposed method.

The in-vehicle data was collected from a development fleet with
18 EVs in Germany. A mobile data recorder directly accesses and
stores the measured signals by the BMS. The recorder collects the
signals during driving and charging and checks the SOH of the
battery storage before and after the trip. The in-vehicle data (Fig. 3j)
consists of dynamic driving profiles and charging sections. An in-
vehicle profile is shown in Fig. 3j, as an example of a dynamic
driving sample. In total nine days of in-vehicle time series data are
available in the dataset. It must be noted that respective SOH labels
of the in-vehicle dataset are generated at a test bench with similar
measurements as in the laboratory dataset. Hence, the SOH
represents the available capacity during a constant current (CC)
C/3 discharge.

The simulation covers multi-step constant current (MSCC) fast
charge events. Figure 3a illustrates a MSCC profile for a pristine cell
at 25 °C. Two out of three sections from the dynamic stress test
(DST) are included in the simulation (Figs. 3b and 3c). Similarly one
section of the federal urban driving schedule (FUDS, Fig. 3d) and

Figure 2. General approach with subsequent work tasks. Data is collected from simulation and measurement sources and a PINN for SOH estimation is
developed.
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one section of the high acceleration aggressive driving cycle (US06,
Fig. 3e) are simulated. The DST, FUDS and US06 are based on
public driving profiles which are available at the website of the
University of Maryland.46,47 The 1C CC discharging (Fig. 3f)
generally accounts for low current discharging. The pulse profile
(Fig. 3g) is a three times repeated test with a 1C discharge section
and alternating pulses with 1C, 2C and 2.5C. The step profile
(Fig. 3h) includes short CC charge and discharge sections with C/3,
2C/3 and 1C.

Further, Table II displays the simulation profiles, their duration
and the varied start SOC and temperature. Some settings must be
excluded due to exceeding of safety limits, i.e., minimum or
maximum cell voltage or temperature. The simulations run with a
time-step resolution of 5 s as a tradeoff between runtime and
accuracy. In total almost 7000 simulations with a duration of
250 d are performed.

Figure 4 illustrates the data distribution of 1000 random samples
from the full data. All datasets inhibit the full and evenly distributed
voltage range, which directly correlates to the SOC. While the

simulation data is evenly distributed along temperature, current and
SOH, the laboratory data is mainly captured at 25 °C and current
rates of −C/3 and C/3. The synthetic dataset is distributed at
temperatures from 0 °C to 50 °C because the used P2D model was
validated for this cell with these boundaries. Nevertheless, it is
realistic to apply the method only to data captured at battery
temperatures above 0 °C due to preconditioning of the battery
pack before operation or charging. The intelligent, anticipating
preconditioning–function results in a relatively low probability of
operating the battery pack at sub–zero temperature. The in-vehicle
measurements include a broader temperature region due to seasonal
and daily variety in Germany. Unfortunately, the data is mainly
distributed around 100% SOH, even including SOH values above
100%. While the synthetic dataset inhibits highly dynamic driving
profiles and thus covers a current range from −2.5C up to 2.5C, the
experimental dataset is mainly distributed at low current rates
between −C/3 and C/3. For the laboratory cell dataset this is due
to the check up profile in Fig. 3i, which refers to a standardized test
protocol. Unfortunately, no dynamic driving profiles are available

Figure 3. Current profiles of the simulated and measured dataset. For the dynamic profiles DST-3, FUDS-1, US06-2, pulse profile and the in-vehicle
measurement just a snippet of the full profile is displayed.

Table II. Test matrix for the data generation process with the simulated starting SOC, ambient temperature and duration of the drive cycle.

Start SOC 10% 20% 30% 40% 50% 60% 70% 80% 90% Duration

DST-1a x x x x x 60 min
DST-3a x x x x x x x x 12 min
FUDS-1a x x 25 min
US06-2a x x x x 12 min
CC 1Ca x x 50 min
Pulsesa x x 180 min
Stepsa x x x 285 min
Fast Chargeb x x x x x 35 min

a Simulation at 0 °C, 15 °C, 25 °C, 35 °C, 45 °C. b Simulation at 0 °C, 15 °C, 25 °C, 35 °C.
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from laboratory cell measurements. On the other side, the in-vehicle
dataset reflects real-world driving and charging behavior from our
development fleet. Hence, lower current rates show realistic opera-
tional strategies. As can be seen in Fig. 4 more than 50% of the in-
vehicle data are dynamic load profiles.

The simulation data has the lowest sampling rate, with one signal
per five seconds, and consequently sets the reference. Higher
sampling rates increase the computational effort for the P2D data
generation heavily. Due to the low frequency, the fast effects during
a change in charge direction are not discernible in the signal
trajectory. Nevertheless, effects with longer time-constants give
enough information about the degradation state to estimate the
SOH. This issue is discussed in more depth in the Results and
Discussion section. The combined dataset includes over 409 d of
time-series including voltage, current, temperature and SOH.
Simulation data further includes SOC and internal states, i.e.,
concentration and potential of the solid and liquid phase.

The full, combined dataset runs through a preprocessing scheme
before it is used for model development. First, every signal is
normalized to a range between zero and one. This has been shown to
be optimal for NN training because it speeds up training and can
improve performance.48 The data is split into 70% of training and

30% of testing data which differ in the SOH label to avoid
overfitting. The data split is applied to the simulation, laboratory
and in-vehicle dataset. The chosen SOH values are selected
randomly at the beginning for every subdataset. The data split,
however, is kept during the whole model development process to
ensure comparability throughout the development process. Hence,
the data split ensures that subsamples from the same source and
SOH belong to either the training or testing dataset.

Model optimization.—A transfer learning PINN runs the com-
plex PB model simulations temporally decoupled27 as in Fig. 1 S2.
The output data, which includes internal battery states is fused with
experimental data and processed in a NN. The final transfer learning
PINN inhibits physico-chemical information from battery internal
states and reduces the complexity in the application phase to that of
the ML model. It is therefore crucial to design an efficient and
accurate NN.

Recent publications17,21 suggest the usage of LSTM networks, a
specialized RNN, for processing time-series data and SOH estima-
tion. A promising approach from Li et al.21 is taken as the initial
model and adopted to suit the database. The model complexity is
reduced in order to start with a more basic approach. The LSTM

Figure 4. Visualization of the three datasets for 1000 random samples. The upper figures show the scatter plot and the lower figures visualize the kernel
densities. Both refer to the first y-axis on the left. The second y-axis on the right side refers to the cumulative distribution plots in the diagonal, in golden color.
While most of the simulation data is uniformly distributed, laboratory and in-vehicle measurements are mainly captured at fixed temperature and current
operating points.
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takes the three input signals current, voltage and temperature,
sampled to 300 s with a time step of 5 s. The sampling routine is
further optimized by using 50% sliding windows to increase the
amount of data. For example, a full signal of 900 s length leads to
five samples with 300 s duration instead of three.

Unfortunately, sampling also generates useless samples that, for
example, have no current flow and no subsiding overpotentials, and
thus no information. An outlier removal script excludes these
samples. Nevertheless, samples with a short duration of applied
current are included in the dataset on purpose. These samples are not
associated as outliers but rather as data anomalies and hence are

important elements of the training data.49 Prior investigation proves
the positive influence of the natural regularization effect of these
data anomalies. Indeed, the removing of all these anomalies yields a
local optimum where the model overfits on the simulation data and
underfits on experimental data.

The model processes the input data with three dimensions, i.e.,
 × ×samples 61 3 through three LSTM layers with each 50, 50 and three
memory cells, a reshape layer and a dense layer with one neuron to
the final scalar output, the SOH. The architecture is visualized in
Fig. 8a. The model is optimized with the state-of-the-art algorithm
Adam (the reader is referred to the publication by Kingma and Ba50)
and MAE as the loss function. The NN trains with no validation split
and a batch size of 128 for 100 epochs.

Figure 5 visualizes the performance of the initial model for the
three test datasets. In Fig. 5, the errorbars visualize the standard
deviation of the estimations. Additionally, the distribution of the
SOH estimation error is visualized in a histogram.

More information can be drawn from Table III, in which the model
accuracy is measured in RMSE, MAE and MAX. While the MAE
seems acceptable, the RMSE and MAX reveal the bad performance of
the model. Most of the samples are estimated around the mean value
and due to the low complexity of the model it struggles to fit the
training data. This indicates underfitting in ML.19

Feature engineering.—The preprocessing of training data influ-
ences the performance of NNs. So-called features, which can range
from arbitrary measured signals to statistical transformations,
improve the accuracy and efficiency of the model if they correlate
with the desired output.19 Features with negligible correlation hinder
the generalization of model training and slow down the computation.
Therefore, the selection of the final feature set is guided by a
correlation and sensitivity analysis. Statistical features are calculated
via available input data. The available dataset includes voltage,
current and temperature signals and even internal states for the
simulation data subset. Cell voltage U is defined as the potential
difference between both current collectors. The temperature signal T
is the cell core temperature in the synthetic dataset and the cell
surface temperature for experimental data. The resulting deviation is
further analyzed in the Discussion section and visualized in the
Appendix, Fig. 12. Table IV summarizes and clusters the available
input data. As the internal states have temporal and spatial
dependencies, the cell is discretized along its x-dimension. Indices
used in Table IV provide information about the spatial character-
istics of a time-series signal. It must be noted that the SOC is an
internal state, too. For convenience the SOC is defined as the
weighted average of the solid concentration cs,NE along the negative
electrode with respect to the maximum solid concentration. The
SOC is assumed as unknown for the experimental datasets. Further
information regarding the spatial discretization and the calculation of
respective signals can be found in the Appendix.

Table V shows a comprehensive list of possible features.41–51,53

They are clustered in scalar and vectorized features. The scalar

Figure 5. SOH estimation accuracy of the initial model for each test dataset. In
the lower graph, the estimated SOHest is plotted against the true SOH. The upper
histograms visualize the error distribution with ΔSOH=SOHest−SOHtrue for
every test dataset.

Table III. Accuracy of the initial SOH estimation model.

Evaluation Test Data RMSE MAE MAX

Combined 5.94% 4.79% 23.2%
Simulation 5.92% 4.99% 20.9%
Laboratory 5.56% 3.85% 21.1%
In-Vehicle 8.89% 7.58% 23.2%

Table IV. Input signals, clusters and the availability for each data subset. The solid concentration is distinguished between surface concentrations
cs,s and average particle concentrations in the negative and positive electrode along the respective electrode cs,NE, cs,PE.

Cluster Signals Simulation Laboratory In-Vehicle

U U x x x
I I x x x
T T x x x
SOC SOC x
Φs Φs,NE, Φs,PE x
Φl Φl,NE/CC, Φl,PE/CC, Φl,SEP, Φl,NE/SEP, Φl,PE/SEP x
cs cs,NE,avg, cs,PE,avg, cs,s,NE/SEP, cs,s,PE/SEP x
cl cl,NE/CC, cl,PE/CC, cl,SEP, cl,NE/SEP, cl,PE/SEP x

s: solid, l: liquid, s, s: solid surface, NE: negative electrode, PE: positive electrode, SEP: separator, CC: current collector.
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features include basic and advanced features. The scalar features
yield one value per input sample. The vectorized features are
generated by scanning the input signal between two adjacent points.
Hence, a sample with N data points leads to N− 1 data points for a
vectorized feature. To align with the data size of the time-series
signals, the last entry is replicated and placed in the final column.
Figure 6 illustrates the process of combining the signals with its
features in the three dimensional dataset.

Few statistical features demand a more detailed explanation.
Skewness (skew()) is an asymmetry measure of the underlying data

distribution.54 Shannon entropy (se()) returns the amount of infor-
mation contained in a signal, where information refers to the
definition in information theory.51 The wavelet variance (wv())
measures the variability in a signal.52 The discrete Fourier transform
coefficients (dft()) can be used to describe a periodic signal. This
means a periodic signal is split into its constituent frequencies,53

where the first six coefficients are used in this approach. The six
coefficients are treated as scalar features in this approach. The
windowed resistance feature (R()) calculates the theoretical resis-
tance with respect to the investigated window. The charge balance

Figure 6. Structure of the three dimensional dataset. In this example one scalar and one vectorized feature are included and calculated for every input signal.
After each feature the binary decision (BD) column informs the network about availability. The vectorized feature columns yield 60 data points for a 300 s
sample with 61 data points. Thus, the last entry is copied into the empty cell.

Table V. Possible features derived from the raw time-series data x(t) = X = {x1, x2,...xN}, where pj describes the probability of occurrence of one
event xj. x(t) can be any time-series signal in the input dataset, e.g., voltage u(t) or current i(t).

Abbreviation Feature Formula

Scalar Features
()min Minimum Value ( )Xmin
()max Maximum Value ( )Xmax

mean() Mean Value ∑ = x
N j
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j

1
1

mad() Median Absolute Deviation ∑ ∣ − ( )∣= Xx mean
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Vectorized Features
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(CB()) measures the added or removed charge amount and hence
directly correlates to the SOC and can work as a substitute for the
SOC column in the experimental dataset.

In this study, we utilize snipped time-series signals, such as
voltage, current, temperature, and additional internal states, as the
base for our input sample. By performing feature engineering, we
augment our dataset with multiple vectorized time-series signals,
which are added to the original dataframe. Additionally, scalar
features are included in each input sample. The final input data can
be represented as a three-dimensional dataframe that incorporates
three distinct categories of information. It should be noted that, with
the exception of the features R() and CB(), all features are computed
for every input signal. As a result, the total number of variables in
each input sample is given by ·( + ) +N N N1signals features features,add,
where Nsignals represents the number of signals used, and Nfeatures
represents the number of features employed. Notably, the count of
Nfeatures does not include R() or CB(), which are classified as
Nfeatures,add.

Correlation and sensitivity analysis—feature selection.—Before
selecting features, a correlation analysis helps to understand the
relation between different input features and their relation to the
output. After selecting the first set of useful features a sensitivity
analysis returns the most promising feature set and leads to the final
feature selection.

The correlation analysis uses the Pearson correlation coefficient r
to calculate the correlation between two signals X= {x1, x2,...,xN}
and Y= {y1, y2,...,yN}, where N is the total number of samples.

∑

∑ ∑
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Equation 1 can be easily calculated between two scalar features, but
it is not directly possible between two time-series datasets or
between a time-series signal and a scalar feature, e.g., the voltage
time signal to the SOH. The vectorized features in Table V serve as a
substitute. The correlation coefficient is computed individually for
each value with its corresponding data point in the other signal,
followed by averaging.

The feature list in Table V applies to every input signal from
Table IV. To decrease the computational effort, all features
belonging to one data cluster (see Table IV) are kept together for
analysis. Hence, correlation analysis is performed for every feature
cluster to the SOH. The cross-correlation between features gives
insights about redundant features.

Detailed results regarding the direct correlation of features to the
SOH for 300 s samples can be found in the Appendix, Table XII. It
must be noted that correlation will increase if the sample length
increases. Features derived from cs and cl show non-negligible
correlation to the SOH for basic scalar features mean(), ()max ,

()min , mode() and rms(). Also more advanced features like wv() and
dft() show higher correlation. The evaluation leads to the conclusion
to exclude the features std(), Δ(), mad(), skew(), Δ()max and
d2/dt2() from further analysis because they show no correlation to the
output or have strong cross-correlation to already included features.

The remaining features and all possible input data clusters are
evaluated in the following sensitivity analysis.

A sensitivity analysis describes the process of searching the
possible feature space for the best combination of input features. The
feature space includes the available signals but also the selected
statistical features. While the signals current, voltage and tempera-
ture are included in any case, the additional input features from the
simulation dataset are varied. Those signals are not available for
experimental data, hence a so-called binary decision column is
introduced. The column is located after the last time step and
assigned with the value one in the case of available data, and with a
zero in case of unavailable data. This allows the NN to either use or
ignore the feature depending on availability. This method was
already validated for battery temperature prediction with CNNs.55

The combined data structure is visualized in Fig. 6.
The statistical features are clustered into four subsets as to reduce

computational complexity. The charge balance feature CB() is
included in any case, as it works as a substitute for the SOC. The
clusters are listed in Table VI.

Combined with five possible input data signals (SOC, Φs, Φl, cs,

cl) in total ⎛
⎝

⎞
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+ ∑ == i
1

9
512i 0

9 combinations must be evaluated.

The trained models are evaluated based on the decision metric in
Eq. 4. The RMSE ϵRMSE and MAX ϵMAX for the experimental
sub-test dataset are normalized and combined with a weighting
factor to attribute the RMSE and MAX with equal importance.
Simulation data is excluded from the decision metric. The final score
results from both error metrics and yields the highest value for the
best performing model.
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Table VI. Feature clusters, their abbreviation and content.

Abbreviation Feature cluster Content

F1 Statistical, scalar features ()min , mean(), ()max , mode()
F2 Scalar, physical interpretable features wv(), rms(), dft()
F3 Vectorized, related features d/dt(), R()
F4 Vectorized, adapting features rmsvec()

Figure 7. Resulting score (Eq. 4) from the sensitivity analysis. The final
score is calculated only in respect to the laboratory and in-vehicle data. The
feature variations include all possible 512 combinations of signals and their
respective scalar and vectorized features. The included features are separated
into the lower and upper y-range for better readability.
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ϵ ϵ= − ( · + · ) [ ]score 1 0.5 0.5 4RMSE MAX

In Fig. 7 the results from the sensitivity analysis are displayed. The
shaded areas refer to feature variations with signals from cs, cl, Φs or
Φl included. Hence, in total 24= 16 different signal combinations
are displayed. For better readability and to shift the focus toward the
influence of signal combinations, the trajectories within a certain
area are smoothed with a Savitzky-Golay filter with window size 11
and a polynomial order of three. Note that the final score solely
emerges from the laboratory and in-vehicle results.

It is challenging to interpret the multidimensional visualization in
Fig. 7. The usage of the features from the solid concentration cs leads
to slight accuracy increase for the experimental data and excellent
performance for synthetic data. For the simulation data, however,
inclusion of features from both concentrations cs and cl leads to the
best result. This result also supports the correlation analysis findings.
The model with highest score includes features from cluster F2, and
uses the signals U, I, T, SOC, Φs, Φl and cs. Table VII gives the
detailed report about estimation accuracy with the relative error
Δ ( ) =ϵ

−x x x

x
new old

old
. The accuracy increases for every dataset and

metric. In particular the error related to simulation data decreases
heavily, due to the inclusion of the internal states as an input variable
and its correlation to the SOH.

Hyperparameter tuning.—Prior to hyperparameter tuning, a
sample length analysis is conducted, resulting in 1800 s as the

optimal trade-off between training runtime and accuracy. The
sample length analysis for the initial model (Fig. 8a) and the priory
selected feature set is given in the Appendix, Table XIII. An
additional dense layer before the last layer further improves
accuracy. These settings are used for hyperparameter tuning.

During model training, the weights of the individual neurons are
adopted. These weights generally are referred to as parameters. In
contrast, the hyperparameters cannot be learned during training and
must be set initially. Hence, the hyperparameters are the settings of
the model and must be tuned by the engineer in order to design a
useful NN. The process of optimizing hyperparameters is called
hyperparameter tuning. Most important, during this process one
must not solely rely on the training accuracy. This always leads to
deeper, more complex models and finally in overfitting the training
data. Instead, test or validation accuracy must be included into the
evaluation metric.19

Manual tweaking is cumbersome and prone to miss the global or
even local optimum. Automated tuning scripts promise to ease the
application and return global optima. Bayesian optimization is a
powerful technique for tuning hyperparameters in a LSTM
network.19,56 It involves selecting a set of hyperparameters to
optimize, defining a range of values for each hyperparameter, and
then using Bayesian statistical methods to efficiently explore the
hyperparameter space and identify the combination of hyperpara-
meters that minimizes the validation loss. During the optimization
process, the algorithm learns from previous evaluations and updates
its estimate of the hyperparameters that are most likely to produce

Table VII. Accuracy of the best performing model after sensitivity analysis for each test dataset and the relative error change in relation to the
initial model.

Evaluation Test Data RMSE Δϵ(RMSE) MAE Δϵ(MAE) MAX Δ ( )ϵ MAX

Combined 3.96% −33.3% 3.14% −34.3% 12.3% −47.0%
Simulation 3.48% −41.2% 2.89% −42.1% 7.98% −61.8%
Laboratory 5.00% −10.1% 3.66% −4.94% 12.3% −42.2%
In-Vehicle 5.45% −38.7% 5.17% −31.8% 10.0% −56.9%

Figure 8. Architecture of the initial (a) and final model (b) and corresponding dimensions of output data from each layer with n as the number of samples.
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the best results, while also pruning out non-promising directions of
optimization. This approach can significantly reduce the time and
effort required to find the optimal set of hyperparameters for a given
LSTM network, and has been shown to improve performance
compared to manual tuning or other automated methods.56 The
Keras-made solution KerasTuner57 is used in this paper.

The search space and the maximum number of iterations used for
Bayesian optimization are defined beforehand, as listed in
Table VIII. The number of neurons and the dropout rate can be
set individually for every layer. All resulting models from hyper-
parameter tuning are trained with the same dataset as the initial
model, with the exception of small reversed subset for validation.

A fraction of the training dataset from laboratory and in-vehicle
data is used as validation data to monitor the model’s performance
for unknown samples. The simulation data is excluded from
validation because the main goal is to minimize the loss for
experimental data. The Bayes optimization solves for the best choice
of hyperparameters to minimize the validation loss, which means in

this case the accuracy at estimating the SOH of experimental data.
Every permutation is executed twice and the average validation loss
is stored. More than 200 permutations are evaluated. The best
hyperparameter set is found to be four LSTM layers, one dropout
layer, a batch size of 256 and 1500 epochs. The architecture of the
final model is visualized in Fig. 8b. The flattening layer maps a three
dimensional input to a two dimensional output. Along with the
architecture, the output dimensions of every layer are given.

Results and Discussion

The performance evaluation of the final PINN is visualized in
Fig. 9. The individual errors are listed in the first part of Table X.
The model is evaluated against the tree different datasets: simula-
tion, laboratory and in-vehicle data. The model performs best with
simulation data and estimates the SOH with a RMSE of 1.98%. The
SOH of the laboratory test data can be estimated with a RMSE of
2.95%. The standard deviation error bars in Fig. 9 show little
deviation from the mean estimate for simulation and laboratory data,
indicating increased estimation confidence. Nonetheless, the findings
presented in Table X and Fig. 9 demonstrate that the in-vehicle data
samples pose a significant challenge to the model. This subset of
data is characterized by a higher RMSE of 8.56%. The model’s
failure to capture the overall degradation trend for the in-vehicle data
is evident, resulting in decreased performance solely for this dataset
when compared to the post-sensitivity-analysis model. Despite the
higher in-vehicle error, the model achieves the lowest validation loss
because the in-vehicle dataset represents a small subset of the
validation data with less than 5% of the total validation data.
Consequently, the worse estimation of in-vehicle samples is com-
pensated by better performance for laboratory samples.

Model sensitivity.—The performance of the PINN model is
strongly influenced by driving profiles and temperature ranges, as
demonstrated in Table IX. While the sensitivity analysis was

Figure 9. SOH estimation accuracy of the final model for each test dataset. In
the lower graph, the estimated SOHest is plotted against the true SOH. The
upper histograms visualize the error distribution withΔSOH=SOHest−SOHtrue

for every test dataset.

Table VIII. Defined hyperparameter search space for Bayesian
optimization.

Hyperparameter Search space

LSTM Layers 1 to 5
Neurons in LSTM Layers 32 to 512
Dropout Layers 0 to 4
Dropout Rate 0.1 to 0.5
Batch Size 32 to 256
Epochs 50 to 2000

Table IX. Accuracy of the PINN for different temperature regions and current profiles.

Simulation Laboratory In-Vehicle

T1 T2 T1 T2 T1 T2
MAE

CC Charge — — 2.37% — 7.65% 6.79%
CC Discharge 1.50% 1.36% 1.79% — 12.2% —

Dynamic Profile 1.69% 1.71% 2.09% 0.60% 7.21% 7.26%
Average 1.68% 1.69% 2.08% 0.60% 8.12% 7.23%

RMSE
CC Charge — — 3.46% — 7.96% 6.79%
CC Discharge 1.72% 1.61% 2.43% — 13.6% —

Dynamic Profile 2.00% 2.01% 2.92% 0.60% 9.03% 8.02%
Average 1.98% 1.99% 2.95% 0.60% 9.57% 7.93%

MAX
CC Charge — — 14.1% — 11.6% 6.98%
CC Discharge 2.73% 2.71% 7.54% — 23.4% —

Dynamic Profile 5.60% 6.73% 14.1% 0.60% 23.4% 13.0%
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employed during the model development process to identify the
most promising features, we utilize it here to evaluate the PINNʼs
dependency on current and temperature profiles. The selected
driving profiles consist of CC charging, CC discharging, and
dynamic profiles. Two temperature regions are defined. The first
region T1 includes all samples with a measured temperature between
20 °C to 30 °C. The region T2 inhibits all samples outside of T1,
which means below 20 °C and above 30 °C.

Simulation data is estimated best with samples from CC
discharge events in the temperature region T2. It can be seen in
Fig. 3 that the simulation data does not include CC charging events.
Higher accuracy for CC events is expected, due to more data with
similar profiles in the training data. Although more data with
dynamic profiles is included in the training set, it is very challenging
for data-driven models to transfer knowledge gained from one
dynamic profile to another dynamic profile if current rates and
gradients differ strongly. Additionally, the time-step of 5 s is too
large to differentiate between the instantaneous processes inside the
battery like ohmic and charge-transfer overpotentials. The model’s
performance exhibits a minor temperature dependency, potentially
stemming from statistical uncertainty during the training phase. A
more detailed analysis yields similar performance even for very low
or high temperatures, which is explainable by the evenly distributed
simulation dataset (Fig. 4). The worst performance, i.e., the MAX
error, originates in both temperature regions from a sample with a
negative current pulse of 1C (Steps-Profile from Fig. 3). This high
error emerges from a relatively small portion of data with this profile
in comparison to CC discharging events which leads to a biased
estimation.

As can be seen in Fig. 4, most of the laboratory data is captured
for CC charging and discharging events at the temperature region T1.
Dynamic profiles also include parts of CC charging and discharging

events with at least 360 s of current flow and hence include the
overpotential buildup or relaxation process. This additional informa-
tion allows the PINN to reach high estimation accuracy for dynamic
profiles with a RMSE below 3% for both temperature regions even
with a large time-step of 5 s. The performance of the model with
dynamic profiles within the temperature range T2 lacks statistical
significance due to the limited number of samples. In fact, just a
single sample from the laboratory dataset lies within temperature
range T2. Excluding this data segment, the PINN performs best for
CC discharging events, benefiting from additional data obtained
during the training process from the simulation dataset. In contrast,
less amount of data for CC charging events and possible outliers lead
to poorer performance. These outliers are identified by unusual
temperature profiles which originate from unknown history. For
example the temperature decreases (ΔT< 0.5 K) although the
battery is operated due to prior heating. These data anomalies are
not included in the CC discharging, nor the dynamic profiles.

Across all data subsets, the RMSE of the in-vehicle estimations
exceeds 7%. The performance for all in-vehicle data subsets is
insufficient, making the interpretation of the sensitivity analysis
unnecessary. The PINN struggles to transfer knowledge from
simulation and laboratory data to in-vehicle data, particularly due
to significant mismatches in most current profiles. Notably, the

Table X. Benchmark of the PINN with other state-of-the-art
machine learning (ML) models for each test dataset. For every test
dataset and every error metric the lowest error value is printed bold.

Evaluation Test Data RMSE MAE MAX

PINN
Combined 3.03% 2.11% 23.4%
Simulation 1.98% 1.69% 6.73%
Laboratory 2.95% 2.08% 14.1%
In-Vehicle 8.56% 7.28% 23.4%

LSTMexp

Combined 4.81% 3.29% 20.9%
Simulation — — —

Laboratory 4.65% 3.01% 20.9%
In-Vehicle 5.76% 5.10% 13.1%

LSTM
Combined 3.36% 2.30% 29.5%
Simulation 2.97% 1.97% 13.86%
Laboratory 3.33% 2.45% 15.1%
In-Vehicle 6.65% 5.52% 29.5%

FNN
Combined 6.09% 4.97% 52.9%
Simulation 6.08% 5.24% 15.5%
Laboratory 6.11% 4.41% 52.9%
In-Vehicle 6.17% 4.99% 11.4%

RNN
Combined 7.00% 4.64% 30.4%
Simulation 8.25% 5.45% 30.4%
Laboratory 3.81% 3.00% 15.3%
In-Vehicle 4.98% 4.60% 9.79%

Figure 10. Benchmark of the PINN to other state-of-the-art machine
learning (ML) models. The estimated SOHest is plotted against the true
SOH for every model and dataset.
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highest errors emerge from CC discharging samples with a current
rate below 0.1C.

Benchmark.—To further investigate the performance and the
influence of physico-chemical information on the PINN, it is
compared to purely data-driven approaches. The other approaches
are chosen as they represent the most common NNs in the field.17,19

The data-driven approaches are tuned with respect to the proposed
hyperparameter–tuning procedure, presented in Table VIII. This
allows a fair comparison because the hyperparameters are optimized
to their individual best for the specific reduced dataset. They all keep
the flattening and the two dense layers with ten and one neuron to
produce the final scalar output. Table XIV in the Appendix presents
the final architecture for every NN. Table X and Fig. 10 show the
benchmark. All other models train with the full dataset but exclude
internal states, with the exception of the LSTMexp. The LSTMexp

trains solely with experimental data to evaluate the impact of
synthetic training data.

In Fig. 10 it is clearly visible, that the FNN and the RNN underfit
the training data and hence fail to accurately estimate the SOH of
any test dataset. It is evident that FNNs fail to capture the temporal
context and are thus not qualified to process the dependencies of
time-series signals.18,58 The findings further support the initial
statement, that LSTMs are superior to RNNs. The LSTM solves
the vanishing gradient problem18,59 and thus estimates the SOH with
an average RMSE of 3.36%. Nevertheless, it has a worse perfor-
mance than the PINN and estimates the laboratory samples with a
RMSE of 3.33%. The error further increases to 4.65% if simulation
data is completely excluded, as in the LSTMexp.

Discussion.—The present study aims to investigate the effect of
physical information and synthetic data on the performance of
machine learning SOH estimation models. The main research
question was whether incorporating such data can improve the
accuracy and generalization ability of these models. Our results
provide strong evidence that physical information and synthetic data
indeed have a positive impact on model performance. Table X
supports the statement by giving the accuracy of the PINN in
comparison to the same model architecture trained without simula-
tion data, nor internal states (LSTMexp) and trained without internal
states (LSTM). The PINN model trained with both types of data
consistently outperforms other models for laboratory test data. The
inclusion of synthetic data to the LSTM provides more training data
and hence improves the accuracy for laboratory test data. Additional
information from internal states further boosts performance.

Our results confirm previous findings by Thelen et al.,28 who
showed that a sequential PINN trained on a combined dataset
achieved the best performance in estimating the SOH. Thelen et
al.,28 however, used less but more detailed data, including a DVA of
half cells, and hence, reported a lower RMSE of 0.74% at estimating
the SOH at 37 °C or 55 °C. Similarly, Son et al.60 demonstrated that
incorporating more detailed features, such as mechanical and
electrochemical responses, in the form of health indicators optimized
a PINN to estimate the SOH with a lower RMSE of 0.49%. In
contrast, the current study utilizes easily derivable signals during
operation and does not require complex measurements to initialize
the method, thereby competing with the PIML model developed by
Kohtz et al.30 The latter model processes charging voltage segments
and estimates the SEI thickness, which is directly mapped to the
SOH, with an RMSE of 8.97% at an unseen test case at 30 °C.
Notably, the developed PINN in the present study outperforms the
PIML by Kohtz et al.30 for any given laboratory test dataset.
Furthermore, this study first introduces internal states from a P2D
model as additional features in the synthetic dataset. The model is
forced to link the measurable states to the internal variables that
correlate to the SOH due to the binary decision column. This work
thus extends previous research by demonstrating the efficacy of
utilizing easily obtainable signals and internal states in estimating
the SOH of batteries.

Nevertheless, the data and the method must be critically
discussed. The following paragraphs are structured to align with
the workflow of the model development process. Initially, a
thorough analysis of the data sources is presented, encompassing
aspects such as sampling methodologies, parameter validity, poten-
tial imperfections in the experimental data, and the integration of
multiple data sources. Subsequently, the focus shifts toward a critical
evaluation of the model, including an assessment of hyperparameter
tuning and feature selection techniques.

First, the sampling itself reduces the signal duration and makes
the model generalizable to snippets with constant length from any
SOC window. On the other hand, by sampling the data, the previous
history of operation is unknown and may lead to scenarios in which
important information is missing. For example, the worst perfor-
mance for laboratory data (Table IX) is due to a decreasing
temperature signal, which is falsely interpreted by the model because
the previous history is unknown. A more similar data structure
eventually leads to higher performance, especially the usage of full
CC charging events. The sampling further leads to a loss of
information in the experimental datasets due to the low sampling
rate of 0.2 Hz, which is set by the simulation data. Dynamic samples
with relaxation processes profit from higher sampling rates because
more information about the overpotentials with fast time-constants
are included.61 The additional information from higher sampling
rates positively contributes to the final performance. In other
works,28,30,42,43,60,62 the sample rate is not explicitly stated.

Second, the validity of the P2D parameter set, particularly under
degraded conditions, is limited to predefined measurements. For this
particular cell, the degraded parameter set is fitted to a repeated C/3
CC charge–discharge test, as in Fig. 3i. In general, several parameter
sets lead to accurate result due to the ambiguity of the combination.
A perfect alignment between the observed battery response, voltage
and temperature, does not necessarily guarantee the uniqueness of
the assumed parameter set. The precise measurement of all internal
states and parameters during operation is still a challenge.
Nevertheless, the experimental data shows good agreement between
the measurable signals and the simulation results (see Fig. 12).

Third, the accuracy is influenced by imperfections in the
experimental dataset, i.e., noise or varying ambient temperature.
Especially, the in-vehicle dataset presents these challenges for the
PINN. More important, the in-vehicle dataset only comprises of
2.20% of the total data amount, whereas laboratory data makes up to
36.7% and simulation data 61.1%. Hence, it is reasonable for the
model to be biased toward the other data sources and further to
disregard the in-vehicle training loss during optimization. The model
is likely to end in a local optimum with underfitted in-vehicle
training data. The possibility to achieve comparable results with
even sparser experimental data should be addressed in future studies.

This work tries to combine signals from cell level, which is
simulation and laboratory data, with signals from storage level. The
current flow into the storage is divided by the number of parallel
cells to yield the average cell current. The voltage and temperature
signal is only captured for the minimum, maximum and average
value per signal. The average values are used in this approach.
Hence, giving rise to various error sources. The samples from the in-
vehicle dataset itself statistically vary from the other data sources, as
can be seen in Fig. 4. Most of the data is distributed at high SOHs,
even above 100%. The in-vehicle dataset includes more aggressive
profiles with higher current rates than the other data sources. Hence,
a large amount of the in-vehicle dataset is poorly represented in the
training data. The interaction of these challenges leads to the reduced
performance for in-vehicle data.

The model itself might be prone to overfitting because it trains
with a large batch size of 256 for 1500 epochs and is relatively deep,
i.e., many neurons and layers. Generally, more complex models are
rather prone to overfit on training data.19 To assess this problem, the
data has been split independently priorly. This strategy ensures to
use test data with different SOH labels than the training data. Bayes
optimization uses the validation loss as the cost function and hence
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stops training before overfitting on training data occurs. Further, the
dropout layer and the inclusion of data anomalies act as regulariza-
tion techniques and thus prevent overfitting.19

Feature selection plays a vital role in determining the accuracy
and interpretability of the final PINN. Although a comprehensive
feature selection process including correlation and sensitivity
analysis was performed, the initial selection of possible features
may not be ideal, and there are several limitations to the process. In
this study, the final feature selection indeed reduced the error, but it
cannot be disproven that there exist another feature set that truly
result in the global optimum of the feature space.

Finally, it is very challenging to prove the cause of superior
performance of the PINN over the LSTM in Table X. It is most
plausible and there is strong evidence that the NN exploits
correlation between the measurable signals current, voltage, tem-
perature, and the internal states which increase the correlation to the
SOH. In other words, there are connections from the first layer with
current, voltage and temperature as input to the hidden layers, which
fuses this information with knowledge from internal states. Previous
analyses support the statement about feature correlation from both
signal types, corroborating this assertion.

To improve the efficacy of the proposed method, it is desired to
employ an advanced synthetic dataset containing full CC charging
events with higher sampling rates. Furthermore, to enhance the
performance, more precise P2D parameters are required that exhibit
improved conformity with experimental data, even at degraded state.
In order to facilitate the utilization of PINNs in the context of in-
vehicle or field data, it is imperative to minimize the discrepancies
between combined datasets. To this end, processing the signals of
individual cells holds promise as an alternative to relying on mean
cell voltage and temperature.

The proposed method demonstrates its suitability for real-time
SOH estimation in many applications. Especially the low require-
ment on signals allow the realization in EVs because only one
current, voltage and temperature signal with a sampling rate of
0.2 Hz are mandatory. If we assume that one signal value equals one
integer with two bytes, the whole data package comprises of
2.06 kB. A cloud connection and frequent data exchange further
enable a BMS to monitor the SOH with remote updates, i.e., the
2.06 kB package is sent to the backend where the model is
employed, the resulting scalar SOH is returned to the BMS. The
final model demands 17.7 MB of storage in H5-format and estima-
tion of one sample takes 55 ms with CPU-computing on a 11th
generation Intel i7 core (3.00 GHz, 8 CPUs, 16 GB RAM).

PB simulations have the capability to enhance existing data-
driven approaches through the provision of additional physico-
chemical battery data or to establish new PINNs, even with sparse
experimental data. The utilization of a synthetic dataset facilitates
the acquisition of comprehensive information concerning cell-
internal states, including the previously unknown degradation states.
It enables a reduction in the number of required experiments and
ultimately reduces associated time and cost requirements.

The utilization of conventional transfer learning for the PINN
model presents a promising avenue for improving its usability and
accuracy. In this context, transfer learning describes the training of
base models with big data and the followed retraining with
individual, sparse data. Transfer learning enables pre-training and
publication of data-driven models with large-scale synthetic data,
which can include internal states. The usability of conventional
transfer learning for capacity estimation in lithium-ion batteries was
exemplary proven by Shen et al.63 and Zou et al.64

Conclusions

This research paper presents an analysis of the key challenges in
the development process of ML projects, with a focus on the critical
role of data and their preprocessing in optimizing model architec-
ture. Physico-chemical simulations act as a powerful tool for
generating large quantities of highly accurate data, including both
measurable and non-measurable internal states in synthetic datasets,
to yield improved results. Nevertheless, this study highlights the
need for a detailed understanding of the limitations and development
process of PINN. The developed sequential PINN architecture,
which temporally decouples the complex P2D model, enables fast
estimation using 30 min samples from current, voltage, and tem-
perature signals. The PINN achieves estimation errors below 2%
RMSE and 3% RMSE for simulation and laboratory data, respec-
tively. The fusion of experimental data with synthetic data leads to
increased accuracy and through inclusion of internal states in the
simulation dataset, the performance is further improved. The
comparison of the PINN with state-of-the-art NNs highlights the
positive impact of incorporating physical information. Moreover,
comparable current profiles, e.g., CC events, improve the estimation
accuracy. The developed PINN demonstrates high accuracy for
laboratory data, particularly for comparable samples to those in the
simulation dataset. Unfortunately, it fails to generalize to in-vehicle
data due to dataset size, differences in current profiles, and signal
acquisition. Furthermore, the performance of the model is con-
strained by the sample rate of 5 s, which does not capture relaxation
behavior in the high frequency domain. Ultimately, this study shows
that a well chosen combination of experimental and synthetic data,
equal data splits and structure, improves the performance of data-
driven SOH estimation models. Hence, physical informing a NN is a
low complex solution to boost performance of ML models, not
limited to battery state estimation.
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Appendix A. Error Metrics

Table XI lists the most widely used error metrics. In the context
of SOH estimation, Y is equal to the true SOH, while Ŷ is the
estimated SOHest. The MAPE exhibits a more pronounced violation
of errors around zero compared to the MAE or the RMSE.

Table XI. Common error metrics, their abbreviations and formula.65

Error Metric and Abbreviation Formula

Mean Absolute Error (MAE) ∑ ∣ − ˆ ∣= Y Y
N i

N1
1

Root Mean Squared Error (RMSE) ∑ ( − ˆ)= Y Y
N i

N1
1

2

Mean Absolute Percentage Error (MAPE) ∑ =
− ˆ

N i
N Y Y

Y

1
1

Maximum Absolute Error (MAX) ∣ − ˆ ∣
⩽ ⩽

Y Ymax
i N1

Y: True value, Ŷ : Estimated value, N: Number of samples.
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Appendix B. Results from the Correlation Analysis

Table XII gives insights about the results from the correlation
analysis performed to derive the best suitable features for SOH
estimation. All scalar features are calculated on the 300 s samples
from the combined dataset. The features derived from internal states
solely utilize the synthetic data samples. The correlation between the

vectorized feature CB() and the SOH is not calculated, because it is
assumed to directly correlate with the SOC. Hence, CB() acts as a
substitute for the SOC signal in the experimental dataset. The
Pearson correlation coefficient between the windowed resistance R()
and the SOH is 2.16% for a window length of 10 s.

Table XII. Pearson correlation coefficient between the SOH and every feature of every signal from a 300 s sample. All values are given in percent in
a range between −100% to 100%, where −100% indicates indirect proportionality and 100% direct proportionality.

Feature U I T SOC Φs Φl cs cl

()min 5.11 1.04 −1.20 4.15 9.08 4.17 28.8 8.94
()max 1.60 1.16 2.16 3.81 11.0 8.18 29.0 9.00

mean() 3.75 1.94 −1.48 3.47 10.9 6.59 29.0 7.46
mad() −6.26 0.36 −6.90 −5.50 8.35 8.54 3.65 11.0
mode() 3.12 2.01 −1.31 2.99 10.5 6.07 28.3 6.57
Δ() −4.84 0.54 −6.36 −6.24 7.19 6.53 4.02 10.8
std() −5.67 −0.22 −5.94 −6.27 7.61 7.98 4.07 10.5

Δ()max −1.24 −0.81 2.15 −3.81 1.96 1.07 3.13 1.21
rms() 3.72 2.24 −1.48 3.45 11.2 8.65 29.0 7.37
skew() 0.87 −0.32 −1.23 −0.20 0.82 1.15 1.90 1.12
se() 0.99 1.77 0.95 0.99 0.99 3.27 11.6 9.09
wv() −0.78 1.93 −1.49 3.49 2.08 1.47 29.0 7.56
dft() 2.03 0.55 2.99 3.69 10.8 6.57 29.1 7.57
d/dt() 1.30 0.56 2.93 3.13 2.1 2.13 2.72 3.02
d2/dt2() 1.50 0.74 1.73 2.39 2.14 2.24 1.83 2.27
rmsvec() 3.89 2.63 1.49 3.68 11.4 8.65 29.2 7.54
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Appendix C. Results from the Sample Length Analysis

The initial model from Fig. 8a is trained with the final feature set
and samples with varying duration from 300 s to 2400 s. Table XIII
lists the RMSE of the individual models for every sub dataset and

the training duration normalized to the training duration for the
model with 300 s samples. A sample duration of 1800 s is selected
due to its optimal accuracy in laboratory samples while ensuring
reasonable runtime.

