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Abstract

The modern transportation system is largely based on fossil fuels. To reduce
this reliance on oil and gas and thereby drastically reduce emissions, a tran-
sition to renewable power sources is necessary. Lithium-ion batteries are the
most established candidate for electromobility applications, with suitable energy
and power densities. However, their limited lifetime is often further reduced by
inadequate battery utilization. Battery usage is overseen by the battery manage-
ment system relying on different models to determine for instance the charging
procedure or estimate the state of charge. Degradation affects internal rate-
determining processes and precise battery management is only possible if the
used model resolves the battery-internal states and accounts for their changes.
In this thesis, | therefore investigate if suitable adjustments to usage can pro-
long battery lifetime. To achieve such aging-adaptive battery management, the

online diagnosis of degradation is paramount.

A novel method for the identification of electrochemical parameters rely-
ing on optimal experiment design is presented. The operando identification of
electrochemical parameters is demonstrated using an established physics-based
model and improved accuracy of the model and the estimated parameter set
is shown. The method is then utilized to estimate parameter changes in a
cycling study on commercial cells, highlighting how beginning-of-life estimates
quickly become obsolete. Identified parameter estimates correlate with post-
mortem analysis and therefore offer meaningful insight into battery degradation.
The information content in real-world driving patterns is investigated for three
distinct heavy-duty vehicle types. We show that it is possible to gain mean-
ingful insight into battery degradation from such driving data alone but the

information content heavily depends on usage type. Finally, the benefit of the



proposed aging-adaptive battery management is demonstrated for fast charging
of automotive prototype cells.

Keywords
Lithium-ion battery, Parameter estimation, Aging-adaptive usage,
Electrochemical battery management



Sammanfattning

Det moderna transportsystemet ar till stor del baserat pa fossila branslen. For
att minska beroendet av olja och gas och darmed drastiskt minska utsldppen
kravs en 6vergang till fornybara energikallor. Eldrift med litiumjonbatterier ar
den mest etablerade kandidaten, med tillracklig energi- och effekttathet. De-
ras redan begransade livslangd forkortas dock ofta ytterligare av otillracklig
batterihantering. Batterianvdndningen Overvakas av ett batteristyrningssystem
som forlitar sig pd olika modeller for att t.ex. bestdmma laddningsstrate-
gin eller uppskatta laddningstillstandet. Aldring av batteriet paverkar interna
hastighetsbestimmande processer och exakt batterihantering ar endast mojlig
om den anvanda modellen visar batteriets interna tillstdnd och tar hansyn till
dess forandringar. | denna avhandling undersoker jag darfér om lampliga jus-
teringar av anvandningen kan férlanga batteriets livslangd. For att uppna en
sadan aldringsanpassad batterihantering ar onlinediagnos av aldring av stérsta
vikt.

En ny metod for identifiering av elektrokemiska parametrar som bygger
pa design av optimala experiment presenteras. Operandoidentifiering av elek-
trokemiska parametrar demonstreras med hjalp av en etablerad fysikbaserad
modell, och férbattrad precision fér modellen och det uppskattade parameter-
setet visas. Metoden anvands sedan for att uppskatta parameterférandringar
i en aldringsstudie pd kommersiella celler, vilken belyser hur initiala uppskat-
tade parametrar snabbt blir fordldrade. Identifierade parametrar korrelerar med
post-mortem-analys och ger darfér en meningsfull inblick i batteriets ldring.
Informationsinnehallet i verkliga kérmonster undersoks for tre olika tunga for-
donstyper. Vi visar att det ar mojligt att fa en meningsfull inblick i batteriets
aldring enbart fran sddana koérdata, men informationsinnehallet beror starkt
pa anvandningstyp. Slutligen demonstreras fordelarna med den féreslagna
aldersadaptiva batterihanteringen for snabbladdning av prototypceller for for-

don.

Nyckelord
Litiumjonbatteri, Parameteruppskattning, Aldringsmedveten anvindning,
Elektrokemisk batterikontroll
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Nomenclature

Abbreviations

BEV Battery electric vehicle

BIB-SEM Broad ion beam scanning electron microscopy
BMS Battery management system

BOL Beginning of life

C-rate  Current normalized by nominal capacity
CCCV  Constant-current constant-voltage

DFN Doyle-Fuller-Newman model

DMC Dimethyl carbonate

EC Ethylene carbonate

ECM Equivalent-circuit model

EOT End-of-test

EV Electric vehicle

GITT Galvanostatic intermittent titration technique
GPR Gaussian process regression

GSA Global sensitivity analysis

HPPC  Hybrid pulse power characterization

ICI Intermittent current interrupt
LAM Loss of active material
LLI Loss of lithium inventory