Table XIII. Results of the sample length analysis. For a sample length between 300 s to 2400 s the relative training duration and the accuracy for
each test dataset is listed for the initial model.

Sample Length Δttrain/Δttrain,300 s Sim. RMSE Lab. RMSE Veh. RMSE

300 s 1.00 3.48% 5.00% 5.45%
600 s 1.23 2.14% 4.40% 7.50%
900 s 1.52 4.76% 4.34% 7.10%
1200 s 2.02 2.28% 4.41% 6.74%
1500 s 3.63 2.03% 4.73% 7.58%
1800 s 3.74 2.86% 4.11% 6.51%
2100 s 3.87 3.26% 4.45% 6.89%
2400 s 3.97 1.56% 4.60% 8.37%
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Appendix D. Results from the Bayes Optimization of the
Benchmarked Models

The benchmarked NNs were tuned to their respective optimum
by Bayes optimization. For all models, the search space is defined as

in Table VIII. The resulting hyperparameters for every NN are listed
in Table XIV.

Table XIV. Results of the Bayes hyperparameter tuning for all benchmarked NNs. The first dropout–layer is placed after the second neural layer.

Hyperparameters LSTM LSTMexp FNN RNN

Layers 2 2 4 4
Neurons 352, 32 256, 128 480, 256, 64, 128 192, 384, 96, 480
Dropout Layers 1 1 3 3
Dropout Rate 0.2 0.4 0.3, 0.1, 0.4 0.3, 0.4, 0.2
Batch Size 265 64 256 96
Epochs 891 1437 1426 1303
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Appendix E. Newman Pseudo Two-dimensional Model

The pseudo-2-dimensional (P2D) model, introduced by Doyle,
Fuller and Newman,4,66,67 describes the cell on a macroscopic scale
with two porous electrodes, an insulating separator and liquid electro-
lyte, as depicted in Fig. 11. The model solves the mass and charge
balance and the electrode kinetics along the x-dimension of the full cell.
The insertion of lithium-ions into the particle, i.e., diffusion, is modelled
with the second pseudo-dimension in r-direction. The two dimensions
are coupled via the mass balance and the electrode kinetics.

Table XV presents a summary of the input parameters required
for the Newman P2D model, including their dependencies on the
proposed model and literature. The theoretical range of parameter
variations over degradation is also included when available. The
assumed parameter variations over degradation are in good agree-
ment with the literature references.33,69,70

The accuracy of the aged parameter set is validated by laboratory
measurements that include CC C/3 charge–discharge tests as in Fig. 3i.
These tests are conducted at 25 °C and various SOHs during a cyclic and
calendar lifetime study with varying boundary conditions. Figure 12
shows the resimulation of random samples from both laboratory and in-
vehicle datasets. The absolute voltage error for laboratory data remains
below 50mV, except for very low SOC, due to the definition of
stoichiometries in the P2D model referring to relaxed voltage data points.
As a result, the deposited OCV curve in the model is not defined between
2.8 V to 4.2 V, but rather between 3.1 V to 4.2 V. A full discharge, as in
the laboratory check-up, hence leads to slight deviation from measure-
ment to simulation. The temporal signal course, however, aligns well.
Similarly, the simulated cell core temperature and the measured cell
surface temperature align well, although larger gradients build up during
discharge, resulting in minor deviations. In contrast to the laboratory

check-ups, the selected in-vehicle samples exhibit highly dynamic driving
profiles in both pristine and aged states. For both samples, the voltage
simulation agrees well with the measurement, and the absolute error
remains below 100mV at all times. Although the simulated temperature
is close to reality for higher ambient temperatures (Fig. 12d), the error
increases for lower temperatures (Fig. 12c). Nevertheless, the temporal
courses align well, with a maximum error of less than 3 K.

The model solves for the concentrations cs(x, r, t), cl(x, t) and
potentials Φs(x, t), Φl(x, t) within the active material (solid phase,
index s) and electrolyte (liquid phase, index l). The surface
concentration ( )∣ =c x r t, , r Rs p is considered as cs,s(x, t) in this paper.
The simplification of a porous structure and the assumption of an
infinite expansion in y- and z-direction lead to the interpretation of
an available active material particle with radius Rp at every point
along the x-direction in the electrodes. Hence, the concentrations and
potentials can be calculated at every point along the x-dimension.
The current densities in the liquid and solid phase il, is and further
the ionic flux in are dependent variables.

The subsequent description of the model equation does not aim to
be comprehensive but rather to give the main limitations and
assumptions of the model. The interested reader is referred to
Refs. 4, 44, 66, 67, 71, 72 for more details.

The mass balance in the liquid phase which is deduced from
diffusion and migration yields

⎛

⎝

⎜
⎜

⎞

⎠

⎟
⎟

( )
ε ∂ ( )

∂
= ∂

∂
∂ ( )

∂
+

( ) −
[ ]

+c x t

t x
D

c x t

x

i x t t
, ,

, 1

F
5l

l
l,eff

l
l

0

Figure 11. Domains and geometry of the Newman P2D model (adapted from Jokar et al.68).
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Table XV. P2D parameter set and their dependencies on SOH, SOC and geometry x for the investigated cell. If a value range cannot be stated, the parameter is described by a function. Begin-of-life
(BOL) refers to the pristine state with 100% SOH, end-of-life (EOL) refers to 73% SOH. Table taken from Hamar et al.,44 extended with the aid of Li et al.,33 Andersson et al.69 and Uddin et al.70

Parameter Unit Geometry Dependencies

Anode Separator Cathode
BOL EOL BOL EOL

Thickness L m 7.3 × 10−5 1.4 × 10−5 5.5 × 10−5 SOH69

Particle radius Rp m 7 × 10−6 7 × 10−6 x69, SOH69

Bruggeman exponent αB 2.6 2.5 2.1
Porosity εl 0.24 0.15 0.39 0.256 x33,69, SOHM,33,69

Active material volume fraction εs 0.7164 0.65 0.48 SOH33,69

Electrode equilibrium potential Eeq V vs Li/Li+ ( )−E ceq s,s ( )+E ceq s,s T69, SOCM,69, SOHM,69

Entropic coefficient
∂
∂
E

T

eq V K−1
( )

∂
∂

−
c

E

T s,s
eq 1 × 10−4 T69, SOCM,69, SOHM,69

Stoichiometry at 0% SOC θ0% 0.037 0.0076 0.93 0.81 SOHM,70

Stoichiometry at 100% SOC θ100% 0.83 0.59 0.19 0.19 SOHM,70

Max. lithium-ion concentration cs,max molm−3 31085.2 49240 SOH69

Electrical conductivity of the solid matrix σ S m−1 25 0.225
Film resistance Rf Ω m2 0.13 × 10−3 7.1 × 10−3 0.1 × 10−3 11 × 10−3 SOHM

Reference diffusion coefficient Ds,ref m2 s−1 1.6 × 10−14 1 × 10−13

Diffusion coefficient Ds m2 s−1 ( )−D T c,s,ref s,s ( )+D c T,s,ref s,s TM,69, SOCM,69,
SOHM,69

Reference reaction rate kref m s−1 6.4016 × 10−9 1.6839 × 10−9

Reaction rate activation energy Ea,k J mol−1 6.8 × 104 5 × 104

Charge transfer coefficient αa/c 0.5 0.5

Electrolyte
Initial concentration cl,0 mol m−3 1120
Reference concentration cl,ref mol m−3 1120
Transport number t+ 0.38 T69, cl

69

Ionic conductivity κ S m−1 κ(T, cl) TM,69, cl
M,69

Diffusion coefficient Dl m2 s−1 Dl(T, cl) TM,69, cl
M,69, SOH69

Activity coefficient
∂
∂

±f

c

ln

ln l
( )∂

∂
± T c,
f

c

ln

ln l
l

TM,69, cl
M,69

Full Cell
Specific double layer capacitance Cdl F m−2 0.2
Reference temperature Tref K 298.15
Diffusion coefficient activation energy

E Da, s

J mol−1 3 × 104

Reaction rate ka/c m s−1 ka/c(T) TM,69, SOC69

Contact resistance Rc Ω m2 1.2 × 10−3

Grid resistance outside the cell Rext Ω m2 3 × 10−4

Specific heat capacity cp J kg−1 K−1 880

M Model.
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Figure 12. Random samples from the laboratory (12a and 12b) and in-vehicle dataset (12c and 12d) and their simulation results from the P2D model. The figures
include the respective voltage and temperature estimation error. (a) Laboratory Data, SOH = 100%. (b) Laboratory Data, SOH = 94%. (c) In-Vehicle Data,
SOH = 100%. (d) In-Vehicle Data, SOH = 92%.
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with the porosity εl, the effective diffusivity in the liquid phase Dl,eff

and the transference number of cations in the solution +t
0. Further, it

must be assumed that the gradient of the liquid concentration is zero
at the boundaries of the electrodes to the current collectors.

∂ ( )
∂

=

∂ ( )
∂

= [ ]

=

= + +

c x t

x

c x t

x

,
0

,
0 6

x

x t t t

l

0

l

a sep c

The potential in the liquid phase Φl is linked to the lithium-ion
concentration in the liquid phase cl via

⎜ ⎟
⎛
⎝

⎞
⎠

( )
κ κ( ) = − ∂Φ ( )

∂
+ +

∂
∂ ( )

× − ∂ ( )
∂

[ ]
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+

i x t
x t

x

T f

c x t

t
c x t

x

,
, 2 R

F
1

ln

ln ,

1
ln ,

7

l eff
l eff

l

0 l

where κeff is the effective conductivity and f± is the activity
coefficient. Again, the gradient of the liquid potential is zero toward
the electrode—current collector boundary and the value itself is zero
for the boundary at the positive electrode.
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In both electrodes the charge balance applies

∂ ( )
∂

+ ∂ ( )
∂

= [ ]i x t

x

i x t

x

, ,
0 9l s

which couples the current density in the solid and liquid phase. In the
separator the current in the liquid phase il(x, t) is equal to the applied
current iapp. The x- and r-dimension are coupled via the correlation
of the pore wall flux jn and the divergence of the current density

ε∂ ( )
∂

= − ( ) = − ( ) [ ]i x t

x R
j x t a j x t

, 3
F , F , 10n n

s s

p
s

where the specific surface as expresses the geometrical coupling.
The specific surface is defined as the ratio of surface to volume in the
spherical active particles with the volume fraction of the active
material εs and the radius of the particles Rp.

The ionic pore-wall flux jn of lithium-ions is related to the surface
overpotential η by the Butler-Volmer relation
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l
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a c a c

a

where i0 is the exchange current density and cl,ref is the reference
lithium-ion concentration in the liquid phase. The reaction rate
constants are ka, kc; and αa, αc are the charge transfer coefficients for
the anodic and cathodic path, respectively. The surface overpotential
η is the driving force of the electrochemical reaction and can be
expressed with the electrode and electrolyte potentials, the equili-
brium potential and the potential drop across a film resistance Rf

η( ) = Φ ( ) − Φ ( ) − ( ( ))
− ( ) [ ]

x t x t x t E c x t

j x t R

, , , ,

, F . 12n

s l eq s,s

f

The equilibrium potential depends on the surface concentration and
thus on the SOC.

The potential in the solid phase of the electrodes is finally derived
by Ohm’s law as

σ
∂Φ ( )

∂
= − ( ) [ ]x t

x

i x t, ,
13s s

s,eff

with σs,eff as the effective electrical conductivity. The gradient of the
solid potential is zero at the boundary between electrodes and
separator.
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Further, the gradient can be explicitly stated for the boundary of the
positive electrode to the current collector

σ
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The particle mass balance is described with spherical coordinates
as
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The solid diffusion coefficient is given as Ds. The concentration
gradient of lithium-ions is assumed to be zero at the center of
particles, i.e.,

∂ ( )
∂

= [ ]
=
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r

, ,
0. 17

r

s

0

In contrast, on the particle surface it is expressed by the pore-wall
flux perpendicular to its surface

∂ ( )
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= −
( )
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=
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D
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18

r R

ns

sp

The presented P2D model is coupled with a zero-dimensional
thermal model to account for the temperature-dependent character of
electrochemical reactions. The thermal model includes heat genera-
tion within the cell and convective heat transfer with the environ-
ment. The local temperature distribution is neglected and hence all
equations are calculated without dependency on x or r. The
simplified energy balance is given by

ρ ∂
∂

= ̇ − ̇ − ̇ [ ]Vc
T

t
Q Q Q 19p irr rev con

where ρ, V and cp are the cell’s density, volume and specific heat
capacity. The irreversible heat generation

̇ = ( − )· [ ]Q V V I 20irr OCV cell

depends on the potential difference between cell voltage Vcell and the
open-circuit-voltage (OCV) VOCV, and the applied current I. The
reversible heat generation is directly related to the entropy and
depends on the absolute temperature T, the applied current I and the
temperature dependency of the OCV

̇ = ∂
∂

[ ]Q TI
V

T
. 21rev

OCV
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The convective heat transfer between the cell’s surface and the
environment calculates as

̇ = ( − ) [ ]Q hA T T 22con amb

where h is the heat transfer coefficient, A is the intersectional area
and Tamb is the ambient temperature. The simplified energy balance
is coupled with the electrochemical model by introducing tempera-
ture dependent parameters, as indicated in Table XV. While the
temperature dependency of the solid phase diffusion Ds and the
reaction rate constants ka, kc are expressed by the general Arrhenius
equation, the diffusion coefficient of the liquid phase Dl,eff, the ionic
conductivity κ and the activity coefficient f± depend on an empirical
fitting. For a more detailed explanation and the equations, the
interested reader is referred to Ref. 44.
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2.2.2 Transfer Learning for SOH and OCV Estimation
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Figure 2.3: The trimmed outline of the thesis structure with focus on this chapter.

The exploration of PINNs has demonstrated that the issue of data scarcity can be addressed,
but the problem of data dependency persists. Specifically, for successful PINN implementa-
tion, the training data must originate from the same domain as the test data. However, this
is not always feasible. To address this challenge, an alternative neural network approach is
explored: Transfer learning. A significant change to the previously discussed PINN article, is
the data handling: While in the PINN framework synthetic and experimental data were fused
and processed within the neural network at once, the transfer learning approach handles the
datasets sequentially. The neural network pretrains with the full synthetic dataset and is
fine-tuned with parts of the experimental data.

This research investigates whether it is possible to accurately reconstruct the OCV of exper-
imental data using neural networks primarily trained on synthetic data. This article reveals
the limitations and the underlying knowledge that is truly transferred within these black box
models.

Typically, optimization problems must be solved to derive the full OCV from partial charging
segments, as discussed in Section 2.1. Accurate estimation of the full OCV is feasible only
for partial charging windows from 20 % to 70 % and a maximum C-rate of up to C/15 [27].
Transfer learning, as an alternative to optimization, was initially applied for SOH estima-
tion and knowledge transfer between varying experimental datasets [61; 124; 125; 127–132;
134–136; 138–146]. Recent advancements explore the estimation of the full OCV and the
estimation of DMs [123; 133; 137]. While the substitution of training data with synthetic data
is extensively researched [131; 137; 138], the state of the art lacks contributions regarding the
use and limitations of synthetic data for OCV reconstruction.

In this work, a mechanistic modeling approach to generate extensive training data for an
NCA-graphite battery is employed. The dataset comprises partial charging events at varying
C-rates and the corresponding OCV labels at different aging states. A novel TCN-LSTM
model is pretrained on the synthetic data and subsequently fine-tuned on varying amounts
of experimental data from a public NMC-silicon/graphite dataset. The model is compared
to the same optimized architecture for different use cases. From an extensive field data
analysis, including 1.9 million BEV low C-rate charging events (P ≤ 22 kW), the default partial
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charging window is defined. To elucidate the real transferred knowledge, two additional
source datasets are generated: A LFP dataset and a completely artificial dataset.

The transfer-learned TCN-LSTM outperforms the conventional deep learning model for every
use case within the default charging window from 30 % to 85 % SOC. For the first three use
cases, the model achieves an OCV reconstruction MAE below 22.0 mV and a SOHC MAE
under 2.0 % (pp). Notably, in the third use case, only 13.2 % of the experimental data are
used for fine-tuning. Results demonstrate that transfer learning to a new domain is feasible
if the fine-tuning data encompasses the boundaries of the target dataset, i.e., the lowest and
highest SOH and C-rate. The findings further confirm that lower charging segments are
advantageous for accurate OCV reconstruction. For the first three use cases, the MAE of the
OCV reconstruction and the MAE of the SOHC estimation drop below 14.0 mV and 1.0 % (pp),
respectively, if the charging segments start below 3.4 V.

In comparison to the state of the art, the approach expands the usable input data for recon-
struction to charging segments with C-rates up to 1C and a voltage span of at least 400 mV.
Transfer learning from the synthetic LFP and the completely artificial dataset reveals that
the positional shift of gradient changes alone suffices as the core information learned by the
neural network.

The article begins with the theoretical background of the mechanistic model, neural networks,
and transfer learning. Next, the data is presented and the default charging window, extracted
from the field data analysis, is defined. The method section follows a clear structure, including
data preprocessing and model optimization, aided by Bayesian tuning. The results and
discussion section is structured around the use case definition and compares the transfer-
learned neural network to the benchmark deep learning model for each use case. Finally, the
potential knowledge transfer between varying cell chemistries and purely artificial data is
discussed, guiding the discussion on the essence of knowledge transfer in these data-driven
OCV models.
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• A TCN-LSTM model for full OCV recon-
struction is introduced.

• Transfer learning from synthetic data is
explored for four use cases.

• Transfer learning outperforms conven-
tional deep learning.

• Transfer learning is applied from two
other battery datasets.
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A B S T R A C T

Data-driven models for battery state estimation require extensive experimental training data, which may
not be available or suitable for specific tasks like open-circuit voltage (OCV) reconstruction and subsequent
state of health (SOH) estimation. This study addresses this issue by developing a transfer-learning-based OCV
reconstruction model using a temporal convolutional long short-term memory (TCN-LSTM) network trained on
synthetic data from an automotive nickel cobalt aluminium oxide (NCA) cell generated through a mechanistic
model approach. The data consists of voltage curves at constant temperature, C-rates between C∕30 to 1C,
and a SOH-range from 70% to 100%. The model is refined via Bayesian optimization and then applied to four
use cases with reduced experimental nickel manganese cobalt oxide (NMC) cell training data for higher use
cases. The TL models’ performances are compared with models trained solely on experimental data, focusing
on different C-rates and voltage windows. The results demonstrate that the OCV reconstruction mean absolute
error (MAE) within the average battery electric vehicle (BEV) home charging window (30% to 85% state of
charge (SOC)) is less than 22mV for the first three use cases across all C-rates. The SOH estimated from the
reconstructed OCV exhibits an mean absolute percentage error (MAPE) below 2.2% for these cases. The study
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further investigates the impact of the source domain on TL by incorporating two additional synthetic datasets,
a lithium iron phosphate (LFP) cell and an entirely artificial, non-existing, cell, showing that solely the shifting
and scaling of gradient changes in the charging curve suffice to transfer knowledge, even between different
cell chemistries. A key limitation with respect to extrapolation capability is identified and evidenced in our
fourth use case, where the absence of such comprehensive data hindered the TL process.

1. Introduction

With newer generations of battery electric vehicles (BEVs), more
computing resources – either directly in the car or accessible via the
backend – accelerate the development of state estimation algorithms.
The state of health (SOH) plays an important role because it determines
the available energy and power over lifetime. It is mostly defined
as the available capacity in relation to its capacity at begin of life
(BOL) [1]. Additionally the open-circuit voltage (OCV) is an important
characteristic of the lithium-ion battery which is crucial for accurate
state of charge (SOC) estimation, algorithms concerning safety, healthy
fast-charging and a prolonged lifetime [2,3]. Available methods [4,5]
use the pristine open-circuit potential (OCP) curves to reconstruct the
aged OCV curve. These reconstruction methods, however, simplify the
degradation of the OCV based on the mechanistic model approach [6]
and require constant current measurements with very low C-rates [4]
or relaxed voltage points [5].

Data-driven methods can bridge this gap by relying on empirical
datasets and thus are promising to eliminate the need for specific
input measurements. They are capable of discovering data patterns
leading to qualitative features for SOH estimation and OCV reconstruc-
tion. Especially the combination of deep learning (DL) and explicit
input measurements was successful for accurate SOH estimation: Zhang
et al. [7] compared their combined incremental capacity analysis (ICA)
and broad learning system algorithm with other available data-driven
methods. They proved that highly correlating health features from the
IC-curve allowed their method to outperform other algorithms and
reached SOH mean absolute percentage errors (MAPEs) below 0.42%
for three different batteries. In a subsequent study [8] they identified
the difficulties incorporated by varying charging manners and working
conditions for real-world BEVs. Hence, they introduced a method which
solely relies on the raw measurement data from the constant voltage
phase, i.e., the gradually decreasing current. Via their proposed double
correlation analysis several health features are extracted from that
raw sensor data to finally estimate the SOH with a gated recurrent
unit. Again, they reached excellent results with SOH MAPEs below
0.48%. Recently, Zhang et al. [9] focused on the available input data
from partial charging segments during the constant current phase.
With health indicators derived from their newly defined incremental
energy per SOC curve, they have trained a bidirectional long short-term
memory neural network (LSTM) to estimate the SOH. With random
partial charging events at different C-rates (0.5C: 11% to 36%, 0.3C:
23% to 75%, 0.2C: 35% to 82%, 0.1C: 15% to 53%) they have reached
SOH mean absolute errors (MAEs) below 0.43%. Dubarry et al. [10]
explored the usage of synthetic data for model training and subsequent
degradation mode (DM) estimation within photovoltaic systems. They
used a mechanistic model to generate voltage curves with varying aging
paths and trained several data-driven models on these data. They have
validated the method with synthetic data from over 10 000 different
degradation paths and reached DM root mean squared errors (RMSEs)
of 2.75%.

In recent years, partial charging data has also emerged as a suitable
input for OCV reconstruction via DL. Tian et al. [11] introduced a
convolutional neural network (CNN) that processes the charge amount
from parts of the daily charging voltage curves at 1 C to estimate the
stoichiometries and hence the OCV curve of aged lithium-ion batteries.
With usage of these raw segments they reached an OCV reconstruction
RMSE below 15mV and an SOH estimation error below 1.0%. In the

work by Ruan et al. [12] they have used a CNN as a quick analysis
tool to estimate DMs from OCV curves. They developed the method
fully with synthetic data but have shown the real-world applicability
by using partial OCV segments from an experimental battery. With
a voltage segment from 3.4V to 4.18V they have estimated the DMs
with a RMSE of 1.75%. These DMs were further used to reconstruct
the full OCV with a RMSE of 21.05mV. Guo et al. [13] used a similar
approach where they required partial charging segments at 1C to
estimate partial OCV curves with a LSTM. The partial OCV was fed
into an optimizer which reconstructed the full OCV with a MAE below
20mV and estimated the SOH with a MAPE below 1.3%. In contrast to
the CNN developed by Tian et al. [11], the proposed LSTM by Guo et al.
[13] struggled to directly interpret raw data and, hence, first calculated
health-indicators from the charging curves.

Both, CNNs and LSTMs, have specific benefits for battery state
estimation from time-series data: CNNs, which were initially proposed
for computer vision [14], do not require additional feature engineering
and can process raw data segments. LSTMs, however, are beneficial
for time-series data processing due to their ability to handle sequen-
tial data including internal feedback loops. Specifically in the last
years, temporal convolutional neural networks (TCNs) [15], which
combine the benefits from CNNs and LSTMs, have gained attraction
in the field of battery state estimation [16–20]. These new types of
neural networks (NNs) outperform former architectures, eliminate the
need for cumbersome preprocessing and are optimized for time-series
data [16]. Without preprocessing, Bockrath et al. [16] have fed raw
sensor data from partial discharging segements into a TCN network
and reached an overall SOH RMSE for unseen test data of 1.0%. Their
model outperformed several other NN architectures. In their study the
middle and upper SOC-range was more suitable for SOH estimation. Li
et al. [17] compared the performance of different NN architectures for
SOH estimation using the same dataset as Bockrath et al. [16]. They
proved that TCN-LSTM networks increase the accuracy by more than
16% compared to TCN, LSTM and CNN-LSTM networks, i.e., the MAE
decreased from 3.11% (TCN), 3.38% (LSTM), 2.78% (CNN-LSTM) to
2.5% (TCN-LSTM).

DL, however, is accompanied by challenges such as data dependence
and limited training data availability [21]. DL models typically require
vast amounts of data to effectively capture complex data patterns. The
training data must encompass a significant portion of the data space to
enable the model to interpolate between different locations. To address
this issue, transfer learning (TL) has been introduced, eliminating the
requirement for training and test data to be independent and identically
distributed [21]. In the developed TL model by Sahoo et al. [22], they
mapped features from the voltage curve to the SOH which lead to
SOH estimation errors below 2% for unseen data. A two-layered feed-
forward neural network (FNN) was pretrained with an experimental
dataset. Finally, TL was applied by freezing the first layer and fine-
tuning the second layer with other public datasets. Zou et al. [23]
followed the same model-based TL approach with a different dataset
and architecture: They used experimental battery aging data from the
public NASA degradation dataset. Source and target domain, however,
were selected from this dataset which was divided into groups based
on varying usage conditions. Their work, hence, evaluated TL within
the same cell chemistry to new degradation paths. Their NN processed
features from the constant current charging voltage curve to the CNN
input layer. A LSTM layer interpreted the output of the CNN layer
and passed its output through a FNN layer which produced the SOH
value. The freezing mechanism was limited to the LSTM layer and the
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amount of training data from the target domain was varied during fine-
tuning. They showed that with limited training data from the target
domain, TL models outperform stand-alone NNs. In contrast, Shen et al.
[24] took a different approach by omitting the freezing mechanism
and instead focused on retuning multiple models to construct an en-
semble model. Their base model consisted of five CNN and three FNN
layers, which were utilized to process the raw voltage, current, and
charge time-series data from partial constant current charging curves
for estimating the SOH. Rather than fine-tuning a single model, the
authors replicated the architecture to create several new models, each
of which was subsequently fine-tuned using different subsets of the
training data domain. Tian et al. [25] finally explored the transferable
knowledge between synthetic and experimental data by creating a CNN
for SOH estimation. They have pretrained the model with synthetic
data from a voltage capacity model, simulating the experimental cell.
Fine-tuning was carried out with 300mV partial charging segments.
They repeated the experiment for three public available datasets and
reached SOH RMSEs of 1.00%, 3.13% and 0.52% for the Oxford, CALCE
and Tongji dataset [25], respectively. Zhou et al. [26] were the first
to apply TL for full OCV reconstruction from daily partial charging
data. With a generative DL model, they successfully applied TL from
different cell chemistries with SOH RMSEs of 0.47% and 2.73% for
nickel cobalt aluminium oxide (NCA) and lithium iron phosphate (LFP)
cells, respectively.

A critical limitation identified in these models is their reliance on
extensive experimental training datasets. While a multitude of public
datasets are available, they may not always align with specific research
objectives or provide the ideal conditions for model training. Zhou et al.
[26] highlighted the potential for TL in OCV reconstruction, a topic that
has received limited attention in the existing literature.

The present study introduces a novel approach for OCV reconstruc-
tion and SOH estimation utilizing a TL framework with a TCN-LSTM
architecture. This approach is distinctive in its exclusive use of syn-
thetic data from a different cell derived from partial voltage charging
curves to train the model. Synthetic data for an automotive NCA cell
are generated using a mechanistic model approach, with the dataset
partitioned according to different voltage windows. The use of synthetic
data allows fast data generation and detailed analytics. A base model
is trained on this dataset and optimized using Bayesian optimization
techniques. Subsequently, TL is applied to four distinct use cases (UCs),
each characterized by varying quantities of experimental, measured
nickel manganese cobalt oxide (NMC) cell data, to evaluate the efficacy
and constraints of TL. The performance of TL models is benchmarked
against models trained solely on experimental data for each UC, thereby
assessing the influence of TL on model outcomes. The evaluation fo-
cuses on the effects of varying C-rates and voltage windows. Notably,
we determine from a field data analysis that the average BEV home
charging pattern is compatible with the proposed algorithm. Addi-
tionally, the study explores the influence of the source domain on
TL by incorporating two alternative synthetic datasets for base model
training, one based on a LFP cell and the other entirely artificial. This
allows to interpret the hidden features in voltage trajectories necessary
to reconstruct the OCV. We give evidence that the shift of plateaus in
the voltage curve is the main information captured by DL and especially
TL models.

To our knowledge, this is the first study to employ synthetic data
as the source domain for TL between varying cells in the context of
OCV reconstruction, as well as the first to investigate TL from wholly
artificial cells. This approach provides novel insights into the learning
dynamics of DL models.

2. Theory

The proposed NN estimates the full OCV curve from constant cur-
rent partial charging segments. The estimated SOH is finally calculated
from that OCV curve. The NN, hence, only processes the raw voltage

Fig. 1. Fundamentals of the mechanistic model approach from Dubarry et al. [6].
The C-rate refers to the full-cell capacity measurable during a constant current charge.
(a) To generate constant current charging curves at different C-rates the model relies
on half-cell potential measurements at different C-rates. (b) The user has to define the
degradation parameters, which results in a scaling and shifting of the half-cell potential
curves and finally output the voltage curve as the difference between the positive and
the negative half-cell potential curve.

curve, the capacity throughput during this partial charging event and
the applied C-rate. The utilization of machine learning (ML) tech-
niques for battery modeling and state estimation, however, is currently
constrained by the substantial data prerequisites. The application of
TL on synthetic data presents an alternative approach to circumvent
the necessity for expensive aging experiments. This section, hence, is
mandatory to follow the subsequent method section and introduces the
synthetic data generation model and elucidates the fundamentals of TL.
In the remainder of this paper, we refer to the following definition for
the SOH: The SOH is defined as the measured charge capacity at a low
C-rate, e.g., C∕25, relative to its nominal capacity at BOL. The amount
of charge is measured between lower and upper voltage limits.

SOH =
𝐶meas,C/25

𝐶N
(1)

We further simplify the OCV definition to include pseudo-OCV mea-
surements at C-rates as low as C∕25.

2.1. Mechanistic model for battery data generation

The mechanistic model approach, originally proposed by Dubarry
et al. [6], posits that the OCV of a lithium-ion battery throughout
its lifespan can be determined by the disparity between the half-cell
OCP curves of the positive and negative electrode [27,28]. The shape
of the OCV is primarily influenced by a relative shift and scaling of
the OCPs. If the degradation-induced impedance rise is disregarded,
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Fig. 2. The main building blocks of LSTM ((a) adopted from Goodfellow et al. [29]) and TCN ((b), (c) adopted from Bai et al. [34] and Bockrath et al. [16]) networks. (a)
Memory cell of a LSTM network. (b) Example for one dilated causal convolution within a residual block for a kernel size of 2 and dilation factors 𝑑 = 8, 4, 2. (c) TCN residual
block with the optional 1 × 1 convolutional in case of different dimensions between input and output. ReLU is the most common activation function which only passes positive
input, i.e., 𝑓ReLu(𝑥) = max (0, 𝑥).

this concept can be extended to voltage responses to applied current,
allowing for the reconstruction of voltage curves at higher C-rates using
the measured half-cell potential curves at corresponding C-rates [6].
To generate data, the mechanistic model employs pristine half-cell
potential curves at various C-rates, as illustrated in Fig. 1(a). In the
mechanistic model, the degradation rate is determined solely by the
user-defined shifting and scaling parameters, as illustrated in Fig. 1(b).
This fundamental theory allows the simulation and generation of mass
synthetic data with predefined DMs and SOH based on real measure-
ments. For a more comprehensive understanding of these alignment
parameters, readers are encouraged to refer to the works of Dubarry
et al. [6] or Hofmann et al. [5]. In our example (Fig. 1), the model
generates the OCV curve from the OCP measurements, along with
the SOH. This implies that the process of constructing the OCV curve
from Fig. 1(b) can also be applied to C-rates of C∕10 and C∕2. Conse-
quently, the model can be utilized to produce constant current voltage
curves at any given C-rate, provided that pristine half-cell potential
measurements are available and overpotentials are linear.

2.2. Neural networks for battery state of health estimation

With the advances in ML, more network architectures arise to esti-
mate the SOH from battery cycling data. The simplest architecture in DL
is the FNN, which consists of multiple neurons and direct connections
between layers. It can be described as a function approximator 𝐲 =
𝑓 (𝐱;𝝑), where 𝐲 represents the approximated value (e.g., SOH), 𝐱 repre-
sents arbitrary features extracted from battery aging data (e.g., voltage
level or C-rate), and 𝝑 represents the hyperparameters [29,30]. The
FNN does not have any feedback loops and information flows only in
a forward direction.

In contrast, if the network includes feedback loops between neurons
or layers, it is known as a recurrent neural network (RNN). RNN are
particularly suitable for handling sequential data, such as time-series
data [29].

LSTMs, as in Fig. 2(a), form a specific type of RNN. First introduced
by Hochreiter and Schmidhuber [31], they have gained immense pop-
ularity in the field of battery diagnosis [32,33]. These memory cells
(Fig. 2(a)) are compact, self-regulating networks that possess input,
output, and forget gates. By means of an internal feedback loop, the
LSTM mechanism adjusts the weights based on the temporal history.
Consequently, the network determines both the type and quantity of
memory to be stored or discarded [29].

Similar to RNNs, CNNs have recently gained increased attention in
the field due to their ability to process grid-like data, i.e, multiple time-
series data streams, without preprocessing [29,35,36]. Filters convolve
over the 𝑛-dimensional input and pass the results to the next layer.

These filters allow the inclusion of the present time-step, as well as
historical data [35,36]. Some adaptions [17,23,37] leverage the feature
extraction power of CNNs sequential to the feature processing ability
of LSTMs to build accurate SOH estimation models.

TCNs were proposed to couple the benefits from CNNs and LSTMs:
Lea et al. [15] introduced the novel TCN initially for action segmenta-
tion and detection. This special type of CNN uses causal convolution to
produce output with the same length as the input, similar to RNNs [16].
TCNs outperform RNNs in terms of training efficiency, model size,
model accuracy and do not require data preprocessing [16]. Bai et al.
[34] evaluate the architecture for a variety of use cases against common
RNN architectures and propose TCNs as a natural starting point for
sequence modeling, i.e., 𝑦̂0,… , 𝑦̂𝑇 = 𝑓 (𝑥0,… , 𝑥𝑇 ). Fig. 2(b) and (c)
illustrate the main building blocks of a TCN. Causal convolution leads
to an output with same length as the input and avoids leakage from
future information 𝑥𝑁+1 to the past 𝑦̂𝑁 [16]. The output at time 𝑦̂𝑇
is only convolved with input data at time 𝑇 and earlier 𝑥0,… , 𝑥𝑇 . In
contrast to CNNs, which use centered kernels, TCNs employ kernels
where the rightmost value of the kernel is the considered time [16,34].
When it comes to DL or large receptive fields, causal convolution
leads to many additional weights and stabilization problems. Dilated
convolution (Fig. 2(b)) solves this problem by dilating the kernel of
size 𝑘 by the dilation factor 𝑑. The dilated convolution operation 𝐹 ()
on the element 𝑠 is

𝐹 (𝑠) = (𝑥 ∗𝑑 𝑓 )(𝑠) =
𝑘−1
∑

𝑖=0
𝑓 (𝑖) ⋅ 𝑥𝑠−𝑑⋅𝑖 (2)

for a 1D-sequence input 𝑥 ∈ R𝑛 and the filter 𝑓 ∶ {0,… , 𝑘 − 1} → R.
The final receptive field per layer is then calculated by

R = 2𝑙(𝑘 − 1) (3)

where 𝑙 is the number of layers. Hence, this allows the TCN to pro-
cess exponentially large receptive field which is especially helpful for
efficient processing of long time-series data [16,34]. Finally, a residual
block (Fig. 2(c)) allows to learn modifications to the identity mapping
instead of the entire transformation [16]. One residual block consists
of stacked dilated causal convolutions, ReLU and dropout blocks. An
optional 1 × 1 convolution processes the input in case of differing
dimensions between input and output. The output 𝑜 of a residual block
is the applied transformation  added to the input 𝑥 of the block [34]:

𝑜 = 𝐴𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛(𝑥 +  (𝑥)) (4)
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2.3. Fundamentals of transfer learning

In the domain of TL it is essential to establish a mathematical
understanding of its principles. While DL models encounter challenges
related to data dependence and insufficient training data [21], TL
aims for a solution. This approach eliminates the necessity for training
and test data to adhere to the assumption of being independent and
identically distributed.

To understand the mathematical definition of TL we require some
basic annotations and refer to the publication by Tan et al. [21]
and Weber et al. [38]: A domain  = {𝜒, 𝑃 (𝑋)} is defined by the
feature space 𝜒 and the edge probability distribution 𝑃 (𝑋), where
𝑋 = {𝑥1,… , 𝑥𝑛} ∈ 𝜒 . A task  = {𝑦, 𝑓 (𝑥)} consists of the label space 𝑦
and the target prediction function 𝑓 (𝑥), which can be also understood
as the conditional probability function 𝑃 (𝑦 ∣ 𝑥).

Definition 2.1 (Transfer Learning). TL aims to enhance the performance
of the predictive function 𝑓 () for the main learning task 𝑡 by lever-
aging latent knowledge discovered from the supplementary learning
task 𝑠 and its associated dataset 𝑠, where 𝑠 ≠ 𝑡 and/or 𝑠 ≠ 𝑡.
Typically, the size of 𝑠 is significantly larger than 𝑡, i.e., 𝑁𝑠 ≫ 𝑁𝑡.

In most cases – and also in this paper – TL refers to domain adaption
(DA), i.e., 𝑠 ≠ 𝑡 [38]. In the literature [21,38], TL for time-series
data consists of three categories:

Instance-based TL assumes that instances from the source and target
domain are similar. Hence, selected or reweighted samples from the
source domain are included in the TL process.

Feature-based TL transfers both domains into the same feature repre-
sentation, i.e., uses the same features for both datasets.

Model-based TL is the most common form of TL and reuses a pre-
trained model in the source domain for target model building. In this
context, several possibilities exist: Parameter-based TL refers to only
reusing the learned parameters. Ensemble TL describes the stacking
of a pretrained model with a blank model for the target domain.
Model controlled TL changes the objective function for retraining.
Finally, adversarial-based TL utilize generative adversarial networks
[21,38].

In the context of battery state estimation and OCV reconstruction
mostly model-based TL exists [22–24,26]. Hence, we elaborate model-
based TL for SOH estimation: A straightforward way to deploy TL
for SOH estimation is partial freezing and fine-tuning, a strategy used
within parameter-based TL, as in the work by Sahoo et al. [22]. Hence,
an initial model is trained on the source domain, while just a subset of
the pretrained model is retrained on the target domain. The remaining
frozen parts of the retrained model do not change their parameters,
i.e., the weights of the neurons, during retraining. The retraining
process, also known as fine-tuning, typically involves reducing the
learning rate and/or limiting the number of epochs to allow only slight
modifications of the model parameters. Both mechanism, freezing and
fine-tuning, hinder the TL model from catastrophic forgetting [38].

In summary, most researchers choose model-based TL approaches
with partial freezing and/or fine-tuning to deploy their TL battery SOH
estimation models.

2.4. Performance metrics

In our work we always refer to the MAPE for SOH estimation and
to the MAE for OCV reconstruction accuracy. The MAPE and MAE are
defined as follows:

MAPE = 1
𝑁

𝑁
∑

𝑖=1

|

|

|

|

𝑦𝑖 − 𝑦̂𝑖
𝑦𝑖

|

|

|

|

(5)

MAE = 1
𝑁

𝑁
∑

𝑖=1

|

|

𝑦𝑖 − 𝑦̂𝑖|| (6)

In Eqs. (5) and (6), 𝑦𝑖 represents the ground truth, i.e., the measured
OCV or SOH, whereas 𝑦̂ corresponds to the estimation; 𝑁 is the total
number of samples. When considering the OCV reconstruction error
MAEOCV, it is crucial that both 𝑦𝑖 and 𝑦̂𝑖 must be vectors of the same
length. Consequently, if the model outputs an OCV that is longer
or shorter than the ground truth, the error is only calculated at the
overlapping section. Eqs. (5) and (6) can be modified for our study as
follows:

MAPESOH = 1
𝑁

𝑁
∑

𝑖=1

|

|

|

|

|

SOHmeas,𝑖 − SOHest,𝑖
SOHmeas,𝑖

|

|

|

|

|

(7)

MAEOCV = 1
𝑁

𝑁
∑

𝑖=1

|

|

OCVmeas,𝑖 − OCVest,𝑖|| (8)

3. Materials and method

The efficacy of ML techniques is heavily reliant on the underlying
data and its distribution. A significant limitation of data-driven ap-
proaches for SOH estimation is the requirement for numerous aging
experiments across multiple aging paths. Performing such experiments
is both expensive and time-consuming. TL from synthetic data presents
a promising avenue for developing ML methods with limited data.
Given the crucial role of data sources, this paper presents them first,
followed by a detailed exposition of the investigated TL approach.

3.1. Data

This work utilizes synthetic data created by a mechanistic model
tool. The simulation toolbox relies solely on the measured pristine
half-cell potential curves at various C-rates. Instead of modeling the
physico-chemical degradation mechanisms in numerical equations it
uses the simplified theory of DMs [6]. In this work, we consider loss
of active material at the anode (LAMNE), loss of active material at the
cathode (LAMPE) and loss of lithium inventory (LLI). Similar to the
work of Dubarry et al. [6] the used approach shifts and scales the
pristine half-cell potential curves to set specific DMs. One simulation
always includes the charging profile for the set C-rate and also the OCV,
because the half-cell potential curves are captured for various C-rates.
For a detailed description of DMs and their utilization for voltage curve
generation we refer to a previous publication [5].