LPP Lithium plating potential
MSC Multi-step charge

NMC Nickel Manganese Cobalt
OCP Open circuit potential

OED Optimal experiment design



NOMENCLATURE

P2D Pseudo two dimensional
PCE Polynomial chaos expansion
PHEV  Plugin-hybrid electric vehicle
POI Parameter of interest

QOl Quantity of interest

RMSE  Root-mean-square-error
RPT Reference performance test
RUL Remaining useful life

SEI Solid electrolyte interphase
SOC State-of-charge

SOH State-of-health

SOL State-of-lithiation

SPM Single particle model

Greek symbols

«a Charge transfer coefficient

At Time constant

n Overpotential

Ns,+ Normalized total lithium content
K Conductivity

A Covariance function

P Multivariate orthogonal polynomial
T Tortuosity

0 Parameter vector

€ Volume fraction

13 Univariate polynomial

Symbols

A Surface area

a Polynomial chaos expansion coefficient
c Concentration

D Diffusion coefficient

I Current

i0 Exchange current density

k Rate constant



NOMENCLATURE

l Length scale

Q Capacity

R Resistance

T Radius

S Sobol sensitivity
U Potential

V = o2 Variance

w Width

Yy Model output

Sub- and super-scripts

+ Positive or negative electrode
a Active material

cc Current collector

Co Constant kernel

e Electrolyte

eff Effective
host Hosted
init Initial
Parameter j
k Discrete step (e.g., a time step)
m Measured

Mab Matérn 5 kernel

max Maximum
s Solid
SE Squared exponential kernel

SEI Solid electrolyte interphase
sur f Surface

v Polynomial chaos expansion order

Xi






Chapter 1

Introduction

1.1 Background

Climate change has emerged as one of the major challenges of the 21st century.
It has a profound impact on every aspect of our lives, yet policy is universally
missing the Paris Climate Accord. The onus is therefore on technological ad-
vancements to enable significant reduction of greenhouse-gas emissions. One
such key technology is energy storage. It is of profound importance in sev-
eral UN sustainable development goals [1], namely Goal 7-Affordable and Clean
Energy and Goal 11- Sustainable Cities and Communities.

Energy storage enables the widespread adoption of intermittent renewable
electricity sources such as photo-voltaic or wind, thus boosting the availability
of clean and affordable energy. These technologies have long been cheaper than
conventional power sources per kWh [2] but require a more flexible electricity
grid to account for short-term fluctuations of wind or sun.

Today, the transportation sector alone contributes about 22% of the global
energy-related COs-equivalent emissions [3]. The transition to battery-powered
personal road transport is well underway. However, significant challenges con-
cerning high up-time and lifetime requirements lie ahead in the electrification
of heavy-duty transportation on and off-road.

Safety requirements, low cost, long lifetimes, high energy density, and fast
charging time are only some of the topics of intense ongoing research efforts.
The lithium-ion battery offers the best commercially available compromise be-

tween these criteria for electric vehicles and the decreasing cost [4] will likely
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make it economically feasible for stationary storage as well. However, lithium-
ion batteries suffer from a limited lifetime as they degrade, for instance, due to
unwanted side reactions. Furthermore, their operation must be strictly managed
to avoid safety issues, e.g., due to overheating and subsequent thermal runaway.
For this purpose, a battery management system (BMS) must be included in any
lithium-ion battery application. The BMS monitors available sensor readings
of current, voltage, and temperature, ideally for each cell in a system. The
BMS can intervene if any of these states hurt pre-determined constraints. Such
constraints are normally defined at the beginning of life (BOL) and either do
not consider that degradation can significantly change the internal workings of
a cell or account for all possible degradation during battery lifetime by severely
limiting the usage window.

This thesis aims to pave the way towards aging-sensitive battery manage-
ment. Aging sensitivity implies that battery usage should be aware of and adapt
to degradation. This will enable more efficient utilization of the battery and
improve its lifetime, by detecting aging as it occurs and adjusting usage (e.g.,
aging-adaptive fast-charging [5]) in response.

Lithium-ion batteries generally consist of two insertion-type electrodes, where
graphite is nearly universally used as the negative electrode, while for the pos-
itive electrode various materials are viable. In this thesis, all investigated cells
contained LiNizMn,Co,02 (NMC-XYZ) positive electrodes, where x +y+ 2z =
1. This group of materials features high energy densities essential for electric
vehicle applications.