The simulation data is based on pristine half-cell potential measure-
ments of a prismatic automotive NCA-graphite cell with 70.2Ah at an
ambient temperature of 25 °C. The layer thicknesses are 𝑡NE = 107 μm
and 𝑡PE = 62.5 μm, respectively. The initial loading ratio (LR) and
SOCPE offset (OFS) are 0.95 and 10.6%. For the concept of LR and OFS
we refer to the work of Dubarry et al. [6]. The simulation is carried
out by varying all three DMs: LAMNE and LAMPE are varied between
0% to 15% in steps of 3.75%. LLI is varied in steps of 5% between
0% to 20%. By setting this generic degradation parameters, in total
5 ⋅ 5 ⋅ 5 = 125 voltage curves exist per C-rate. Per voltage curve, the
corresponding OCV curve is available, too. All voltage and OCV curves
are cut to the range from 3V to 4.25V.

The experimental dataset, comprising 10 commercial INR18650-
MJ1 NMC-silicone/graphite cells (LR: 0.90, OFS: 11%, silicon mass ratio
in anode between 1wt.% to 5wt.%), is taken from Schmitt et al. [4]
and preprocessed to only include the constant current sections. The
investigated cells were partioned into five different aging studies and
hence different aging paths, as listed in Table 1. Between degradation
phases, all cells underwent an OCV measurement and a charging rate
test. The OCV measurement refers to a constant current charging mea-
surement with C∕30 and the charging rate test data, used within this
work, refers to the constant current measurements at 0.26C ≈ C∕3.85,
C∕2 and 1C. The C∕3.85 charge is equivalent to a constant-power 11 kW
charge for a 42 kWh storage with a 96s36p configuration, to evaluate
the applicability of the proposed algorithm by Schmitt et al. [4] for real
use cases. Again, the SOH refers to the OCV measurement. Due to the
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Table 1
Aging conditions of the experimental dataset, taken from Schmitt et al. [4]. All
degradation phases ran at an ambient temperature of 25 °C.

Cell number Aging conditions

A1, A2 2.5V–4.2V cycling
B1, B2 2.5V–4.0V cycling
C1, C2 3.6V–4.2V cycling
D1, D2 WLTP cycling
E1, E2 Calendar aging at 3.7V

Fig. 3. Visualization of the synthetic NCA and the experimental NMC dataset. The
upper right figure shows the scatter plot and the lower left figure visualizes the kernel
densities. Both refer to the first 𝑦-axis on the left. The second 𝑦-axis on the right side
refers to the cumulative distribution plots in the diagonal, in golden color. All voltage
curves at any given C-rate are illustrated. (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)

increasing minimal voltage at begin of charge, all samples are cut to
the voltage-range between 3.24V to 4.2V.

The synthetic dataset is visualized together with the experimental
dataset in Fig. 3. For both datasets, the SOH for a given voltage curve
refers to the accumulated charge between the lower and upper voltage
limit during an OCV measurement. In both datasets, all samples with
a SOH below 70% are excluded due to our definition of the end of life
(EOL) at 70% SOH. While the SOH range seems evenly distributed for
the experimental dataset, the predefined degradation states are visible
in the synthetic SOH trajectory. Due to the similar cathode material of
both datasets, the voltage distribution looks similar. This is, as well,
visible in the kernel densities and the scatter plot.

Fig. 4 provides a more comprehensive analysis of the data. As shown
in Fig. 4(a), the synthetic dataset encompasses charging trajectories
ranging from C∕15, C∕10, C∕6, C∕3, C∕2 and 1C, while the OCV is
established through a constant current-charging process with C/25.
Conversely, the experimental dataset in Fig. 4(b) includes constant
current-charging events at C∕3.85, C∕2, and 1C. In contrast to the syn-
thetic dataset, the OCV measurement is obtained from a C∕30 charge.
The voltage curve exhibits an increase for higher currents primarily
due to the ohmic overpotentials, which display a direct correlation
with the applied current. Consequently, the upper voltage limits are
reached earlier, resulting in a shorter constant current-phase. In this
study, we exclude the CV-phase from all calculations and base our
SOH and SOC calculations solely on the constant current-phase. The
SOH always refers to the full charge amount between the voltage
limits in the OCV measurement. Fig. 4(c) and (d) illustrate pristine

and aged OCV curves and the correlation between SOH and the OCV
trajectory. The observations can be categorized into two fundamental
aspects of battery aging: capacity fade and impedance rise. Capacity
fade is directly evident in Fig. 4(c) and (d) by the earlier reached
cutoff voltage. In the synthetic dataset, the capacity is modeled by
the DMs. Impedance rise is only evident in the experimental datasets,
visualized in Fig. 4(d). Impedance rise also contributes to reaching the
cutoff voltage earlier. Impedance rise over lifetime is not included in
the synthetic dataset because it aggravates the clear interpretation of
plateau shifting and scaled OCPs. Hence, in this paper we focus on the
effect of capacity drop and TL, while the influence of impedance rise
will be discussed in future work.

Both datasets were captured at 25 °C to focus on the clear effect
of transferred knowledge from different cell chemistries, C-rates and
voltage windows. The real-world applicability of the method, however,
is still given due to negligible temperature dependencies of the voltage
and OCV curve between temperatures from 20 °C to 40 °C [39].

To further evaluate the data requirements for model fine-tuning
and especially the urge to cover most of the dataset, several UCs are
defined. The described UCs divide the experimental dataset for fine-
tuning into differing data segments, which vary in their difficulty based
on content and amount of training data. This separation aims to explore
the boundaries of NNs and especially TL for battery state estimation.
Fig. 5 visualizes the training, validation and test dataset per UC. The
UCs for TL can be differentiated based on two factors: Firstly, they
vary in terms of the included charging curves at different C-rates.
Secondly, they differ in terms of the included degradation path. The
data split comprises four distinct UCs, namely UC1 (Fig. 5(a)), UC2
(Fig. 5(b)), UC3 (Fig. 5(c)), and UC4 (Fig. 5(d)). These UCs cover
different boundaries of the training dataset. UC1 to UC3 encompass
the entire SOH range, including the lowest and highest C-rate. In
contrast, UC4 only includes the entire SOH range for one specific C-
rate. Approximately 67% of the entire experimental dataset is covered
by UC1, while UC2 covers 40%, UC3 covers 13%, and UC4 covers
only 6.6%. In UC1, all cells and charging curves are used for training,
except for the curves at C∕2. UC2 further complicates the TL process by
excluding aging path B, as well as one cell each from aging path C and
D from the training dataset. Similarly, UC3 reduces the training dataset
even further by excluding the cells from aging path D and E completely.
The most challenging UC4 solely includes the charging curves at C∕3.85
from cell A2 and C2 for training.

3.2. Default charging window

To evaluate the appropriate charging window for analysis, we col-
lect customer field data comprising 1.9 million BEV AC-charging events
conducted at residential locations. The dataset includes the correspond-
ing SOC windows of those charging events. Based on the findings
depicted in Fig. 6, the most frequently utilized charging window is
identified, which serves as the focus of our study. The distribution of
start-SOC values is remarkably uniform, with the mean occurring at
approximately 49%.

To establish a default start-SOC, we opt for the minimum start-SOC
that encompasses at least 25% of all charging events. Consequently, a
start-SOC of 30% is selected. Analysis of the end-SOC values reveals
two prominent peaks at 80% and 100% SOC, resulting in a mean value
of 85%. Consequently, this value is adopted as the default end-SOC.

In conclusion, we establish a default SOC charging window span-
ning from 30% to 85%. This window serves as a benchmark for our
study and further demonstrates the practicality and applicability of our
methodology to real-world charging events at resident locations.
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Fig. 4. Influence of C-rate and SOH on the voltage trajectory for the synthetic NCA and the experimental NMC dataset. (a) Influence of C-rate: Synthetic dataset. (b) Influence of
C-rate: Experimental dataset. (c) Influence of SOH on OCV: Synthetic dataset. (d) Influence of SOH on OCV: Experimental dataset.

Fig. 5. Definition of different UCs for model comparison: (a) UC1, (b) UC2, (c) UC3
and (d) UC4. The UCs are distinctive in their used curves from different cells and
C-rates of the experimental dataset for training data, visualized by different colors. In
UC3 and UC4 a random 33% subset of the training data is used for validation. (For
interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

3.3. Method

The method is summarized in Fig. 7(a), which describes the steps
necessary to build the transfer learned neural network (TL-NN) and

Fig. 6. Start- and end-SOC for 1.9 million BEV AC-charging events. The default partial
charging window is selected from the SOC start point with at least 25% share. (In
comparison: The average start-SOC is 49%.) The end-SOC is the average for all charging
events. The default partial charging window is from 30% to 85%.

the reference EXP-NN. The EXP-NN is only trained and evaluated with
the experimental dataset to evaluate the influence of TL. In the main
method, the TL-NN is pretrained with the NCA synthetic dataset, hence
only referred to as TL-NN. For discussing the limitations and benefits
of TL, and the exploration of the underlying transferred knowledge,
additional TL-NNs are set up with a LFP and an artificial (ART) cell.
These developed models are referred to as TL (LFP) and TL (ART)
model, respectively. Both datasets undergo preprocessing, are normal-
ized and split to training, test and validation sub-datasets as indicated
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Fig. 7. Description of the TL approach. (a) Overview of the applied method and the
differentiation between the TL and the reference EXP-NN path. The main TL path is
carried out with the NCA cell. (b) Example for three different partial voltage segments
extracted from four different constant current voltage curves.

in Fig. 5. Both models are optimized with Bayes tuning to yield the
best architecture. The TL-NN is subsequently pretrained with the full
synthetic dataset. The pretrained TL-NN and the not-trained EXP-NN
are finally fine-tuned/trained with partial amounts of data from the
UCs, defined in Fig. 5. Both models are evaluated with the MAESOH
and MAEOCV. We choose a similar approach as Bockrath et al. [16]
and snipped the full voltage charge curve into multiple partial segments
based on voltage boundaries in 200mV steps, as in Fig. 7(b). In Fig. 7(b)
𝐶full refers to the charged capacity during a full charge at the given
C-rates. The example can be applied to every voltage curve and any C-
rate. For the upper voltage segments above 4V, the step-size is lowered
to 100mV, in order to allow more variation in the final end SOC. Instead
of just three partial segments we utilize more steps and extract 19
different voltage windows from one simulated full voltage curve. From
the experimental dataset, we extract 15 different voltage windows per
full voltage curve. This generates more training data and allows a more

Table 2
Selected voltage windows from the simulation and experimental dataset during
preprocessing.

𝑉min 𝑉max 𝑉min 𝑉max

Exp. Data

3.25V 3.8V

Sim. Data

3.0V 3.8V
3.4V 4.0V 3.2V 4.0V
3.6V 4.1V 3.4V 4.1V
3.8V 4.2V 3.6V 4.25V

3.8V

detailed analysis of the sensitivity to different voltage segments. Table 2
summarizes the chosen minimum and maximum voltage values 𝑉min,
𝑉max from all selected windows. All possible combinations, e.g., 𝑉min =
3.25V and 𝑉max = 4.2V, are selected. A partial charge window is only
extracted if 𝑉min < 𝑉max. Hence, with this approach, in real-world
scenarios arbitrary charging data can be snipped into the respective
voltage segments if and only if the start voltage is below 3.6V and the
end voltage is above 3.8V or the start voltage is below 3.8V and the
end voltage is above 4.0V.

All compared networks are trained with the same feature set com-
prising of the raw partial voltage curve, the partial charge curve (which
is defined to start at 0), and the applied C-rate. The dimension of each
feature is R1×100 which requires a downsampling for all data sources.
The scalar C-rate is also mapped to a R1×100 vector to match the di-
mensions. The whole dataset undergoes normalization to lie in a range
between zero and one for further processing. This has been shown to
increase NN performance and efficiency [40]. Note that both datasets,
the source and target dataset, are normalized individually. During every
tuning or training process, the dataset is split into training, validation
and test data as shown in Fig. 5. To ensure a representative validation
dataset for UC3 and UC4, these datasets are selected as a random 33%
subset of the training dataset.

TCNs have been shown to be advantageous for time-series modeling
because they work as a type of automated feature extractor from raw
data [34]. Many authors [16–20] have, besides that, already proven the
ability to employ TCNs for SOH estimation. In our work, we combine
TCN layers as a type of feature extractor with subsequent LSTM layers
as a type of feature interpreter. Other works [17,23,37] show the
mutual support of CNN with LSTM, and even TCN with LSTM. We
select fine-tuning as our approach due to the similarity of both datasets.
The TCN layer(s) extract similar features for both the source and target
domains, while the LSTM layer(s) interpret these features in a similar
manner. Hence, only small modifications of the network should be
necessary during TL. To accomplish this, we reduce the learning rate
and retrain the network for a smaller number of epochs, allowing only
minor changes in the network configuration. The proposed method
can, of course, be applied to different NN architectures as well. It is
important, however, to note that the comparison of these architectures
is beyond the scope of this publication.

Before applying TL, the NNs for both the experimental and syn-
thetic datasets are optimized to their respective best performance using
Bayesian hyperparameter tuning. Bayesian optimization is a highly
effective hyperparameter tuning method as it enables exploration of a
large search space with minimal trials [41]. This method employs a
surrogate model to minimize the validation loss for different hyperpa-
rameter sets. The algorithm prunes unpromising directions and selects
the most promising hyperparameter combination for its subsequent
trial, thereby requiring only a few trials to achieve optimal perfor-
mance. Table 3 lists the search space of the hyperparameter tuning. The
batch-size is fixed to 128 and the number of epochs is set to a maximum
of 500 with early stopping once the validation loss does not decrease for
50 consecutive epochs. Default values are used for all hyperparameters
not listed in Table 3. We use the Adam optimizer with the default learn-
ing rate of 1 × 10−3. The last layer is always a LSTM layer with 2 units to
guarantee correct output dimensions. To optimize the performance of
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Table 3
Search space for Bayesian hyperparameter tuning, where 𝑁 refers to the layer number.
Hence, for every additional TCN or LSTM layer, the respective hyperparameters can be
tuned individually.

Hyperparameter Definition

TCN layers 𝜆TCN ∈ 𝛬TCN
with 𝛬TCN ∶= {𝜆TCN ∈ N; 1 ≤ 𝜆TCN ≤ 3}

Kernel size 𝜆K,𝑁 ∈ 𝛬K
with 𝛬K ∶= {𝜆K ∈ N; 1 ≤ 𝜆K ≤ 8}

Filter size 𝜆F,𝑁 ∈ 𝛬F
with 𝛬F ∶= {𝜆F ∈ N; 8 ≤ 𝜆F ≤ 128}

LSTM layers 𝜆LSTM ∈ 𝛬LSTM
with 𝛬LSTM ∶= {𝜆LSTM ∈ N; 0 ≤ 𝜆LSTM ≤ 2}

Units 𝜆U,𝑁 ∈ 𝛬U
with 𝛬U ∶= {𝜆U ∈ N; 8 ≤ 𝜆U ≤ 128}

Dropout 𝜆D,𝑁 ∈ 𝛬D
with 𝛬D ∶= {𝜆D ∈ D; 0 ≤ 𝜆D ≤ 0.5}

our model, we explored a large search space. This includes tuning the
number of TCN layers 𝜆TCN (range 1 to 3) with the number of filters
𝜆F,𝑁 (range 8 to 128) and kernel size 𝜆K,𝑁 (range 1 to 8), as well as
the number of LSTM layers 𝜆LSTM (range 0 to 2) with the number of
units 𝜆U,𝑁 (range 8 to 128) and dropout 𝜆D,𝑁 (range 0 to 0.5) between
layers. By considering a wide range of hyperparameters, we aim to find
the optimal configuration for our specific task. The optimization runs
for 100 trials with the KerasTuner [42] and the goal to minimize the
validation loss. To tune the architecture of the reference EXP-NN, we
select cells with C-rate values of 1C and C∕3.85 for training. Cells B2 and
C1 with C-rate C∕2 are chosen for validation, while the remaining cells
serve as the test dataset to assess the model’s generalization ability.
This train/test/validation split, optimized for UC1, includes training
data from other UCs, enabling the architecture to learn patterns in this
data. Fig. 8(a) illustrates the optimized architecture. It consists of an
input-TCN layer combined with three LSTM layers and dropout applied
between them.

Similar to the EXP-NN, we split the synthetic dataset based on
C-rates to create training, testing, and validation datasets.

All curves with C∕6 are used for validation, while all curves with
C∕3 are used for testing, and the remaining data is used for training.
The resulting model architecture is depicted in Fig. 8(b). Unlike the
EXP-NN, this architecture only includes one TCN layer and no addi-
tional LSTM layers besides the output layer. The synthetic dataset is
cleaner and does not include any measurement noise, allowing the
model to learn data patterns quickly without the need for a complex
architecture.

For all four UCs, both the EXP-NN and TL-NNs utilize the same
data split, as outlined in Fig. 5: In UC1, cells B2 and C1 from the
training dataset are selected as the validation data. In UC2, cell E2
from the training dataset is chosen. For UC3 and UC4, a random subset
comprising 33% of the training data is used as the validation dataset
to avoid further reduction of the training data space.

The EXP-NN trains in every UC for a maximum of 500 epochs
with early stopping once the validation loss does not decrease for 50
consecutive epochs. The training runs for 250 epochs for UC1, 442
epochs for UC2, 500 epochs for UC3 and 471 epochs for UC4.

To achieve optimal learning, the base synthetic model is initially
trained with the complete synthetic dataset before TL. A random subset
comprising 33% of the data is used for validation during this training
phase. The base model successfully achieves MAPESOH and MAEOCV
values below 1% and 10mV, respectively, for all samples across differ-
ent C-rates. In contrast to the pretraining phase, the objective of TL is to
make marginal modifications to the parameters of the base model. This
is accomplished by setting the learning rate to 1 × 10−6 and training for
only 200 epochs.

Fig. 8. Final architecture of the tuned (a) EXP-NN and (b) synthetic model / TL-NN
and the corresponding dimensions of output data from each layer with 𝑛 as the number
of samples. In the TCN-layers the first number refers to the kernel size and the second
number to the filter size.

4. Results and discussion

The present study aims to evaluate the benefits and limitations of
TL, with the UCs defined in Fig. 5 guiding the subsequent discussion.
While the EXP-NN is expected to perform comparably to the TL-NN
when sufficient training data is available, the TL-NN is expected to
outperform the EXP-NN in all other cases. In our approach, the cell
chemistries used within the target and source domain are similar. Due
to the underlying theory of the mechanistic model approach, the sole
information of plateau shifting along degradation should be enough
to reconstruct the OCV. Hence, the possibilities of TL from other cell
chemistries is discussed in the latter subsection. We even designed
a purely artificial synthetic dataset (ART) from self-designed half-cell
potential curves to prove this assumption.

4.1. Benchmark

The evaluation of the UCs is based on the models derived from the
Bayes optimization (Fig. 8). These UCs vary in terms of the amount and
content of training data. Table 4 provides a summary of the results,
with a focus on the MAEOCV and MAESOH for reconstruction from
partial segments between 3.6V to 4.1V. The voltage window is selected
because it represents the available charging window from 30% to 85%
at BOL, extracted from Fig. 6. Hence, Table 4 gives realistic results for
possible applications.

While the more complex EXP-NN still achieves reasonable results
for UC1 and UC2, it worsens drastically for the remaining UCs. In a
similar manner, the advantage of the simpler TL-NN gets more visible
once the training data for fine-tuning gets more and more limited.
This, however, also implies the limitations of TL for sparse fine-tuning
datasets which do not cover the boundaries of the target domain. For
all UCs, the models are evaluated within different partial charging
segments.
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Fig. 9. Results for UC1: (a), (b) EXP-NN, (c), (d) TL-NN. (a) Average SOH error for the test datast with the reference EXP-NN. (b) Average OCV error for the test datast with the
reference EXP-NN. (c) Average SOH error for the test datast with the TL-NN. (d) Average OCV error for the test datast with the TL-NN.

Table 4
Performance comparison of the EXP-NN and the TL-NN for different UCs in the voltage
window between 3.6V to 4.1V. The UCs differ in the amount of training data for the
training/fine-tuning process.

MAPESOH MAEOCV

C∕3.85 C∕2 1C C∕3.85 C∕2 1C

UC1 EXP-NN – 2.0% – – 21mV –
TL-NN – 1.3% – – 20mV -

UC2 EXP-NN 2.8% 4.9% 2.5% 18mV 18mV 15mV
TL-NN 0.6% 2.0% 1.1% 8.0mV 22mV 10mV

UC3 EXP-NN 7.2% 2.9% 3.3% 27mV 22mV 18mV
TL-NN 0.5% 2.2% 0.8% 7.0mV 20mV 8.0mV

UC4 EXP-NN 1.2% 6.7% 20.4% 15mV 140mV 280mV
TL-NN 0.9% 6.8% 17.0% 7.0mV 31mV 25mV

4.1.1. Use Case 1: Retraining from all cells at two C-rates
Fig. 9 illustrates the performance of both models across different

partial charging segments. It is evident that both models exhibit higher
accuracy for wider voltage-ranges. Interestingly, the EXP-NN shows a
decrease in performance specifically for the partial charging segments
starting at 3.4V, while the TL-NN does not display this trend. This
observation suggests that TL may have been successful in improving the
performance of the TL-NN for these segments. The TL-NN consistently
outperforms the EXP-NN across all voltage segments, except for the
range between 3.6V to 4.2V. Notably, it becomes evident that the lower
charging segment, starting at 3.25V or SOC = 0%, is sufficient for
reconstructing the OCV with a MAE below 10mV, even with a lower
upper voltage limit. This voltage window, spanning from 3.25V to 3.8V,
corresponds to a SOC window between 0% and 30% to 50% over the
battery’s lifetime.

4.1.2. Use Case 2: Retraining from six cells at two C-rates
The results for UC2 are presented in Appendix A.1, Fig. A.14. We

train and fine-tune the models using only 40.4% of the experimental
dataset, with training data consisting of samples with C-rates of C∕3.85
and 1C. The TL-NN outperforms the EXP-NN in terms of SOH and
OCV accuracy. Table 4 shows that the TL-NN performs slightly worse
by 4mV for the test dataset at C∕2 and in the voltage-range between
3.6V to 4.1V. The TL-NN, however, still achieves reasonable results.
Notably, the TL-NN’s performance for C∕2 remains consistent compared
to UC1, even with limited training data. On the other hand, the EXP-NN
exhibits worsened SOH accuracy with a MAPE of 4.9%. Both models
demonstrate a trend of better performance for wider voltage windows.
Similar to UC1, we obtain the best results with a low starting voltage
of 3.25V, even with limited voltage windows. However, the accuracy
decreases for the upper voltage segment, with an MAEOCV above 30mV.
This is mainly due to two main factors: First, the low voltage segments
include the steepest gradient at the begin of charge which allows ac-
curate estimation of the anode degradation. Second, the lower voltage
segments include more and significant gradient changes, as can be seen
in Fig. 4. This effects provide useful information for the developed NNs
and hence increase the reconstruction accuracy.

4.1.3. Use Case 3: Retraining from two cells at two C-rates
UC3 further reduces the experimental training data to only 13.2%

at two C-rates. Appendix A.2 presents the performance matrix for
different voltage windows in Fig. A.15. The TL-NN exhibits nearly the
same accuracy as in the previous UCs. Even for the test data at C∕2
and between 3.6V to 4.1V, as shown in Table 4, the TL-NN performs
comparably. The TL-NN outperforms even its own previous realization
for UC1, owing to the larger amount of test data from the same C-
rate, as revealed in Table 4: The TL-NN performs significantly better
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Fig. 10. Evaluation of the EXP-NN and the TL-NN for UC3 and the whole test dataset.
One data point corresponds to the average estimation within a 2% region and bins
them for better comparability. The markers for the SOH estimations indicate the mean
value, while the bars correspond to the standard deviation. Similar, the mean OCV
reconstruction error is evaluated with the bar plot. To increase comparability between
the EXP-NN and TL-NN, the results from the TL-NN are shifted to the left by 0.25%,
and the results from the EXP-NN are shifted to the right by 0.25%.

for C∕3.85 and 1C. Also the EXP-NN seems to perform better for UC3,
but only for lower voltage segments with 𝑉min ≤ 3.4V.

The advantages of TL become even more pronounced when com-
paring the accuracy along the degradation, as depicted in Fig. 10. The
TL-NN shows excellent performance in terms of SOH accuracy with
almost no recognizable error and barely any visible standard deviation.
For the whole test dataset, i.e., all C-rates and voltage windows, the
MAPESOH is 1.1% and the MAEOCV is 12mV. Also, the OCV reconstruc-
tion accuracy stays below 18mV for every SOH. Below 75% SOH, the
standard deviation gets visible with values below 1.6% which is further
recognizable by the higher OCV reconstruction error. A correlation
between the OCV reconstruction error and the SOH estimation accuracy
is thus probable.

Contrary, the EXP-NN underestimates the battery SOH along its
lifetime by approximately 5.2% and further inhibits a large standard
deviation of up to 2.9%. The MAEOCV is 24mV. The EXP-NN performs
worse for the upper SOH region with higher SOH standard deviations
and a larger OCV reconstruction error. Again, this supports the previ-
ously made assumption about an existing correlation between the OCV
reconstruction error and the SOH estimation accuracy. In total, the OCV
reconstruction accuracy deviates between 17mV to 47mV.

Fig. 11 presents the OCV reconstruction from partial voltage seg-
ments at C∕2 and 1C for different SOHs for the TL-NN at UC3. The
Figure is divided into three columns with different SOHs and four rows
with varying input voltage windows: The low SOC-range ((a)–(c)) spans
from 3.25V to 3.8V, the mid SOC-range ((d)–(f)) from 3.6V to 4.1V,
the high SOC-range ((g)–(i)) from 3.8V to 4.2V and the full SOC-range
((j)–(l)) from 3.25V to 4.2V. Additionally, in every subplot, the MAEOCV
for both C-rates is given in its respective color and position. The TL-NN
performs very well for the lower SOC-range for all three degradation
states, as can be seen in Fig. 11(a)–(c). The error stays mostly below
12mV. Solely, the OCV reconstruction with 1C at the lowest SOH
(Fig. 11(c)), shows a worse result with a MAEOCV of 22mV. With higher
SOC-ranges, the accuracy worsens. While the TL-NN reaches acceptable
reconstruction results for mid of life (MOL) (Fig. 11(e) and (h)) and
EOL (Fig. 11(f) and (i)), the BOL reconstruction (Fig. 11(d) and (g))
from the partial C∕2 shows high deviations with a MAEOCV of 37mV. A
more detailed analysis reveals that the trajectory of the reconstructed
OCV shows a good fit but is shifted to the left. On average, the upper
voltage segments in Fig. 11(g)–(i) lead to the worst results with OCV

reconstruction errors between 9mV and 37mV. Again, for the BOL fit
from the partial C∕2 voltage curve the trajectory itself looks promising
but is shifted to the left. More interesting, the input data from the
partial segment at 1C lead to better results than the inputs from the
C∕2 data. This stands in contrast with recent literature findings about
the applicability and limitations of mechanistic OCV reconstruction
approaches [4,43–47]. The performance of the TL-NN heavily relies on
the training data from the target domain. As long as gradient changes
in the charging voltage curve are recognizable, the NN does not seem
to be influenced by the C-rate. Similar results where already gathered
from evaluations of the base simulation model, where also no C-rate
dependency could be found. The full SOC-range (Fig. 11(j)–(l)) leads
to similar results as the low SOC-range (Fig. 11(a)–(c)). This is already
expected due to the heatmaps investigated from Fig. A.15. All OCVs are
reconstructed with sufficient accuracy.

4.1.4. Use Case 4: Retraining from two cells at one C-rate - The limitations
of transfer learning

Within UC4 the limitations of TL get visible, as Fig. A.16 in Ap-
pendix A.3 shows. As expected, the EXP-NN completely fails to estimate
the OCV with a MAEOCV up to 280mV for test data at 1C from the
voltage window between 3.6V to 4.1V due to insufficient training
data. In comparison, the TL-NN performs well with an average OCV
reconstruction error of 25mV. Fig. A.16(b) indicates that the estimated
OCV curves are shifted to the left or right and hence lead to less
accurate results. The OCV reconstruction error can only be evaluated at
charge positions where both curves – the measured and reconstructed
OCV – are available. This explains the lower MAEOCV. The previously
seen patterns in the accuracy depending on the voltage windows are not
visible for the EXP-NN. As can be seen in Fig. A.16 the model achieves
the best approximation with errors below 130mV for the upper voltage
segments. Of course, this must be interpreted in the context of the
already very high errors and thus should not lead to any conclusions.
In contrast, the TL-NN still shows comparable OCV reconstruction
dependency as the previous UCs: The OCV is reconstructed with a
MAEOCV below 20mV for the full and lower voltage segments, while
it worsens up to 26mV for the upper voltage segments.

This indicates that TL is indeed able to transfer knowledge from
the source domain to the target domain if, and only if, the fine-tuning
process includes the boundaries of the target domain. In our study,
these boundaries are samples with C∕3.85 and 1C at BOL and EOL.
Hence, TL works perfectly for UC3 but suddenly fails for UC4 once the
samples with 1C are excluded from the training data, as can be seen in
Fig. 5.

While this gives clear requirements for TL, it stays an open research
questions which features actually lead to accurate OCV reconstruction.
Thus, we further elaborate on the hypothesis of gradient changes in the
voltage trajectories as the main feature.

4.2. Transfer learning from different cell chemistries

To validate our hypothesis that gradient changes is the sole require-
ment for transferring knowledge from the source to the target domain
independent of its chemistry, we conduct additional experiments using
two synthetic datasets. The synthetic datasets consist of constant cur-
rent voltage curves, and Fig. 12 displays samples of the OCPs used to
generate them. The samples include an LFP cathode with a graphite
anode (Fig. 12(a)) and an artificial anode with an artificial cathode
(Fig. 12(b)). It is important to note that the ART cell used in this study is
completely self-designed and not the result of measurements. While the
main trajectory is comparable to a conventional NMC- or NCA-graphite
cell, the only information contained is a changing gradient at three and
five positions in the anode and cathode OCP, respectively. Hence, this is
the only transferable knowledge from the source domain and ultimately
proves if this is the main feature for TL in the field of battery SOH
estimation and OCV reconstruction.
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Fig. 11. Evaluation of the TL-NN performance for UC3 and test data drawn from partial charging events at C∕2 and 1C. For both cases, three degradation states and four different
voltage/SOC windows are evaluated. The low SOC-range ((a)–(c)) corresponds to a voltage window from 3.25V to 3.8V, the middle window ((d)–(f)) from 3.6V to 4.1V and the
high SOC-range ((g)–(i)) from 3.8V to 4.2V. Subfigures (j)–(l) show the results for the full input voltage. For all evaluated scenarios the mean absolute OCV reconstruction error is
included in the subplot, in its respective color. The upper text belongs to the 1C event, while the lower text corresponds to the C∕2 charge. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 12. Additional synthetic dataset generated from half-cell potential curves at various C-rates. Two additional datasets are created, one for a (a) LFP chemistry and another for
an (b) artificial (ART) chemistry.

In this study, we follow a consistent workflow, as depicted in
Fig. 7, to investigate the effectiveness of plateau shifting in transfer-
ring knowledge between domains. The synthetic datasets used in our
experiments are generated under identical conditions, including the
same C-rates and aging paths. In contrast to our previous synthetic
dataset, we utilized the alawa-toolbox from Dubarry et al. [6] to
generate these constant current voltage curves. To ensure consistency
and comparability across the datasets, we apply the same preprocessing
steps, including voltage windowing, normalization, and data splitting.
While the ART dataset uses the same defined voltage windows as

for the initial synthetic dataset in Table 2, the LFP cell undergoes a
windowing with lower voltage levels: The minimum voltage 𝑉min is
set to 2.8V, 3.0V, 3.2V and 3.4V. The maximum voltage 𝑉max varies
between 3.4V, 3.5V and 3.6V. To optimize the performance of the
new base models, we employ Bayes tuning with the defined search
space, as outlined in Table 3. This allows us to improve the models and
achieve their respective optima. The final model architectures, along
with their hyperparameters, are provided in the Appendix B to facilitate
reproducibility and transparency. The base models are now trained and
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Table 5
Performance comparison of the EXP-NN and the TL-NN (pretrained with a different
cell chemistry) for different UCs in the voltage window between 3.6V to 4.1V. The
UCs differ in the amount of training data for the fine-tuning process.

MAPESOH MAEOCV

C∕3.85 C∕2 1C C∕3.85 C∕2 1C

UC1
EXP-NN – 2.0% – – 21mV –
TL (LFP) – 9.1% – – 50mV –
TL (ART) – 3.3% - – 21mV -

UC2
EXP-NN 2.8% 4.9% 2.5% 18mV 18mV 15mV
TL (LFP) 17.8% 8.6% 4.2% 78mV 55mV 26mV
TL (ART) 1.2% 5.4% 1.6% 11mV 25mV 11mV

UC3
EXP-NN 7.2% 2.9% 3.3% 27mV 22mV 18mV
TL (LFP) 19.9% 15.3% 6.9% 74mV 64mV 40mV
TL (ART) 0.8% 4.7% 1.2% 12mV 28mV 11mV

UC4
EXP-NN 1.2% 6.7% 20.4% 15mV 140mV 280mV
TL (LFP) 15.5% 8.3% 9.0% 66mV 43mV 43mV
TL (ART) 0.5% 5.6% 6.9% 11mV 32mV 47mV

transfer-learned for the four defined UCs in Fig. 5. Specifically, we uti-
lize fine-tuning with a reduced learning rate of 1 × 10−4 for 200 epochs.
Noticeably, we must increase the learning rate in comparison to our
initial TL-NN from 1 × 10−6 to 1 × 10−4 (Adam default value is 1 × 10−3)
due to the decreased similarity of the source and target datasets. In
the fine-tuning process, more adoptions of the network weights are
mandatory to achieve sufficient learning of the target dataset which is
not possible with a learning rate lower than 1 × 10−4. The base models
are compared to the EXP-NNs for each UC, and the final comparison
results are summarized in Table 5. These results provide insights into
the performance and effectiveness of plateau shifting in transferring
knowledge across different UCs. The pretrained model from the LFP
dataset fails to transfer its past knowledge to the target domain. For
a voltage input window from 3.6V to 4.1V and UC1 to UC3 the TL
LFP model performs worse than the benchmark EXP-NN. The LFP OCV
curve is very flat and barely shows any detectable gradient changes
in its trajectory. At higher C-rates the voltage charging curve seems
even faded and does not provide any information to the model. The
sole advantage is a moderate estimation for UC4. Nevertheless, the
fine-tuning process does not allow a sufficient adaption to the target
domain and hence the performance stays equally low for every UC.
Fig. 13(a) illustrates the performance for the model on UC3 for the
complete test dataset: The insufficient fine-tuning process is visible
by the almost constant estimations over lifetime. The learning-rate or
number of epochs, however, cannot be increased any higher because
this will lead to catastrophic forgetting and completely erase the impact
of the learned knowledge from the source dataset.

Contrary the ART model outperforms the reference EXP-NN, as can
be seen in Fig. 13(b). The model achieves accurate estimations over
lifetime with a small standard deviation. The OCV curve is mostly
reconstructed with a MAE below 20mV. The deviation, however, is
remarkably higher than the initial TL pretrained from a similar cell
chemistry (see Fig. 10). Table 5 provides further insights and reveals
the advantage of the ART TL-NN for all use cases and the voltage
window from 3.6V to 4.1V: While the model performs comparably
to the EXP-NN for test data with C∕2 and UC1 to UC3, it is very
accurate for test data with C∕3.85 and 1C. This adds on to our theory
of including fixed boundaries of the target dataset to accelerate the
transfer of knowledge. Although the test data for these C-rates includes
different cells, inclusion of another cell at this specific C-rates for
training drastically improves performance. This may be due to the
better interpretation of C-rate dependent gradient changes and the
location of those in the voltage curve.

In conclusion, the ART TL-NN exhibits slightly lower performance
compared to the original TL-NN. This finding, however, emphasizes
that the specific chemical composition of the source dataset is not a
critical factor. Instead, it is the presence of gradients and its changes

Fig. 13. Evaluation of the EXP-NN and the TL-NNs pretrained with (a) LFP and (b)
ART cell for UC3 and the whole test dataset. One data point corresponds to the average
estimation within a 2% region and bins them for better comparability. The markers
for the SOH estimations indicate the mean value, while the bars correspond to the
standard deviation. Similar, the mean OCV reconstruction error is evaluated with the
bar plot. To increase comparability between the EXP-NN and TL-NNs, the results from
the TL ART model are shifted to the left by 0.25%, and the results from the EXP-NN
are shifted to the right by 0.25%.

in the voltage curves that play a crucial role. Especially the cathode
OCP heavily influences the performance because in the LFP dataset,
the graphite anode shows some detectable gradient changes which are
not sufficient to reconstruct the OCV accordingly. Consequently, the
TCN-LSTM approach can effectively identify degradation modes and
their underlying patterns in the voltage curves, enabling the mapping
of these patterns to the altered OCV curve.

4.3. Comprehensive discussion

The study at hand presents a TCN-LSTM network to reconstruct the
full OCV curve from partial charging voltage segments at different C-
rates. Our findings further confirm the research question that TL from
synthetic data is possible and superior to traditional DL. For UC3 the
TL-NN outperforms the more complex EXP-NN which are both trained
/ fine-tuned with 13.2% of the total experimental dataset. For every
C-rate and a limited voltage window from 3.6V to 4.1V the TL-NN
already reaches OCV-reconstruction MAEs below 20mV which is in
the range of literature values [4,11,13]. The SOH is calculated from
the reconstructed OCV curves with MAPEs below 2.2%. We further
highlight the influence of C-rate and voltage-range on the accuracy.
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While lower voltage levels definitely lead to higher accuracies, the
influence of the C-rate is obscured by the impact of the training data.
Lower voltage segments may be beneficial because this allows an
easier detection of the anode aging due to changing gradient of the
voltage curve. Subsequent the identification of cathode aging is more
straightforward due to the higher gradient in the OCP. By introducing
two additional source synthetic datasets, we are able to answer the
second research question about the actual learned knowledge from
partial voltage curves: Our findings strongly suggest that the TCN-LSTM
model comprehends the degradation patterns in the voltage curve,
which are influenced by the shifting of plateaus caused by degradation
modes.

In contrast to our findings, Bockrath et al. [16] concluded the
middle and upper voltage-range to be more suitable for SOH esti-
mation from partial discharge voltage segments. They claim that the
middle and upper voltage ranges preserve more of the full capacity
degradation measurements and that their learned knowledge differs
from our hypothesis: Their TCN exploits the correlation between the
measured capacity from partial measurements to the measured SOH.
They show that their measured capacity throughput in the middle
and upper voltage ranges correlates well with the SOH. This is not
the main feature in our dataset, as we aim to reconstruct the full
OCV curve and calculate the SOH from this curve. Hence, the sole
information of the SOH is insufficient for accurate OCV reconstruction.
Comparing our TL-NN from UC3 with the TCN developed by Bockrath
et al. [16] for full voltage curves, we see that they have reached an
SOH RMSE of 1.0%, while we were able to decrease the SOH MAPE to
0.64%. Zhou et al. [26] have for the first time introduced a TL approach
for full OCV reconstruction from partial charging data. While they have
successfully applied TL to different cell chemistries and reconstructed
the OCV with errors below 2.73%, they failed to clarify the usability of
synthetic data for the source domain. They have used a generative DL
model and reached TL by fine-tuning the decoder basis. Contrary, we
fine-tune our complete TCN-LSTM network by reducing the learning
rate to 1 × 10−6 and epochs to a maximum of 200. Further, we have
found no contributions towards a detailed analysis of the corresponding
knowledge transferred between deep-learning models.

We prove that synthetic data indeed works as a source domain
for TL, even for varying cells. Further, TL outperforms traditional DL
as long as the fine-tuning data includes the boundaries of the target
domain. TL increases its superiority against traditional DL with smaller
training datasets. Generally, DL models for full OCV reconstruction
reach higher accuracy for the lower voltage segments. The C-rate of
the input data does not influence the performance as much as the
training/testing split does. Hence, in most research studies, the clear in-
fluence of the C-rate is hard to identify. Pretraining from synthetic data
sources and varying cell chemistries works as long as enough plateaus
and gradient shifts are detectable in the voltage curves. Although
pretraining the model with the source LFP dataset fails to detect any
information, the use of an artificially designed dataset consisting of ART
OCPs allows for the incorporation of knowledge regarding degradation
modes and OCV degradation into the NN. Consequently, by including
more detectable plateaus and a wider range of gradients in the voltage
trajectory, the model is able to extract more information and exhibits
a higher likelihood of successfully transferring its knowledge to a new
target domain.

Table 4 shows that for UC2 and UC3 the performance is biased
towards test data with C∕3.85 and 1C. These data segments are included
in the fine-tuning data and hence the possibility of overfitting arises on
these parts of the data. This stands in contrast to the reduced learning
rate and the smaller number of fine-tuning epochs. As Fig. 11 shows,
the reconstructed OCV matches the true OCV well, even for test data
with C∕2 charging segments. Even though the MAEOCV for UC2 and
UC3 are similar for the TL and the EXP-NN (see Table 4), the MAESOH
reveal a different result: The SOH estimation accuracy is higher for the
TL-NN and hence proves a better fit of the whole reconstruction because

the MAEOCV is only calculated at 𝑄-locations where both, the estimated
and the true OCV, exist. Hence, a MAEOCV = 0mV in combination with
MAESOH ≥ 10% is possible and thus the reconstructed curve may be
incomplete.

Future research should tackle the exploration of more and other
experimental datasets, including more C-rates, varying temperatures
and more challenging cell chemistries, i.e., LFP or Si-containing anodes.
The usage of synthetic data for TL arises the opportunity for DM
estimation due to the contained labels in the synthetic dataset. While
generating these labels in the experimental dataset is challenging,
differential voltage analysis (DVA) and ICA with OCV measurements
still can give rough insights about the degradation patterns. Similar,
the output of the developed TL-NN can be fed into a mechanistic model
approach [6] to reconstruct the full OCV curve based on shifting and
scaling of the pristine OCPs. This further enables to estimate the DMs
and includes more physico-chemical relevance into the estimation.

5. Conclusion

The study proposes a data-driven method to reconstruct the full
OCV curve from partial charging voltage segments at different C-rates.
We prove the effectiveness of TL from synthetic data and evaluate the
limitations of this shortcoming by comparing our TL models for four
different UCs to purely experimental ML models. In every UC the ex-
perimental training/fine-tuning data gets reduced from 67% for UC1 to
40% for UC2, to 13% for UC3 until only 6.6% of the data are included
for the fourth and last UC4. While the training/fine-tuning data for
UC1 to UC3 incorporate the boundaries of the dataset, i.e., highest and
lowest SOH and C-rate, data is limited to the lowest C-rate for UC4.
The TL-NN with a simpler architecture outperforms the EXP-NN for
every UC and reaches a MAEOCV below 22mV for the first three UCs
and a partial voltage input curve from 3.6V to 4.1V. We conclude that
a minimum voltage window spanning 400mV is necessary to enable
accurate OCV reconstruction. Further, the lower voltage segments are
better suited for full OCV curve reconstruction due to the better recog-
nition of features from the anode half-cell potential curve in the voltage
segment. These segments allow accurate SOH estimation with errors
below 14mV MAEOCV and 1.1% MAPESOH, respectively, for the first
three UCs and 𝑉min ≤ 3.4V. Reducing the training data amount to a
minimum, requires the inclusion of the boundaries, i.e., the highest and
lowest C-rate and SOH, in the fine-tuning datasets. We further find the
influence of the C-rate to be negligible in our experiment but it may be
a result of the train/test split. Pretraining from different source datasets
and incorporating other cell chemistries allows for some interpretation
of the actual learning patterns in the black-box TCN-LSTM. Using a
completely artificial dataset with many plateaus and gradient switches
allows the model to comprehend the theory of DMs and apply this
prelearned knowledge to the new target domain. Pretraining from the
LFP dataset, however, fails due to no detectable gradient changes in the
voltage trajectory.