The porous electrodes are divided by a separator, and commonly packed
coiled in a jellyroll shape to form a cylindrical cell. Alternatively, stacked designs
or larger coils can be fitted in prismatic formats. Battery types and positive
electrode chemistries investigated in this thesis are shown in Figure

Degradation in batteries has many shapes and forms and many of them
are still poorly understood. While some degradation mechanisms, such as the
formation of the solid electrolyte interphase (SEI) are essential for stable per-
formance, other mechanisms such as lithium plating can cause abrupt failure
through short-circuits and result in explosive thermal runaway of the cell. Un-
derstanding their contributions to internal changes of the battery is crucial

for efficient aging-aware utilization. However, with only electrical and ther-
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(a) NMC622 pouch cell

(b) NMC532 cylindrical cell (c) NMC622 prismatic cell

Figure 1.1: Battery types investigated in this thesis: (a) pouch cell samples were
tested in paper VI, (b) cylindrical commercial cells were analyzed in papers |l and
11, and (c) prismatic cells were studied in paper IV. An automotive prototype
cell (not pictured) was investigated in paper V.

mal signals available during operation, diagnosis of aging is inherently difficult.
Thorough characterization relies on post-mortem techniques, which involve de-
structive cell opening and the construction of small sample cells to test e.g.,
non-uniformity of capacity retention [6] or lithium plating [7]. Adaptive bat-

tery usage, however, requires the identification of such properties in-operando,
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i.e., while the cell is being used for instance in an electric vehicle (EV). Herein
we therefore develop, demonstrate, and validate methodology to enable in-
operando aging diagnosis and propose adaptive utilization strategies exploiting
the new electrode level insight into battery state-of-health (SOH).

1.2 Lithium-ion Battery Modeling

First-principles physical descriptions of batteries, referred to as physics-based
or electrochemical battery models, rely on transport laws and rate expressions
typically founded in a profound phenomenological understanding of the modeled
system. A complete description within this framework would consider complex
3D geometries at the centimeter scale to the porous electrodes at the microm-
eter scale down to interfaces at the nanometer scale. Such high-dimensional
models are implemented and published with varying simplifications [8]-[12]. As
computational cost increases significantly with more dimensions, the most com-
mon implementation of this class of models considers only a 1D cross-sectional
slice containing two porous electrodes and a separator, separating. Notably, a
second pseudo-dimension is used to treat lithium intercalation into (and some-
times even out of) the active material. This type of model is referred to as
Pseudo-2-dimensional or P2D. It is based on work by Doyle, Fuller, and New-
man [13], |[14] and therefore also commonly called the Doyle-Fuller-Newman
(DFN) model. A further simplification scraps variations in electrode direction
and only considers the battery as two single particles, one for the negative
and one for the positive electrode [15], [16]. This single-particle model (SPM)
is orders of magnitude faster in computation but suffers in accuracy even at
moderate current densities. This accuracy penalty depends on several factors
but is more prominent in energy- than in power-optimized cells due to thicker
electrodes and more significant current distribution effects.

On the other end of the model spectrum lie machine-learning (ML) methods.
These models [17], [18] do not bother with physical laws and instead rely on
vast training data-sets consisting, for instance, of current-time and voltage-time
series measurements. With the increased adoption of EVs, more and more data
from practical use is available to vehicle manufacturers. However, machine

learning methods generally struggle to extrapolate beyond training data and
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their structure lacks interpretability making them less suitable for improving
understanding of battery behavior. A promising research direction investigates
the hybridization of data-driven models with electrochemical models [19], [20].

Equivalent circuit models (ECM) are a common compromise to achieve both
extrapolation and interpretability. In such models, the battery is modeled as
an electrical circuit, and transient behavior is achieved by several established
circuit components such as a resistor for cell resistance, a capacitor for double-
layer capacitance and faradaic charge capacity, and a Warburg element for
diffusion behavior [21]. However, these models have reduced accuracy when
the utilization is far from equilibrium [22].

Traditionally, control systems for lithium-ion batteries are conceived by elec-
trical engineers with little patience for electrochemistry. ML and ECM require
little knowledge of the electrochemical system, do not require powerful com-
puters to evaluate, and can therefore be easily implemented in BMS to evaluate
state-of-charge (SOC) or SOH.

Recently, electrochemical model-based control [22] has been demonstrated
[23], [24]. This uses electrochemical models such as the SPM to estimate
battery states and control battery usage according to constraints that aim to
maximize lifetime or minimize charging duration (ideally both). These models
are more expensive to evaluate and require substantial parametrization efforts.
However, they enable more efficient utilization of batteries by allowing usage
based on electrochemical constraints. This allows for instance the control of
unwanted side reactions, such as lithium plating, or a SOC that instead considers
lithiation degrees in the two electrodes.

With electrochemical models, many parameters need to be determined. This
is traditionally done by thorough laboratory characterization [25], [26] and can-
not typically be carried out in-situ. This approach should yield the ground-truth
parameter values, however, such parametrization typically yields large model er-
rors necessitating the adaption or tuning of certain important parameters [25],
[27]. The source of these errors might lie in incomplete models, experimental
uncertainty, or be a result of the non-uniformity present in the full cell that is
not captured by individual lab-scale coin or pouch cells. If experiments can-
not determine a true value, then how should a parameter and its accuracy be

evaluated?