The positive results of the TL-NN suggest the general usage of TL
from synthetic data for battery state estimation. Especially for SOC and
SOH estimation over lifetime, the generation of comprehensive data
at various aging paths might accelerate the industrialization for BEV
fleets and the low-cost development of data-driven state estimation
algorithms by reducing measurement time and cost. The generation of
synthetic data for various batteries is publicly available (see alawa-
toolbox [6]) and allows the pretraining of ML models for multiple
UCs. Even the deployment of ML models for new cell chemistries is
feasible due to the low requirements of fine-tuning data from the target
domain. Hence, this research project takes a promising step towards
generalizable ML models for almost every battery type.

The limitations of TL, however, must be kept in mind by fulfilling
the minimum requirements of the pretraining and fine-tuning datasets.
The application of ML models for OCV curve reconstruction from
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Fig. A.14. Results for UC2: (a), (b) EXP-NN, (c), (d) TL-NN. (a) Average SOH error for the test datast with the reference EXP-NN. (b) Average OCV error for the test datast with
the reference EXP-NN. (c) Average SOH error for the test datast with the TL-NN. (d) Average OCV error for the test datast with the TL-NN.

charging voltage segments is generally limited to batteries with suffi-
cient voltage trajectories, i.e., huge challenges arise for LFP cells. The
application of TL to other cell chemistries in the target domain remains
an open research question and must be explored in future studies.
Hence, the inclusion of larger and more diverse experimental datasets
in the target domain will answer many of the open questions. Moreover,
the application of the method to real-world BEV data must be answered
in the near future. Our proof-of-concept for TL-based SOH estimation
opens new research perspectives for SOC, SOH and DM estimation.
With the usage of synthetic data, many other state estimation models
can be developed faster and more efficiently.
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Appendix A. Detailed benchmark results

This section provides a more detailed analysis of each TL and
EXP-NN for UC2 to UC4. The Figures provide insights about the OCV
curve reconstruction and the SOH estimation accuracy with different
partial voltage windows as input data.

A.1. Use Case 2

See Fig. A.14.

A.2. Use Case 3

See Fig. A.15.

A.3. Use Case 4

See Fig. A.16.
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Fig. A.15. Results for UC3: (a), (b) EXP-NN, (c), (d) TL-NN. (a) Average SOH error for the test datast with the reference EXP-NN. (b) Average OCV error for the test datast with
the reference EXP-NN. (c) Average SOH error for the test datast with the TL-NN. (d) Average OCV error for the test datast with the TL-NN.
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Fig. A.16. Results for UC4: (a), (b) EXP-NN, (c), (d) TL-NN. (a) Average SOH error for the test datast with the reference EXP-NN. (b) Average OCV error for the test datast with
the reference EXP-NN. (c) Average SOH error for the test datast with the TL-NN. (d) Average OCV error for the test datast with the TL-NN.

Fig. B.17. Final architecture of the tuned synthetic models optimized with data from
the (a) LFP dataset and the (b) ART dataset and the corresponding dimensions of
output data from each layer with 𝑛 as the number of samples. In the TCN-layers the
first number refers to the kernel size and the second number to the filter size.

Appendix B. Model architecture of the LFP and ART model

Fig. B.17 provides insights about the final model architectures
trained from the additional source datasets LFP and ART. The final
architectures are a result of an extensive Bayesian hyperparameter
optimization with 100 trials.
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2.2.3 Physics-Constrained Transfer Learning for SOH and OCV Estimation
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Figure 2.4: The trimmed outline of the thesis structure with focus on this chapter.

The previous article in Section 2.2.2 successfully explored the capabilities of transfer learning,
yet it left room for improvement: DMs were not estimated and remained unknown, and the
OCV output was noisy and did not adhere to physical laws. This study aims to address
these issues by combining the mechanistic modeling approach with a transfer-learned neural
network to physically constrain the output and enable DM estimation.

This research explores whether it is possible to physically constrain the output of a neural
network by integrating data-driven models with mechanistic models.

While numerous articles investigate the application of transfer learning [123; 133; 137] or the
mechanistic modeling approach for OCV and DM estimation [27; 54; 55; 91; 166], there is a
notable lack of studies addressing the coupling of these methods. One study has explored
generating alignment parameters via CNN as input for mechanistic models [61]. Other re-
search has coupled various data-driven models and fused them into an optimization problem
to individually weight the model components [210].

This study follows a methodology similar to the previous publication (Section 2.2.2). Exten-
sive synthetic data is generated using a mechanistic model. Two transfer learning approaches
are compared: One directly generates the full OCV curve based on partial charging segments,
while the other yields alignment parameters. In the first approach, the OCV curve is fed into
an optimization framework where the objective function minimizes the difference between
measured and reconstructed OCV curves. The second approach uses simple equations to
reconstruct the full OCV and calculate the DMs from the alignment parameters. Both ap-
proaches are compared against each other and further validated against a benchmark deep
learning model for various use cases.

Both models demonstrate that a single aging path of the target domain suffices as fine-tuning
data if it includes the maximum appearing DMs, meaning the fine-tuning dataset must
encompass the boundaries of the target domain. Both models significantly outperform the
benchmark, achieving a MAE for OCV reconstruction, DM, and SOHC estimation of 10.0 mV,
3.10 % (pp), and 1.82 % (pp), respectively.

Two novel methods for OCV reconstruction and DM estimation are presented, each with
distinct benefits and limitations. Previous findings that lower voltage segments are ad-
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vantageous are reaffirmed. Most importantly, the findings reveal how much of a typical
experimental design for training a neural network for SOH estimation and OCV reconstruc-
tion can be omitted if transfer learning is employed: Nearly 95 % of the experiments can be
eliminated, significantly reducing costs.

The paper begins with the theoretical background of the mechanistic model, optimization,
and transfer learning. The datasets and their generation process are presented, followed by
the methodology section, which includes data preprocessing and model tuning. Results and
discussion are structured according to the use case definition. In addition to the OCV and
SOH error, the DM evolution over aging is compared to true values. Limitations of both
approaches are discussed.
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• TCN-LSTM models accurately estimate 
DMs and OCV from partial charging 
voltage segments.

• Integrating the mechanistic model phys-
ically constrains the output.

• Transfer learning adapts models effec-
tively across different cell types.

• Extensive testing across diverse use cases 
verifies model robustness.

• A single aging path suffices to fine-tune 
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 A B S T R A C T

Open-circuit voltage (OCV) updates are the key to accurate state of charge (SOC) estimates over lifetime. 
Degradation modes (DM) are directly coupled to OCV estimation. They offer a more detailed analysis of the 
battery’s state of health (SOH) and yield optimized usage strategy, and with that, a prolonged lifetime. In 
this study two data-driven models are coupled with physics-based models and compared in regards of their 
OCV and DM estimation accuracy: Two temporal convolutional — long short-term memory neural networks 
(TCN-LSTM) are trained from synthetic NCA-graphite battery data for OCV curve estimation (model 1) and 
alignment parameter estimation (model 2). Both models are fine-tuned with varying amounts of experimental 
NMC-graphite battery data during the transfer learning (TL) step. In the subsequent physics-constraining part 
the DMs are derived via optimization (model 1), i.e., fitting the OCV with half cell open-circuit potentials, or 
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directly via mathematical equations (model 2). Both models prove that fine-tuning data from one aging path 
suffices, if it includes the maximum appearing DMs of the target domain. For these use cases both models 
maintain OCV mean absolute errors (MAEs), DM MAEs and SOH mean absolute percentage errors (MAPEs) 
under 10mV, 3.10% and 1.98%, respectively. The model 2 has less computational complexity and reaches 
slightly better results but requires labeled target data including alignment parameters for its application. This 
study shows that synthetic data is eligible for TL, even for varying cell chemistries, and that the mechanistic 
model helps to physically constrain the output.

1. Introduction

In recent years the new registrations of battery electric vehicles
(BEVs) have rapidly increased [1]. With that, more used BEVs are 
available on the aftermarket, where customers are especially interested 
in the SOH. The SOH is the currently available energy relative to its 
value at begin of life (BOL). The definition is usually simplified to 
the currently available capacity relative to its pristine value [2]. The 
battery is the most costly component of BEVs and, hence, it heavily 
defines the residual value. The SOH, however, is not only important 
when selling a BEV but rather mandatory over the whole vehicle 
lifetime to allow accurate SOC or remaining range estimations, efficient 
operation and healthy charging. OCV updates for BEVs, unfortunately, 
have not yet been well documented or reached a sufficient state of the 
art. Knowledge about the OCV, however, is crucial and the backbone 
of accurate state estimation. Due to its aging-path-dependent variation, 
maintaining high OCV reconstruction accuracy is challenging [3,4]. It, 
additionally, allows the calculation of DMs [5], which help to realize 
adaptive, aging-path-individual, usage strategies. Such counteractions 
may help to, e.g., reduce the time at high storage SOCs which prevents 
the battery from further triggering a specific DM and might lead to a 
knee point [6].

Throughout this research paper, we refer to the simplified SOH 
definition as the currently available capacity 𝑄(𝑡) in relation to the 
available capacity in its initial state 𝑄(𝑡0), as given in 

SOH(𝑡) = 𝑄(𝑡)
𝑄(𝑡0)

. (1)

The automotive industry has long sought effective data-driven ap-
proaches to estimate battery SOH. Recent advancements [7–13] in 
data-driven SOH estimation have shown promising results.  Bockrath 
et al. [8], for example, used a TCN to estimate SOH from raw partial 
constant-current discharge segments, achieving an SOH root mean 
squared error (RMSE) of 1.0% for the NASA dataset.  Costa et al. 
[9] extended the field to include DM estimation using a convolutional 
neural network (CNN) with synthetic data, achieving an RMSE of 2%
for all DMs of interest. Yet, a key challenge remains: Determining 
the OCV, and consequently DMs, over the lifetime of non-synthetic 
battery data still requires costly and time-consuming aging experiments 
to parametrize these aging models, making it difficult to keep pace 
with the rapid development cycles of new battery generations. Novel 
approaches for OCV reconstruction from real-world charging events are 
sought more than ever. TL allows the usage of pretrained models and 
adopting them to small target datasets. There has been a significant 
increase in publications [14–26] exploiting TL for SOH, DM, or OCV 
estimation:  Yao and Han [14] explored the influence of different aging 
paths in a CNN-TL model, achieving an SOH RMSE of 2.2%.  Zhou et al. 
[15] extended TL-based OCV reconstruction to other cell chemistries, 
achieving SOH RMSEs 0.47% and 2.73% for nickel cobalt aluminium 
oxide (NCA) and lithium iron phosphate (LFP) cells, respectively.  Hof-
mann et al. [17] demonstrated that TL from synthetic data is possible 
across different cell chemistries with a mean absolute error (MAE) of 
12mV for OCV reconstruction and a mean absolute percentage error
(MAPE) of 1.1% for SOH. On the other hand, optimization models based 

on mechanistic approach [5] only require pristine measurements but 
are heavily limited by the input data’s precision requirements [5,27–
32].

The combination of data-driven and physics-based models is a 
promising research avenue to reduce data requirements and integrate 
physical constraints [33–41].  Liang et al. [34], for example, have 
merged two machine learning (ML) models and weighted their output 
based on a nonlinear optimization result. They have used time-series 
data from battery charging as an input for two models that both output 
the SOH. During the training phase an optimization process yielded the 
weights of each SOH estimate. The final estimated SOH reached a RMSE 
below 1% but required full charging cycles to deploy.  Tian et al. [25] 
have used partial charging voltage curves at 1C as an input for a CNN 
model that estimated the alignment parameters which directly yield 
the DMs, as well as the OCV curve. Their supervised learning approach 
required labels which were generated via optimization, i.e., minimizing 
the difference between reconstructed and measured OCV in repetitive 
checkups of aging tests. The RMSE of the reconstructed OCV from the 
CNN model remained below 15mV.

Reviewing the state of the art, we identify a research gap in the 
field of physics-constrained ML for OCV curve reconstruction and DM 
estimation. While substantial progress has been made in the field of TL 
for SOH [34] and OCV estimation [17,25], there remains a gap in the 
integration of TL with physics-based optimization models for real-world 
applications. Existing studies treat TL and optimization separately, 
missing the opportunity to leverage the strengths of both approaches in 
a combined framework. Especially the usage of synthetic data for DM 
estimation has not been reported before. We present a novel approach 
that directly couples TL with optimization, leveraging the strengths of 
both methods. Our model uses a TCN-LSTM architecture to estimate the 
OCV curve from partial charging segments, followed by an optimization 
step to refine the OCV and calculate DMs. By pretraining our TL 
model with high-quality synthetic data and fine-tuning with minimal 
experimental data, we significantly reduce the data requirements and 
associated costs of aging experiments. The inclusion of an optimization 
step based on the mechanistic model ensures that the estimated OCV 
and DMs are physically consistent and accurate, addressing a key limi-
tation of purely data-driven approaches. This approach is compared to 
an alternative path that uses the same architecture to directly estimate 
the alignment parameters, and from that reconstruct the OCV. Our 
approach is validated across different UCs, demonstrating its versatility 
and potential for real-world applications, including scenarios with lim-
ited and noisy data. In summary, our work bridges the gap between 
data-driven TL models and physics-based optimization, providing a 
robust and efficient solution for SOH and OCV estimation that is both 
data-efficient and physically consistent.

To our knowledge this is the first study to directly couple syn-
thetic data, ML and optimization for OCV curve reconstruction and 
DM estimation. By comparing various model architectures and UCs we 
are able to evaluate the individual strengths of model parts and data 
requirements. The incorporation of synthetic data as the source domain 
for TL yields low data requirements, allows rapid reduction in aging 
experiment costs and development time for model parametrization. 
The inclusion of the optimization, based on the mechanistic model 
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approach, however, integrates physical constraints and improves bat-
tery state estimation. Furthermore, the training of neural networks 
necessitates a large number of data points, which are often unavailable 
in the early stages due to cost and time constraints associated with 
aging experiments. By supplementing limited experimental data with 
synthetic data that mirrors physical behavior, these limitations can be 
overcome. This paper specifically investigates the utility and bound-
aries of synthetic data in this context by addressing key questions such 
as the optimal ratio of synthetic to real data, the required similarity 
between synthetic and real data, and the feasibility of extrapolation.

2. Theory

The combination of simulation, ML and optimization allows the 
generation of mass data, learning from that data and finally fusing 
the output with physico-chemical information from pristine half-cell 
potential curves. Hence, we introduce the basics of the used simu-
lation toolbox (mechanistic model), the ML framework (TL) and the 
optimization (OCV reconstruction). For a more detailed description 
of the mechanistic model, TL, and optimization, we refer to previ-
ous publications [17,27]. While our prior work [17] established the 
theoretical foundation for the neural networks (NNs) and TL tech-
niques used, this section introduces the novel aspects of our approach. 
Specifically, we emphasize the integration of the OCV model with the 
calculation of DMs through mathematical optimization. This unique 
combination ensures both accuracy and physical consistency in OCV 
and DM estimations. Nevertheless, the essential theoretical basics are 
briefly reintroduced for completeness.

2.1. Mechanistic model for battery data generation

Dubarry et al. [5] have introduced the mechanistic model approach 
as a simplification for battery degradation which breaks down the 
complex mechanisms to relative shifts and scalings between the open-
circuit half-cell potential curves of the negative electrode (NE) OCPNE
and positive electrode (PE) OCPPE. These relative shifting and scaling 
can be determined by the alignment parameter set 𝜗 which is the set of 
scaling 𝛼NE, 𝛼PE and shifting parameters 𝛽NE, 𝛽PE. The resulting OCV 
is the difference between the positive and the negative open-circuit 
half-cell potential curve within its voltage boundaries 
OCV(𝑄) = 𝑓 (OCPNE,OCPPE, 𝜗, 𝑄)

= OCPPE(𝛼PE, 𝛽PE, 𝑄) − OCPNE(𝛼NE, 𝛽NE, 𝑄)
(2)

where 𝑄 is the charge throughput. Eq. (2) can be applied to higher 
C-rates by exchanging the open-circuit half-cell potential curves with 
half-cell potential curves gathered at the desired C-rates. This implies 
that Eq.  (2) transforms to 
V𝑥C(𝑄) = 𝑓 (PNE,𝑥C,PPE,𝑥C, 𝜗, 𝑄)

= PPE,𝑥C(𝛼PE, 𝛽PE, 𝑄) − PNE,𝑥C(𝛼NE, 𝛽NE, 𝑄)
(3)

with the half-cell potential curves PNE,xC, PPE,xC at a given C-rate 𝑥C. 
Simulation toolboxes, e.g., the alawa-toolbox [5], exploit this theory 
to generate synthetic voltage charging curves at arbitrary degradation 
states (via 𝜗) and C-rates (via 𝑥C).

The alignment parameter set 𝜗 directly transfers to the physico-
chemical DMs with the following formula: The loss of active material 
(LAM) is the lost electrode capacity in relation to its pristine state.

LAMNE =
𝛼NE,pristine − 𝛼NE

𝛼NE,pristine
(4)

LAMPE =
𝛼PE,pristine − 𝛼PE

𝛼PE,pristine
(5)

The loss of lithium-inventory (LLI), however, is the lost cyclable lithium 
inventory, i.e., the superposition of both half-cell potential curves. 

LLI =
𝐶lit,pristine − 𝐶lit

𝐶lit,pristine
(6)

The available lithium inventory 𝐶lit demands a case-sensitive defini-
tion [27]. 

𝐶lit =

⎧

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎩

(𝛼PE − 𝛽NE + 𝛽PE) ⋅ 𝐶N , for (𝛼PE − 𝛽NE + 𝛽PE) < 𝛼NE
∧ (𝛽PE − 𝛽NE) ≤ 0

(𝛼NE) ⋅ 𝐶N , for (𝛼PE − 𝛽NE + 𝛽PE) > 𝛼NE
∧ (𝛽PE − 𝛽NE) ≤ 0

(𝛼NE + 𝛽NE − 𝛽PE) ⋅ 𝐶N , for (𝛼NE + 𝛽NE − 𝛽PE) < 𝛼PE
∧ (𝛽PE − 𝛽NE) ≥ 0

(𝛼PE) ⋅ 𝐶N , for (𝛼NE + 𝛽NE − 𝛽PE) > 𝛼PE
∧ (𝛽PE − 𝛽NE) ≥ 0

(7)

2.2. Open-circuit voltage reconstruction via optimization

The mechanistic model approach can be used to reconstruct the OCV 
and determine the underlying DMs from either full or partial (pseudo) 
OCV measurements [28–30]. The process of this optimization workflow 
is displayed in Fig.  1. Fig.  1(a) shows the necessary input, namely 
the measured and normalized pristine electrode open-circuit potential
(OCP) curves OCPNE and OCPPE and the measured and normalized 
OCVmeasured. Many different solvers can be used for optimization, with 
least-squares being the most prominent [42]. Boundaries, as stated 
in Eq.  (8), should be set for improved performance [27]. Fig.  1(b) 
presents the optimization itself. The solver aims to find the optimum 
parameter set 𝜗 = [𝛼NE, 𝛼PE, 𝛽NE, 𝛽PE] that minimizes the discrepancy 
between the measured OCVmeasured and the reconstructed OCVreco. 
For every possible alignment parameter set, the reconstructed OCV is 
simply calculated by Eq.  (2).

The final optimization problem states as follows 
𝜗est = argmin

𝜗
∣∣OCVmeasured(𝑄) − OCVreco(𝑄) ∣∣22

= argmin
𝜗

∣∣OCVmeasured(𝑄) − 𝑓 (OCPNE,OCPPE, 𝜗, 𝑄) ∣∣22

s.t. 𝜗 ≥ lb
𝜗 ≤ ub
𝑓eq(𝜗,OCVmeasured,OCVreco, ..) = 0

𝑓ineq(𝜗,OCVmeasured,OCVreco, ..) ≥ 0

(8)

with lb and ub being the lower and upper boundaries, and 𝑓eq(𝜗,
OCVmeasured,OCVreco, ..) and 𝑓ineq(𝜗,OCVmeasured,OCVreco, ..) as the equal-
ity and inequality constraints. The constraints can be any arbitrary 
functions that can be calculated from the available input. Fig.  1(c) 
finally visualizes the output of the method, based on the reconstructed 
OCV, including the SOH which is the available charge throughput 
within the voltage limits in comparison to its pristine values, and the 
DMs. With the help of Fig.  1(c) the DMs can be interpreted visually: 
The LAM is the decreased length of the electrode capacities and the 
LLI is the reduction in the overlapping section of both electrodes. 
Mathematically, Eqs. (4) to (7) are used to determine the DMs.

2.3. Transfer learning for battery state of health estimation

Supervised learning with NNs for battery state estimation, including 
SOH and DMs, and OCV reconstruction was extensively studied in avail-
able literature [7–13,15]. Supervised learning methods, however, rely 
on huge labeled training data, which are rare for the battery use case. 
For conventional methods, the training data must be representative 
for the target data, which further reduces suitable data. TL with NNs 
relaxes the strict requirements for training data.

In the context of TL, a domain  is formally defined as  =
{𝜒, 𝑃 (𝑋)}, where 𝜒 represents the feature space and 𝑃 (𝑋) denotes the 
edge probability distribution, with 𝑋 = {𝑥1,… , 𝑥𝑛} ∈ 𝜒 [17,43,44]. 
Similarly, a task   is defined as  = {𝑦, 𝑓 (𝑥)}, comprising the label 
space 𝑦 and the target prediction function 𝑓 (𝑥), which can also be 
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Fig. 1. Pipeline of OCV reconstruction via optimization. (a) Input, (b) Optimization, 
(c) Output.

interpreted as the conditional probability function 𝑃 (𝑦 ∣ 𝑥) [17,43,44]. 
The number of samples within the source domain 𝑠 and target domain 
𝑡 are given by 𝑁𝑠 and 𝑁𝑡. 

Definition 2.1 (Transfer Learning). The goal of TL is to improve the 
performance of the predictive function 𝑓 () for the primary learning 
task 𝑡. This is achieved by leveraging the latent knowledge discovered 
from a supplementary learning task 𝑠 and its associated data 𝑠, where 
𝑠 ≠ 𝑡 and/or 𝑠 ≠ 𝑡, typically with 𝑁𝑠 ≫ 𝑁𝑡 [17,43,44].

Several types of TL exist, whereas for our problem at hand, parameter-
based TL in the context of model-based TL is the most promising [17,
33,44]. Parameter-based TL refers to methods with domain adaption, 

i.e., 𝑠 ≠ 𝑡. In parameter-based TL a model gets pretrained in the 
source domain and reuses its learned parameters in the target domain. 
This is realized by, e.g., partial freezing and/or fine-tuning [44]. Some 
layers of the NN keep their weights, while some layers, mostly the out-
put layer(s) [44], adopt their weights during fine-tuning with a reduced 
learning rate and/or reduced epochs. It is important to only allow small 
modifications of the network to avoid catastrophic forgetting, which 
describes an overfitted model to the target domain which has lost its 
memory of the source domain [44].

2.4. Performance metrics

The accuracy of the developed methods in terms of SOH, DM or 
OCV is measured with the MAE and MAPE

MAPE = 1
𝑁

𝑁
∑

𝑖=1

|

|

|

|

𝑦𝑖 − 𝑦̂𝑖
𝑦𝑖

|

|

|

|

⋅ 100% (9)

MAE = 1
𝑁

𝑁
∑

𝑖=1

|

|

𝑦𝑖 − 𝑦̂𝑖|| (10)

where 𝑦𝑖 is the true label and 𝑦̂𝑖 is the estimated label of sample 𝑖. 
The total number of samples is 𝑁 . Both, the MAE and the MAPE, are 
given in percent. The MAPE is generally useful to compare the SOH 
estimation accuracy across varying degradation states, because the SOH 
in the used data never approaches zero, which would drastically bias 
the MAPE [45]. The MAE, on the other hand, works for near-zero 
estimates and does not show this bias. Hence, the MAE is used for 
DM estimation accuracy. For better interpretability, the MAE is selected 
for the OCV reconstruction accuracy. Note that the OCV error is only 
calculated at the overlapping sections of the estimated and real capacity 
range. Hence, the MAEOCV must always be interpreted together with 
the MAPESOH.

3. Materials and method

Our research compares two methods which both combine model-
based TL with the mechanistic model approach, as can be seen in 
Fig.  2. The TL-NN-A builds upon our previous work [17] but extends 
the approach to correct the OCV via optimization which enables the 
estimations of DMs. The TL-NN-B, on the other hand, utilizes the same 
data but the prior TL model is trained to directly output the scalar 
values SOH and the alignment parameters. From these values it is 
directly possible to calculate the OCV curve without the subsequent 
optimization step from the first approach.

3.1. Data

In our study, we use simulation data from an automotive prismatic 
NCA-graphite cell with 70.2Ah capacity. This specific choice allows 
us to maintain consistency with our previous work [17] and directly 
compare the results. Furthermore, our previous findings indicate that 
the selection of simulation data type has minimal impact on the out-
comes, provided that essential characteristics such as gradient changes 
within the voltage slope and sufficient sample diversity are present. 
This reinforces the robustness of our TL approach across different 
cell chemistries and configurations. Simulation data for the source 
domain is generated by a physico-chemical mechanistic model toolbox. 
The simulation toolbox takes the DMs and a constant-current C-rate 
as input, and outputs the voltage curve, charge throughput during 
charging, OCV curve, charge throughput for the OCV curve, SOH, and 
DMs. For more details about the cell characteristics and the simulation 
we refer to our previous publication [17]. One of the key findings in our 
previous work [17] was that the source domain in TL should encompass 
a larger search space than the target domain. To fulfill this requirement 
for any possible output variable, we add additional simulation data to 
the source domain, including more aging paths and C-rates. We add the 
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Table 1
The experimental data, taken from Schmitt et al. [28], which includes ten identical cells without any pre-treatment. For each cell the aging 
condition as well as the final SOH, DM fade, charge throughput and experiment duration is given.
 Cell Aging condition 𝛥SOH 𝛥LAMNE 𝛥LAMPE 𝛥LLI Charge throughput Duration 
 A1 Cycling (2.5V–4.2V) 30% 30% 15% 35% 6610Ah 433 d  
 A2 Cycling (2.5V–4.2V) 30% 30% 15% 35% 5900Ah 348 d  
 B1 Cycling (2.5V–4.0V) 15% 15% 8% 15% 8720Ah 486 d  
 B2 Cycling (2.5V–4.0V) 15% 15% 8% 15% 8630Ah 486 d  
 C1 Cycling (3.6V–4.2V) 15% 15% 8% 15% 6700Ah 489 d  
 C2 Cycling (3.6V–4.2V) 15% 15% 8% 15% 7400Ah 486 d  
 D1 Cycling (WLTP) 25% 25% 15% 30% 5210Ah 489 d  
 D2 Cycling (WLTP) 25% 25% 15% 30% 5740Ah 483 d  
 E1 Storage (3.7V) 10% 8% 2.5% 10% 1530Ah 454 d  
 E2 Storage (3.7V) 10% 8% 2.5% 10% 1690Ah 486 d  

Fig. 2. Overview of the presented approach, from data generation and extraction to 
the coupling of data-driven and physics-based models.

C-rate of 3∕2C to the simulation data, resulting in a total of seven C-
rates: C∕15, C∕10, C∕6, C∕3, C∕2, 1C and 3∕2C. Besides that, we extend 
the aging path space by running simulations with each eight discrete 
steps in varying DMs. LAM is varied between 0% and 40%, while LLI is 
varied between 0% and 60%. In total 260 out of the possible 512 simula-
tions are successful, due to constraints regarding the minimum voltage, 
and stored for later preprocessing. With these settings, the SOH ranges 
from 32.7% to 100% and in total 7 ⋅ 260 = 1820 samples are available.

The experimental data is taken from Schmitt et al. [28] and includes 
ten commercial INR18650 MJ1 nickel manganese cobalt oxide (NMC)-
silicone/graphite cells with 3.35Ah. As listed in Table  1, the cells were 
aged in five different scenarios. The aging test was performed for a 
total duration of maximum 489 d or until the cell surface temperature 
exceeded 60 ◦C at any time during the experiment. The operating am-
bient temperature during the experiment was set to 25 ◦C by a climate 
chamber. In the following we refer to the pseudo-OCV measurements 
as checkups, which took place during the reference performance test. 
The dataset not only includes the aging series of the ten cells, but also 
the pristine electrode potentials OCPNE and OCPPE. A pristine cell was 
opened within an argon-filled glove box and coin cells with lithium-
metal counter-electrodes were built. The used OCPs within this study 
are constant-current measurements at C∕90 and an ambient tempera-
ture of 25 ◦C [46,47]. Table  1 not only includes the aging condition but 
also the resulting SOH and DM fade in the final checkup. The SOH was 
calculated by a pseudo-OCV measurement with C∕30. It is defined as the 
capacity throughput within the voltage limits from 3.25V to 4.2V dur-
ing these checkups, in which 3.25V is the highest minimum value dur-
ing all pseudo-OCV measurements of all cells. As explained by Schmitt 
et al. [28] the minimum voltage value of the charging pseudo-OCV 
curve increases over time, i.e., with rising impedance. To allow com-
parable results, the pseudo-OCV, as well as the SOH, is defined within 
these limited voltage boundaries. Because the DMs were not available 
in the published data [28], we generate these labels via optimization 
and the pristine OCP curves of the electrodes. In every checkup, the 
OCV curve is known and can be used to map the OCPs to the OCV and 
generate the DM labels via Eq. (4) to (7). The cost function combines 
the OCV with the DVA and ICA fit, because this has been shown to in-
crease accuracy [48]. We refer to the measured and reconstructed DVA 
and ICA with DVAmeasured, DVAreco and ICAmeasured, ICAreco, respec-
tively. We use the scipy.optimize.minimize function with sequential 
least squares programming (SLSQP) and the default settings [49]. We 
exclude any additional constraints and solely pass upper and lower 
boundaries for the alignment parameter set 𝜗. Hence, the optimization 
problem for one cell at iteration/checkup 𝑖 > 1 is formulated as follows

𝜗𝑖,est = argmin
𝜗

(

𝑥1
|

|

|

|

|

|

OCV𝑖,measured − OCV𝑖,reco
max(OCV𝑖,measured)

|

|

|

|

|

|

2

2

+𝑥2
|

|

|

|

|

|

DVA𝑖,measured − DVA𝑖,reco
max(DVA𝑖,measured)

|

|

|

|

|

|

2

2

+𝑥3
|

|

|

|

|

|

ICA𝑖,measured − ICA𝑖,reco
max(ICA𝑖,measured)

|

|

|

|

|

|

2

2

)

s.t. 𝜗𝑖,est ≥ 0.8 ⋅ 𝜗𝑖−1,est
𝜗𝑖,est ≤ 1.1 ⋅ 𝜗𝑖−1,est

(11)

with 𝑥1 (OCV), 𝑥2 (DVA) and 𝑥3 (ICA) being 10, 1 and 1, respectively. 
These values were motivated by literature findings [48] and manu-
ally optimized to reach the lowest possible error. The components 
of the cost function are normalized to values below one for better 
interpretability of the weighting factors. The optimization runs for 
every cell individually and sets the boundaries depending on the last 
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Fig. 3. The measured SOH (a) and estimated DMs ((b) LLI, (c) LAMNE, (d) LAMPE) from the OCV reconstruction of the experimental data.

iteration. The initial value is set to the optimization result from the 
previous iteration. For the initial run, the values for 𝜗0 are set to 
[1.02, 1.14,−0.04,−0.14]. The MAEOCV stays below 3mV for all samples 
along lifetime. The results of all checkups from all cells in regard to 
SOH and DMs is visualized in Fig.  3. One checkup took place approx-
imately every 19 d. Each aging path includes two cells which mainly 
show very similar DMs over lifetime. All curves show good agreement 
with the visualized DMs in the publication by Schmitt et al. [28]. Note 
that they did not plot the DMs from checkups with a SOH below 80%. 
As can be seen in Fig.  3(a), the partial cycling in the upper and lower 
region result in almost the same DMs at the final checkup. During the 
cycling, however, the cells cycled in the lower voltage region have 
shown higher degradation. Degrading the cell with full cycles lead to 
the highest degradation with a final SOH of approximately 70%. The 
underlying DMs are higher than for any other aging condition. The 
WLTP cycling reaches similar DMs in the final checkup but showed 
a latter knee-point [6] after 15 checkups. In early checkups the cells 
behaved similar to those from the lower cycling phase. To analyze the 
influence of the checkups, a calendaric aging phase was conducted with 
cells stored at 3.7V, 25 ◦C and the whole duration of the experiment 
(486 days) [28]. As expected, this aging phase has shown the least 
degradation and the SOH stays above 90% for all checkups.

3.2. Method

The method overview is given by Fig.  2. Two models are developed 
with the same final output: The OCV, SOH and DMs. TL-NN-A directly 
estimates the OCV curve and feeds its output to an optimizer which 
fits the OCPs into the OCV curve to update its estimation and calculate 
the DMs. TL-NN-B does not require an optimization step because it 
estimates the alignment parameters. With these alignment parameters 
and the help of Eq.  (2) and Eqs. (4) to (7) it is possible to calculate the 
OCV curve and also the DMs. Hence, the TL-NN-B approach offers an 
opportunity with less computational but stricter data requirements due 
to the explicit mandatory knowledge over all DMs.

Table 2
Selected voltage windows from the simulation and experimental data during prepro-
cessing.
 𝑉min 𝑉max 𝑉min 𝑉max  
 Exp. Data 3.25V 3.8V Sim. Data 2.8V 3.8V  
 3.4V 4.0V 3.0V 4.0V  
 3.6V 4.1V 3.2V 4.1V  
 3.8V 4.2V 3.4V 4.25V 
 3.6V  
 3.8V  

Table 3
Data size and input/output relation of both models. The estimated alignment parameters 
from TL-NN-B are reduced to 𝜗reduced, consisting of three values 𝛼NE, 𝛼PE and 𝛽NE − 𝛽PE
because these values include the same information but final complexity is reduced.
 Signal Dimension TL-NN-A TL-NN-B  
 𝑄partial(𝑡) R<1×100> Input Input  
 𝑉partial(𝑡) R<1×100> Input Input  
 𝐼(𝑡) R<1×100> Input Input  
 𝑄OCV(𝑡) R<1×100> OutputTL OutputPB 
 OutputPB  
 OCV(𝑡) R<1×100> OutputTL OutputPB 
 OutputPB  
 SOH R<1×1> OutputTL OutputTL 
 OutputPB OutputPB 
 DMs R<1×3> OutputPB OutputPB 
 𝜗reduced R<1×3> OutputTL 
 𝜗 R<1×4> OutputPB  

Both models process the same source and target domain. The data 
undergoes preprocessing which includes voltage windowing to later 
access the sensitivity of the models. The voltage windows are selected 
as in Table  2. Due to a larger voltage span in the simulation data, we 
extend the possible minimum voltages for this data. With these sam-
pling, one simulation sample results in 23 windowed samples and one 
experimental sample in 15 windowed samples, respectively. In total, we 
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thus create 1820⋅23 = 41860 simulation data samples and 726⋅15 = 10890
experimental data samples. Both datasets are individually normalized 
to lie in a range between zero and one. The data structure can be 
accessed in Table  3. In Table  3 OutputTL refers to the output of a TL 
model and OutputPB is the estimated physics-based value, either from 
the optimization model (TL-NN-A) or the calculated output via Eqs. (2) 
and (4) to (7) (TL-NN-B). The information loss between describing the 
alignment parameters as three instead of four variables is zero because 
the absolute value for 𝛽NE can be accessed as the distance between the 
first value of the OCPNE curve and the minimum voltage of the full cell 
OCV curve. As shown in Table  3, both models utilize the same input 
from the partial charging segment: 𝑄partial(𝑡), 𝑉partial(𝑡), and 𝐼(𝑡). The NN 
models are designed to process raw time-series signals without the need 
for feature processing or dimensionality reduction. The data-driven 
section of TL-NN-A directly generates the full OCV curve 𝑄OCV(𝑡) and 
OCV(𝑡), from which the SOH can be determined as the maximum charge 
throughput between the voltage limits. In the subsequent optimization 
step, TL-NN-A again outputs the full OCV curve 𝑄OCV(𝑡) and OCV(𝑡)
along with the SOH. Additionally, this step allows for the calculation 
of DMs using the alignment parameters 𝜗. Conversely, the data-driven 
section of TL-NN-B directly provides the SOH value and the reduced 
alignment parameters 𝜗reduced. Through simple analytical equations, 
the complete TL-NN-B model can then compute the full OCV curve 
𝑄OCV(𝑡) and OCV(𝑡), as well as the DMs.

The study at hand determines the minimum requirements for fine-
tuning data necessary for adequate generalization. Hence, six different 
UCs, as defined in Fig.  4, are introduced. In Fig.  4, the experimental 
data is categorized for each cell along with its respective aging path 
(compare with Table  1) and the applied C-rates during the checkups. 
In Sub Fig.  4(g), the simulation data only shows the applied C-rates 
and the division for pretraining. During pretraining, the objective is 
to learn as much as possible from the source domain. Consequently, 
except for the data at C∕6 and C∕3, the simulation data is directly used 
for training.

The UCs are separated into three categories (UC1, UC2 and UC3) 
which differ in the included aging path for the fine-tuning. In every 
category itself, the B UCs (Fig.  4(b), (d), (f)) aggravate the TL process 
by reducing the fine-tuning data even further in regards to the included 
C-rate. UC1A and UC1B (Fig.  4(a), (b)) include cells from aging path 
A (Cycling (2.5V–4.2V)), D (Cycling (WLTP)) and E (Storage (3.7V)). 
Comparing with Table  1, it gets clear that these fine-tuning data, aging 
path A and D, show the highest degradation in terms of SOH and 
DMs and, hence, will be the easiest to apply TL. Fine-tuning data in 
UC2A and UC2B (Fig.  4(c), (d)) reduces to aging path A, which again 
shows the highest degradation and should allow successful TL. On the 
other side, UC3A and UC3B (Fig.  4(e), (f)) only include fine-tuning 
data from aging path B (Cycling (2.5V–4.0V)), which only shows a 
15% SOH drop. Hence, UC3A and UC3B are the most challenging tasks 
because their fine-tuning data from aging path B roughly shows half 
the degradation of aging path A.

As outlined in Fig.  2, the prior model is a NN that either esti-
mates the OCV curve (TL-NN-A) or directly estimates the alignment 
parameters (TL-NN-B). It is impossible to try every possible combi-
nation of available NN architectures to find the optimum. It is more 
efficient to tune the hyperparameters of a predefined architecture 
that has been shown to be advantageous for the given application 
in available literature [7,8,17,50–53]. TCNs have been found to be 
effective for time-series modeling as they can automatically extract 
relevant features from raw data [54]. Several studies have demon-
strated the effectiveness of TCNs for SOH estimation [7,8,17,50–53]. 
In this work, we propose a hybrid approach that combines TCN lay-
ers as a feature extractor with subsequent LSTM layers as a feature 
interpreter. This approach is supported by previous research showing 
the mutual benefits of combining CNN with LSTM, and even TCN 
with LSTM [17,18,50,55]. The optimum hyperparameters are found via 

Fig. 4. Definition of use cases including data split for model training, validation 
and testing. (a) UC1A including the description of the relation between cell and 
the respective aging path, (b) UC1B, (c) UC2A, (d) UC2B, (e) UC3A, (f) UC3B, (g) 
simulation dataset used for pretraining. The used training data within each UC is 
displayed in dark blue, whereas the validation data is light blue. Both, training and 
validation data, are used for fine-tuning. The test data is yellow and if the data is 
excluded it is pictured white.

Bayesian optimization. Bayesian optimization is the state-of-the-art hy-
perparameter tuning method because it allows the exploration of large 
search spaces and the exploitation of promising valleys while being 
very efficient [17,56]. Bayesian optimization minimizes the required 
trials to find the optimum hyperparameter set because a surrogate 
model prunes unpromising directions and hence shrinks the search 
space continuously [17,56]. In this study, the KerasTuner [57] is used 
to optimize the NNs. Two different NNs, TL-NN-A and TL-NN-B, each 
adopted for six different UCs, are developed. The architecture tuning 
is limited to the source domain. The search space, however, stays 
consistent for every tuning operation and is listed in Table  4. In Table 
4, for any hyperparameter 𝜆 for any layer 𝑁 the possible set of values 
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Table 4
Search space for Bayesian hyperparameter tuning, where 𝑁 refers to 
the layer number and 𝜆 is a hyperparameter that belongs to the set of 
possible hyperparameters 𝛬. Hence, for every additional TCN or LSTM 
layer, the respective hyperparameters can be tuned individually.
 Hyperparameter Definition  
 TCN layers 𝜆TCN ∈ 𝛬TCN  
 with 𝛬TCN ∶= {𝜆TCN ∈ N; 1 ≤ 𝜆TCN ≤ 3}  
 Kernel Size 𝜆K,𝑁 ∈ 𝛬K  
 with 𝛬K ∶= {𝜆K ∈ N; 1 ≤ 𝜆K ≤ 8}  
 Filter Size 𝜆F,𝑁 ∈ 𝛬F  
 with 𝛬F ∶= {𝜆F ∈ N; 8 ≤ 𝜆F ≤ 128}  
 LSTM layers 𝜆LSTM ∈ 𝛬LSTM  
 with 𝛬LSTM ∶= {𝜆LSTM ∈ N; 0 ≤ 𝜆LSTM ≤ 2} 
 Units 𝜆U,𝑁 ∈ 𝛬U  
 with 𝛬U ∶= {𝜆U ∈ N; 8 ≤ 𝜆U ≤ 128}  
 Dropout 𝜆D,𝑁 ∈ 𝛬D  
 with 𝛬D ∶= {𝜆D ∈ D; 0 ≤ 𝜆D ≤ 0.5}  

Fig. 5. Architecture of the optimized model for DM and SOH estimation, where (a) is 
the TL-NN-A and (b) is the TL-NN-B. In the TCN layers, K represents the kernel size 
and F the filter size.

is given by 𝛬. For any hyperparameter not listed in Table  4, we 
use the default parameter. Additionally, the models must end with 
a LSTM-layer which matches the output dimensions, i.e., two units 
for TL-NN-A and four units for TL-NN-B. All training run with the 
Adam optimizer [58]. The tuning process runs for 100 iterations with 
60 initial points, a batch size of 128 and a maximum number of 500
epochs on a NVIDIA L4-2Q with 8GB dedicated memory. One trial 
runs as long as the validation loss does not decrease for 50 consecutive 
epochs. Both TL-NNs use the data at C∕3 from the simulation data as 
the validation data, the C∕6 curves as the test data and the remaining 
simulation data serves as the training data. After successful tuning, 
the base TL-NNs are trained with the full simulation data in order 
to reach the optimum knowledge transfer. During this base-training 
process, 33% of the simulation data are excluded from the training 
data and rather used as the validation data. The final architectures 
for the base transfer learned neural network (TL-NN)s are displayed 
in Fig.  5. Both the TL-NN-A (Fig.  5(a)) and TL-NN-B (Fig.  5(b)) show 
similar complexity. The TL-NN-A includes one more LSTM layer and 
the TL-NN-B reduces the dimension in the last LSTM layer to match 
the final output.

In this work, we employ a TL approach to leverage the knowledge 
gained from the source domain for the target domain. Specifically, 

we utilize a fine-tuning strategy with a reduced learning rate, which 
is a type of parameter-based TL. The parameter-based TL approach 
belongs to the broader category of model-based TL, which in turn is 
a sub-category of domain adaptation TL [44]. Given that our source 
and target domains are different while the task remains the same, 
parameter-based TL is optimal for our problem. Within parameter-
based TL, the two primary options are partial freezing and fine-tuning. 
We choose fine-tuning because it allows for adjustments throughout 
the network, which can lead to improved performance. This approach 
has also been successfully employed in other studies, such as those 
by Yao and Han [14] and Zhou et al. [15], where fine-tuning yielded 
positive results. The rationale behind this hierarchical TL strategy is 
that the source and target domains are highly similar. Both datasets 
are obtained from battery cells with a similar chemistry (NCA-graphite 
vs. NMC-silicone/graphite), and the input and output data, as well 
as the underlying patterns, are analogous across the two domains. 
Prior literature has shown the effectiveness of TL techniques in such 
scenarios [15,17–20]. By employing the fine-tuning approach with a 
reduced learning rate, we can capitalize on the similarities between 
the source and target domains, while minimizing the need for extensive 
retraining or architectural changes. This TL strategy allows the model 
to effectively leverage the knowledge gained from the source domain 
to improve the performance on the target task, which is crucial for the 
practical deployment of the proposed approach. The fine-tuning process 
runs for a maximum of 1000 epochs with a learning rate of 1 × 10−5

and the early stopping criterion being 20 consecutive epochs without a 
decrease in the validation loss. A detailed overview, including the final 
performed epochs during fine-tuning, can be found in the Appendix  A, 
Table  A.7.

As can be seen in Fig.  2 the output of the TL models are later fed into 
an optimization model (TL-NN-A) or directly into equations (TL-NN-B) 
to calculate the DMs. The OCV curve from TL-NN-A is optimized via 
OCP fitting and the optimization problem defined in Eq.  (11). The same 
procedure, as for generating the ground-truth labels of the experimental 
data, is followed for OCV fitting: In the first iteration for one cell, 
the pristine, ideal alignment parameters 𝜗ini = [1.02, 1.14,−0.04,−0.14]
are set as the initial value with the upper and lower boundary being 
0.8 ⋅ 𝜗ini ≤ 𝜗1 ≤ 1.1 ⋅ 𝜗ini. Every succeeding iteration/checkup assumes 
the prior solution as the initial value and allows the same variation 
as in the initial run. Because TL-NN-B directly estimates the alignment 
parameter set 𝜗, Eqs. (4) to (7) are enough to calculate the OCV curve 
and the DMs.

4. Results and discussion

This work investigates the advantages of combining synthetic data 
with ML and the mechanistic model approach. Especially, the under-
gone study answers the question about which coupling is the most 
beneficial for accurate SOH, DM and OCV curve estimation from partial 
charging voltage segments. Guidelines for the mandatory experiments 
required to fine-tune pre-trained NNs are derived by defining vary-
ing UCs with reduced experimental fine-tuning data for the prior TL 
models, as shown in Fig.  4.

4.1. Benchmark

Table  5 offers an overview of the models’ performance for the 
respective complete test data, regarding to Fig.  4. From Table  5 it can 
be seen at first glance that both TL models perform with comparable ac-
curacy. The computationally less complex TL-NN-B, however, performs 
slightly better, especially in terms of DM accuracy. 

4.1.1. Use case 1
Both models achieve high accuracy for UC1A: The MAEOCV stays 

below 8mV and the MAPESOH below 1.2%. While LLI is also estimated 
with high accuracy, the LAMNE shows MAEs up to 2.48% for the 
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Table 5
Performance comparison of TL-NN-A and TL-NN-B for different UCs and their complete test data. The UCs 
differ in the amount of training data for the training/fine-tuning process.
 MAPESOH MAEOCV MAELAM-NE MAELAM-PE MAELLI 
 UC1A TL-NN-A 1.16% 7.55mV 2.48% 2.13% 0.82%  
 TL-NN-B 0.96% 5.83mV 0.97% 0.73% 0.81%  
 UC1B TL-NN-A 3.67% 15.8mV 2.57% 3.81% 2.80%  
 TL-NN-B 2.62% 14.0mV 2.41% 1.17% 2.36%  
 UC2A TL-NN-A 1.17% 8.21mV 2.83% 2.03% 0.97%  
 TL-NN-B 1.21% 7.23mV 1.40% 0.61% 1.11%  
 UC2B TL-NN-A 4.06% 19.2mV 3.22% 3.71% 3.43%  
 TL-NN-B 3.13% 18.8mV 2.99% 1.55% 3.29%  
 UC3A TL-NN-A 1.86% 10.2mV 2.97% 2.27% 1.21%  
 TL-NN-B 1.54% 12.4mV 1.28% 1.26% 1.27%  
 UC3B TL-NN-A 5.00% 31.9mV 5.49% 3.78% 5.24%  
 TL-NN-B 4.97% 32.7mV 5.06% 4.18% 4.16%  

TL-NN-A model. Due to less fine-tuning data in UC1B, the performance 
worsens for both models and the MAEOCV rises above 15mV. Obviously, 
due to a lower LAMPE estimation accuracy, also the MAPESOH is worse 
for TL-NN-A. Fig.  6 and Fig.  B.14 (in Appendix  B.1) offer a more 
detailed analysis in regards to varying input voltage windows. Interest-
ingly, both models barely show any voltage-window-dependency. There 
is a slight tendency towards lower voltage segments, as discussed in 
our previous work [17]: Cells with graphite anodes show the highest 
gradient of their OCP during the begin of charge of the full cell, as 
can be seen in Fig.  1(a). This gradient is detectable in the full cell 
voltage response during constant-current charging and, hence, allows 
to estimate the anode degradation. On the other side, upper voltage 
segments only include one detectable change of gradient due to the 
anode. In some cases this is not only difficult to distinguish from 
the cathodic gradient changes but further does not include as much 
information as the gradient changes in the lower voltage segment. Even 
with very limited input data, i.e., a partial charging curve from 3.8V to
4.0V, the MAEOCV stays below 10mV and the DMs are estimated with 
adequate accuracy. This behavior drastically changes for UC1B: With 
limited fine-tuning data, the voltage-window-dependency increases. 
While segments from the lower range still achieve comparable results 
to UC1A, both models have resulting MAEOCV above 30mV for a lower 
cutoff voltage of 3.8V, i.e., 𝑉min ≥ 3.8V. Fig.  B.14 in Appendix  B.1 
shows that TL-NN-A has more stable estimations and shows higher 
interpretability. This can also be attributed to the fact that TL-NN-A 
is not designed to directly produce the alignment parameters and, 
consequently, the DMs. TL-NN-B, however, seems to already include 
overfitted sections, i.e., voltage windows with a lower cutoff voltage of 
3.6V. The observation that nearly every estimated variable from these 
limited voltage windows surpasses the accuracy of those estimated 
with the full input voltage window suggests an increased likelihood 
of overfitting. The full voltage window encompasses more information 
than the partial segments and should, therefore, be capable of achieving 
higher estimation accuracy compared to any individual partial voltage 
window. Moreover, TL-NN-B reaches low LAMPE errors, independent of 
the input data, leading to the same assumption. Figs.  7 and 8 display 
the reduction of the input data to only one sample at a specific SOH 
and with input data from the C∕2 charging events for UC1A. Fig. 
7, specifically, visualizes the measured and estimated OCV, ICA and 
DVA for samples at a SOH of 91%. The OCV trajectory (Fig.  7(a), 
(d), (g), (j)) shows that all models underestimate the SOH. However, 
a more detailed analysis can be derived from the ICA (Fig.  7 (b), 
(e), (h), (k)) and DVA (Fig.  7(c), (f), (i), (l)). The prior TCN-LSTM 
model introduces high noise in the reconstructed signal, evident in 
several peaks. Despite this, the mean peaks and valleys caused by 
electrode degradation are accurately captured. The optimized models 
TL-NN-A and TL-NN-B align well with the positions of all peaks and 
valleys, though the peaks appear exaggerated and sharper compared 
to real measurements. This discrepancy is due to the impedance rise 

and increasing inhomogeneity in the real cell, causing the extrema in 
the ICA and DVA to diminish slightly [59]. The reconstructed signals 
fail to account for this behavior accurately because they are calculated 
from pristine OCP measurements. This behavior becomes clearer when 
comparing with Figs.  B.12 and B.13 in Appendix  B.1. At the pristine 
state, the amplitude of all peaks in the ICA matches for both TL-NN-A 
and TL-NN-B. For the aged cell with a SOH of 81% (Fig.  B.13), the 
measured peaks decrease in amplitude, and the mismatch between 
measured and reconstructed signals increases.

Since directly comparing the model output (OCV) with the mea-
sured voltage curve using Figs.  7, B.12, and B.13 is challenging, we 
evaluate the error trajectory for all analyzed input data, summarized 
in Fig.  8. It shows the error course of the estimated OCV from the prior 
TCN-LSTM network within TL-NN-A and the final OCV reconstructions 
error from TL-NN-A and TL-NN-B. This evaluation is presented for three 
distinct aging states SOH = 100%, SOH = 91% and SOH = 84%
and four varying SOC ranges: low range from approximately 0% to
50%, the mid range from approximately 20% to 90%, the high range 
from approximately 50% to 100% and the full range. Note that the 
input segments are snipped based on voltage boundaries, as described 
in Fig.  8, hence, the SOC ranges are rough estimates. As before, the 
evaluation shows both models perform with high accuracy and that the 
error mostly stays within the 20mV boundaries. Even the first estimate 
from the stand-alone TCN-LSTM model in path A achieves satisfactory 
results. These estimations, however, still include noisy artifacts, as 
visible when comparing all three lines. Reconstructing the OCV via 
optimization not only allows the estimation of the DMs but also the 
correction of the OCV curve. Although the MAEOCV barely reduces 
with optimization, the final results are more realistic and represent the 
physico-chemical effects of battery aging. In general, the reconstruction 
accuracy slightly decreases for higher degradation, as can be seen in 
Fig.  8. This is reasonable due to the increasing internal resistance 
leading to higher overpotentials and, hence, less visible features of 
the OCPs in the full cell voltage trajectory. Interestingly, the general 
course of the error course seems similar for one C∕2 measurement at 
the same SOH with varying input voltage segments. The offset to zero, 
however, decreases for the full input segment. The models seem to 
interpret similar features of the input data, independent of the voltage 
segment. For all samples and models especially the error below 1Ah has 
a dynamic trajectory due to the high gradient in the lower SOC region 
in combination with many gradient changes. Non-accurate estimations 
of the shifting between both OCPs, thus, generate this special trend. 
For each sample, an increasing OCV error is observed towards the end 
of the charge cycle. This phenomenon can be attributed to the model’s 
imperfect estimation of the SOH, leading to a premature termination 
of either the reconstructed or the measured OCV. During this phase, 
the OCV rises rapidly, as illustrated in Fig.  1(a), thereby causing a 
substantial increase in the error. An unusual behavior is the negative 
error in the beginning of the reconstruction for the plain TCN-LSTM 
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Fig. 6. SOH estimation, DM estimation and OCV reconstruction accuracy for model 
TL-NN-A and TL-NN-B for UC1A and varying partial voltage input charging curves. The 
Subfigures show in detail the MAPESOH for (a) TL-NN-A and (b) TL-NN-B, the MAEOCV
for (c) TL-NN-A and (d) TL-NN-B, the MAELAM-NE for (e) TL-NN-A and (f) TL-NN-B, the 
MAELAM-PE for (g) TL-NN-A and (h) TL-NN-B, and the MAELLI for (i) TL-NN-A and (j) 
TL-NN-B.

model and the samples from 100% SOH. The NN overestimates the OCV 
curve by up to 20mV, independent of the input voltage segment. This 
behavior can be explained by an overestimation of LAMNE. The OCV 
error reaches even −50mV for end of charge which simply is due to an 
earlier cutoff and a lower estimated SOH.

4.1.2. Use case 2
We conduct the same analysis for UC2A and UC2B in Figs.  9

and B.15, Appendix  B.2, with a similar result: Both approaches work 
excellent for UC2A, but struggle to achieve comparable performance 

for UC2B, which is also supported by Table  5. While the MAEOCV still 
remains below 10mV, the MAPESOH below 2% and all DMs mostly 
below 3% for UC2A, this behavior changes for UC2B: The TL-NN-A 
reaches similar results only for the lower and full SOC ranges with a 
lower cutoff voltage below 3.4V. The TL-NN-B even requires a start SOC 
of 0% to maintain similar accuracy. The overall performance is highly 
influenced by the input data and a lower cutoff voltage generally leads 
to higher accuracy. As in UC1B, there seems to be an overfitted section 
with input data and a lower cutoff voltage of 3.6V for TL-NN-B.

4.1.3. Use case 3
As listed in Table  5 both models perform comparably well for 

UC3A with an OCV reconstruction error below 13mV and a MAPESOH
below 2%. Interestingly, TL-NN-B shows higher estimation accuracy in 
terms of SOH and DMs while the OCV reconstruction error is higher. 
The UC3B, however, seems to mark the boundary of successful TL 
because for both models the OCV reconstruction error exceeds 30mV
and all states are estimated with unusable accuracy. Figs.  10 and B.16, 
Appendix  B.3, compare both models and UCs according to varying 
input voltage windows. The voltage-window-dependency is strongly 
visible for both models in UC3A, Fig.  10. Both models achieve ade-
quate reconstruction and estimation accuracy for voltage windows with 
𝑉min ≤ 3.6V. TL-NN-A struggles to maintain high accuracy for LAMNE
estimation, whereas TL-NN-B maintains a MAE below 2% for all input 
windows. This behavior drastically changes for UC3B: Both models fail 
to apply their transferred knowledge and the OCV reconstruction error 
stays above 25mV for all input data. Fig.  B.16 in Appendix  B.3 reveals 
that both models fail to estimate the anode aging which of course 
leads to worsened OCV reconstruction and, hence, less accurate loss 
of lithium inventory (LLI) and SOH estimation. For TL-NN-A, however, 
the voltage-window-dependency is still very visible, especially for the 
SOH and LAMPE estimation. Fig.  11 presents the estimation accuracy 
per aging path from the test data for UC3A and TL-NN-A. UC3A offers 
the most challenging and still successful TL step with very limited fine-
tuning data from cells which do not show the complete degradation, 
as can be seen in Fig.  3 and Table  1. According to the findings from 
our previous study [17] and the included information from Table  1 we 
expect TL-NN-A to not reach high accuracy for samples with SOH ≤
85%, LAMNE ≥ 15%, LAMPE ≥ 8% or LLI ≥ 15%. In Fig.  11, how-
ever, this theory cannot be confirmed completely. For the degradation 
paths with lower degradation, i.e., path C (Cycling (3.6V − 4.2V)) 
and path E (Storage (3.7V)), the model performs well besides a small 
overestimation of LAMPE. The standard deviation remains narrow and 
especially LLI and SOH are estimated with high accuracy. Even for the 
two degradation paths with higher degradation, i.e., path A (Cycling 
(2.5V − 4.2V)) and path D (Cycling (WLTP)), the accuracy stays high 
for the LLI and SOH estimation. Again, LAMPE is overestimated for 
all checkups but the standard deviation stays narrow until the last 
checkups. During the state of higher degradation, the TL-NN-A loses 
accuracy, estimations get worse and standard deviation increases. This 
trend, however, does not start once LAMPE ≥ 8%, but rather once 
LAMPE ≥ 15%. The LAMNE estimations also start to show wide standard 
deviations ranging from 0% to 25% once the measured LAMNE exceeds 
approximately 15%. This is again in well agreement with the prior 
assumption [17]. 

In Table  5 the MAE for LAMNE and LAMPE stays below 3% for 
TL-NN-A. Comparing with Fig.  11 this seems inconsistent because esti-
mation for aging path A (Cycling (2.5V–4.2V)) and D (Cycling (WLTP)) 
gets highly inaccurate with absolute deviations up to 20%. This high 
variance can be either be interpreted as low confidence estimation or 
as some samples with high deviations in relation to the full dataset 
performance. The final scalar metric is calculated from the entire test 
dataset. The influence of outliers in the dataset is diminished due to the 
large data size. Therefore, it is highly recommended to not solely rely 
on a single metric, but rather analyze individual samples and smaller 
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Fig. 7. Evaluation of the OCV, ICA and DVA reconstruction from the prior TCN-LSTM model from TL-NN-A, the final TL-NN-A and TL-NN-B, which includes the performance for 
UC1A and test data drawn from partial charging events at C∕2 and a SOH of 91%. Four different voltage / SOC windows are evaluated: The low SOC-range ((a)–(c)) corresponds 
to a voltage window from 3.25V to 3.8V, the middle window ((d)–(f)) from 3.6V to 4.1V and the high SOC-range ((g)–(i)) from 3.8V to 4.2V. Subfigures (j)–(l) show the results 
for the full input voltage.

subsets of the test dataset to identify high variance in the model’s 
estimation performance.

4.2. Comprehensive discussion

The results of our study reveal the benefits of coupling simulation 
data with ML and the mechanistic model approach. Both models prove 
their applicability for OCV reconstruction and DM estimation, even for 
limited fine-tuning data. During the A UCs, fine-tuning data is limited 
even further but it includes samples from every C-rate. This allows the 
TL-NN-A and TL-NN-B to maintain high accuracy independent of the 
input voltage window. All B UCs aggravate the TL by eliminating some 
C-rates from the fine-tuning data. This leads to stronger requirements 
for the input voltage window, i.e., lower cutoff voltage, for UC1B and 
UC2B. For UC3B, however, an accurate reconstruction is not possible 
anymore because the fine-tung data only includes samples from C∕2. 
Both models, TL-NN-A and TL-NN-B, perform comparably well. As can 
be seen in Table  5, TL-NN-B reaches lower DM estimation errors. Be-
sides that, TL-NN-B convinces by reduced computational requirements: 
The initial output from the TL-NN-B only includes four scalars (Fig. 
5(b)) and the OCV curve can be calculated with a simple equation, 
see Eq. (2). The coupling of TL with optimization, however, yields 
more interpretable results with more stable estimation and a stronger 
voltage-window-dependency, e.g., compare with Fig.  B.14 in Appendix 
B.1 and B.15 in Appendix  B.2. The TL-NN-A does not show any obvious 

overfitted section and yields reasonable LAMNE errors for the upper 
voltage segments.

As can be seen in Fig.  5(a) the TL-NN-A model deviates from the 
tuned architecture in our previous work [17], i.e., the model is more 
complex and includes two additional LSTM-layers. The input TCN layer, 
however, has almost the same hyperparameters which is a result of 
the similar training data. The higher complexity can be explained by 
the extended data including more C-rates and voltage windows. The 
number of epochs increases for higher UCs which may be due to a chal-
lenging training dataset in the lower UCs: The models get eventually 
stuck in a local optimum early in the fitting process. For sparse data 
the optimization landscape may be more well-defined and the fitting 
process is likely to run into overfitting. On the other hand, the diverse 
experimental data in the early UCs works as a type of regularization and 
prevents the models from overfitting [60]. In our previous work [17], 
we have shown with our UCs that fine-tuning with data from multiple 
cells but only at one C-rate leads to worsened performance with OCV 
reconstruction errors around 20mV for varying voltage windows. This 
extended study at hand reveals that also the implicit DMs play a crucial 
role. By selecting fine-tuning data from the cells which show the highest 
degradation, i.e., from path A (Cycling (2.5V − 4.2V), compare Table 
1), and including all C-rates we optimize the performance of both 
models and consequently reach OCV reconstruction errors below 10mV
independent of the input data. Although the model developed in our 
prior study [17] was fine-tuned with two cells from varying aging 
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Fig. 8. Evaluation of the OCV reconstruction error from the prior TCN-LSTM model from TL-NN-A, the final TL-NN-A and TL-NN-B, which includes the performance for UC1A 
and test data drawn from partial charging events at C∕2. The error course is plotted over the charge throughput of the OCV measurement during the respective checkup. Three 
degradation states and four different voltage / SOC windows are evaluated: The low SOC-range ((a)–(c)) corresponds to a voltage window from 3.25V to 3.8V, the middle window 
((d)–(f)) from 3.6V to 4.1V and the high SOC-range ((g)–(i)) from 3.8V to 4.2V. Subfigures (j)–(l) show the results for the full input voltage. The 20mV error boundaries are 
plotted for better visibility in dashed gray lines. For all evaluated scenarios the MAEOCV error is included in the subplot, in its respective color. The left text belongs to the prior 
TCN-LSTM from TL-NN-A, the middle text to the final TL-NN-A, while the right text corresponds to the TL-NN-B.

paths and, hence, the learned degradation pattern is more diverse, 
the error is above 10mV for any input data segment with a lower 
cutoff voltage 𝑉min ≥ 3.4V. Comparing both studies, we can conclude 
that this behavior must be due to the included samples at C∕2 in 
the fine-tuning of TL-NN-A and TL-NN-B. In contrast to our previous 
study [17], by introducing an alternative UC definition, according to 
Fig.  4, we have revealed that extrapolation of estimation is possible 
to some extent. For UC3A the TL-NN-A is able to estimate the correct 
DMs and SOH for two degradation paths which show higher DMs than 
the fine-tuning data. The standard deviations for the LAM estimations, 
however, increase once the input samples move too far away from the 
re-learned fine-tuning data. On the other hand, this extrapolation is not 
possible in combination with varying C-rates as in UC3B: The model 
cannot conclude the correct OCV just from fine-tuning with data at the 
medium C-rate and medium degradation.

Comparing our work to a purely optimization-based approach as 
in the work by Schmitt et al. [28], we can reach more accurate DM 
estimations even for partial charging events at higher C-rates. Schmitt 
et al. [28] concluded that at least a C-rate below C∕15 or partial 
charging segments spanning at least the SOC range from 20% to 70%
at an even lower C-rate of C∕30 are necessary to yield accurate DM 
estimations. Especially for the upper voltage segments our approach 
outperforms the model by Schmitt et al. [28] in terms of DM estima-
tion accuracy: For a partial voltage segment, measured at C∕30 from 
50% to 85% SOC, Schmitt et al. [28] have reached a RMSELAM-NE of 
14.4%, a RMSELAM-PE of 2.5% and a RMSELLI of 8.3%. This SOC range 

approximates to the voltage window from 3.8V to 4.1V independent 
of the applied C-rate. For all of the UCs UC1A, UC2A and UC3A both 
models – TL-NN-A and TL-NN-B – maintain DM estimation MAEs below 
3% (RMSELAM-NE ≤ 5.08%, RMSELAM-PE ≤ 3.67%, RMSELLI ≤ 1.95%) 
even for a test data comprising of voltage curves solely captured at 
an applied current between C∕3.85 and 1C (compare Figs.  6, 9 and 
10). A similar improvement holds true for the OCV reconstruction and 
SOH estimation error: While Schmitt et al. [28] reached a RMSEOCV
of 32mV and RMSESOH of 8.0% our TL-NN-A maintains a MAEOCV
below 12.2mV (RMSEOCV ≤ 14.4mV) and a MAPESOH below 2.47%
(RMSESOH ≤ 2.46%) for the A UCs. Similar, the TL-NN-B yields a 
MAEOCV below 18.1mV (RMSEOCV ≤ 24.2mV) and a MAPESOH below 
1.63% (RMSESOH ≤ 1.77%). While this example is only on selected 
voltage window, the general trend holds true for all input voltage 
segments and even applies for the lower voltage segments from UC1B 
and UC2B (compare Figs.  6, B.14 in Appendix  B.1, 9, B.15 in Appendix 
B.2, 10, B.16 in Appendix  B.3).

The comparison with the developed TCN network by Bockrath et al. 
[8], which directly estimates the SOH from partial discharge voltage 
segments at approximately C∕2, allows to evaluate the benefit of the 
TL step from synthetic data: Their developed NN reaches a RMSESOH
of 1.0% for 3.2V to 4.2V, 13.1% for 3.2V to 3.5V, 2.9% for 3.5V to
3.7V and 1.4% for 3.7V to 4.2V [8]. These values lie in a comparable 
range to our MAPESOH for varying UCs and both models TL-NN-A and 
TL-NN-B (compare Fig.  6, B.14 in Appendix  B.1, 9, B.15 in Appendix 
B.2, 10, B.16 in Appendix  B.3). Contrary to our thesis, they concluded 
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Fig. 9. SOH estimation, DM estimation and OCV reconstruction accuracy for model 
TL-NN-A and TL-NN-B for UC2A and varying partial voltage input charging curves. The 
Subfigures show in detail the MAPESOH for (a) TL-NN-A and (b) TL-NN-B, the MAEOCV
for (c) TL-NN-A and (d) TL-NN-B, the MAELAM-NE for (e) TL-NN-A and (f) TL-NN-B, the 
MAELAM-PE for (g) TL-NN-A and (h) TL-NN-B, and the MAELLI for (i) TL-NN-A and (j) 
TL-NN-B.

that the upper voltage segments are better suitable for SOH estimation 
due to higher correlation between the accumulated charge in this 
segments and the full capacity throughput. When it comes to OCV 
reconstruction and DM estimation, however, our findings show that the 
lower voltage segments are better suited, which also aligns with the 
results from Schmitt et al. [28]. In essence, this phenomenon can be 
attributed to the geometrical characteristics, specifically the gradient 
variations within the voltage curve. Capturing and learning a greater 
number of these features across the potential degradation range of a 
battery cell enhances the accuracy of OCV reconstruction and SOH 

Fig. 10. SOH estimation, DM estimation and OCV reconstruction accuracy for model 
TL-NN-A and TL-NN-B for UC3A and varying partial voltage input charging curves. The 
Subfigures show in detail the MAPESOH for (a) TL-NN-A and (b) TL-NN-B, the MAEOCV
for (c) TL-NN-A and (d) TL-NN-B, the MAELAM-NE for (e) TL-NN-A and (f) TL-NN-B, the 
MAELAM-PE for (g) TL-NN-A and (h) TL-NN-B, and the MAELLI for (i) TL-NN-A and (j) 
TL-NN-B.

estimation. Ultimately, minimal electrochemical knowledge but rather 
mathematical understanding is required to develop data-driven models 
that effectively learn the trends of battery degradation.

The only comparable study to evaluate the coupling of ML and the 
mechanistic model approach was derived by Tian et al. [25]: They 
have trained a NN to estimate the stoichiometries from partial charging 
voltage segments at 1C and directly derived the OCV curve from that. 
For 200mV voltage segments at varying SOC positions their recon-
structed OCV curve maintained RMSEs below 15mV and the derived 
MAESOH was under 3.7%. Their estimated DMs accuracies were not 
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Fig. 11. Measured and estimated SOH and DMs for UC3A and TL-NN-A. The true values are displayed in solid lines, while the estimations from both cells per aging path are 
pointed with the shaded areas showing the standard deviation. The standard deviation shows the result of all estimations at one aging state with all different possible voltage 
windows.

fully specified but – visually analyzed – stayed in good agreement with 
their reference. Their LAMNE estimation, however, starts to increase its 
deviation for later cycles. Our developed TL-NN-B follows a very similar 
approach but includes TL to aggravate more training data, which seems 
to benefit the OCV reconstruction. For 200mV input segments the 
TL-NN-B reconstructs the OCV curve for UC1A and UC2A with a MAE 
below 9.5mV (RMSEOCV ≤ 16.1mV) and also the MAPESOH stays under 
1.58% (MAESOH ≤ 1.46%, compare Figs.  6, 9).

As in any data-driven method, our results show that training data – 
source and target domain – heavily influence the performance. Previous 
findings [17] already prove the eligibility of synthetic data as the 
source domain and prove that the source domain must cover all possible 
variations in terms of C-rate, SOC window or DMs of the target domain. 
Additionally, our previous study [17] highlights that the choice and 
amount of synthetic data for pretraining do not matter as long as it 
includes a sufficient amount of supporting points within the boundaries 
of the describing parameters, ensuring accurate representation within 
the target domain. Due to our UC definition in Fig.  4 we can conclude 

that also the fine-tuning data from the target domain highly matters: 
To allow accurate OCV reconstruction it must at least include the 
boundaries of the test data, as can be seen in Table  5. This implies that 
the fine-tuning data should always be selected from the cells showing 
the highest degradation. Further, the lowest and highest C-rates of all 
samples, i.e., C∕3.85 and 1C as in our UC3A, must be included as well. It 
remains an open research question to determine the extent to which this 
simplification of fine-tuning data can be pursued in real-world scenarios 
including battery cell validation in industry application. On one hand, 
it is crucial to understand the validity of this assumption across varying 
dataset sizes. On the other hand, research must be conducted to explore 
how much the fine-tuning data can be minimized to ascertain whether 
highly accelerated aging tests are sufficient for this purpose. With these 
findings it will be possible to conclude possible time and cost savings 
enabled by TL from synthetic data.

The comparison of both model architectures – TL-NN-A coupling 
TL and optimization, and TL-NN-B coupling TL and the mechanistic 
model – is challenging to conclude with a clear advantage on one 
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Table 6
A typical experiment design for aging model parametrization according to industry experience and literature [61]. The used 
experimental data [28] in our approach is highlighted (lightgray) including the resulting capacity fade and DMs, as well as the 
reduced fine-tuning data for UC2A (darkgray).
Aging condition Current profile Temperature SOC / Voltage-range 𝛥SOH 𝛥LAMNE 𝛥LAMPE 𝛥LLI
Cyclic 0.5C 25 ◦C 2.5V to 4.2V

2.5V to 4.0V
3.6V to 4.2V

35 ◦C 2.5V to 4.2V
2.5V to 4.0V
3.6V to 4.2V

1C 25 ◦C 2.5V to 4.2V 30% 30% 15% 35%
2.5V to 4.0V 15% 15% 8% 15%
3.6V to 4.2V 15% 15% 8% 15%

35 ◦C 2.5V to 4.2V
2.5V to 4.0V
3.6V to 4.2V

WLTP 25 ◦C 25% 25% 15% 30%
35 ◦C

3N3F 10 ◦C
25 ◦C
35 ◦C

Calendaric 25 ◦C 10%
50% 10% 8% 2.5% 10%
100%

50 ◦C 10%
50%
100%

Fig. B.12. Evaluation of the OCV, ICA and DVA reconstruction from the prior TCN-LSTM model from TL-NN-A, the final TL-NN-A and TL-NN-B, which includes the performance for 
UC1A and test data drawn from partial charging events at C∕2 and a SOH of 100%. Four different voltage / SOC windows are evaluated: The low SOC-range ((a)–(c)) corresponds 
to a voltage window from 3.25V to 3.8V, the middle window ((d)–(f)) from 3.6V to 4.1V and the high SOC-range ((g)–(i)) from 3.8V to 4.2V. Subfigures (j)–(l) show the results 
for the full input voltage.
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Fig. B.13. Evaluation of the OCV, ICA and DVA reconstruction from the prior TCN-LSTM model from TL-NN-A, the final TL-NN-A and TL-NN-B, which includes the performance 
for UC1A and test data drawn from partial charging events at C∕2 and a SOH of 84%. Four different voltage / SOC windows are evaluated: The low SOC-range ((a)–(c)) corresponds 
to a voltage window from 3.25V to 3.8V, the middle window ((d)–(f)) from 3.6V to 4.1V and the high SOC-range ((g)–(i)) from 3.8V to 4.2V. Subfigures (j)–(l) show the results 
for the full input voltage.

side. The TL-NN-B, however, has less computational complexity and 
slightly outperforms the TL-NN-A in almost any UC. It has the downside 
of requiring the exact alignment parameters for both, the source and 
target domain, for model training. This requirement can often not be 
fulfilled, whereas the TL-NN-A suffices with the captured OCV and the 
pristine alignment parameters, without any additional label. Hence, 
TL-NN-A allows the OCV reconstruction and DM estimation applied to 
almost any battery aging test.

The results from UC2A show that a huge reduction of the planned 
experiments is possible if a pretrained TL model is used. Our findings 
strongly suggest that the exact aging path does not matter as long as 
the explicit fine-tuning data provoke the highest degradation in terms 
of SOH and DMs. If we assume that Table  6 is the standard for data-
driven aging model parametrization, we reduce the number of required 
experiments from 23 to 1. If we assume that one aging experiment 
runs for 500 days, a checkup is performed every 30 days and a climate 
chamber makes up 36% of the aging costs (cycling + storage), the TL 
approach can reduce the costs by 95%.

Especially TL-NN-A, due to its low requirements on fine-tuning data, 
offers a high probability of being successfully applied to onboard or 
backend BEV algorithms. Offering aging-path-individual OCV updates 
takes a huge step towards optimized battery usage strategy, increases 
the accuracy of state estimation and eventually prolongs the lifetime. 
The gathered knowledge from this study enables the refinement of 
typical experiment designs for their validity in advance. Many planned 

measurements can be pre-analyzed to determine their location in the 
source or target domain. Ultimately, this allows for the exclusion 
of unnecessary measurements that are implicitly covered by other 
measurements.

These promises, however, must be interpreted considering the in-
herent limitations of the chosen theory. DMs are primarily a mathemat-
ical construct used to describe OCV changes over the battery’s lifetime. 
Nonetheless, they are valuable for roughly categorizing the degradation 
mechanisms occurring within the battery. For instance, electrolyte 
decomposition can be mainly attributed to LLI, while lithium plating 
affects both LLI and LAMNE [62]. In this study, we limited the DMs 
to LLI, LAMNE, and LAMPE, although impedance rise is also a critical 
factor for battery performance over its lifetime. Impedance significantly 
impacts the available power of the system, especially in BEV applica-
tions, and thus affects fast-charging performance. Future studies should 
expand the DM terminology to include impedance rise to account for 
practical performance considerations.

Apart from that, TL opens the possibility to develop many SOH 
or SOC estimation algorithms by using synthetic data as the source 
domain. The proposed method can be extended to hysteresis-affected 
battery cells, such as LFP cells or those with a high silicon content in the 
anode, by substituting the pseudo-OCV with galvanostatic intermittent 
titration technique (GITT) measurements. This substitution results in 
even more pronounced cost and time savings.
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Fig. B.14. SOH estimation, DM estimation and OCV reconstruction accuracy for model 
TL-NN-A and TL-NN-B for UC1B and varying partial voltage input charging curves. The 
Subfigures show in detail the MAPESOH for (a) TL-NN-A and (b) TL-NN-B, the MAEOCV
for (c) TL-NN-A and (d) TL-NN-B, the MAELAM-NE for (e) TL-NN-A and (f) TL-NN-B, the 
MAELAM-PE for (g) TL-NN-A and (h) TL-NN-B, and the MAELLI for (i) TL-NN-A and (j) 
TL-NN-B.

5. Conclusion

This study compares two approaches – TL and optimization – to 
couple synthetic data for battery state estimation. A base model is 
trained with a large synthetic dataset, including constant-current charg-
ing profiles at various C-rates and degradation states for a large-format 
automotive NCA-graphite cell. Two TCN-LSTM models are developed: 
TL-NN-A for estimating OCV and TL-NN-B for estimating alignment 

Fig. B.15. SOH estimation, DM estimation and OCV reconstruction accuracy for model 
TL-NN-A and TL-NN-B for UC2B and varying partial voltage input charging curves. The 
Subfigures show in detail the MAPESOH for (a) TL-NN-A and (b) TL-NN-B, the MAEOCV
for (c) TL-NN-A and (d) TL-NN-B, the MAELAM-NE for (e) TL-NN-A and (f) TL-NN-B, the 
MAELAM-PE for (g) TL-NN-A and (h) TL-NN-B, and the MAELLI for (i) TL-NN-A and (j) 
TL-NN-B.

parameters from partial voltage segments. These models are fine-tuned 
with experimental data from a commercial NMC-silicone/graphite cell.

Both models achieve high accuracy, maintaining MAEOCV below 
10mV and MAPESOH under 2%, for most use cases even for voltage 
segments of 200mV. For the challenging use case with less degradation 
data, the MAEOCV ranges from 9.23mV to 19.7mV, and MAPESOH ranges 
from 1.15% to 2.65%. Our findings suggest that fine-tuning with one 
cell from one aging experiment is sufficient if the cell shows the highest 
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Fig. B.16. SOH estimation, DM estimation and OCV reconstruction accuracy for model 
TL-NN-A and TL-NN-B for UC3B and varying partial voltage input charging curves. The 
Subfigures show in detail the MAPESOH for (a) TL-NN-A and (b) TL-NN-B, the MAEOCV
for (c) TL-NN-A and (d) TL-NN-B, the MAELAM-NE for (e) TL-NN-A and (f) TL-NN-B, the 
MAELAM-PE for (g) TL-NN-A and (h) TL-NN-B, and the MAELLI for (i) TL-NN-A and (j) 
TL-NN-B.

degradation in terms of capacity fade and all DMs. Specific triggering of 
isolated DMs is not necessary; instead, data generation should focus on 
evenly developed DMs. Lower cutoff voltages generally lead to better 
results due to more detectable gradient changes. While TL-NN-B has 
lower computational requirements and achieves slightly better results, 
TL-NN-A offers lower data requirements.

Utilizing TL from synthetic data has proven effective for developing 
battery state estimation models with minimal fine-tuning data. The key 

Table A.7
Final number of epochs before the early 
stopping criterion was fulfilled during the 
fine-tuning process of the TL models TL-NN-A 
and TL-NN-B.
 Use case TL-NN-A TL-NN-B 
 UC1A 359 524  
 UC1B 450 490  
 UC2A 610 1000  
 UC2B 829 1000  
 UC3A 521 873  
 UC3B 614 988  

to this efficiency is the use of a single aging path with the highest 
degradation, allowing the model to capture essential features of battery 
degradation without extensive data. Coupling ML with optimization 
enables the generation of DMs and the creation of aging-path-specific 
OCV updates, crucial for optimized battery management systems.

Challenges remain in deploying the coupled model for vehicle ap-
plications. It is unclear whether ML can handle noisy and superimposed 
battery pack signals from multiple cells. Additionally, generalizing the 
ML model from accelerated lab aging data to real-world aging behavior 
needs validation. The validity of the assumed ground truth labels of 
the experimental data can be questioned, but generating the DMs via 
OCV fits is currently the only available method for non-invasive, repro-
ducible long-term aging tests [63,64]. Future research should explore 
alternative approaches to combine ML and optimization. For instance, 
leveraging fleet data to train a Bayesian neural network could constrain 
the solution space during OCV reconstruction, increasing the likelihood 
of returning the global optimum.
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Appendix A. Neural network optimization and fine-tuning

See Table  A.7.

Appendix B. Detailed benchmark results

B.1. Use case 1

See Figs.  B.12–B.14.
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B.2. Use case 2

See Fig.  B.15.

B.3. Use case 3

See Fig.  B.16.
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2.3 Generating a Comprehensive Battery Aging Database
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Figure 2.5: The trimmed outline of the thesis structure with focus on this chapter.

Until now, this thesis has focused on SOHC, OCV, and DMs. However, to truly characterize
a LiB, it is essential to also consider its dynamic behavior and the SOH in that context, specif-
ically SOHR and SOHUBE. A significant challenge is the lack of data describing degradation
at the electrode level, which makes it difficult to monitor this behavior and the relationship
between DMs and resistance increase. Understanding this would enable several advance-
ments: Developing more accurate OCV reconstruction methods by precisely attributing over-
potentials to the respective electrode, and enabling more precise fast-charging by reducing
the lithium plating buffer. Knowing the anode resistance allows for setting the C-rate as
high as possible while maintaining a positive anode potential. This exploration not only ad-
dresses current challenges but also sets the stage for future research directions, highlighting
the potential for further advancements in battery technology.

Thus, the research question is: What dataset is required to extend the SOH estimation to other
SOH metrics, such as SOHR and SOHUBE?

A comprehensive survey of 23 public battery aging datasets [27; 29; 31; 77; 195; 196; 211–231]
was conducted, focusing on the availability of OCV / pOCV, HPPC, and electrochemical
impedance spectroscopy (EIS) measurements, as well as the inclusion of temperature and
SOC variation, and – most importantly – the use of three-electrode configurations. This
survey reveals that no dataset with a three-electrode configuration [29; 31; 211–213] fulfills
all criteria. On a full-cell scale, many freely available datasets exist [27; 77; 195; 196; 214–231],
however, they do not include measured half-cell data, making it impossible to yield validated
DMs and electrode resistance values. Hence, there is a significant research gap in generating a
comprehensive three-electrode database that includes DMs, resistance, and impedance labels
at the electrode level.

Eighteen laboratory three-electrode cells (PAT-cells) were constructed using state-of-the-art
cathode material (NMC955) and graphite as anode material, each with a capacity of approx-
imately 10 mAh. Six distinct aging paths were defined, such as calendar aging, cyclic aging,
and fast-charging, with three cells per aging path, each designed to trigger specific DMs. In
total, three large and eight small RPTs thoroughly characterized the LiBs, including pOCV,
EIS and HPPC at varying SOC and temperature reference points; large RPTs included dis-
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charge direction and more SOC reference points. The generation of DMs and evaluation of
resistance and impedance at the electrode level for every test point resulted in a substantial
database. The dataset was enriched by fitted equivalent circuit model (ECM) parameters for
each, the full cell, the cathode, and the anode, based on the EIS and HPPC measurement.
Validation confirmed high measurement quality.

All cells were aged for more than nine months, maintaining an SOH above 67 %. The cells
underwent between 20 to above 600 equivalent full cycles (EFCs). The study introduces
state-of-the-art fitting protocols for pOCV, EIS, and HPPC.

One of the most comprehensive electrode aging datasets has been generated and is publicly
available for researchers to utilize. All cycling and fitting protocols to accurately reproduce
the experiment are published. This dataset enables the validated development of state-of-
the-art SOH estimation algorithms, independent of the SOH metric.