Chapter 2

Scope of the Thesis

This thesis is the result of 4.5 years of investigation at the Division of Applied
Electrochemistry. Most of the work was carried out as part of a project titled
“Battery aging-sensitive management system” or BAMSE. In the larger context,
it is part of efforts identifying and characterizing degradation in lithium-ion
batteries. Making a battery management system aging-sensitive requires two

distinct steps:

1. We must diagnose aging in online settings. That is, analyze how a battery
is aging, while it is being used e.g., in an electric vehicle.

2. Secondly, the usage of said battery must be updated to account for

changes in internal states associated with degradation.

This leads to several interesting research questions that are listed in the follow-
ing:

= Which tools are commonly used, and which are suitable for the parametriza-
tion of physics-based battery models?

= How informative is conventional driving data for updating electrochemical
parameters for model-based control? What information is missing?

= What is the optimal way of parametrizing physics-based battery models?
Is it possible to design experiments to target specific mechanisms and
thereby separate between positive and negative electrode properties in

full-cell measurements?
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= Are changes in dynamic electrochemical model parameters indicative of
degradation?

= |s it possible to extrapolate from parameter estimates to predict future
behavior, such as usage-specific capacity or remaining useful life?

= Where can machine learning techniques and physics-based modeling com-
plement each other?

= How can we ensure fast charging does not accelerate degradation through-
out the entire lifetime?

Additionally, a collaborative effort aimed to investigate mechanical degradation
in commercial lithium-ion batteries. Primarily, we were interested in method
development for the mechanical characterization of porous electrodes to help
improve the understanding of the interplay between electrochemical utilization
and mechanical degradation.

In paper |, we review methods for parameter estimation (systems identifi-
cation) for physics-based (DFN, SPM, etc.) battery models. In a nutshell, this
method sets target parameters free and minimizes the difference between the
model and some experiments by adjusting parameters and thereby finding the
best possible value that makes the model represent the real system.

Much conventional wisdom is found within the field of electrochemical bat-
tery characterization. A galvanostatic intermittent titration technique (GITT),
a sweep of pulse-rest experiments through the entire SOC range, is the preferred
experiment for determining diffusion properties in active materials. However,
despite common use, the method's applicability remains debated [28], [29],
and alternative methods such as intermittent current interrupt (ICI) have been
proposed [30]. Hybrid-pulse power characterization (HPPC) should be used
to determine resistances. However, these experiments are not guaranteed to
excite desired mechanisms and can therefore yield inaccurate parameters or ac-
count for the incorrect effects. Furthermore. it is not always possible to utilize
specialized experiments or equipment in real-world applications. Much battery
data, that is, voltage-current-temperature time-series is logged during the oper-
ation of battery-powered devices. It is of interest to utilize this data to improve

utilization and accurately predict battery lifetime.



To investigate which parameters are important in a given experiment, sen-
sitivity analysis can be used. We summarize different available methods and
discuss shortcomings in commonly applied local sensitivity methods in paper |I.
Instead, global sensitivity analysis (GSA) should be used to quantify the impor-
tance of model parameters [31].

In paper IV, we showed which parameters could be identified from heavy-
duty EV driving and charging data. We utilized a GSA to investigate parameter
importance and highlighted how typical usage of several types of vehicles can be
modeled accurately with varying degrees of model fidelity. This study revealed
which parameters and model mechanisms are identifiable during normal usage.
However, if more informative data was available, parameter estimates could be
further improved.

A strategy for determining such suitable experiments methodologically is
called optimal experiment design. Park et al. [32] and Pozzi et al. 33| previ-
ously proposed approaches based on local parameter sensitivity that depend on
good initial guesses for parameter estimates. However, parameters can vary by
several orders of magnitude and depend heavily on battery design choices, mak-
ing the reliance on accurate initial values problematic. In paper Il, we therefore
introduced a global optimal experiment design method that maximizes global
parameter sensitivity. The proposed method algorithmically identifies one ex-
periment per parameter and considers practical constraints like SOC window or
current limitations.

In paper lll, we studied how thermodynamic and dynamic model parameters
change due to degradation. We utilized optimally designed experiments intro-
duced in paper Il that maximize parameter sensitivity and thereby aim to ensure
that parameters are accurately identified. We could show significant changes
in parameters and demonstrated the need to update both thermodynamic and
dynamic properties of studied cells to accurately estimate and predict battery
performance. We proposed responsible mechanisms and demonstrated their
agreement with cross-section imaging and quantitative image analysis. Fur-
thermore, we suggested an extrapolation scheme based on Gaussian Process
Regression (GPR) to predict battery behavior in short- and long-term look-
ahead scenarios.
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Electrochemical control, such as optimal fast charging, heavily relies on the
accuracy of the underlying model. However, aging is known to severely impact
half-cell utilization as lithium is consumed by irreversible side reactions at var-
ious locations in the cell, both during charge and discharge. This is denoted
loss of lithium inventory (LLI) [34]. Battery utilization also commonly causes
delamination or particle cracking in the negative or positive electrode, respec-
tively. This can lead to loss of contact of small chunks of active material from
the electrically conducting matrix. This is referred to as loss of active material
(LAM) [34]. Changes in cell balancing due to LLI and LAM change the thermo-
dynamic capacity of the system and shift the half-cell states of lithiation (SOL)
corresponding to a certain full-cell SOC. Next to thermodynamic capacity, dy-
namic model parameters that are responsible for mass transport through the
electrolyte or solid, or govern electrochemical reactions, are subject to changes
due to e.g., changes in surface area or pore sizes.