The paper begins with background and summary, presenting a comprehensive literature
survey and capturing available battery degradation datasets and their limitations, revealing
a significant gap. The method section details the experimental design, cell assembly and
formation, the aging test itself, and the RPT procedure, including the fitting procedure for
the pOCV, HPPC, and EIS. The data records section presents the structure of the database,
including raw data, cycling, and fitting protocols. Technical validation confirms the high
quality of the database through examination of the battery cycling system, half-cell potential
measurements, and fitting results. Lastly, usage notes for the reader are provided.

Publication Notes

The article Database of Lithium-Ion Battery Aging: Degradation Modes, Electrode Resistance Rise,
and Impedance is presented in the following. The article will be submitted to the Journal
Nature Scientific Data for peer review in 2026. The permanent web link to this draft version
will be available under https://epub.uni-bayreuth.de/.
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Abstract

Accurate modeling of lithium-ion batteries (LiBs) benefits from detailed knowledge of degradation modes (DMs) and electrode
impedance rise, information that is currently unavailable as an open-access dataset. This work presents a comprehensive three-
electrode NMC-graphite LiB aging study conducted over nine months, including eleven checkups. Each checkup comprises
pseudo-open-circuit voltage measurements, hybrid pulse power characterization, and electrochemical impedance spectroscopy at
varying states-of-charge and temperatures. The published dataset not only includes raw data but also provides labels and evaluation
scripts for DMs, electrode resistance, impedance, and equivalent circuit model parameters. This dataset is poised to accelerate the
development of advanced battery models and fast-charging strategies and can serve as a robust validation dataset for data-driven
models. Notably, this dataset is the longest-lasting and most comprehensive, including three-electrode configurations, making it an
invaluable resource for researchers and engineers in the field of battery technology.

Keywords: Battery, Aging, Three-Electrode Setup, Degradation Modes, Impedance, EIS

List of Abbreviations

BOL begin of life

C graphite

CC constant current

CU checkup

CV constant voltage

DM degradation mode

DVA differential voltage analysis

ECM equivalent circuit model

EFC equivalent full cycles

EIS electrochemical impedance spectroscopy

EOL end of life

HPPC hybrid pulse power characterization

ICA incremental capacity analysis

LAM loss of active material

LAMNE loss of active material at the anode

LAMPE loss of active material at the cathode

LCO lithium cobalt oxide

LFP lithium iron phosphate

LiMO2 lithium metal dioxide

Li-Sn lithium-tin

LLI loss of lithium inventory

LTO lithium-titanium-oxide

MAE mean absolute error

MOL mid of life

NCA nickel cobalt aluminium oxide

NMC nickel manganese cobalt oxide

OCP open-circuit potential

OCV open-circuit voltage

pOCV pseudo open-circuit voltage

RMSE root mean squared error

Si silicon

SiO silicon oxide

SiOx silicon oxides

SOH state of health

SOC state of charge

Published Results: Generating a Comprehensive Battery Aging Database

145



1. Background and Summary

Lithium-ion batteries are extensively utilized in the automo-
tive sector because of their superior energy storage capacity
and extended lifespan. For users, two essential considerations
are the durability of the battery and the speed of the charg-
ing process. These two requirements are inseparably inter-
connected: While advancements in technology have improved
charging speeds for new vehicles, the duration of charging sig-
nificantly increases with battery aging. This is primarily be-
cause internal battery management systems reduce the charg-
ing current to protect the battery from accelerated degradation
caused by lithium plating. Lithium plating occurs when the po-
tential of the negative electrode falls below 0 V vs. Li/Li+, a
phenomenon that is exacerbated by high current and low tem-
peratures [1, 2, 3]. To effectively monitor the risk of lithium
plating, it is essential for battery models to accurately estimate
the impedance of the negative electrode. The decline in charg-
ing speed over the battery’s lifetime can be attributed to the fact
that pristine batteries are relatively easy to characterize, and
there is a wealth of data available for them. In this optimal
state, battery models can be finely parametrized to accurately
estimate the potential of the negative electrode, allowing for
the determination of the optimal current that maximizes charg-
ing speed while ensuring that the negative electrode potential
remains above 0 V vs. Li/Li+. However, the situation becomes
significantly more complex for degraded batteries. Direct mea-
surement of the negative electrode potential during operation
over time is not feasible, necessitating the implementation of
safety buffers to maintain positive electrode potentials.
Benefits may arise from open-access datasets that include in-
formation about the electrode resistance over lifetime. Table 1
summarizes available research studies and open-access datasets
that incorporate impedance and capacity information over ag-
ing.
Especially the usage of three-electrode setups, enabling the
measurement of electrode potentials, lacks quantitative data in
current literature. Abrahm et al. [4] used NCA-C cells with
a lithium-tin (Li-Sn) reference to study the impedance rise via
HPPC and EIS during a calendar aging study. However, only
a single aging path and no OCV measurement was conducted.
Xu et al. [5] investigated the evolution of degradation modes
(DMs) and impedance rise on electrode level by inserting ei-
ther a lithium-metal or a lithium-titanium-oxide (LTO) coated
copper wire into NMC-C cells. A subsequent post-mortem
analysis validated their results from a differential voltage anal-
ysis (DVA) and enables further research with three-electrode
configurations. As stated in their publication [5] they will make
the data freely available on request. Many aging studies [6, 7, 8]
were conducted with three-electrode configurations which re-
veal promising insights, however, without explicitly sharing the
data with the community: Belt et al. [6] investigated the capac-
ity fade and impedance rise of commercial NMC-C cells mod-
ified with a lithium-metal reference electrode to track the elec-
trode shares. Their study revealed that especially the positive
electrode experiences impedance rise and is therefore mostly
responsible for the full-cell resistance. Epding et al. [7] an-

alyzed the influence of varying three-electrode configurations
over aging and yielded that a LTO coated aluminum mesh has
minor influence on the impedance but accelerates the capac-
ity fade. Friedrich et al. [8] yields that upper cycling is most
beneficial for the lifetime of NCA-Si cells with a lithium-metal
reference by reaching almost 600 equivalent full cycles (EFC).
Much more comprehensive aging datasets exist on full-cell
level without three-electrode configurations [9, 10, 11, 12, 13,
14, 15, 16, 17, 18, 19, 20, 22, 23, 24, 25, 26, 27, 28, 29, 30,
31, 32]. E.g., Luh et al. [9] have aged 228 commercial NMC-
(C+SiO) lithium-ion cells with varying calendar and cyclic ag-
ing conditions for more than one year. During their checkup
(CU), they measured the HPPC and EIS at varying SOC and
temperature reference points. However, the OCV change was
not covered during their experiment. Geslin et al. [14] and Cui
et al. [15] both included OCV and HPPC measurements during
their CU to analyze the influence of varying cyclic aging paths
[14] or the influence of formation protocols [15]. Many differ-
ent authors [23, 28, 29, 30, 31] have analyzed the OCV change
and incorporated HPPC and EIS measurements at varying SOC
reference points during their CU for various long-term aging
studies. While DMs can be accessed via OCV-reconstruction
tools, i.e. DVA-fitting, the electrode specific impedance rise
cannot be gathered.
A significant research gap exists in the availability of battery
aging data at the electrode level, encompassing both electrode
impedance rise and DMs. This lack of accessible data hin-
ders the development of effective strategies for managing bat-
tery performance as it ages. Our proposed dataset addresses
this gap by including 18 NMC-graphite experimental three-
electrode lab cells, aged through six distinct aging paths. Each
aging path is designed to trigger specific DMs, resulting in a
comprehensive open-access dataset that can be utilized for var-
ious research questions.
The cells under investigation were aged over a period of nine
months, with cyclic aged cells surpassing 600 EFC. The three-
electrode setup enabled continuous measurement of the anode
potential, which is available for characterization. The CU pro-
cedure incorporated pseudo open-circuit voltage (pOCV) mea-
surements to generate DMs labels, as well as HPPC and EIS
tests at various SOC and temperature reference points. These
tests facilitated the numerical calculation of resistance values at
both the full cell and electrode levels. Additionally, individual
equivalent circuit models (ECMs) were fitted to the data in both
the time and frequency domains to enrich the dataset.
Our dataset serves multiple purposes: It aids in the development
of various innovative state estimation methods and functions as
a validation tool by providing true labels for each cell. Further-
more, the novel provision of DMs alongside impedance rise at
the electrode level enables the development of anode potential
estimators, which ultimately enhance novel fast-charging algo-
rithms.

2. Methods

The following sections provide a comprehensive overview
of the experimental design and the post-processing steps em-
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Table 1: State-of-the-art available battery aging datasets including their information of open-circuit voltage (OCV) change, hybrid pulse power characterization
(HPPC) and electrochemical impedance spectroscopy (EIS) testing, temperature and state of charge (SOC) variation and the usage of three-electrode setups.

Study OCV HPPC EIS Temp. SOC Three
Electrode

Type of lithium-ion cells and study

Abraham et al. [4] No Yes Yes No Yes Yes
NCA-C; Calendar aging at 55 ◦C

Xu et al. [5] Yes No Yes No Yes Yes 7 NMC-C; Analysis of DVA as a
tool to evaluate DMs

Belt et al. [6] Yes Yes No No Yes Yes 85 NMC-C; 15 calendar and cyclic
aging paths

Epding et al. [7] No No Yes No No Yes 18 NMC-C; Analysis of varying
three-electrode configurations

Friedrich et al. [8] No (only
C/10)

Yes No No Yes Yes 8 NCA-Si; Analysis of varying
voltage windows

Luh and Blank [9] No Yes Yes Yes Yes No 228 NMC-(C+SiO); Calendar and
cyclic aging

Stroebl et al. [10] Yes Yes No Yes Yes No 279 NMC-C; 71 combined calendar
and cyclic aging paths

Li et al. [11] No (only
C/10)

Yes No No Yes No 40 NMC-(C+SiO); 5 cyclic aging
paths

van Vlijmen et al. [12] No (only
C/5)

Yes No No Yes No 363 NCA-(C+SiOx); 218 cyclic ag-
ing paths

Lam et al. [13] No (only
C/5)

No No No No No 232 LFP-C / NCA-C / NMC-C /
LCO-C; 13 year calendar aging

Geslin et al. [14] Yes Yes No No Yes No 92 NCA-(C+SiO); 10 cyclic aging
paths

Cui et al. [15] Yes Yes No No Yes No 186 NMC-C; Varying formation
protocols

Schmitt et al. [16] Yes Yes No No No No 10 NMC-(C+SiO); 5 calendar and
cyclic aging paths

Bole et al. [17, 18] Yes Yes Yes Yes Yes No 34 NCA-C; Various cyclic aging
paths

Birkl [19, 20, 21] Yes No No No No No 8 LiMO2-C; One cyclic aging path
Catenaro and Onori
[22]

Yes No No Yes No No 6 NCA-C, 6 NMC-C, 6 LFP-C;
Comparison of cell chemistries un-
der different discharge tests

Pozzato et al. [23] Yes Yes Yes No Yes No 10 NMC-(C+Si); 23 months of cy-
cling with real-world EV driving
profiles

Li et al. [24, 25, 26] No (only
C/10)

Yes No No Yes No 28 NCA-(C+Si); One cyclic aging
path

Wildfeuer et al. [27] No (only
C/10)

Yes No No Yes No 196 NCA-(C+SiO); Varying cyclic
and calendar aging conditions

Bessmann et al. [28] Yes Yes Yes No Yes No 12 NMC-C cells; Analysis of AC
harmonics

Mohtat et al. [29] Yes Yes Yes No Yes No 31 NMC-C; Varying cyclic aging
paths

Raj et al. [30] Yes Yes Yes No Yes No 12 NCA-C; Analysis of path-
dependent aging

Goldammer et al. [31] Yes Yes Yes No Yes No 60 NMC-C; Analysis of AC ripples
Cathode: nickel cobalt aluminium oxide (NCA), nickel manganese cobalt oxide (NMC), lithium iron phosphate (LFP), lithium cobalt oxide (LCO), lithium metal dioxide (LiMO2)

Anode: graphite (C), silicon (Si), silicon oxide (SiO), silicon oxides (SiOx)

ployed to generate the data labels presented in this study. We
place significant emphasis on the raw data during the evaluation
process, which includes measurements such as pOCV, HPPC,

and EIS. These measurements are conducted at both the full cell
and electrode levels to ensure a thorough analysis. Additionally,
state-of-the-art processing techniques are utilized and provided
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to derive labels that encompass various DMs, impedance rise,
and fitted ECMs, thereby enhancing the robustness and utility
of our dataset.

2.1. Experiment Design
The aging test series conducted in this study is illustrated

in Figure 1, providing a general overview of the experimental
process. The entire experiment spanned over nine months and
comprised three main stages: cell assembly and formation (Fig-
ure 1a), the aging test itself (Figure 1b), and post-processing
(Figure 1c).
In total, 11 CUs were performed, with each aging sequence run-
ning for exactly 18 d. Hence, a total of 10 aging sequences with
a combined duration of 180 d were conducted. Three out of
all CUs were extended to also include the discharge direction.
These extended CUs took place initially after formation (begin
of life (BOL)), after the first five CUs (mid of life (MOL)), and
at the very end (end of life (EOL)). One standard CU took ap-
proximately 5 d, while an extended CU lasted for almost 11 d.
Consequently, during the experiment, the cells were charac-
terized for approximately 73 d. While the overall influence of
the CU protocol must not be neglected, the actual influence is
marginal, as the CUs only account for 29 % of the total duration
and stress the cells with very low C-rates.
Each step of the process is described in detail in the fol-
lowing subsections. All code, test profiles, measurements,
and the gathered data will be made available open-access in
https://epub.uni-bayreuth.de/.

2.2. Cell Assembly and Formation
The PAT-Cell M from El-Cell [33] was used to enable three-

electrode measurements. Prior research [34] reveals this three-
electrode configuration as a subtle tool for small-scale aging
experiments that reflect similar aging processes as commercial
and even large scale cells. In total, 18 cells were manufactured,
divided into six aging groups with three cells each.
The PAT-Cells were assembled with copper upper plungers
(ECC1-01-0026-A), aluminum lower plungers (ECC1-01-
0027-A_200), and aluminum sealing rings (ECC1-00-0232-
G/X). The insulation sleeve (ECC1-00-0210-O/X) used lithium
as the reference and a 260 µm glass fibre separator from El-Cell
[33].
We used dual-coated sheets with NMC955 for the positive elec-
trode and graphite for the negative electrode. The NMC had
a specific capacity of 0.220 mAh/mg and the graphite had a
specific capacity of 0.355 mAh/mg. In the first step, one side
of each electrode sheet was cleansed with distilled water for
the anode and NMP for the cathode, respectively, all under dry
room conditions. All additional hardware of the PAT cells was
cleansed with distilled water. 18 mm coins were punched out
from the electrode sheets and measured three times for thick-
ness and weight. Due to the configuration of the PAT cell, no
anode overhang exists in the setup, i.e., APE/ANE = 1. This,
however, has negligible impact on the aging trajectroy [34].
In total, 28 cathode and 26 anode coins were manufactured.
The corresponding raw data can be found in the data reposi-
tory. All materials, including PAT-cell hardware and electrode

sheets, were dried for at least 12 h under dry room conditions at
60 ◦C.
Before the final assembly of the cells, the electrodes were vi-
sually examined, and their weights and thicknesses were eval-
uated to ensure the most uniform distribution in the final elec-
trode set. PAT-Cell manufacturing took place under dry room
conditions. We used 100 µL of LP572 electrolyte per cell.
Within 2 h after final assembly, the formation protocols started
with two initial constant current (CC)-constant voltage (CV)
charge/discharge cycles at C/25 and the CV criterion at C/100.
Finally, another C/10 CC-CV charge/discharge cycle was per-
formed before the initial CU started.
Table 2 groups the cells into varying aging paths and maps their
measurement system and channel. Depending on the available
devices, EIS was possible on both full-cell and negative elec-
trode levels, only on the full-cell level, or on neither. The last
column shows the group for the test plans, as they were run
sequentially to increase data quality.

2.3. Aging Test

The objective of the test series was to generate a compre-
hensive battery aging dataset, including electrode aging infor-
mation for several aging paths. To achieve a diverse range of
aging paths, we developed multiple degradation profiles that
specifically target different DMs. This approach ensures that
the parameter space of our dataset is extensive, facilitating the
identification of patterns within the data.
To obtain statistically significant results, each aging path in-
cluded three cells. For all test profiles, a rest phase of 30 min
was maintained between consecutive charging and discharging
phases. The current criterion during CV charging or discharg-
ing was fixed at C/100. It was only changed after the MOL
CU because the prior aging phase showed CV-phases lasting
over 3 hour and decreasing the effective cycle count. Hence, the
CV-criterion was reduced to C/20 after the MOL CU. CC-CV
charging was consistently performed in tests where a SOC of 0
or 100 % was set. The individual capacity per cell was calcu-
lated from the charge balance during the prior pOCV measure-
ment in the CU. Individual SOCs were set based on this value.
The C-rate always referred to the initial nominal capacity of the
cells, i.e., 10.5 mAh. The ambient temperature was maintained
at 25 ◦C, except for the calendar aging sequences, which were
performed at 55 ◦C.
Two aging paths were designed to trigger loss of lithium in-
ventory (LLI), a mode accelerated by high temperature and
high storage SOCs [35, 36]. These conditions lead to accel-
erated solid electrolyte interphase (SEI) and electrolyte de-
composition, two mechanisms primarily responsible for LLI
[37, 38, 39]. For both aging paths, the cells were kept at an
ambient temperature of 55 ◦C.

• Standard Calendar Aging (CAL): During the standard
calendar aging phase, the cells were CC-CV-charged with
C/2 up to 100 % SOC and then kept there.

• Accelerated Calendar Aging (CALacc): The accelerated
calendar aging phase included additional slow cycling be-
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Table 2: Cell serial number (SN), their connected battery testing systems (CTS) and the assigned channels for the full cell (FC) and the negative electrode (NE).
The possibility for EIS measurements is provided. The cells were grouped in clusters of four each, to increase sampling rates.

SN Aging Path CTS Channel EIS-FC EIS-NE Group
6297 CAL 1460 CH00/01 yes yes A
6298 CYClower 1460 CH02/03 yes no A
6299 CALacc 1460 CH04/05 yes yes A
6300 CYCfull 1460 CH06/07 yes yes A
6301 3N3F 1460 CH08/09 yes yes B
6302 CYCupper 1460 CH10/11 yes yes B
6303 CAL 1460 CH12/13 yes yes B
6304 CYClower 1460 CH14/15 yes yes B
6305 CALacc 1460 CH16/17 yes yes C
6306 CYCfull 1460 CH18/19 yes yes C
6307 3N3F 1460 CH20/21 yes yes C
6308 CYCupper 1460 CH22/23 yes yes C
6309 CAL 1460 CH24/25 yes yes D
6310 CYClower 1460 CH26/27 yes yes D
6311 CALacc 1460 CH28/29 yes yes D
6312 CYCfull 1460 CH30/31 yes yes D
6313 3N3F 1463 CH00/01 no no E
6314 CYCupper 1463 CH02/03 no no E

tween 30 % to 70 % SOC with C/5. Although convention-
ally this aging path must be assigned to cyclic aging, we
refer to calendar aging as it accelerates the predominant
DMs from the purely calendar aging path. More precisely,
the additional cycling procedure was selected to accelerate
SEI decomposition [37, 38, 39, 40].

Three varying cyclic aging conditions were designed with dif-
ferent SOC spans to trigger various degradation mechanisms.
All cycling sequences were performed with a C-rate of C/2.

• Lower Cycling Aging (CYClower): This phase consists of
cycling between 0 % to 40 % SOC to trigger loss of active
material at the anode (LAMNE). Many low cycles are ex-
pected to particularly cause particle cracking and loss of
electric contact in the anode, correlating with many cross-
ings of voltage plateaus of the anode [38, 39, 41, 42].

• Upper Cycling Aging (CYCupper): This phase stresses
the positive electrode by cycling between 40 % to 100 %
SOC, leading to accelerated loss of active material at the
cathode (LAMPE). This stress is mainly due to increased
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structural disordering, loss of electric contact, and particle
cracking, all enhanced by many cycles in the upper SOC
region [38, 39, 43]. Especially in Ni-rich cathodes, oxygen
evolution further accelerates degradation [44, 45].

• Full Cycling Sequence (CYCfull): This sequence is de-
signed to equally trigger loss of active material (LAM) in
both the anode and the cathode by inducing the subsequent
degradation mechanisms [38, 39, 41, 42, 43, 46, 47].

Finally, a fast-charging sequence was designed.

• 3N3F: After three normal full charges (0 % to 100 % SOC
with C/2), three fast-charging procedures follow. The fast-
charging is conducted between 10 % to 80 % SOC, with
the initial C-rate set to 3C. The C-rate decreases once
the full cell voltage exceeds 4.2 V or the anode potential
drops below 25 mV. The fast-charging procedure sets the
C-rate as high as possible while still fulfilling both con-
straints. While the three normal charging events equally
trigger LAMNE and LAMPE, the fast-charging events ac-
celerate LLI due to SEI decomposition [38, 39, 48, 49].

Besides the 3N3F aging phase, which depends on the electrode
potential measurement, all other reference electrode connec-
tions were temporarily disconnected during the aging phase to
reduce the risk of leakage currents and following degradation
of the lithium reference ring.

2.4. Checkup

Both CU protocols, the standard and extended CU, were
designed to gather relevant degradation-dependent parameters.
They included pOCV measurements, HPPC, and EIS measure-
ments, all conducted at both full-cell and half-cell levels, as
shown in Table 2. During validation of the measurement equip-
ment, it was observed that the sampling rate decreased dras-
tically from below 10 ms to above 200 ms if more than four
channels were active in parallel. Consequently, all HPPC test
protocols were designed in groups, as shown in the last column
of Table 2. While one group was active, i.e., a test protocol was
running, all other groups remained idle. Since only one active
EIS measurement was possible at a time and more than four
cells waiting for the response of the EIS device led to errors
during validation, the sequential approach was also adopted for
EIS.
The pOCV protocol commenced with an initial CC-CV dis-
charge at a rate of C/3, concluding at C/100 when the volt-
age reached 2.8 V. Following a 30 min relaxation period, the
pOCV measurement proceeded with a CC-CV charge at C/25.
The charge throughput for each cell was recorded separately
and subsequently utilized for SOC calibration during HPPC,
EIS, and aging protocols. In scenarios involving an extended
CU, the pOCV protocol continued with another 30 min relax-
ation at 100 % SOC, followed by a CC discharge at C/25. To
address artifacts in the anode potential which aggravated the
pOCV fitting, the C-Rate was reduced to C/50 starting with the
MOL CU. This adjustment effectively resolved the issue and

contributed to maintaining high data quality throughout the ag-
ing series.
The HPPC and EIS test protocols were conducted at three dif-
ferent ambient temperatures: 10 ◦C, 25 ◦C, and 40 ◦C. Initially,
all cells were completely discharged as in the pOCV protocol.
After 30 min of relaxation, all cells were CC charged to the first
SOC reference point at 10 % with C/3 and again relaxed for
30 min. While the first group (Group A) started with the EIS
protocol, the other groups (Groups B-D) remained idle with no
active test protocol.
The galvanostatic EIS ran from 100 kHz to 100 mHz with 20
reference points per decade. The current amplitude was fixed at
C/20.
After Group A finished the EIS measurements, all cells in that
group moved to idle and Group B started its EIS measurement,
and so forth. After all EIS measurements were completed,
Group A started the HPPC protocol, which consisted of a 20 s
CC-CV pulse at 1C and 5 min of relaxation, while the other
groups remained idle. After Group A completed the HPPC test,
Group B followed, and so forth. Once all groups finished the
HPPC test in the charge direction, Group A repeated the HPPC
protocol in the discharge direction. After Group A completed
the discharge pulse test, Group B followed, and so forth. Due
to the sequential HPPC approach, no additional relaxation step
was necessary between tests. After successful completion of all
EIS and HPPC tests at the first SOC stage, all channels were
synchronized again and charged in parallel to the next SOC
stage where the whole process was repeated.
The SOC stages for the standard CU were 10 %, 20 %, 50 %,
80 %, and 90 %. The extended CU also included the discharge
direction and incorporated two additional SOC stages (15 %
and 85 %) during the HPPC and EIS tests.

2.5. pOCV Evaluation
The measured pOCV during the CU was used to generate

labels for the DMs. This was achieved by using a sequen-
tial fitting regime, exploiting the mechanistic model approach
[50]. Figure 2 visualizes the procedure and the fitting result,
i.e., DVA and incremental capacity analysis (ICA) result, for
an exemplary cell (cell 6300) at an arbitrary CU (CU2). Ini-
tially, both electrode open-circuit potential (OCP) curves, i.e.,
OCPNE and OCPPE, were measured in the pristine state in both
charge and discharge directions. Figure 2 (d) and (g) show the
charge direction. The pristine OCP curves were gathered from
an additional PAT cell, following the same assembly protocol as
described in Section 2.2, measured at C/50 CC at 25 ◦C. The
OCP curves were normalized to the SOC scale from 0 to 1. Dur-
ing each CU, the pOCV was measured in the charge direction,
and during the extended CUs, the discharge direction was cov-
ered as well. The measured voltage signals during a standard
CU, in this case for cell 6300 at CU2, are depicted in Figure 2
(a), (d) and (g). The mechanistic model assumes that the qual-
itative shape of the OCPs does not change during degradation.
They solely scale and shift their curves relative to each other,
changing the shape of the resulting OCV of the full cell. This
scaling and shifting can be described with the help of align-
ment parameters ϑ = [αNE, αPE, βNE, βPE], which describe the
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Figure 2: Fitting procedure and result for exemplary cell 6300 during CU2. All DVA and ICA curves are smoothed with the Savitzky-Golay filter using a window
size of 15 and polynomial order of 2. Due to the high noise within the ICA of the anode (see (f)), the signal is additionally filtered by excluding all values below
-20.

scaling (α values) and relative shifting (β values) of the OCPs.
The scaled and shifted OCPs can be seen in Figure 2 (d) and
(g). The resulting DMs can be finally calculated via simple
equations [51, 52], where the loss of active material states how
much capacity is lost within each electrode.

LAMNE =
αNE,pristine − αNE

αNE,pristine
(1)

LAMPE =
αPE,pristine − αPE

αPE,pristine
(2)

The LLI is the lost cyclable lithium inventory:

LLI =
Clit,pristine −Clit

Clit,pristine
(3)

The available lithium inventory Clit, however, demands a case-
sensitive definition [51, 52].

Clit =



(αPE − βNE + βPE) ·CN , for (αPE − βNE + βPE) ≤ αNE
∧ (βPE − βNE) ≤ 0

(αNE) ·CN , for (αPE − βNE + βPE) > αNE
∧ (βPE − βNE) ≤ 0

(αNE + βNE − βPE) ·CN , for (αNE + βNE − βPE) ≤ αPE
∧ (βPE − βNE) ≥ 0

(αPE) ·CN , for (αNE + βNE − βPE) > αPE
∧ (βPE − βNE) ≥ 0

(4)

These DMs are derived via optimization, where the optimum ϑ̂
is the solution of a minimization task. Usually the optimization
problem is formulated as follows:
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ϑ̂ = arg min
ϑ

||OCV(Q) − OCVreco(Q) ||22
= arg min

ϑ

||OCV(Q) − f (OCPNE,OCPPE, ϑ,Q) ||22
s.t. ϑ ≥ lb

ϑ ≤ ub
feq(ϑ,OCV,OCVreco, ..) = 0
fineq(ϑ,OCV,OCVreco, ..) ≥ 0

(5)

In Equation 5, the measured OCV is given as a function
of the charge throughput OCV(Q). The reconstructed OCV
OCVreco(Q) is a function of both OCPs and the respective
alignment parameter set, as well as the charge throughput:
OCVreco(Q) = f (OCPNE,OCPPE, ϑ,Q). For a detailed descrip-
tion of this function, we refer to other publications with a deeper
focus on the optimization itself [16, 51].
As seen in Equation 5, optional constraints can be defined to
guide the solution finding. The boundaries, lb and ub, are usu-
ally set by the user and require some cell-specific knowledge.
The equality and inequality constraints can be any arbitrary
function that stabilizes the optimization. Furthermore, the cost
function can be modified to also include the DVA and/or ICA
[52, 53, 54]. Even peak tracking can be included in the cost
function or the constraints [36, 55].
Mostly least-squares solvers are used for the minimization
[51, 52, 54]. Other approaches modify global optimization
methods, e.g., particle swarm [56] or the genetic algorithm
[55], for the problem. The unique PAT-cell setup enables the
in-situ measurement of the OCPs, and, with that, allows a
novel OCV-reconstruction method: While conventional OCV-
reconstruction tools, based on full-cell voltage data, aim to min-
imize the discrepancy between the measured and the recon-
structed OCV, which is a result of the potential difference be-
tween OCPPE and OCPNE, we can directly use the OCPs. With
that, we can modify the optimization task to a sequential two-
step minimization problem: The first step is to fit the OCPNE,
including the OCP-fit, the DVA-fit, and peak tracking into the
cost function.

[α̂NE,i, β̂NE,i] =

arg min
αNE,i,βNE,i

(
x1

∣∣∣∣
∣∣∣∣OCPNE,i(Q) − OCPNE,i,reco(αNE, βNE,Q)

∣∣∣∣
∣∣∣∣
2

2

+x2

∣∣∣∣
∣∣∣∣DVANE,i(Q) − DVANE,i,reco(αNE, βNE,Q)

∣∣∣∣
∣∣∣∣
2

2

+x3

∣∣∣∣
∣∣∣∣Qpeak,i(DVANE,i)/CN−

Qpeak,reco,i(DVANE,i,reco)/CN

∣∣∣∣
∣∣∣∣
2

2

)

s.t. αNE,i ≥ 0.8 · αNE,i−1

βNE,i ≥ 0.8 · βNE,i−1

αNE,i ≤ 1.1 · αNE,i−1

βNE,i ≤ 1.1 · βNE,i−1

(6)

where the DVA is calculated by DVANE(Q) = ∂OCPNE(Q)
∂Q and the

peak-tracking term is solved by

Qpeak = Q(max |DVANE(Q)|)
s.t. 0.3 ·CN ≤ Q ≤ 0.7 ·CN .

(7)

Respectively for the cathode, where peak-tracking is disabled:

[α̂PE,i, β̂PE,i] =

arg min
αPE,i,βPE,i

(
x1

∣∣∣∣
∣∣∣∣OCPPE,i(Q) − OCPPE,i,reco(αPE, βPE,Q)

∣∣∣∣
∣∣∣∣
2

2

+x2

∣∣∣∣
∣∣∣∣DVAPE,i(Q) − DVAPE,i,reco(αPE, βPE,Q)

∣∣∣∣
∣∣∣∣
2

2

)

s.t. αPE,i ≥ 0.8 · αPE,i−1

βPE,i ≥ 0.8 · βPE,i−1

αPE,i ≤ 1.1 · αPE,i−1

βPE,i ≤ 1.1 · βPE,i−1

(8)

The weighting factors x1, x2, and x3 are set to 1, 4, and 4, based
on literature findings [53] and individual optimization. In both
equations, there are no additional constraints except the lower
and upper boundaries which depend on the previous iteration,
i.e., the previous CU result. For the first iteration, i.e., i = 0, the
boundaries are set to 1.0 to 1.2 for the α-values and -0.05 to 0.2
for the β-values.
For both optimization problems, we use the particle swarm op-
timizer from pyswarm [57], with a swarm size of 350, the max-
imum number of iterations of 250, and a termination criterion
of a minimum change in function value above 1e − 7.
The resulting voltage, DVA and ICA fits are visualized for the
full cell (Figure 2 (b) and (c)), the anode ((e) and (f)) and the
cathode ((h) and (i)). Visually, a high fitting accuracy can be
determined. The optimization yields the alignment parame-
ter set ϑ = [1.151, 0.940, 0.0134,−0.00740] which results in
a mean absolute OCV-fitting accuracy of 6.02 mV. Finally,
Equations 1 to 4 can be used to derive the DMs from the gath-
ered optimum alignment parameters: LAMNE = −0.0890 %,
LAMPE = 9.74 % and LLI = 9.40 %.

2.6. HPPC Evaluation
As discussed in Section 2.4, the HPPC includes charge and

discharge pulses at varying SOC reference points and three am-
bient temperatures. The gathered time-series data are evaluated
numerically and by a fitting regime. Figure 3 shows the ex-
tracted pulse and relaxation phase exemplary for cell 6300 at
CU1_BOL, 50 % SOC and 25 ◦C together with the fitted ECM
from the pulse section. The 1C-pulse is applied for 20 s and
data is collected with the maximum possible sampling rate of
almost 10 ms. Due to the sequential CU protocol, only parts of
the relaxation process were stored, i.e., 180 s. These time sec-
tions, however, are sufficient to fit ECMs.
A simple two RC ECM was selected as our model. The fitting
approach follows Method 1 proposed by Peng et al. [58]. All
four sections (charge pulse and its relaxation phase, discharge
pulse and its relaxation phase) are fitted individually by mini-
mizing the voltage difference with respect to predefined bound-
ary values of the ECM parameters R0, R1, R2, C1, and C2. This
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Figure 3: HPPC fitting procedure and result for exemplary cell 6300 during CU1_BOL at 50 % SOC, 25 ◦C and a 1C charge pulse for 20 s. An individual ECM
is fitted for the full cell (a), the anode (d) and the cathode (g) based on the pulse analysis visualized in Subfigure (b), (e) and (h), respectively. The procedure is
repeated for the relaxation process (Subfigure (c), (f) and (i)). For both, pulse and relaxation analysis, the calculated resistance values at constant time-steps from
0.5 s to 50 s are printed into the respective Subfigure.

fitting procedure is analogously applied to the electrode data,
i.e., the negative and positive electrodes.
The voltage response, e.g., of the full cell in Figure 3 (b), can
be described by the following equations

Vfit = OCVfit/meas ± V1 ± V2 ± IR0 (9)
dV1

dt
=
−1

R1C1
V1 +

1
C1

I (10)

dV2

dt
=
−1

R2C2
V2 +

1
C2

I, (11)

where OCVfit/meas is the measured or fitted voltage value prior to
the pulse/relaxation period and I is the applied current. The sign
of the individual summands depends on the pulse direction, i.e.,
positive for a charge pulse as the voltage increases, and negative
for a discharge pulse as the voltage decreases.

Fitting during Relaxation
During the relaxation phase, as the current is zero, Equation 9
simplifies to:

Vfit,relax = OCVfit ± V1 ± V2 (12)

Vfit,relax(t) = OCVfit ± V1(0) exp
(
− t

R1C1

)

± V2(0) exp
(
− t

R2C2

) (13)

Here, OCVmeas is transformed to OCVfit as the relaxation period
of 180 s does not suffice to reach full relaxation. Hence, no
value can be measured from the raw data, and fitting this value
leads to higher accuracy. This can be further transformed into:

Vfit,relax(t) = A + B exp(−αt) +C exp(−βt), (14)

with the optimization parameters ψ = [A, B,C, α, β]. The final
optimization problem is formulated with additional boundary
constraints as follows:
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ψ̂ = arg min
ψ

∥∥∥Vmeas(t) − Vfit,relax(t)
∥∥∥2

2

= arg min
ψ

∥∥∥Vmeas(t) − (
A + B exp(−αt) +C exp(−βt)

)∥∥∥2
2

(15)

s.t. ψ ≥ lb
ψ ≤ ub

Cost function 15 is solved via a nonlinear least-squares solver,
and the lower and upper boundaries are extracted from the op-
timal solution of the last CU during the same reference point,
i.e., cell, temperature, SOC, and direction, by allowing the op-
timizer to search within 10 % to 200 % of this value. During
CU1_MOL, the boundary for α and β were set to 0.01 to 2 and
0.001 to 0.2, respectively.
From Equation 15, the ECM-related parameters can be ex-
tracted via backtransformation:

OCVfit = A (16)

τ1 =
1
α
=

1
R1C1

(17)

τ2 =
1
β
=

1
R2C2

(18)

R1 =
B(

1 − exp(−tpα)
)
I

(19)

R2 =
C(

1 − exp(−tpβ)
)
I

(20)

C1 =
1
αR1

(21)

C2 =
1
βR2

(22)

Here, tp is the duration of the applied pulse before the relax-
ation phase [58].

Fitting during Pulse
During the current section, Equation 9 requires all terms and
can be written as:

Vfit,pulse(t) = OCVmeas(t) ± IR0 ± V1(0) exp
(
− t

R1C1

)

± V2(0) exp
(
− t

R2C2

)

± I
[
R1

(
1 − exp

(
− 1

R1C1

))

+ R2

(
1 − exp

(
− 1

R2C2

))]

(23)

Vfit,pulse(t) = OCVmeas ± IR0

± (
A exp(−αt) + B exp(−βt)

)

± I
[
C
(
1 − exp(−αt)

)
+ D

(
1 − exp(−βt)

)]
(24)

Let’s assume the current pulse starts at time t0 and the highest
possible sampling rate is ∆tmin, i.e., 10 ms. During the current

pulse, the ohmic resistance R0 is directly calculated by the in-
stantaneous voltage response:

R0 =

∣∣∣∣∣
Vmeas(t0 + ∆tmin) − Vmeas(t0)

I(t0 + ∆tmin) − I(t0)

∣∣∣∣∣ (25)

Note that in contrast to Equation 13, the OCV term is not an op-
timization parameter, but a measured quantity OCVmeas(t) from
the prior pOCV section. OCVmeas(t) is defined as a lookup ta-
ble that returns the measured OCV based on the charge quantity,
where the first value OCVmeas(0) is equal to the measured volt-
age before the applied current.
Thus, the optimization parameters in this case are ψ =

[A, B,C,D, α, β], and the optimization problem is:

ψ̂ = arg min
ψ

∥∥∥Vmeas(t) − Vfit,pulse(t)
∥∥∥2

2

= arg min
ψ
∥Vmeas(t)

−
[
OCVmeas ± IR0 ± (

A exp(−αt) + B exp(−βt)
)

±I
(
C
(
1 − exp(−αt)

)
+ D

(
1 − exp(−βt)

))]
∥∥∥∥∥∥

2

2
(26)

s.t. ψ ≥ lb
ψ ≤ ub

The search space is defined by an allowed deviation of up to
10 % to 200 % for R1,C1 and 1 % to 200 % for R2,C2, de-
pending on the optimum parameters from the relaxation fitting.
Again, the ECM parameters are calculated via backtransforma-
tion [58]:

τ1 =
1
α
=

1
R1C1

(27)

τ2 =
1
β
=

1
R2C2

(28)

R1 = C (29)
R2 = D (30)

C1 =
1
αR1

(31)

C2 =
1
βR2

(32)

One example is visualized in Figure 3 where the measured and
fitted voltage response during a charge pulse and the following
relaxation phase is compared for full cell ((b) and (c)), anode
((e) and (f)) and cathode ((h) and (i)). Subfigures 3 (a), (d) and
(g) visualize the fitted ECM during the pulse section. Instead
of interpreting the OCV as a function, the first measured value
is shown for simplicity.
As the ECM parameters are not the only calculated parameters
during the analysis, the subfigures further include a selection
of the calculated DC resistances that are calculated by Ohm’s
law, see Equation 25, by adapting the ∆t to 0.5 s, 1 s, 10 s and
20 s during the pulse and 0.5 s, 1 s, 10 s, 20 s, 30 s, 60 s, 120 s
and 180 s during the relaxation. These evaluations are already
included in the final published dataset, but, of course, further
assessments are possible by extending the evaluation scripts.

10

Published Results: Generating a Comprehensive Battery Aging Database

154



2.7. EIS Evaluation

EIS measurements are conducted at the same SOC refer-
ence points as the pulse analysis during the HPPC. The EIS
is conducted at full cell and anode level, respectively, with 20
reference points per decade within the frequency region from
100 kHz to 100 mHz. As can be seen in Figure 4 (h), and later
validated in Figure 6, the Nyquist plot is additionally calculated
for the cathode by

ZPE = Z − ZNE. (33)

During the EIS measurement, both the time-series data, as well
as the frequency domain data are stored and will be made freely
available at https://epub.uni-bayreuth.de/.
The impedance.py [59] package is used for data loading, pre-
processing, error analysis and ECM-fitting. The full guide
for the package can be found in the respective publication
[59]. The used functions within this study are clearly explained
within the code, and will be made available at https://epub.uni-
bayreuth.de/.
As reported by Costard et al. [60] EIS in three-electrode con-
figurations with a point-like lithium reference may raise mea-
surement artifacts due to electrochemical asymmetry [60, 61].
A linear Kramers-Kronig (lin KK) analysis [62], however, al-
lows to determine the invalid frequency range within a Nyquist
plot as it requires causality and linearity of the complex signal.
The validity of the impedance is checked by comparing the raw
signal with the reproduced signal from a simple ECM that in-
cludes an ohmic resistance RΩ and an arbitrary amount M of
RC-elements.

Ẑ = RΩ +
M∑

k=1

Rk

1 + jωτk
(34)

Note that RΩ and Rk are the only fitting variables, as the time
constants τk are distributed logarithmically

τ1 =
1

ωmax
, (35)

τM =
1

ωmin
, (36)

τk = 10
log(τmin)+ k−1

M−1 log
(
τmax
τmin

)

. (37)

As proposed by Schönleber et al. [62] we integrate a regulariza-
tion term to prevent under- or overfitting. The ratio of positive
to negative resistor mass influences the optimal number of RC-
elements via the following equation:

µ = 1 −
∑

Rk≥0 |Rk |∑
Rk<0 |Rk | (38)

The algorithm iterates up to the maximum count of 100 and un-
til the value µ falls below the threshold of 0.2.
The discrepancy between the modeled Ẑ and measured Z is
visualized over the frequency axis in Figure 4 (c), (f) and (i)
for the full and half cells, respectively. The complex devia-
tion is divided into the real and imaginary part. As can be seen
in Figure 4 (c) and (i), the deviation starts to increase rapidly
around 1 kHz, while it still stays within a 5 % error band – at

least for the full cell and the cathode. The anode signal, how-
ever, seems more noisy over the complete frequency spectrum
with the highest deviation starting again at 1 kHz. Especially
the imaginary part shows high deviations.
Concluding from these investigations, the full cell spectrum is
fitted over the whole frequency range, while both half-cells are
only fitted for the frequency spectrum below 1 kHz. As can be
visually anticipated from the raw signal displayed in Figure 4
(e), the half-cell signal between 100 Hz and 1 kHz is slightly
noisy which aggravates the fitting process. Hence, the mea-
sured half-cell signal between 100 Hz and 1 kHz is additionally
smoothed by applying an one-dimensional Gaussian filter with
a sigma value of 4 (compare scipy package [63]) as it reduces
artifacts and increases fitting quality.
The wide frequency range has a high resolution and there-
fore allows to fit ECMs with a higher degree of freedom. Al-
though the proposed ECM is an empirical model, the individ-
ual elements are chosen based on physical motivation. An ad-
ditional modified inductance is necessary to model the high-
frequency behavior [64, 65] with ZL = L · ( jω)α. In the first
RC-circuit, the capacitance is replaced with a constant-phase-
element [64, 66, 67]

(
ZCPE =

1
Q·( jω)α

)
to better model the non-

ideal semicircle, as can be seen in Figure 4 (b), (e) and (h).