We could show in paper Il that battery behavior and parameters change
significantly, it is therefore reasonable to assume that fixed usage throughout
the lifetime must either be designed with these behavioral changes in mind or
will cause accelerated aging after some threshold is crossed. Such accelerating
degradation is commonly observed in lab-scale cycling studies and the threshold
is referred to as a knee point [35].

Khalik et al. [36] showed in a model-based study that a designed charging
procedure retains more capacity than a conventional approach, assuming a
single capacity loss aging mechanism. Wassiliadis et al. [37] proposed and
demonstrated model-based fast charging considering a lithium plating constraint
using a reduced-order electrochemical model and updating battery capacity
and resistance throughout the lifetime. This constitutes an important step in
adjusting utilization based on SOH diagnosis. However, electrode-level insight
is needed to accurately estimate control-relevant states like the lithium plating
potential.

In paper V, we demonstrated an aging-adaptive fast-charging scheme for
automotive prototype cells. The fast charge is a multi-step constant current
design commonly suggested for the optimal control of charging procedures [38]
and considers electrochemical constraints. We could show that an optimal
charging procedure designed at the beginning of life and scaled only by reduced

10



capacity (similar to the approach employed by Wassiliadis et al. [37]), acceler-
ates degradation significantly, compared to the proposed adaptive approach that
considers changing thermodynamic and dynamic parameters of the employed
electrochemical model.

In paper VI we evaluate mechanical degradation in a nickel-rich positive
electrode. Previous works focus on the particle properties [39], whereas our
work investigates the interaction between particles and binder phases. We
find significant layer-level changes in electrode stiffness from pristine over elec-
trolyte immersion to cycle-aged samples. We complemented this study with
electrochemical characterization and cross-section analysis which let us pro-
pose a mechanistic relationship between microscopic cause and macroscopic

measured effect.

11






Chapter 3

Methods

3.1 Model Parameters

Throughout this thesis, the DFN model is employed unless specifically noted
otherwise. As most of the emphasis has been laid on model parameters instead
of model equations, the introduction and summary of the model can be taken
from any of the papers contained within this thesis and focus shall instead be

laid on the discussion of modeled mechanisms and the required parameters.

The porous electrodes contain two phases that are explicitly modeled. The
liquid electrolyte phase contains an organic solvent mixture, for instance, ethylene-
carbonate (EC) mixed with di-methyl-carbonate (DMC) and 1 M dissolved
lithium hexafluorophosphate (LiPF6) salt and some quantity of additives meant
to improve some of its properties. This electrolyte, and many others, are
characterized thoroughly in literature [40], [41]. This means temperature and
concentration-dependent measurements of their ionic conductivity, diffusivity,
transport number, and thermodynamic factor are available. However, in porous
structures, their path is tortuous, and their properties must therefore be ad-
justed by a factor denoting the degree of obstruction imposed by the porous
pathway. This adjustment is based on Eq. 1:

e €

piff = pi (3-1)
T+

p € (D,x) (32)

13
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The tortuosity 7+ depends on cell design parameters such as the porosity
€+. Intuitively it is clear that degradation that reduces or expands pore size
influences tortuosity. This can for instance be the SEI side reaction, known to
coat the negative electrode particles and grow significantly during battery usage
[42], [43].

The solid phase consists of an electron-conducting lithium insertion mate-
rial. It is responsible both for the storage of lithium and for the conduction
of electrons. The conductive pathway is also inhibited by the tortuosity of the
solid. If electronic conductivity is much higher than ionic conductivity (such
as in the NMC batteries studied in this work) then it is impossible to separate
from external resistances. This mechanism is therefore usually not an adequate

target for estimation from input-output data.

The transport of intercalated lithium species in the active material is de-
scribed as a purely diffusive process in idealized spherical particles. To fully
describe the relaxation or polarization of the particle lithium concentration only
a diffusion time constant is required to parametrize Fick's law. As this is an
idealized view of the system, it is of interest to see how this time-constant could
change e.g., due to changes in balancing or in particle radii. Particle shape or
size distributions can have an impact on battery behavior [44] and including

such effects could prove beneficial for model performance and predictiveness.