Additionally, a Warburg-impedance
(
Zw =

Z0√
jωτcoth

√
jωτ

)
is

added to the resistance of the second RC-element, which is nec-
essary to model the diffusion line of the low frequency domain
[64, 67]. This ECM is used for the full, as well as the half-cell
data, and is displayed in Figure 4 (a), (d) and (g).
The fitting itself is performed with the circuit_fit function of the
scipy.optimization package and 10000 maximum function eval-
uations. The optimizer runs without boundaries but with initial
values for the first CU1_BOL, set as in Table 3.

For every following iteration, the last optimum is selected

Table 3: Initial values for the initial CU (CU1_BOL) for the ECM-fitting from
the EIS data.

Parameter Symbol Full Cell Anode Cathode
Ohmic Resis-
tance

RΩ 1.65Ω 0.429Ω 1.58Ω

Inductance L 2.86 ×
10−9 H

1.07 ×
10−37 H

2.19 ×
10−37 H

Phase Shift αL 1.00 0.48 1.00
Resistance R2 2.79Ω 0.982Ω 1.49Ω
CPE Constant QCPE 4.05 mF 6.84 mF 4.62 mF
CPE Expo-
nent

αCPE 0.608 0.672 0.717

Resistance R3 173 mΩ 6.66 mΩ 17.1 mΩ
Warburg
Impedance

Z0 18.6 mF 36.4 mF 18.8 mF

Warburg
Time Con-
stant

τ 17.6 s 35.6 s 20.7 s

Capacitance C 0.618 F 2.27 F 1.62 F
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µ

µ

µ

Figure 4: EIS fitting procedure and result for exemplary cell 6300 during CU2 at 50 % SOC and 25 ◦C. An individual ECM is fitted for the full cell (a), the anode
(d) and the cathode (g) based on the impedance spectrum visualized in Subfigure (b), (e) and (h), respectively. A lin-Kramers-Kronig analysis (Subfigure (c), (f)
and (i)) yields the validated frequency spectrum. The anode spectrum is only fitted for impedance measurement points below 1 kHz.

as the initial value for the optimization. The optimized ECM-
parameters for cell 6300 during CU2 at 50 % SOC, 25 ◦C and in
charge direction are visualized in Figure 4 (a), (d) and (g). The
fitted impedance spectra, however, are compared to the mea-
sured data in Figure 4 (b), (e) and (h). For the full and the half
cell a very high fitting accuracy is reached, demonstrated by the
low residuals.
Additional features extracted from all three impedance spec-
tra include the ohmic resistance, i.e. the impedance value at
the intersection with the imaginary axis, and the characteristic
impedance value at 1 kHz. In cases, where there is no inter-
section with the imaginary axis present due to rapid impedance
rise, the ohmic resistance is replaced with the real part of the
impedance value with the lowest imaginary value.

3. Data Records

The complete dataset, including raw data files, processed
data files, code to generate the data, as well as the bat-
tery cycling protocols, will be made freely available at
https://epub.uni-bayreuth.de/. The dataset is organized into sev-
eral file types and formats, each serving a specific purpose in

the analysis of the battery aging dataset. Below is a detailed
overview of the file types, their organization, and guidance on
accessing and processing the data. The folder structure for all
measured raw data files is described with the aid of Figure 5.
In Figure 5 the files for one exemplary CU, as well as the aging
files, are listed.
The folder structure remains consistent for all cells and CUs,
i.e., although a cell is aged cyclic, the calendar aging subfolder
exists, which, however, will be empty. A detailed description is
given below:

01_Formation All measured data during the formation pro-
cess is stored as .txt files for both master and slave chan-
nels.

02_CU_ext The subfolder structure of 02_CU_ext is visible in
Figure 5, where each folder exists for the BOL, MOL, and
EOL CU. For the temperature T = 25 ◦C, all subfolders
exist, while for 10 ◦C and 45 ◦C, the pOCV measurement
is missing. The direction is covered in CHA and DCH
directions for all tests. In the pOCV subfolder, only two
files exist, one for the master and one for the slave channel.
In the HPPC subfolder, four files exist per SOC step: two
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SN

6297

6298

6299

…

6314

01_Formation

02_CU_ext

03_CU_sta

04_Cyc

05_Cal

06_FC

CU1_BOL

CU2_MOL

CU3_EOL

T10

T25

T40

pOCV

HPPC

EIS CHA

DCH

SOC10_Master.txt

SOC10_Master.dta

SOC10_Slave.txt

SOC10_Slave.dta

SOC15_Master.txt

SOC15_Master.dta

SOC15_Slave.txt

SOC15_Slave.dta

…

SOC90_Slave.dta

Protocol

Checkup
Temp.

Test

DIR Files

7084_Calendaric_Acc_6299.txt

8667_Calendaric_Acc_6299.txt

10125_Calendaric_Acc_6299.txt

11475_Calendaric_Acc_6299.txt

12790_Calendaric_Acc_6299.txt

…

Aging

Figure 5: Folder structure of the raw data files. Each selected folder is printed bold, while all subfolders are presented again, and so on. In this example, all EIS files
for cell 6299 during the MOL CU (CU2_MOL) at 25 ◦C and in charge direction are listed. Additionally, the files, captured during the aging phase, are listed below.

each for the charge and discharge pulse, one for the master
and one for the slave channel, respectively.

03_CU_sta The standard CU folder shares its structure with
the 02_CU_ext folder but incorporates only the CHA di-
rection folder. Moreover, the SOC steps at 15 % and 85 %
are not present.

04_Cyc One file per aging phase.

05_Cal One file per aging phase.

06_FC One file per aging phase.

3.1. File Types and Formats

Cell information Two Excel spreadsheets:
Cell_Assembly_Data.xlsx contains measurements
during the assembly in the laboratory; Re-
sults_Formation_Final.xlsx includes the calculated
capacity from the assembly data and the measured
capacity from the formation.

Formation protocols and data One .pln file for the formation
protocols of all channels and one .txt file with the mea-
surement for every cell.

Battery cycling protocols Organized in respective subfold-
ers for each test step, i.e., CU_standard, CU_extended,
and Aging. All files are stored in .pln format
with a clear naming convention to map channel
and cell, e.g., HPPC_Standard_DCH_CH00.pln or
pOCV_Extended_Master_CH08.pln.

Validation files The measurement verification files of all
BaSyTec and MUX channels are stored as .mat

files, e.g., BaSyTec_1981_Verification_Protocol 20-12-
2024_13-24.mat. The validation files regarding correct
EIS measurement are stored as .txt and .dta files.

Raw data files CU Raw data files are stored under their
respective cell folder, either as .txt files for time-
series data, e.g., 8853_HPPC_DCH_SOC10_6300.txt,
or .dta files for Gamry EIS measurements, e.g.,
Gamry_TE_0000005368_0022_0001_0001_0000.dta. In
total, 706 .txt files and 138 .dta files exist per cell, total-
ing 15,192 files for the entire aging experiment, excluding
missing EIS files for cell 6298 on electrode level and cells
6313 and 6314. The files have a total size of approximately
1.9 GB per cell.

Raw data files aging phase The time-series data of the aging
process is stored in respective subfolders (same folder as
the raw data files CU) under each cell number in .txt for-
mat, e.g., 7081_Calendaric_6297.txt, where 7081 is the
counting measurement number, Calendaric is the aging
path, and 6297 is the cell number. Each file exists per
aging sequence, totaling 180 files, approximately 3 GB.

Preprocessing code The preprocessing code is stored in three
subdirectories for pOCV, HPPC, and EIS fitting. Each
subdirectory includes one Jupyter notebook and one
Python file containing all functions in the subdirectory
A_Modell.

Preprocessed data Preprocessed dataframes are stored as
.csv files for each fitting result, i.e., df_pOCV.csv,
df_HPPC.csv, and df_EIS.csv.

3.2. Battery Cycling Protocols
All battery cycling protocols are available in the BaSyTec-

preferred .pln format. The files are organized in respective CU
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standard, CU extended, and Aging Phase folders. Additional
protocols include formation, temperature control, and discharge
profiles.

Aging Phase The aging phase protocols include one file for
each protocol, with an exception for the 3N3F protocols,
and are organized in respective folders. To achieve anode-
potential-controlled fast-charging, the measured anode po-
tential must be added to the cycling protocol and in-
cluded as a controlling variable. Hence, one individ-
ual 3N3F protocol is necessary for each cell, i.e., Ag-
ing_3N3F_CH08.pln.

CU standard The files for the standard CU are organized in
subfolders for each test step:

pOCV The pOCV protocols are divided into master and
slave protocols, respectively. While one individual
file exists for every master channel, only one general
file exists for all slave channels.

EIS Similarly, the EIS protocols are divided into master
and slave: The protocols exist individually per chan-
nel group, as shown in Table 2. The master channel
protocols are divided into test steps for each SOC
adaptation, i.e., ±10 %, ±20 %, ±30 %.

HPPC The HPPC protocols are divided into the pulse di-
rection, i.e., charge or discharge, where one master
channel file exists per channel.

CU extended The CU protocols for the extended CU have the
same folder structure as the standard CU, solely the dis-
charge direction is covered, with one parallel DCH folder
in every test step.

3.3. Preprocessing Code

The preprocessing code is divided into three directories, each
one for the pOCV, EIS, and HPPC processing. Each directory
has the same general structure: A subdirectory A_Modell in-
cludes all necessary Python files for the actual fitting, while a
Jupyter notebook in the main directory iterates through all raw
data files and finally stores the results in a dataframe. All func-
tions are well documented in the repository itself.

3.4. Preprocessed Data

For each fitting protocol, one final dataframe, stored as a .csv
file, exists, which shares a common structure as displayed in
Table 4. The data columns in Table 4 are filled individually for
every dataframe. The unique identifiers in the first columns,
however, allow merging of all dataframes and directly compar-
ing their values. They also offer a great starting point for new
model development, model validation, or visualization of trends
within the aging series.

4. Technical Validation

The technical validation of our battery cycling system and
measurement protocols ensures the reliability and accuracy of
the data collected throughout the study. This section provides a
detailed examination of the hardware calibration, data acquisi-
tion methods, and the robustness of the fitting results, highlight-
ing the precision of our experimental setup and the integrity of
the findings.

4.1. Battery Cycling System
Battery cycling and testing were performed using two

BaSyTec CTS Lab measurement devices, i.e., CTS1460 and
CTS1463. Each device is equipped with 32 channels, ini-
tially facilitating three-electrode measurements per channel.
However, it is important to note that the sampling rate de-
creases when utilizing the three-electrode configuration. Con-
sequently, each cell requires two channels: the master channel
(e.g., CTS1460 channel 00) manages the full cell, while the
slave channel (e.g., CTS1460 channel 01) is dedicated to con-
trolling the anode. EIS measurements were enabled through
the use of an auxiliary Gamry Reference 3000 potentiostat, in
conjunction with a BaSyTec multiplexer. This setup allowed
the connection of one CTS Lab to the Gamry device (in this
case: CTS1460), thereby facilitating sequential EIS measure-
ments across all connected cells. However, this configuration
was limited to a single CTS Lab, encompassing only 32 chan-
nels, which corresponds to 16 cells. It is noteworthy that chan-
nel 03 on the multiplexer experienced irreparable issues, result-
ing in the absence of EIS data at the electrode level for cell
6298. For a comprehensive list of specifications, please refer to
the BaSyTec and Gamry websites [68, 69].
To verify the accuracy of the chosen hardware, a calibration
protocol was followed for both CTS labs. For the CTS1460
connected to the multiplexer and the Gamry device, the multi-
plexer was connected during the verification. The verification
protocol included the comparison of two different voltage (ap-
proximately 2.5 V and 4 V) and one current regime (approx-
imately −1 mA to 1 mA) with a calibrated Keysight 34470A
multimeter. Three sample batteries, with low, medium and high
SOC, serve as the reference for both measurement devices. The
verification is repeated ten times to ensure statistical robustness.
The results, including the mean µ and standard deviation σ of
the difference to the Keysight 34470A, for each channel of both
CTS Labs are listed in Table 5. As listed on the datasheet of the
CTS Lab [68], the voltage and current uncertainty is stated to
be 1 mV and 0.2 µA. Our measurements confirm that the stated
uncertainty is not exceeded by any channel.

4.2. Half-Cell Potential Data
From the manufacturing data, i.e., the weights of the elec-

trode coins, the theoretical capacity was calculated, as shown in
Table 6. The theoretical capacity is calculated by multiplying
the electrode mass, i.e., the coin mass minus the current collec-
tor mass, with the specific capacity of the material. These val-
ues always correspond the cathode capacities, as they limit the
full cell capacity. These theoretical values were validated with
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Table 4: Structure of the preprocessed dataframes (df_pOCV.csv, df_HPPC.csv, df_EIS.csv) stored as .csv files with each column filled with all unique values. The
data column is respectively filled with the resulting values from each fitting protocol.

Cell CU Aging_Path Temperature SOC Direction Electrode Cycle_Count Data. . .
6297 CU1_BOL CAL T10 10 CHA FC 0 . . .
6298 CU2_MOL CALacc T25 15 DCH neg . . . . . .
6299 CU3_EOL CYCfull T40 20 pos . . . . . .
6300 CU1 CYClower 50 . . . . . .
. . . . . . . . . . . . . . . . . .

6314 CU8 3F3N 90 . . . . . .

the measured capacity during the first C/10 CC-CV charge pro-
tocol during formation. The Pearson correlation coefficient be-
tween the theoretical and measured capacity values is at 0.8440,
indicating a high quality during assembly.
One shortcoming of the provided dataset is that only the an-
ode potential and EIS was measured during CUs. The cathode
potential, however, was simply calculated from that via Equa-
tion 39 and 40.

OCPPE = OCV + OCPNE (39)
ZPE = Z − ZNE (40)

Due to the structure of the used PAT-cells, no additional valida-
tion for the cathode potential calculation is necessary. The cath-
ode EIS calculation, however, remains to be validated against
true measurements. Figure 6 provides this analysis in one com-
mon Nyquist plot where the measured anode, cathode and full
cells EIS is compared to the calculated cathode EIS from Equa-
tion 40. As can be seen, especially by the additional vertical
error plot next to the frequency colorbar in Figure 6, the align-
ment between measured and calculated cathode EIS is very high
with the deviation mostly below 0.1Ω. There is no systematic
error in the middle frequency range, evident by the fluctuation
error of the real part. The error significantly increases for very
low and very high frequencies. Similar to the linear Kramers-
Kroning evaluation by Figure 4, we suggest to solely use elec-
trode EIS data up to a frequency of approximately 1 kHz.

4.3. Data Quality - Measurement and Fitting Results

To ensure statistical significant results, three cells were aged
per aging path. All evaluations include the standard deviation
of the fitting process indicating the statistical significance.

4.3.1. pOCV Evaluation
Figure 7 shows the gathered DMs for all cells over all CUs.

In each subfigure, the respective DM is plotted per aging path
over the measured state of health (SOH) including the standard
deviation in both dimensions, SOH and DM. As can be seen in
Figure 7 (a), the LLI rises linearly with the SOH decay, math-
ematically following Equation 4. Due to the dimensions of the
OCPs in relation to each other, this behavior is reasonable.
The anode shows barely any aging, as shown in Figure 7
(b), with the maximum LAMNE not exceeding 1.5 %. Visibly

LAMNE reduces in some CUs, especially for the calendar ag-
ing paths. This can be explained by additives in the electrolyte
which leads to a softer SEI after the first few cycles and, with
that, reduces the resistance. Due to the measurement of the
pOCV at non-negligible C-Rates, there is a non-negligible over-
potential, measurable as an offset in the electrode potentials.
Reduction of this offset, as with decreased resistance, leads to
less LAMNE.
The LAMPE trajectory in Figure 7 (c) shows expected behav-
ior: The 3N3F and CYCfull aging paths stress the cathode the
most and thus lead to the – in comparison – excessive LAMPE.
Notably, the partial cycling aging paths shows nearly the same
trend. Both calendar aging paths experience the least cathode
aging, especially the pure CAL path, shows only approximately
10 % of LAMPE, even after 25 % capacity decay. This implies
that most aging there is due to a shift of both OCPs to each
other, what is mostly referred to as LLI.
Overall, the standard deviation per CU and aging path is no-
tably low, revealing the high data quality. While the standard
deviation of LAMNE, displayed in Figure 7 (b), seems high, it
must be interpreted in relation to the general low absolute an-
ode aging values. The maximum standard deviation there is
still below 1.2 %, ensuring the quality of the data and the fitting
protocol.
During the aging study, we explored unexpected behavior in the
captured OCPPE which seemed to be additional overpotentials
at high SOC states. Following the assumptions from Jung et
al. [44] and Zhang [45], we believe to capture rocksalt forma-
tion in the cathode due to the very high nickel content. While
the general fitting accuracy was still very high (mean absolute
error (MAE) below 7 mV), the additional impedance in the up-
per SOC region lead to overestimated SOH values because the
upper voltage limits was reached earlier during measurement.

4.3.2. HPPC Evaluation
While many resistance values were evaluated during the

HPPC test, the RDC,1s is well comparable to literature and al-
lows valuable comparison between electrodes, SOC and over
degradation. Figure 8 summarizes the RDC,1s at 25 ◦C for an-
ode, cathode and full cell for the lowest, mid and highest SOC,
i.e., 10 %, 50 % and 90 %, for all aging paths along degradation.
The three cells per path are combined in one datapoint, with the
standard deviation shown by the vertical errorbars. The previ-
ously described odd behavior of the cathode is also visible in
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Table 5: Results of the hardware verification of both BaSyTec CTS Lab for two voltage and one current regime. All measurements were repeated ten times to ensure
statistical robustness.

Channel Low Voltage Range High Voltage Range Current
µ / mV σ / mV µ / mV σ / mV µ / mA σ / mA

CTS1460 CH00 2.63 × 10−1 1.21 × 10−3 −2.95 × 10−1 6.23 × 10−4 −7.16 × 10−8 1.63 × 10−9

CTS1460 CH01 −1.59 × 10−1 9.86 × 10−4 −2.38 × 10−1 3.38 × 10−4 −2.21 × 10−9 1.81 × 10−9

CTS1460 CH02 −5.26 × 10−1 9.86 × 10−2 −5.68 × 10−1 3.32 × 10−4 −2.78 × 10−9 4.70 × 10−8

CTS1460 CH03 6.03 × 10−2 1.14 × 10−3 −3.17 × 10−1 6.01 × 10−2 1.15 × 10−9 1.99 × 10−9

CTS1460 CH04 −5.69 × 10−2 6.08 × 10−2 −2.76 × 10−1 −2.76 × 10−1 −2.57 × 10−9 1.90 × 10−9

CTS1460 CH05 2.01 × 10−2 8.04 × 10−2 −1.44 × 10−1 −1.44 × 10−1 −1.77 × 10−9 1.97 × 10−9

CTS1460 CH06 −8.52 × 10−2 5.99 × 10−2 −1.77 × 10−2 −1.77 × 10−2 6.15 × 10−8 1.69 × 10−9

CTS1460 CH07 −3.14 × 10−3 9.21 × 10−2 1.96 × 10−1 1.96 × 10−1 2.62 × 10−9 2.09 × 10−9

CTS1460 CH08 −2.71 × 10−1 5.93 × 10−4 −2.65 × 10−1 4.92 × 10−4 9.41 × 10−8 2.17 × 10−9

CTS1460 CH09 9.77 × 10−2 4.97 × 10−4 3.06 × 10−3 4.65 × 10−4 −5.75 × 10−9 1.45 × 10−9

CTS1460 CH10 −2.88 × 10−1 1.01 × 10−1 −3.36 × 10−1 4.93 × 10−4 3.48 × 10−9 1.65 × 10−9

CTS1460 CH11 4.03 × 10−2 5.51 × 10−4 −1.15 × 10−1 6.03 × 10−2 2.42 × 10−9 1.53 × 10−9

CTS1460 CH12 −3.16 × 10−1 6.02 × 10−2 −3.43 × 10−1 8.05 × 10−2 2.38 × 10−9 1.76 × 10−9

CTS1460 CH13 2.42 × 10−1 6.06 × 10−2 1.44 × 10−1 8.01 × 10−2 2.09 × 10−9 1.97 × 10−9

CTS1460 CH14 −2.78 × 10−1 8.78 × 10−4 −4.23 × 10−1 5.54 × 10−4 −1.91 × 10−9 2.02 × 10−9

CTS1460 CH15 −1.72 × 10−1 6.29 × 10−4 −9.59 × 10−2 4.91 × 10−4 −2.05 × 10−9 1.58 × 10−9

CTS1460 CH16 −1.55 × 10−1 6.18 × 10−4 −2.86 × 10−2 4.57 × 10−4 −2.99 × 10−9 2.32 × 10−9

CTS1460 CH17 −1.88 × 10−1 3.42 × 10−4 −2.87 × 10−1 9.85 × 10−2 −6.81 × 10−9 1.80 × 10−9

CTS1460 CH18 −1.86 × 10−1 5.94 × 10−4 −4.90 × 10−2 4.82 × 10−4 −7.11 × 10−8 4.38 × 10−8

CTS1460 CH19 −7.99 × 10−2 6.03 × 10−2 −3.00 × 10−1 3.83 × 10−4 −3.00 × 10−7 2.00 × 10−9

CTS1460 CH20 3.08 × 10−3 5.43 × 10−4 −2.41 × 10−1 8.05 × 10−2 2.96 × 10−9 1.64 × 10−9

CTS1460 CH21 −1.14 × 10−1 5.10 × 10−4 −3.45 × 10−1 9.20 × 10−2 −4.43 × 10−9 4.51 × 10−8

CTS1460 CH22 −4.17 × 10−1 9.23 × 10−2 −4.02 × 10−1 6.07 × 10−2 1.20 × 10−9 1.63 × 10−9

CTS1460 CH23 −1.09 × 10−1 8.96 × 10−4 −4.03 × 10−1 3.61 × 10−4 −2.87 × 10−9 1.81 × 10−9

CTS1460 CH24 −2.18 × 10−1 5.57 × 10−4 −3.05 × 10−1 2.66 × 10−4 −4.72 × 10−8 2.04 × 10−9

CTS1460 CH25 5.47 × 10−2 4.76 × 10−4 1.04 × 10−1 3.85 × 10−4 1.68 × 10−9 2.87 × 10−8

CTS1460 CH26 −4.37 × 10−1 5.71 × 10−4 −6.11 × 10−1 9.24 × 10−2 −2.95 × 10−9 2.22 × 10−9

CTS1460 CH27 1.24 × 10−2 5.01 × 10−4 −2.65 × 10−1 8.04 × 10−2 −6.56 × 10−9 1.57 × 10−9

CTS1460 CH28 6.19 × 10−1 7.16 × 10−4 5.19 × 10−1 4.58 × 10−4 −1.66 × 10−9 2.19 × 10−9

CTS1460 CH29 5.53 × 10−1 2.88 × 10−4 6.41 × 10−1 4.61 × 10−4 −3.65 × 10−9 1.47 × 10−9

CTS1460 CH30 −2.90 × 10−2 2.09 × 10−3 −9.49 × 10−2 8.41 × 10−4 2.46 × 10−9 1.89 × 10−9

CTS1460 CH31 −1.10 × 10−1 3.86 × 10−4 −9.75 × 10−2 6.04 × 10−2 −4.56 × 10−8 1.91 × 10−9

CTS1463 CH00 5.96 × 10−2 1.09 × 10−3 −8.70 × 10−2 5.10 × 10−4 1.53 × 10−9 1.17 × 10−9

CTS1463 CH01 2.96 × 10−2 7.94 × 10−4 1.46 × 10−1 1.01 × 10−1 −9.81 × 10−8 1.63 × 10−9

CTS1463 CH02 −2.51 × 10−1 7.13 × 10−4 −3.89 × 10−1 3.68 × 10−4 −2.22 × 10−9 1.21 × 10−9

CTS1463 CH03 −1.28 × 10−1 7.95 × 10−4 −2.53 × 10−1 9.21 × 10−2 −2.64 × 10−9 8.69 × 10−8

CTS1463 CH04 1.79 × 10−3 6.27 × 10−4 −9.92 × 10−2 6.89 × 10−4 −7.25 × 10−8 1.61 × 10−9

CTS1463 CH05 1.18 × 10−1 9.21 × 10−2 −6.29 × 10−2 7.22 × 10−4 −3.85 × 10−9 1.91 × 10−8

CTS1463 CH06 −1.52 × 10−1 8.93 × 10−4 −1.96 × 10−1 6.02 × 10−2 −4.45 × 10−9 1.54 × 10−9

CTS1463 CH07 1.23 × 10−1 8.41 × 10−4 −1.42 × 10−1 6.64 × 10−4 3.07 × 10−9 4.30 × 10−8

CTS1463 CH08 3.52 × 10−2 9.65 × 10−4 2.64 × 10−1 9.19 × 10−2 −8.65 × 10−8 1.25 × 10−9

CTS1463 CH09 −9.39 × 10−2 9.20 × 10−2 −3.15 × 10−1 9.21 × 10−2 −2.85 × 10−9 2.08 × 10−9

Figure 8 (c): For the two most aggressive aging paths, 3N3F
and CYCfull, RDC,1s exceeds values of 30Ω, notably more than
five times the initial value. The RDC,1s, however, shows similar
behavior also for the lower SOCs at 50 % (Figure 8 (b)) and
10 % (Figure 8 (a)). There the resistance increases similarly,
but less pronounced, to values around 20Ω. In all three SOC
points, the partially cycled aging paths show the least resistance

increase. As shown in Figure 8 (g) - (i), the full cell resistance
is dominated by the cathode, which shows almost identical tra-
jectories. The anode resistance course proves that the included
additives in the electrolyte indeed lead to reduced anode resis-
tances in the first few cycles, explaining the unexpected de-
clining behavior in the LAMNE. The SOC-dependency is al-
most negligible for the anode. Summarized the low standard
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Figure 6: Technical validation of the cathode EIS measurement. The Nyquist plot compares the calculated with the measured cathode Nyquist plot. Additionally
the impedance deviation is plotted, for the real and imaginary part, next to the frequency bar.

Table 6: Theoretical cell capacity value calculated from the electrode coin
weight in comparison to the measured capacity during formation cycles.

SN Theoretical Capacity Measured Capacity
6297 10.08 mAh 9.900 mAh
6298 10.06 mAh 9.874 mAh
6299 10.06 mAh 9.880 mAh
6300 10.07 mAh 9.923 mAh
6301 10.10 mAh 9.939 mAh
6302 10.08 mAh 9.935 mAh
6303 10.15 mAh 10.01 mAh
6304 10.08 mAh 9.917 mAh
6305 10.10 mAh 9.912 mAh
6306 10.08 mAh 9.938 mAh
6307 10.08 mAh 9.929 mAh
6308 10.07 mAh 9.920 mAh
6309 10.14 mAh 9.974 mAh
6310 10.04 mAh 9.909 mAh
6311 10.07 mAh 9.952 mAh
6312 10.05 mAh 9.986 mAh
6313 10.10 mAh 9.957 mAh
6314 10.02 mAh 9.843 mAh

deviation between the three cells per aging path in each CU
prove the high data quality of the cells itself, the aging series,
but also the measurement.

4.3.3. EIS Evaluation
Instead of evaluating fitted values from the EIS fitting pro-

tocol, a direct comparison of the gathered Nyquist plots allows
a fair comparison of all cells and especially the deviation be-
tween cells from the same aging path. Figure 9 summarizes
all measured Nyquist plots from all cells on full cell level for

25 ◦C and 50 % SOC over the SOH. As can be seen, no mea-
surements are available for cell 6313 (Figure 9 (r)) and 6314
(Figure 9 (l)) due to only 32 available MUX channels. Hence,
only for the first 16 cells EIS measurements were taken for the
full cell and the anode. Each row represents the Nyquist plot
for all three cells of one aging path. Note that not all subfig-
ures have the same x and y scaling. Again, the calendar aging
paths (CAL and CALacc, Figure 9 (a) - (c) and Figure 9 (d) -
(f)), the partial cycling paths (CYClower and CYCupper, Figure 9
(g) - (i) and Figure 9 (j) - (l)) and the most aggressive aging
paths (CYCfull and 3N3F, Figure 9 (m) - (o) and Figure 9 (p)
- (r)) show similar behavior, respectively. This again provides
evidence for high data quality. Most interestingly, the Nyquist
plots for the 3N3F and CYCfull aging path show tremendous
impedance rise for the high frequency range. In comparison to
the 3N3F case, the fully cycled cells even experience amplified
rise of the imaginary impedance part.

5. Usage Notes

This section provides a brief description of each fitting pro-
tocol. The foundations and reasoning behind the selected pro-
tocols are documented in Section 2.

pOCV Fitting In the subdirectory A_Modell of the pOCV
fitting, only one Python file is stored that includes all
necessary functions, i.e., fit_OCV(), cost_fun_anode(),
cost_fun_cathode(), create_OCV_DVA_ICA(), get_DM(),
and plot_OCV_DVA_ICA(). In the main directory the con-
trolling jupyter notebook main_pOCV.ipynb is stored. The
fit_OCV() function is the main function called from within
the notebook. In the notebook itself, the raw data file
paths are iteratively loaded and checked if already eval-
uated. If not, the file path is handed to the fit_OCV()
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Figure 7: Gathered DMs versus the estimated SOH for all aging paths. Each
aging path includes three identical cells, where the standard deviation of the
SOH and DM estimation is visualized by the error bar.

function and loaded there. In fit_OCV(), first some ba-
sic definitions are set, i.e., the boundaries and the sam-
ple length. The differential voltage and incremental ca-
pacity curves of the raw voltage signals are calculated,
and the main DVA peak of the anode is detected. The
prior CU results are loaded to select the initial and bound-
ary values, as stated in Equation 5. First, the anode
cost function cost_fun_anode() is called, followed by the
cathode cost function cost_fun_cathode(). Both results,
from the anode and cathode fitting, are handed to the
create_OCV_DVA_ICA() and get_DM() functions, which
return, as the names suggest, the full OCV, DVA, ICA
curves, as well as the DMs. Optionally, the visualization
function plot_OCV_DVA_ICA() is called to view the re-
sult. The main function fit_OCV() returns all important
values, i.e., the resulting alignment parameters, the align-
ment parameters in pristine state, the measured capacity,

the estimated as well as the calculated SOH, the OCV er-
ror, and all DMs. These values are processed in the note-
book and stored in the respective location in the dataframe.

HPPC Fitting The main notebook main_hppc.ipynb controls
the fitting procedure and iterates through the respective
CUs and cells while calling the actual functions located
within the subdirectory A_Modell. For every CU of every
cell, the respective pOCV value is loaded by assessing the
function process_and_evaluate_pocv_data(). Next, for
every temperature and charge direction, the respective di-
rectory is located and the raw data is loaded, aided by the
supporting function process_and_evaluate_hppc_data().
For every SOC and pulse direction, the actual fitting starts:
First, the dataframe is checked for any prior results and the
corresponding raw data, including the HPPC and pOCV
files, is located. The first straightforward step is done via
the ohmic_resistance_calculation() function, i.e., calcula-
tion of the ohmic resistance via Ohm’s law. Next, the
initial values for the fitting of the ECM parameters are
loaded. If it is not the first CU, the prior results are loaded
and the search space is set to 1 % to 200 % of the prior re-
sult. Finally, the ECM parameters are fitted with the core
function ecm_parameter_fitting(). This process is subse-
quently iterated for the electrodes and the full cell, first
for the relaxation phase and, finally, for the pulse phase.
Lastly, the DC-IR calculation follows, aided by the func-
tion dcir_calculation().

EIS Fitting The preprocessing code of the EIS fitting is di-
vided into the evaluation function eval_EIS(), located
in the Python file eval_EIS.py within the subdirectory
A_Modell, and the main notebook main_EIS.ipynb. Anal-
ogous to the pOCV and HPPC fitting, the main EIS note-
book simply creates or loads the dataframe and iterates
through all raw data files. During these iterations, how-
ever, there are additional quality gates to maintain high
accuracy: The fitting function eval_EIS() accepts initial
values for its ECM parameters. During the first CU
CU1_BOL, three different combinations are evaluated to
yield the best fitting result. For every following CU, the
prior result is selected as the initial values, if available. In
the fitting function eval_EIS.py, we use the impedance.py
package [59] to extract the frequency and impedance ar-
rays from the Gamry .dta files and to finally fit the ECM.
While the full spectrum of the full cell is fitted, the elec-
trode data is truncated based on a prior Gaussian kernel
to smooth the data and a Kramers-Kronig test to deter-
mine the valid frequency range. Besides the fitting, the
eval_EIS.py function also calculates characteristic points
from the Nyquist plot, i.e., the ohmic resistance as the in-
tersection of the Nyquist curve with the imaginary axis and
the impedance at 1 kHz. Finally, eval_EIS.py returns these
values, as well as all fitted ECM parameters and the fit-
ting root mean squared error (RMSE). If after 10000 it-
erations no valid result can be determined, the function
returns NaN. This, however, is only the case for less than
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5 % of the data points, and mostly for electrode data in
boundary regions.

6. Code Availability

All resources used to generate this dataset, as well as all
raw data will be made freely available under: https://epub.uni-
bayreuth.de/. The required python libraries are listed in the
repository.
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3 Discussion and Summary

This discussion particularly focuses on the advancements made in SOH estimation and OCV
reconstruction algorithms for LiBs and BEVs. By integrating the findings from each article,
this chapter elucidates the ways in which this thesis enhances the accuracy and reliability of
SOH estimation, thereby contributing significantly to the field of battery technology and BEV
performance. This thesis not only allows one to improve state estimation for LiBs but also
bridges the gap towards onboard estimation for BEV fleets. This ultimately leads to higher
transparency over used BEVs and, with that, to a higher acceptance rate – especially in the
aftermarket. While new BEV generations are still too expensive to penetrate the entire market,
increased trust in the aftermarket will allow the widespread adoption of BEVs throughout
society, leading to fewer ICE cars on the road and, thus, to a more climate-friendly future.

A thematic connection between each research article is created and guides the process from
SOHC estimation, through OCV reconstruction and DM estimation, to finally creating a
truly valid dataset, including all aging information necessary. The synthesis provided herein
demonstrates how the collective insights from these articles contribute to answering the
overarching research questions defined earlier in the thesis.

This chapter presents an individual discussion of the research questions in Sections 3.1,
3.2, and 3.3, while still maintaining the overall connection between all articles. Section 3.4
concludes with a brief summary and an outlook for future research.

3.1 Discussion of SOH Estimation based on OCV-Models

As outlined in the introduction, the OCV model, based on the mechanistic modeling ap-
proach, traditionally requires time-series data during charging to operate. However, such
data is not available for most existing BEV fleets. In Section 2.1, a novel OCV model is intro-
duced that utilizes an alternative data source: Relaxed voltage points and the accumulated
charge between these points, which is already captured in most BMSs for SOC adaptation.

The initial research question regarding how the mechanistic model must be modified to op-
erate with real-world BEV fleet data is addressed by altering the objective of the optimization
problem:

f (ϑ) =|| ∆Qmeas(V) − ∆Qreco(V, ϑ) ||22 (3.1)
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where ∆Qmeas(V) is the measured vector of N charge differences between each two neighbor-
ing relaxed voltage points:

∆Qmeas(V) =


∆Q1

∆Q2

. . .

∆QN

 =


Q(V2) −Q(V1)
Q(V4) −Q(V3)

. . .

Q(V2N) −Q(V2N−1)

 (3.2)

This adaptation of the objective function offers several benefits: Reduced computational cost
due to processing less data. In other adaptations of the mechanistic model with time-series
data, vectors of significant length are processed. In contrast, the novel ∆Q-method operates
with as few as three data points and typically does not process more than 20 relaxed voltage
points. Consequently, the calculation of the cost in the objective function is less complex,
facilitating easier operation on onboard BMS. This modification allows the mechanistic model
to be applied to existing BEV fleet data for the first time. While this is a substantial benefit
for onboard applications and accurate OCV updates, it also serves as a diagnostic tool to
monitor fleet behavior. Understanding degradation patterns in the field can influence the
design of future battery cells and the working principles of onboard algorithms, such as SOC
estimation or fast-charging strategies.

For the voltage points in Equation 3.2, it is, e.g., possible for V2 to equal V3, indicating that
two values of the vector are connected. This can occur if a customer charges the BEV to a
specific SOC, pauses until the criteria for a relaxed voltage point measurement are met (e.g.,
3 h of relaxation), and then continues charging to another SOC point where the criteria are
again fulfilled. This adaptation also enables usage in laboratory environments. For example,
using relaxed voltage points during GITT or HPPC tests can reconstruct the full OCV. The
use of the connected relaxed voltage points from the HPPC is particularly promising, as it
can significantly reduce testing time. This connects to the last section (Section 2.3) in the main
chapter: The novel battery degradation database at the electrode level allows validation of
such novel methods because it includes validated DMs and HPPC measurements.

Figure 3.1 compares the estimated DMs from the ∆Q-method with the generated DMs from
the measurement series in Section 2.3. In Figure 3.1, all measured DMs from all cells over all
aging paths are combined to validate the ∆Q-method with the largest possible dataset.

The data used includes relaxed voltage points from the HPPC section, i.e., SOC points at 10 %,
20 %, 50 %, 80 %, and 90 % SOC. The relaxation period was at least 1 h, and the cumulative
charge between these points was tracked by the cycling system. Hence, the matrix for the
objective function in Equation 3.2 consists of four segments, totaling five relaxed voltage
points, where V1 is the measured voltage at SOC = 10 %, V2 at SOC = 20 %, and so on. These
estimated DMs are compared to the valid DMs generated by the fitting protocol introduced in
Section 2.3. The measured electrode potentials are used to track changes in DMs, providing
the most accurate estimation of DMs, which are considered the reference.
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Figure 3.1: The ∆Q-method applied on relaxed voltage points, gathered from the hybrid
pulse power characterization (HPPC) of the dataset introduced in Section 2.3. The
true labels are generated from the measured electrode potentials, which are fitted
based on the algorithm described in Section 2.3, and are compared to the estimated
loss of active material - negative electrode (LAMNE) (a), loss of active material -
positive electrode (LAMPE) (b) and loss of lithium inventory (LLI) (c).

Figure 3.1 demonstrates that the ∆Q-method yields accurate results for LAMPE and LLI
estimation – now also validated for another cell chemistry than in the initial publication [100].
However, the estimation of the nearly constant LAMNE is challenging due to the absence of
anode features in the data matrix. The lower SOC segment is particularly important for
the ∆Q-method because it provides a steeper gradient in the OCPNE, which influences the
full-cell voltage. This allows for better estimation of the alignment parameters for the anode,
αNE and βNE. Figure 3.2 visualizes the OCV (a) and DVA (b) of the pristine LiB, including
the measured electrode potentials, investigated in Figure 3.1 in comparison to the included
relaxed voltage points at 10 %, 20 %, 50 %, 80 %, and 90 % SOC.
This comparison makes it clear that the anode just marginally influences the cost function,
i.e., only the lowest segment ∆Q1 is influenced by the gradient change of the OCPNE. Hence,
the objective function is biased towards accurate reconstruction of the OCPPE, while the
influence of LAMNE on the full cell OCV is negligible. Inclusion of an additional relaxed
voltage point at 0 % state of charge (SOC) would drastically change the objective and increase
the fitting accuracy for the OCPNE due to the high gradient in this region, as can be seen in
Subfigure 3.2 (b).

This work extends the state of the art by presenting a novel method for OCV reconstruction
applicable to virtually any dataset, independent of the system level, whether laboratory cell,
cell, pack, or BEV. This research confirms earlier findings regarding the optimal SOC range,
noting that lower SOC segments are beneficial for accurate OCV reconstruction. Table 3.1
compares the findings from the study to the state of the art utilizing the mechanistic mod-
eling approach on partial charging events for OCV reconstruction. While many novel state
estimation models are benchmarked against the NASA [195] or Oxford [196] datasets, this
is not the case for the proposed models within this thesis as these common datasets are not
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Figure 3.2: Relaxed voltage points and ∆Q-pairs, gathered from the hybrid pulse power
characterization (HPPC) of the dataset introduced in Section 2.3, in comparison to
the measured open-circuit voltage (OCV), open-circuit potentials (OCPs) (a), and
differential voltage analysis (DVA) (b) from a pristine lithium-ion battery (LiB).

representative. Table 3.1 reveals that most authors [27; 46; 55; 91] state a maximum C-rate
between C/3 and C/4 to achieve accurate results. This, however, must be interpreted in
the context of their studies: For example, Chen et al. [91] state that they have achieved DM
RMSEs below 3.5 % while only using partial charging events from 40 % to 100 % at C/3. They
have gathered synthetic data for these results, which highly simplifies the problem at hand
because synthetic data still includes detectable features, even if they are marginal, at higher
C-rates.

Yang et al. [55] propose that a partial charging voltage segment from 20 % to 70 % SOC at
C/3 suffices to reach acceptable results. Their findings were limited on SOHC estimation,
while the estimation of DMs was carried out with 20 % to 80 % SOC segments at C/20. For
their dataset at C/3 they further state, that even accurate SOHC estimation is not possible
if the starting SOC is above 30 %. Schindler [46] and Friedrich et al. [166] both modified
the mechanistic model to cover charging events at higher C-rates. They did not analyze the
influence of partial voltage curves. Schmitt et al. [27], finally, initialized a detailed sensitivity
analysis and concluded that accurate OCV reconstruction – and, with that, DM estimation
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Table 3.1: Comparison of literature findings on the application of the mechanistic modeling
approach to (partial) charging voltage curves with the novel ∆Q-method.

Study Minimum SOC range Maximum C-rate Comment
Hofmann et al. [100] 40 % to 100 % or

30 % to 75 %
relaxed voltage
pairs

Usage of relaxed
voltage points

Schindler et al. [46] 0 % to 100 % C/3 Focus on current and
temperature

Friedrich et al. [166] 0 % to 100 % C/10 Focus on methods
Yang et al. [55] 20 % to 70 % C/3 Evaluation of SOHC
Chen et al. [91] 40 % to 100 % C/3 Synthetic data
Schmitt et al. [27] 10 % to 80 % C/4 For SOHC estima-

tion
Schmitt et al. [27] 20 % to 70 % C/15 For OCV reconstruc-

tion

– from partial voltage curves is only possible with C-rates as high as C/15. Otherwise, the
features in the full cell voltage curve vanish and especially for the OCPNE no significant
marker is detectable. They claim that the C-rate can be higher if the full SOC window is
available.