Aty = ==
+ D:t

(3.3)

The solid electrode and liquid electrolyte phases are coupled by electro-
chemical reactions responsible for a flux at the particle’s surfaces. We use the
concentration-dependent expression to evaluate the exchange current density
ig,+ through a rate-constant parameter k1 where cimax, sur f, e) are the max-
imum lithium concentration or the surface lithium concentration in the solid or
the lithium salt concentration in the electrolyte. This is then used to evaluate
the surface flux of lithium entering and diffusing through the active material

and by charge conservation in the active material.

Z'0,:|: = k:l:(cmam,:t - Csurf,:i:)aa"pm (Csurf,:l:)OZMi(Ce)aa’i (34)

14



3.1. MODEL PARAMETERS

The electrochemical reaction is driven by an overpotential and corresponds
to the potential difference between solid and liquid phase:

Nt = s+ — et —Usr — Ry (3.5)

An additional ohmic resistance R4 at this interface would have to be over-
come for the reaction to occur. One cause for this interfacial resistance could
be the SEI, which can be modeled as a resistance distributed throughout the
electrode. lts resistance Rgg; would depend simply on the SEI thickness and
conductivity:

Rsgr = WsEIKSET (3.6)

Next to changes to this internally distributed resistance due to SEI layer
growth, it is commonly reported that the high-frequency resistance (HFR) in-
creased during cycling [45]. Whether this stems from changes in the inter-
face between the current collector and active material, from degradation of
the current collector itself, or even from increases in cell external resistances
from connections cannot be differentiated from the voltage response and should

therefore only be considered as a lumped parameter R..:

Uemterna,l = Ucell + R(:(:Icell (37)

These eight parameters (7, Aty, ki, Rspr, Rec) cover changes in dynamic
properties in the electrode and particle dimension of a battery. However, none
of these parameters impact the thermodynamic cell capacity. The thermody-
namic cell capacity, usually measured between two chemistry-specific voltage
limits at a slow rate, results from the interplay between available lithium, and
available hosting capacity in the positive and negative electrode. LLI occurs
when cyclable lithium is consumed by unwanted side reactions such as SEI
growth or lithium plating. LAM happens due to changes in the material in-
duced by chemical, electrochemical, or mechanical processes such as particle
cracking [46], [47], rock-salt formation [48], [49]. graphite exfoliation [50], or
binder decomposition [50]. Such mechanisms impact the relationship between
full-cell SOC and half-cell SOL, and this must be considered as it is essential
for model performance. Figure [3.I] shows how the full cell capacity between 0
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and 100% SOC corresponds to different lithiation and utilization levels in the
negative and positive electrodes. First, several assumptions are made to enable
the definition of a balancing model. Upper and lower cut-off voltages Uy, Uy,
as well as open-circuit potential data for both half-cells Uy = f(SOL.) are
known, either from literature or in this case from half-cell measurements. With
given maximum concentrations ¢, + the half-cell hosting capacity can be
evaluated from the volume of the porous domains vy = 2z weihe to yield
Q+,host = Cmaz,+V+F. The total available lithium content is distributed be-
tween the positive and negative half-cell ny; = SOL L Q4+ host +SOL_Q_ host
which finally yields a relationship between SOL_ and SOL

SOL_ = (ﬁsﬂL - SOL+)Q+,host/Qf,host (3'8)

Where 15 = nr;/Q+ host is the normalized amount of cyclable lithium. Three

balancing parameters ¢, 1, 5., and 7(s, +) are needed for Eq. 3.8

Negative electrode Positive electrode

Qh ost,—

Q_
KB
0
+1501p)

XN:O X]):l

Figure 3.1: Example electrode balancing where the used fraction of the negative
and positive electrodes are highlighted. The orange line indicates the SOC
window in which the cell is used. This is usually defined by cut-off voltages.

In paper Il, seven dynamic model parameters (74, Aty,ky, Rspr) were
targeted and an equivalent formulation of the balancing model above was used.

In paper IV we targeted the eight dynamic model parameters introduced above,
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3.1. MODEL PARAMETERS

and additionally decoupled inactive material and electrolyte volume fractions
to study their practical identifiability. In paper lll, as a follow-up to paper
I, we studied the seven dynamic model parameters, but instead of the SEI
resistance included a bulk ohmic resistance that could explain the long-term
power fade that was observed in the data. In paper V we used the eight
dynamic parameters and three balancing parameters discussed in this chapter.
Investigated parameters by paper are summarized in Table [3.1]

Many additional parameters are required for the DFN model. They are
given in Table [3.2] together with their dependencies on SOC, SOH, ¢, T, and
x. In the appended works, geometric properties and half-cell open circuit poten-
tials were measured at BOL or available from manufacturers while electrolyte
properties were taken from the literature. Separator properties as well as the
active material’'s conductivity and tortuosity were assumed to be of negligible

importance and assumed from the literature.

Table 3.1: Model parameters studied in publications included in this thesis. In
some cases, parameters with equivalent impact (e.g., diffusion coefficient D or
diffusion time constant At) are targeted in different papers.

Parameter Paper Il Paper Ill  Paper IV Paper V
7+ / Bry o o o
Aty / Dy o o o
ki o o o
Rsgr (o) o o
Re. ) o o
€4+.,&a,+ (O) o

Balancing o o ) o

17
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Table 3.2: Additional DFN Model parameters not directly estimated in this
thesis. Their dependencies on SOC, position in the electrode x, electrolyte salt
concentration ¢, temperature 7" and SOH are highlighted, adapted from paper

Symbol Description Dependencies
D, Electrolyte diffusion coefficient T, c., SOH [51], [52]
K lonic conductivity T, c. [41], [51], [53], [54]
9 Cationic transference number T, c. |41], [51], [53], [54]
1+ 2% Activity coefficient T, c. |41], [51], [53], [54]
Ce,init Initial electrolyte Lit concentra- SOH
tion
€4 Electrode porosity x, SOH [52]
O+ Electronic conductivity -
Ts,+ Electrode tortuosity z, SOH
Q4,0+ Anodic/cathodic charge transfer -
coefficient
Uy Open circuit potential (OCP) T, SOC, SOH [55]
Ly Electrode thickness SOH [56]
Esep Separator porosity SOH
Tsep Separator tortuosity SOH
Lgep Separator thickness SOH

3.2 Parameter Estimation

Throughout this thesis, electrochemical model parameters are estimated by in-
verse modeling, i.e., the identification of unknown parameters through minimiz-
ing some estimator constructed from experimental observation and model pre-
diction. In paper I, we introduced and summarized parameter estimation from
input-output data for electrochemical battery models. Such battery models are
often used by electrochemists, whereas parameter estimation is traditionally
performed within engineering and is often referred to as systems identification.
This disconnect can cause incompatible jargon and disjointed research where
electrochemists do not utilize proper procedure known to e.g., electrical engi-
neers and vice versa. We highlighted that usage of local methods, such as local
sensitivity analysis, or gradient descent optimization was widespread but often

incorrectly applied.
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Throughout this thesis, the least-squares estimator was employed:
minimize Z(y(k, 0) — ym (k))? (3.9)

Where y,,, (k) is the measured signal at time k and y(k,f) is the modeled
signal at the corresponding time depending on the parameter estimate vector 6.
The least-squares minimum is equivalent to the maximum likelihood parameter
estimate only if errors are Gaussian [57]. Otherwise, it is only practically and not
statistically motivated. Quality of fit is therefore not automatically equivalent
to quality of parameter estimates. Due to several non-linearities present in the
DFN model (open circuit potential functions, kinetics, etc.) Eq. is not
generally convex. This means gradient-based algorithms do not guarantee a
global optimum, and, as illustrated in Figure [3.2] find only the closest local
minimum. To overcome this issue, we employ a gradient-free algorithm that
constructs a surrogate model based on linear interpolation of known points [59].
This type of algorithm can escape local minima but still relies on a good starting
point. Restarting the solver at new initial points improves convergence to the
global minimum [60]. While stochastic optimization schemes used e.g., in [61]
might further reduce error, the method used herein is a compromise between

cost and accuracy.

We employed a multi-step procedure that identifies balancing parameters
in the first step, and dynamic model parameters in the second step. In paper
V, we updated the thermal model in a third step. Identification of dynamic
model parameters was by itself a multi-step procedure where the order was
based on the sensitivity magnitude. However, we found that this approach is
prone to amplify model bias or experimental error, especially if high-sensitivity
parameters are not identified accurately in the initial steps. Algorithm [1] is

employed for the identification of physics-based models.

Importantly, during, and ideally before the parameter estimation procedure,
one must consider if the estimates to be are in fact identifiable. First, struc-
tural identifiability implies that no targeted parameters are structurally linked.
A trivial example would be in f(z) = abz? where neither a nor b can be iden-

tified separately but their product a * b can be estimated. Once structural
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® gradientfree A gradientbased * initial value

Figure 3.2: Two-parameter test function with numerous local minima and a
global minimum in the center. Initializing at 25 random spots (x) leads to
convergence to the different minima for the gradient-based method (A) and
the gradient-free method (o). In this demonstration, the gradient-free algorithm
finds the global minimum in most cases, whereas the gradient-based algorithm
finds only local minima in many cases. A gradient-based optimizer from SciPy
was compared with the gradient-free algorithm utilized in this work.

identifiability is established (here we point to previous work e.g., by Drummond
and Duncan ) practical identifiability must be considered. Here, two re-
quirements must be met; firstly, an identifiable parameter must be sensitive,
i.e., it must have a discernible impact on the cell voltage and secondly, this
impact must be unique compared to the impact of other unknown parameters.
As a practical example, we could consider a simple battery model that resolves
both electrodes and attached current collectors. The two current collector re-
sistances are independent of each other yet produce the identical response of a
linear resistor to the cell voltage. So even if they were both impacting the cell

voltage significantly, it would be impossible to separate the two accurately.
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ALGORITHM 1 : Generalized parameter estimation procedure for battery mod-
els developed throughout this thesis.