As can be seen in Table 3.1, the ∆Q-method requires less wide SOC windows if the starting
SOC reduces. This again, confirms the earlier findings presented in Figure 3.1 and 3.2: The
lower segments are extremely beneficial for detecting features in the OCPNE and, with that,
guide an accurate OCV reconstruction. It must be further noted that all compared studies [27;
46; 55; 91; 166] have used laboratory data on cell level instead of real-world vehicle fleet data.
Hence, the results partly confirm the prior investigations and, for the first time, prove the
applicability of the OCV model for BEV data. This was achieved by using the mean cell
voltage in the battery pack of the BMW i3. For the application of the ∆Q-method, this
implies that relaxed voltage points in the low SOC region are mandatory to achieve high
OCV reconstruction accuracy, forcing the customers to discharge, i.e., drive, their vehicle to
a very low SOC and keep the vehicle at this state for at least some hours before plugging it in
to start charging. While this seems unrealistic, it becomes very likely if (smart) bidirectional
charging is activated, e.g., the vehicle could wait with the full charge to fulfill the relaxation
criteria or even discharge the BEV to reach lower SOC regions.

Despite these advances in comparison to the state of the art, some challenges remain. The
only valid labels were the SOHC measurements. It was not possible to validate the OCV
update as this true measurement was unavailable. Only the comparison between the ∆Q
error and the resulting OCV error from reconstruction and measurement was possible. DM
labels were generated but not validated. This issue was addressed with additional data from
the final journal publication in Section 2.3, as shown in Figure 3.1.

Input data variations, i.e., charge direction, number of relaxed voltage pairs, temperature,
relaxation period or SOC range, can be critical as many influencing factors are ignored. Point
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pairs during charging and discharging are combined by solely changing the sign, which may
not accurately reflect the true conditions. Additionally, two relaxed voltage points during a
discharge event likely include charging segments from recuperation, affecting accuracy, as
hysteresis is completely neglected. Temperature effects are not considered, nor is the applied
current before the relaxation phase. The relaxation period itself is also not taken into account.
Furthermore, the average cell voltage might not be ideal, as the most degraded cell limits
the overall SOH of the BEV. Ideally, capturing cell-individual voltage data would provide a
more accurate assessment of the whole high-voltage battery.

Criticism of the method includes search space constraints based on the SOH onboard estimate,
which already bias the estimation towards the correct SOH label. It is unclear if the preset
search space covers the entire degradation paths of the vehicle fleet and this cannot be
validated. Moreover, the pristine OCP of the positive electrode from the BMW i3 was only
measured in a very narrow voltage range, which might negatively influence the estimation
accuracy for degraded batteries. Some degradation states, specifically certain alignment
parameter combinations, might not be covered with the measured OCPs due to their limited
range.

Previously, many automotive manufacturers might have considered capturing time-series
data of charging events for their algorithms to perform OCV updates. The novel method
offers a solution that eliminates this time- and data-storage-intensive requirement. The
∆Q-method is already applicable to existing BEV fleets and was already validated against
measured SOHC labels. The OCV reconstruction results repeatedly highlight the need for
a comprehensive battery aging database that can serve as a validation tool, such as the
presented database in the last section (Section 2.3) of the main chapter.

The findings can guide future OCV reconstruction methods in several ways: Both methods
(mechanistic model and∆Q-method) follow the same working principle and show that lower
SOC segments are beneficial as they reveal the most information about the anode. These
results can also be transferred to LFP, as LFP has a very flat voltage characteristic. To make
the mechanistic model work for LFP, whether using the time-series or the∆Q-approach, very
high and low SOCs are required, as only there are changes in the LFP OCP reflected in the
full-cell voltage. In addition, due to the significant hysteresis of LFP cathodes, the input data
must be collected exclusively during either the charging or discharging process.

Applications include fleet monitoring, laboratory measurement evaluation, and test plan
reduction. As demonstrated in Figure 3.1, LAMPE and LLI are accurately estimated from
relaxed voltage points in HPPC measurements, removing the need for lengthy pOCV or GITT
measurements to track OCV changes. The lightweight algorithm allows for the application
to onboard BMS, facilitating rollout to most BEV fleets. As observed in this study and
discussed by literature findings [27; 46; 55; 91; 166], the use of voltage data in the lower SOC
region is essential. While this presents a challenge, it also offers an opportunity to enhance
state estimation through smart charging strategies. For instance, controlled charging with
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predefined steps in the lower SOC regions appears feasible in the near future. This approach
not only increases the number of data points in the low SOC segments but also enriches the
overall dataset, thereby improving accuracy.

The sensitivity of the method must be critically discussed, especially in terms of input data.
Further application of the method to recent BEVs, particularly those including LFP LiBs, is
of high interest as the flat voltage characteristic poses significant challenges to the method.
To accurately validate the OCV and DM estimation accuracy, full pOCV measurements of
degraded BEVs are necessary.

3.2 Discussion of Data Scarcity and Neural Networks for SOH
Estimation

While the mechanistic model provides an opportunity to estimate SOHC, OCV, and DMs
from a single measurement, it is computationally complex during operation and constrained
by the physics-based rules embedded in the model itself. Adhering strictly to these rules may
be erroneous, and learning from past data could be a more effective approach [9; 102]. Deep
learning models, although cumbersome during offline training, are efficient once trained and
can easily operate onboard. They are not completely restricted to predefined physical laws,
which can be both an advantage and a disadvantage. Besides that, deep learning models face
two substantial challenges: Data scarcity and data dependence.

The publications introduced in Section 2.2 aim to address how these major issues can be
resolved. Three different approaches are discussed: PINN (Subsection 2.2.1 [149]), transfer
learning (Subsection 2.2.2 [126]), and their combination (Subsection 2.2.3 [51]). The PINN
approach offers several solutions to these challenges [147] and presents a sequential model
architecture where synthetic data generated by a P2D model, including internal states, was
fused with the target experimental data. Results indicate that PINNs effectively address
data scarcity by leveraging information from physics-based synthetic data. Accuracy can be
further enhanced by including internal states, which guide the internal information flow of
the deep learning network by connecting neurons that map measured signals to the desired
SOH.

The proposed transfer learning approach extends SOHC estimation to OCV reconstruction.
Similarly, synthetic data is generated using the mechanistic model, with the distinction that
the synthetic data is based on a different cell. The study reveals that transfer learning
is highly promising for overcoming challenges in deep learning, as the requirements for
adequate source and target domain training datasets are minimal: The source domain training
dataset must encompass all possible aging paths and labels, which is easily achieved with
simulation data. The target domain fine-tuning dataset must include the boundaries of the
desired domain. For instance, if a model is to function across a current range from C/50
to 1C and a temperature range from 10 ◦C to 40 ◦C, the fine-tuning dataset must contain
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at least eight samples: C/50 and 10 ◦C, C/50 and 40 ◦C, 1C and 10 ◦C, 1C and 40 ◦C, all in
pristine and degraded states. This demonstrates that transfer learning effectively exploits the
extrapolation capability of simulation and the interpolation capability of neural networks.

The most effective approach was the combination of transfer learning and PINN: By inte-
grating the developed transfer learning model with a mechanistic modeling approach, the
reconstructed OCV was updated to adhere to the rules of the mechanistic model, and it
further enabled the estimation of DMs. It was irrelevant whether the prior transfer learning
model returned the full OCV or just the alignment parameters. Both methods outperform
the state of the art: In comparison to the most similar study by Tian et al. [61], the proposed
method reduced the SOHC MAE for 200 mV input segments from approximately 3.7 % (pp)
to 1.5 % (pp). The study’s results also emphasize the importance of fine-tuning data, as the
known DMs clarified that the maximum appearing DMs must be included in the dataset.
This highlights another major benefit of transfer learning: Setting up a deep learning model
guided by transfer learning reduces data requirements by approximately 95 % [51].

The PINN results extend the state of the art and demonstrate that synthetic data can not only
substitute for training data, but also the inclusion of internal states is beneficial – a finding not
previously observed [131; 148; 162–164]. While prior realizations of PINN [131; 148; 162–164]
focused on the simplicity of the sequential approach and mainly on the benefit created by
fusing data sources, this approach reveals more underlying advantages. The results lead to
the assumption that the incorporation of unmeasurable states in the training data forces the
neural network to link neurons within the hidden layers to exploit the correlation between
measurable states, internal battery states, and the state of interest, the SOHC. As discussed
in the work by Thelen et al. [162] and Navidi et al. [163], the PINN approach can be easily
extended to DM estimation [164] and, with that, OCV reconstruction.

The transfer learning approaches move in this direction by defining the OCV as the target
variable. The published transfer learning study [126] extends the state of the art by proving
that the choice of the source domain is not critically important. It demonstrated that even
completely synthetic data, with self-designed OCP curves, can serve as the source domain if it
adheres to the physics-based rules of battery degradation, such as LAM leading to shrunken
electrode potential curves and LLI causing a relative shift. In comparison to other transfer
learning studies [61; 123–125; 127–146], this study further advances the state of the art by
combining the strengths of PINNs and transfer learning in a single model that achieves
highly accurate results for OCV reconstruction, even with partial charging data. Especially
the analysis of more than 1.9 million BEV low C-rate charging events (P ≤ 22 kW) provides
valuable insights, as it detects customer charging patterns and yields the SOC window from
30 % to 85 % as the default. While previously transfer learning was already applied for DM
estimation and OCV reconstruction [123; 133; 137], the usage of synthetic data from the
mechanistic modeling approach for this target lacked sufficient research [137]. Lu et al. [137],
however, only compared the performance regarding SOHC estimation for full charging events
because explicit DM knowledge of their experimental dataset was missing.
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Comparing the results to Table 3.1, this work extends the state of the art to realistic charging
events, i.e., narrower SOC ranges and higher C-rates. Both proposed methods, achieve
reasonable results for the newly defined default SOC window from 30 % to 85 %. The first
approach [126] kept an OCV reconstruction MAE and an SOHC estimation MAE below
20 mV and 2.0 % (pp), respectively, independent of the C-rate (C/3.85 to 1C), also for very
challenging use cases with only 13 % of available fine-tuning data. The second approach [51]
extended these findings by narrowing the fine-tuning data to only one out of all available
aging paths. On average, the developed methods kept the MAE of the reconstructed OCV
below 13 mV, the SOHC MAE below 1.8 % (pp), and all relevant DM MAEs below 3 % (pp).
Especially the detailed analysis of the deviation between reconstructed and measured OCV,
DVA and ICA, reveals the huge advantage of fusing physics-based models with deep learning
approaches. Both findings clearly outperform the state of the art, while maintaining very
low data requirements.

Despite these advantages, several drawbacks in the study design and results can be identified.
For PINNs, the sampling rate was too low, causing dynamic effects to vanish. The lack of
variation in laboratory data, with only constant-current (dis)charging events, was another
limitation. The failure to estimate in-vehicle data might be related to the minimal amount of
data (2.2 %) compared to the complete dataset.

In the transfer learning model, the claim is expanded by asserting that including the bound-
aries of the target domain is sufficient. As a result, the accuracy for samples close to these
boundaries is higher than for those further away. Despite that, accuracy for other samples
remains higher than the benchmark and is sufficient. The combined PINN and transfer
learning approach initially suggested that using purely physics-based or mechanistic models
forces the estimation to follow predefined rules. By fusing transfer learning with the mecha-
nistic model, the approach reinforces this constraint. This is because general assumptions of
degradation hold true, especially regarding the mechanistic model.

All proposed methods do not fully leverage the benefits of deep learning because, instead
of learning from full history, as seen in literature examples [9; 102], they rely on explicit
measurements. For transfer learning and the physics-constrained transfer learning, OCV
reconstruction is limited to partial charging segments, but performance for random driving
segments is also of interest. In general, PINNs exhibit high data dependence, making it
crucial that synthetic data closely resembles experimental data. This is not the case for both
transfer learning projects, where there is relatively low data dependence, as the source and
target domains can be derived from completely different cell chemistries without issue. Most
importantly, all investigated models focus solely on characterization of the equilibrium, i.e.,
SOHC, OCV, and DMs – dynamic effects remain unexplored.

All methods could be directly applied to an onboard BMS to estimate the current SOHC,
OCV, or DMs from partial charging segments. This can also be done in cloud-based systems
for fleet diagnosis, where especially the last method – physics-constrained transfer learning
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– and the ability to estimate DMs provide crucial insights into battery degradation. Transfer
learning, in particular, can be applied to other cell chemistries, and adaptation from cell
to system level is highly sought after. Low data dependence has already been observed,
suggesting that transfer learning should work with relatively few labels, even for real-world
fleet data. Yet, time-series data of BEV charging events are scarce, especially for older BEVs.

Further research is needed, particularly in applying these methods to BEV fleets. Most
importantly, extending the methods to dynamic effects and more in-depth characterization,
including inhomogeneity, is crucial. For transfer learning, this would involve a large source
domain where impedance and homogeneity at the electrode level are modified. For fine-
tuning, a database is necessary that includes electrode potential and resistance information
along aging, provided within this dissertation and presented in the comprehensive battery
degradation database in Section 2.3.

3.3 Discussion of the Extension of the SOH Metric to Cover
Dynamic Effects

In the first four studies [51; 100; 126; 149], various methods were proposed for estimating
SOHC, reconstructing OCV, and estimating DMs. These methods utilized different data
sources and were validated with diverse datasets. Yet, a common limitation emerged: A
comprehensive SOH metric, specifically SOHUBE, could not be generated from these methods.
The primary reason is the inability to dynamically model impedance effects at the electrode
level without the necessary data. Consequently, prior research within this thesis concluded
that a novel database at the electrode level is essential to serve as a baseline for future
investigations. Figure 3.3 illustrates this effort by comparing the data sections covered in each
publication. It becomes clear that prior investigations exclusively dealt with the equilibrium
effects of battery degradation, i.e., capacity loss, DM rise, and resulting OCV changes. While
two of the studies also researched the applicability of BEV fleet data, there is a lack of utilized
electrode aging data and, with that, the information about specific effects within the battery.

The novel database significantly expands the available data sources by incorporating infor-
mation about electrode resistance rise in relation to DMs across various aging paths.

This database establishes a new state of the art, surpassing available literature and public
datasets [27; 29; 31; 77; 195; 196; 211–231]. Previous literature primarily focused on limited
datasets that did not encompass comprehensive electrode-level data. With this dataset, it
is possible to truly characterize the SOH of batteries, including electrode information. For
the first time, this dataset allows for the true validation of models for SOH estimation,
independent of the specific definition used.

The dataset preserves high data quality, consisting of 18 cells and 11 RPTs, with no information
loss. Notably, no cell or channel experienced failure throughout the aging series. The
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Figure 3.3: Comparison of the proposed publications and their investigated system level and
included features.

investigated cells have undergone up to 600 EFCs while maintaining an SOHC above 67 %.
Additionally, fitting quality was ensured by accurately tracking errors, maintaining high data
integrity.

A challenge remains in validating all generated labels, particularly since LAMNE exhibits
unusual behavior and is often negative. However, all methods employed directly utilize
measured electrode potentials and adhere to state-of-the-art techniques. Furthermore, all
results reflect the mathematical optimum by employing a global optimization routine. All
raw data and software are published, allowing for straightforward recalculation of DMs and
ECM values if the state of the art evolves. For the first time in the literature, aside from the
NASA [195] or Oxford [196] dataset, a comparison between research groups can be drawn,
allowing for the examination of exceptionally high physical relevance and precision.

The correlation between DMs and resistance rise can be exploited to develop models that
estimate the resistance contribution of electrodes based on the full cell resistance rise and es-
timated DMs from the discussed methods. This can be applied, for example, in fast-charging
scenarios. Another possibility is to extend the SOH metric to SOHUBE by dynamically mon-
itoring electrode resistance rise and integrating these terms into the objective function. The
most important application is the validation of any estimation model in the field using a truly
validated dataset.

Further research is necessary to recreate the database for other cell chemistries, particularly for
LFP and silicon-containing anodes. Extending this to commercial cells requires developing
a large measurement series, where cells are extracted and disassembled during each RPT
to monitor electrode changes. This, however, demands extensive and costly degradation
studies with multiple batteries.
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3.4 Conclusion and Outlook

This section summarizes the key findings of this dissertation. The studies demonstrated that
both data-driven and mechanistic OCV models accurately monitor the SOHC of battery cells
and are capable of analyzing real-world BEV fleet data. For a comprehensive characterization,
understanding the underlying DMs and the OCV is equally important as precise knowledge
of the SOHC. The OCV plays a critical role in determining the accuracy of SOC estimations and
significantly influences most charging algorithms. Therefore, the methods were examined
for their applicability in estimating the DMs and the OCV. Additionally, the challenge of
data scarcity in neural networks was addressed, exploring how transfer learning and PINNs
could effectively bridge this gap. Ultimately, the types of data necessary to construct a
comprehensive database for thorough battery characterization were identified, accounting
for both equilibrium and dynamic effects, such as SOHR and SOHUBE.

To this end, the following research questions were formulated and answered in the three
sections and five journal contributions:

1. How can the mechanistic model for OCV reconstruction be applied to real-world vehicle
data? (Section 2.1)

2. How can the issue of data scarcity in deep learning be resolved? (Section 2.2)

3. How can deep learning models be integrated with physics-based models to ensure
adherence to physical laws and improve interpretability? (Section 2.2)

4. What dataset is required to extend SOH estimation to other SOH metrics, such as SOHR

and SOHUBE? (Section 2.3)

The first research question was addressed by modifying the objective function of the OCV
model. By adapting this function to utilize the gathered relaxed voltage points in conjunction
with the accumulated charge between these points, the mechanistic model was successfully
applied to real-world BEV fleet data. The objective function minimized the charge difference
between adjacent relaxed voltage points, which was validated using a laboratory cell dataset
and subsequently applied to fleet data from the BMW i3. Validation at the fleet data level
involved comparing the estimated SOHC to a measured value obtained during a service visit.
A comparison across all 550 vehicles resulted in a SOHC MAE of 2.52 % (pp). Although the
accuracy of the OCV reconstruction and the estimation of DMs cannot be definitively proven,
it is possible to analyze the general trend of the DMs, which aligned with expectations based
on literature observations.

OCV models based on the mechanistic modeling approach require input data which fulfill
many requirements regarding SOC range, C-rate, and temperature, whereas neural networks
offer more flexible options but demand extensive amounts of training data and might produce
unphysical results. Consequently, for new battery and BEV generations, the most significant
challenges are data scarcity, data dependence, and the adherence to physical laws. The
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second research question aims to address the major issue of data scarcity, which is inher-
ently linked to data dependence. The third research question expands the requirements by
demanding deep learning models that are integrated with physics-based models to ensure
adherence to physical principles and enhance interpretability. This goal is approached from
two directions: PINNs and transfer learning. One study analyzed PINN architectures, while
two studies investigated the utilization of transfer learning.

The proposed PINN architecture exclusively estimated SOHC and investigated three different
data sources: A synthetic cell dataset, an experimental cell dataset, and a vehicle fleet dataset.
The issue of data scarcity was resolved by generating extensive synthetic training data from
a P2D model. This synthetic dataset included internal states, such as concentrations and po-
tentials, and was combined with experimental data sources before training a neural network.
Results demonstrated that synthetic data can serve as a substitute and enhance accuracy.
Furthermore, the inclusion of internal states, which showed a high correlation with capacity
decay, improved performance as it guides the model to follow physical principles. Using
random time-series segments, the PINN achieved SOHC MAEs below 2.11 % (pp). However,
the transfer to real-world fleet data was unsuccessful due to significant differences between
the data sources. Consequently, while the proposed PINN could address data scarcity, it
failed to tackle the problem of data dependence.

Another approach was designed to address both data scarcity and data dependence: Transfer
learning. In the first study on transfer learning, the targets were SOHC and OCV. A neural
network was pre-trained with synthetic data generated from the mechanistic model. This
network utilized partial charging segments and directly returned the full OCV. The default
partial charging segment was extracted from an extensive field data analysis, comprising
nearly 2 million BEV home-charging events, yielding a default SOC window from 30 % to
85 %. From the resulting full OCV, the SOHC could be determined as the available capacity
within the voltage boundaries. The network was later fine-tuned with decreasing amounts
of experimental cell data. Its performance was compared to a conventional neural network
trained exclusively with the same amount of experimental data. The transfer-learned neural
network outperformed conventional deep learning in every use case and further advanced
the state of the art by adapting the model to higher C-rates and smaller charging windows. For
limited fine-tuning data down to 13 % of the full dataset, the SOHC MAE remained below
2.0 % (pp), and the OCV reconstruction MAE was below 22 mV for the default charging
window from 30 % to 85 %, independent of the C-rate, which varied from C/3.85 to 1C.

Within this study, the limitations were noisy, partly nonphysical, reconstructed OCVs and
the absence of DM estimation. A novel combination of the proposed transfer-learned neural
network with the OCV model addressed both issues by sequentially coupling them. Two
methods were proposed: The first utilized the prior transfer-learned neural network to output
the full OCV and fed this OCV into an optimization routine where electrode OCPs were
fitted to reconstruct the full-cell OCV. The second approach modified the neural network
architecture to directly estimate alignment parameters, enabling reconstruction of the OCV
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via the mechanistic model and calculation of the DMs. Both approaches outperformed
previous realizations and advanced the state of the art. The study revealed the underlying
requirements for transfer learning: The source domain must be at least as large as the target
domain, and the fine-tuning dataset must encompass the boundaries of the target domain.
For the minimum fine-tuning dataset that met these requirements, both models achieved a
MAE for OCV reconstruction, DM estimation, and SOHC estimation below 10 mV, 3.1 % (pp),
and 1.82 % (pp) for the default SOC window of 30 % to 85 %.

While previous studies revealed several methods for SOHC, OCV, and DM estimation, they
neglected dynamic effects, including impedance rise, which is gaining significant attention
in BEV applications as the SOHUBE is the metric to be monitored. Therefore, the final
research question focused on creating a comprehensive database to address this shortcoming
in future research. To this end, an extensive laboratory study was conducted, incorporating
three-electrode lab cells aged over nine months, with some exceeding 600 EFCs. During RPTs,
the pOCV, EIS, and HPPC were measured. This dataset enables the next generation of state
estimation, as the measured electrode potentials allow adequate localization of effects and
accurate partitioning of impedance rise – freely available for every researcher as the dataset
is public. Consequently, not only SOHC, SOHR, and SOHUBE estimation is possible, but also
state-of-the-art fast charging algorithms can be implemented.

The outlook for future research highlights several key areas. Extending the SOH metric to
include SOHUBE is advised. For the OCV model, smarter boundary and initial value settings
based on historical data could improve accuracy. In PINNs, adding more aging paths to
synthetic datasets, combining different cell chemistries, and testing alternative architectures
could enhance results. Transfer learning should address the model’s inability to distinguish
between impedance rise and LAM by including impedance rise in target variables. Investi-
gating transfer between cell and high-voltage battery levels is promising. Research should
also expand to other cell chemistries, such as LFP cathodes, cathodes with high nickel content,
and silicon-containing anodes, to increase applicability. Silicon-containing anodes require
blend electrode models due to the rapid degradation of silicon [28]. A similar approach
could be adapted for cathodes with high nickel content, as this chemistry often results in
unexpected behavior due to accelerated impedance rise [50]. This rise in impedance poses
significant challenges for OCV measurements, as the magnitude of the increase can hinder
the approximation of OCV using pOCV measurements at a C-rate of C/25. For LFP cathodes,
hysteresis effects present the biggest challenge, necessitating accurate reconstruction of OCV
in both charge and discharge directions. The publication of the three-electrode aging dataset
provides a methodology to replicate the study across different cell chemistries and address
the challenges mentioned. The dataset already opens promising avenues for developing
advanced state estimation algorithms and understanding anode impedance rise, enabling
accurate characterization of lithium plating risk during degradation.

While there remains significant work to be done, this thesis provides essential building blocks
for the future of mobility, both electric and digital. Through the development of advanced
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OCV models, innovative neural network architectures and the provision of novel databases
for battery state estimation, this research extends the current state of the art and contributes
to the transition of the mobility sector towards climate-friendly alternatives.
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Auflage. Weinheim: Wiley-VCH, 2005. url: https://www.wiley-vch.de/de?option=
com_eshop&view=product&isbn=9783527310685.

[43] C. R. Birkl, M. R. Roberts, E. McTurk, P. G. Bruce, and D. A. Howey. “Degradation
diagnostics for lithium ion cells”. In: Journal of Power Sources 341 (2017), pp. 373–386.
doi: 10.1016/j.jpowsour.2016.12.011.

186

https://doi.org/10.1007/s11581-024-05686-z
https://doi.org/10.1007/s11581-024-05686-z
https://doi.org/10.1002/batt.202300152
https://doi.org/10.1149/1.1838758
https://doi.org/10.1149/1.3486161
https://doi.org/10.1149/2.079205jes
https://doi.org/10.1149/2.0461614jes
https://doi.org/10.18154/RWTH-2017-04693
https://doi.org/10.1016/j.apenergy.2012.09.030
https://doi.org/10.1016/j.apenergy.2012.09.030
https://doi.org/10.1038/s41598-017-18424-5
https://doi.org/10.1038/s41598-017-18424-5
https://www.wiley-vch.de/de?option=com_eshop&view=product&isbn=9783527310685
https://www.wiley-vch.de/de?option=com_eshop&view=product&isbn=9783527310685
https://doi.org/10.1016/j.jpowsour.2016.12.011


References:

[44] J. Vetter et al. “Ageing mechanisms in lithium-ion batteries”. In: Journal of Power Sources
147.1 (2005), pp. 269–281. doi: 10.1016/j.jpowsour.2005.01.006.

[45] W. Sarwar. “Hybridised energy storage systems for automotive powertrain applica-
tions”. PhD Thesis. London: Imperial College London, 2017. doi: 10.25560/44975.

[46] S. Schindler, G. Baure, M. A. Danzer, and M. Dubarry. “Kinetics accommodation in
Li-ion mechanistic modeling”. In: Journal of Power Sources 440 (2019), p. 227117. doi:
10.1016/j.jpowsour.2019.227117.

[47] S. Lee, L. Su, A. Mesnier, Z. Cui, and A. Manthiram. “Cracking vs. surface reactivity
in high-nickel cathodes for lithium-ion batteries”. In: Joule 7.11 (2023), pp. 2430–2444.
doi: 10.1016/j.joule.2023.09.006.

[48] L. Su, K. Jarvis, H. Charalambous, A. Dolocan, and A. Manthiram. “Stabilizing High-
Nickel Cathodes with High-Voltage Electrolytes”. In: Advanced Functional Materials
33.12 (2023), p. 2213675. doi: 10.1002/adfm.202213675.

[49] Q. Gan, N. Qin, H. Yuan, L. Lu, Z. Xu, and Z. Lu. “Critical review on the degradation
mechanisms and recent progress of Ni-rich layered oxide cathodes for lithium-ion
batteries”. In: EnergyChem 5.5 (2023), p. 100103. doi: 10.1016/j.enchem.2023.100103.

[50] R. Jung, M. Metzger, F. Maglia, C. Stinner, and H. A. Gasteiger. “Oxygen Release
and Its Effect on the Cycling Stability of LiNixMnyCozO2 (NMC) Cathode Materials
for Li-Ion Batteries”. In: Journal of The Electrochemical Society 164.7 (2017), A1361. doi:
10.1149/2.0021707jes.

[51] T. Hofmann, J. Hamar, B. Mager, S. Erhard, and J. P. Schmidt. “Physics-constrained
transfer learning: Open-circuit voltage curve reconstruction and degradation mode
estimation of lithium-ion batteries”. In: Energy and AI 20 (2025), p. 100493. doi: 10.
1016/j.egyai.2025.100493.

[52] C. Mao, S. J. An, H. M. Meyer, J. Li, M. Wood, R. E. Ruther, and D. L. Wood. “Balancing
formation time and electrochemical performance of high energy lithium-ion batter-
ies”. In: Journal of Power Sources 402 (2018), pp. 107–115. doi: 10.1016/j.jpowsour.
2018.09.019.

[53] X. Jia, C. Zhang, Y. Le Wang, L. Zhang, and W. Zhang. “The Degradation Character-
istics and Mechanism of Li[Ni0.5Co0.2Mn0.3]O2 Batteries at Different Temperatures
and Discharge Current Rates”. In: Journal of The Electrochemical Society 167.2 (2020),
p. 020503. doi: 10.1149/1945-7111/ab61e9.

[54] D. Lu, S. M. Trimboli, G. Fan, R. Zhang, and G. L. Plett. “Implementation of a Physics-
Based Model for Half-Cell Open-Circuit Potential and Full-Cell Open-Circuit Voltage
Estimates: Part I. Processing Half-Cell Data”. In: Journal of The Electrochemical Society
168.7 (2021), p. 070532. doi: 10.1149/1945-7111/ac11a4.

187

https://doi.org/10.1016/j.jpowsour.2005.01.006
https://doi.org/10.25560/44975
https://doi.org/10.1016/j.jpowsour.2019.227117
https://doi.org/10.1016/j.joule.2023.09.006
https://doi.org/10.1002/adfm.202213675
https://doi.org/10.1016/j.enchem.2023.100103
https://doi.org/10.1149/2.0021707jes
https://doi.org/10.1016/j.egyai.2025.100493
https://doi.org/10.1016/j.egyai.2025.100493
https://doi.org/10.1016/j.jpowsour.2018.09.019
https://doi.org/10.1016/j.jpowsour.2018.09.019
https://doi.org/10.1149/1945-7111/ab61e9
https://doi.org/10.1149/1945-7111/ac11a4


References:

[55] S. Yang, C. Zhang, J. Jiang, W. Zhang, Y. Gao, and L. Zhang. “A voltage reconstruction
model based on partial charging curve for state-of-health estimation of lithium-ion
batteries”. In: Journal of Energy Storage 35 (2021), p. 102271. doi: 10.1016/j.est.2021.
102271.

[56] J. Guo, Y. Li, J. Meng, K. Pedersen, L. Gurevich, and D.-I. Stroe. “Understanding the
mechanism of capacity increase during early cycling of commercial NMC/graphite
lithium-ion batteries”. In: Journal of Energy Chemistry 74 (2022), pp. 34–44. doi: 10.
1016/j.jechem.2022.07.005.
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[219] E. Goldammer, M. Gentejohann, M. Schlüter, D. Weber, W. Wondrak, S. Dieckerhoff,
C. Gühmann, and J. Kowal. “The Impact of an Overlaid Ripple Current on Battery
Aging: The Development of the SiCWell Dataset”. In: Batteries 8.2 (2022). doi: 10.
3390/batteries8020011.

202

https://doi.org/10.1016/j.jcp.2017.11.039
https://doi.org/10.1016/j.est.2024.113623
https://doi.org/10.1149/1945-7111/ad18e1
https://doi.org/10.1016/j.apenergy.2025.125735
https://doi.org/10.1149/2.062406jes
https://doi.org/10.1149/1945-7111/ad71f8
https://doi.org/10.1016/j.est.2018.12.016
https://doi.org/10.1016/j.dib.2021.106894
https://doi.org/10.1016/j.joule.2024.07.024
https://doi.org/10.1016/j.joule.2024.07.024
https://doi.org/10.1016/j.dib.2022.107995
https://doi.org/10.1016/j.dib.2022.107995
https://doi.org/10.1038/s41560-024-01675-8
https://doi.org/10.3390/batteries8020011
https://doi.org/10.3390/batteries8020011


References:

[220] V. N. Lam, X. Cui, F. Stroebl, M. Uppaluri, S. Onori, and W. C. Chueh. “A decade
of insights: Delving into calendar aging trends and implications”. In: Joule 9.1 (2025).
doi: 10.1016/j.joule.2024.11.013.

[221] R. Li, N. D. Kirkaldy, F. F. Oehler, M. Marinescu, G. J. Offer, and S. E. J. O’Kane.
“The importance of degradation mode analysis in parameterising lifetime prediction
models of lithium-ion battery degradation”. In: Nature Communications 16.1 (2025),
p. 2776. doi: 10.1038/s41467-025-57968-3.

[222] W. Li, N. Sengupta, P. Dechent, D. Howey, A. Annaswamy, and D. U. Sauer. “One-
shot battery degradation trajectory prediction with deep learning”. In: Journal of Power
Sources 506 (2021), p. 230024. doi: 10.1016/j.jpowsour.2021.230024.

[223] W. Li, H. Zhang, B. van Vlijmen, P. Dechent, and D. U. Sauer. “Forecasting battery
capacity and power degradation with multi-task learning”. In: Energy Storage Materials
53 (2022), pp. 453–466. doi: 10.1016/j.ensm.2022.09.013.

[224] M. Luh and T. Blank. “Comprehensive battery aging dataset: capacity and impedance
fade measurements of a lithium-ion NMC/C-SiO cell”. In: Scientific Data 11.1 (2024),
p. 1004. doi: 10.1038/s41597-024-03831-x.

[225] P. Mohtat, S. Lee, J. B. Siegel, and A. G. Stefanopoulou. “Reversible and Irreversible
Expansion of Lithium-Ion Batteries Under a Wide Range of Stress Factors”. In: Journal
of The Electrochemical Society 168.10 (2021), p. 100520. doi: 10.1149/1945-7111/ac2d3e.

[226] T. Raj, A. A. Wang, C. W. Monroe, and D. A. Howey. “Investigation of Path-Dependent
Degradation in Lithium-Ion Batteries”. In: Batteries & Supercaps 3.12 (2020), pp. 1377–
1385. doi: 10.1002/batt.202000160.

[227] F. Stroebl, R. Petersohn, B. Schricker, F. Schaeufl, O. Bohlen, and H. Palm. “A multi-
stage lithium-ion battery aging dataset using various experimental design method-
ologies”. In: Scientific Data 11.1 (2024), p. 1020. doi: 10.1038/s41597-024-03859-z.

[228] B. van Vlijmen et al. “Interpretable data-driven modeling reveals complexity of battery
aging”. In: ChemRxiv (2023). doi: 10.26434/chemrxiv-2023-zdl2n-v2.

[229] B. Bole, C. S. Kulkarni, and M. Daigle. “Adaptation of an Electrochemistry-based Li-
Ion Battery Model to Account for Deterioration Observed Under Randomized Use”.
In: Annual Conference of the PHM Society 6 (2014), p. 1. doi: 10.36001/phmconf.2014.
v6i1.2490.

[230] C. Birkl. “Diagnosis and prognosis of degradation in lithium-ion batteries”. PhD
Thesis. University of Oxford, 2017. url: https://ora.ox.ac.uk/objects/uuid:
7d8ccb9c-1469-4209-9995-5871fc908b54.

[231] D. U. Sauer. Time-series cyclic aging data on 48 commercial NMC/graphite Sanyo/Panasonic
UR18650E cylindrical cells. 2021. doi: 10.18154/RWTH-2021-04545.

203

https://doi.org/10.1016/j.joule.2024.11.013
https://doi.org/10.1038/s41467-025-57968-3
https://doi.org/10.1016/j.jpowsour.2021.230024
https://doi.org/10.1016/j.ensm.2022.09.013
https://doi.org/10.1038/s41597-024-03831-x
https://doi.org/10.1149/1945-7111/ac2d3e
https://doi.org/10.1002/batt.202000160
https://doi.org/10.1038/s41597-024-03859-z
https://doi.org/10.26434/chemrxiv-2023-zdl2n-v2
https://doi.org/10.36001/phmconf.2014.v6i1.2490
https://doi.org/10.36001/phmconf.2014.v6i1.2490
https://ora.ox.ac.uk/objects/uuid:7d8ccb9c-1469-4209-9995-5871fc908b54
https://ora.ox.ac.uk/objects/uuid:7d8ccb9c-1469-4209-9995-5871fc908b54
https://doi.org/10.18154/RWTH-2021-04545


List of Figures

1.1 Current overview over the global EV market situation, with (a)
the absolute BEV market share in 2024, (b) the BEV sales share in
the same year, and (c) the development of the EV stock (including
PHEVs and REEVs) for selected countries. Data for the maps in
Subfigure (a) and (b) is taken from IEA [1]. A list of the included
countries in the world map can be found online [1]. Data for the
EV stock development (c) is taken from ZSW [2]. . . . . . . . . . . . . . . . . . 1

1.2 Schematic illustration of the components and basic operating prin-
ciple of a LiB. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Schematic illustration of the OCV and its underlying OCPs, includ-
ing the de-/lithiation direction (adopted from [22]). . . . . . . . . . . . . . . . . 7

1.4 Pulse analysis for a NCA-graphite battery during a 1C pulse for
10 seconds at 50 % SOC including the schematic division of the
overpotentials. An additional inlet shows the deviation of the
measured voltage signal and the OCV 1 h after the applied pulse. . . . . . . . 10

1.5 Relationship between the causes, degradation mechanisms, DMs,
and effects of battery degradation, based on [43–45]. The color
solely aims to guide the reader. . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.6 Schematic illustration of the degradation mechanisms occurring
within a LiB, based on Birkl et al. [43]. . . . . . . . . . . . . . . . . . . . . . . . 14

1.7 Relation of OCV changes, alignment parameter change, and un-
derlying DMs for a NCA-graphite battery. (a) Initial cell balancing
and resulting OCV including the alignment parameter set αNE, αPE,
βNE, and βPE; (b) Resulting OCV after LAMNE; (c) Resulting OCV
after LAMPE; and (d) Resulting OCV after LLI (Figure inspired by
Birkl et al. [43]). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

1.8 Overview of common SOH estimation models and their relation
to cause, mechanisms, modes, and effects of battery degradation.
(Figure inspired by Schmitt [58] and Karger [59]). . . . . . . . . . . . . . . . . 20

1.9 Schematic overview of a LiB and its modeling in the P2D model
with its respective dimensions through the cell layers x and the
pseudo dimension r within the particle radius. Figure adapted
from Jokar et al. [79]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

204



List of Figures

1.10 Schematic visualization of the location of battery SOH estimation
within the AI landscape in orange. The dashed, blue circles offer
a more detailed perspective, where the methods solve regression
problems with supervised learning approaches [9; 101]. . . . . . . . . . . . . . 26

1.11 Different approaches for the cost function of the OCV model in-
cluding the shifted and scaled OCPs, the reconstructed OCV,
and the measured signal for an initial alignment parameter set
of [1.05, 1.1,−0.07,−0.18] for αNE, αPE, βNE, βPE, respectively. Sub-
figure (a) shows the voltage, (b) the differential voltage, and (c) the
incremental capacity. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

1.12 Illustration of the relation between the (a) OCV, (b) the ICA, and
(c) the DVA for a NCA-graphite battery. The location of the phase
transitions in the DVA (c) is related to the phase equilibria in the ICA
(b). The length between these peaks/valleys can be used for peak-
tracking, i.e., DM estimation. Figure is adapted from Karger et
al. [59]. Subfigure (d) additionally illustrates the phase transitions
of graphite during lithiation and the respective potential vs. Li/Li+

(Figure adapted from Insinna et al. [168]). . . . . . . . . . . . . . . . . . . . . . 32
1.13 Illustration of potential input data for the OCV model derived

from the mechanistic modeling approach. With higher C-rates of
the voltage charging curve (a), the features in the ICA (b), and
DVA (c) vanish. The complexity of the optimization process in-
creases with higher C-rate values and narrower available charging
windows. The displayed charging curves correspond to a pristine
NCA-graphite battery. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

1.14 (a) Representation of a neural network with two layers and one
output, including the individual weights w and biases b. Figure
adapted from Burkov [189] and Hamar et al. [9]. (b) Overview of
the three most common activation functions. . . . . . . . . . . . . . . . . . . . 39

1.15 Illustration of a neural network with two different layer architec-
tures: (a) LSTM memory cell, adapted from Goodfellow et al. [122].
(b) Dilated causal convolution for a kernel size of 2 and dilation
factors d within (c) a TCN residual block, which is interconnected
with dropout and ReLU layers. Figure adapted from Bai et al. [193]
and Bockrath et al. [120] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

205



List of Figures

1.16 The problem of data scarcity and two possible solution approaches.
(a) The model-based transfer learning approach solves the problem
by pretraining a blank model on extensive data from other datasets
DSource prior and transferring the knowledge to another domain
DTarget. (b) The sequential PINN approach [147] accumulates more
training data DSource by running physics-based simulations with
unlabeled dataDSource,PB prior. . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

1.17 The outline of this thesis indicating the used methods within the
publication by the color shade. . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

2.1 The trimmed outline of the thesis structure with focus on this chapter. . . . . 55
2.2 The trimmed outline of the thesis structure with focus on this chapter. . . . . 73
2.3 The trimmed outline of the thesis structure with focus on this chapter. . . . . 100
2.4 The trimmed outline of the thesis structure with focus on this chapter. . . . . 121
2.5 The trimmed outline of the thesis structure with focus on this chapter. . . . . 143

3.1 The ∆Q-method applied on relaxed voltage points, gathered from
the HPPC of the dataset introduced in Section 2.3. The true labels
are generated from the measured electrode potentials, which are
fitted based on the algorithm described in Section 2.3, and are
compared to the estimated LAMNE (a), LAMPE (b) and LLI (c). . . . . . . . . . 170

3.2 Relaxed voltage points and ∆Q-pairs, gathered from the HPPC of
the dataset introduced in Section 2.3, in comparison to the measured
OCV, OCPs (a), and DVA (b) from a pristine LiB. . . . . . . . . . . . . . . . . . 171

3.3 Comparison of the proposed publications and their investigated
system level and included features. . . . . . . . . . . . . . . . . . . . . . . . . . 178

206



List of Tables

1.1 Comparison of the key properties of common cathode materials for
LiBs [10; 12–14]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3.1 Comparison of literature findings on the application of the mecha-
nistic modeling approach to (partial) charging voltage curves with
the novel ∆Q-method. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 172

207


	List of Abbreviations
	List of Symbols
	Introduction and Context
	Lithium-Ion Batteries
	Components and Working Principle
	General Definitions
	Aging and Degradation Mechanisms
	Degradation Modes

	State of Health Estimation
	Definitions and General Approaches
	SOH Estimation based on OCV-Models
	SOH Estimation based on Neural Networks

	Research Gap and Research Questions
	Outline of this Work

	Published Results
	Conventional OCV-Models for SOH Estimation
	Solutions for Data Scarcity in Neural-Network-Based SOH Estimation
	Physics-Informed Neural Networks for SOH Estimation
	Transfer Learning for SOH and OCV Estimation
	Physics-Constrained Transfer Learning for SOH and OCV Estimation

	Generating a Comprehensive Battery Aging Database

	Discussion and Summary
	Discussion of SOH Estimation based on OCV-Models
	Discussion of Data Scarcity and Neural Networks for SOH Estimation
	Discussion of the Extension of the SOH Metric to Cover Dynamic Effects
	Conclusion and Outlook

	References
	List of Figures
	List of Tables