1. Identify cell balancing parameters:
(a) Use C/20 (papers Il, Il) or C/10 (paper V)

2. ldentify dynamic parameters:

(a) Utilize optimal experiments (papers Il, 11l, V) or driving data (paper
IV) for identification

(b) Isothermal simulation (paper Il, Ill, IV) or thermal data as input
(paper V)

3. ldentify thermal parameters:

(a) Minimize temperature residual (paper V)

3.3 Sensitivity Analysis

Parameter estimation can be performed on any experiment for any parameter.
This will yield a set of parameter estimates that for the given experiment en-
force a minimum discrepancy between the modeled and measured quantity (in
our case the voltage or the temperature). However, parameters are identified
to some value even if they are not important for the given data. This will cause
problems when validating the parameterized model on different data, where
other processes might be rate-limiting, thus relinquishing much of a model’s
sought-after predictiveness. It is therefore important to study parameter sensi-
tivity, both before and after identification. In paper |, we reviewed such methods
and found that many authors use local methods both for prior and posterior
sensitivity analysis (SA). A local analysis studies how a quantity of interest
(QOI, e.g., the cell voltage) responds to a perturbation of a parameter of inter-
est (POI) near an assumed nominal or identified optimal value. Local methods
perturb one parameter at a time and do therefore not consider the interac-
tion between parameters. Most commonly, local derivatives of a parameter are

evaluated:
_ Oy(k,0)
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Here, y is the QOI, 6; is the POl and s; is the local sensitivity of parameter
;. For SA before identification, the nominal parameter values 6 are not known
and have a large influence on s;. This can help explain the vast differences in
sensitivity magnitudes reported in different literature using similar methods and

parameter sets reproduced in Figure 3.3

Normalized sensitivity magnitude

Figure 3.3: Reported sensitivity magnitudes from literature — (top row to
bottom row) for the DFN model and constant current experiments. Reproduced

from paper | .

Saltelli et al. advocate for the usage of global SA methods, where
the entire N-dimensional parameter space (for N investigated parameters) is
sampled and the total observed variance V of the QOI is then decomposed
into contributions of individual parameters V;, and parameter interactions V; p,

according to:

N N N
Viy(k,0) =D Vi) + > > Vim(k) + -+ Via. . v (311)
j=0 j=0j<m

With higher-order interactions between up to IV parameters Vi 5 .. n. The

first-order Sobol sensitivity index is then evaluated as:

(3.12)
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The Sobol index can be interpreted as an average sensitivity measure in the
whole feasible parameter range. This method is computationally expensive, but
for smooth models, surrogate approaches can reduce this burden significantly.

A polynomial chaos expansion (PCE) of the model output is defined as:

oo P—-1
G(0) = y(k,0) = Y autru(8) = Y sy (6) (3.13)
v=0 v=0

Where the truncated version to order P contains the multi-variate random
orthogonal polynomials v, and polynomial chaos expansion coefficients «,.
Analogous to the variance decomposition above, the multi-variate polynomials
can be decomposed into N univariate polynomials &; each depending only on
parameter 6;:

Yy = Hfj(9k) (3.14)

Leading to a polynomial chaos approximation of the total variance:

v

Vy(k,0)) ~ - o (3.15)
1

S
Il

And then analogously the first-order Sobol index:

ACEDITH I (3.16)

VEV;

For Saltelli's method (2 + N)n model evaluations are recommended (with
n€[500,1000]). The PCE approximation can, depending on model smoothness,

produce reliable results already for n < 20.

The PCE method was used for prior SA in papers II-V. For posterior SA
local derivatives were used in papers Il and V to demonstrate that parameter
estimates were identifiable. In paper IV, a sweep of local SA evaluations was

used to demonstrate the method’s a-priori inaccuracy.
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3.4 Optimal Experiment Design

The conventional electrochemical procedure includes the identification of kinetic
and diffusion parameters on GITT or electrochemical impedance spectroscopy
(EIS) experiments. Recent work proposed an intermittent current interrupt
(ICl) [28], [30] technique which has practical advantages as it does not require
long relaxation times like GITT but yields similar characteristics.

With the knowledge that parameter sensitivity depends on utilization, and a
method to evaluate this sensitivity, one can design an automated procedure to
identify experiments improving or hindering the identifiability of electrochem-
ical model parameters. Park et al. [32]| applied such an experiment design
methodology to identify optimal current trajectories from a set of candidate
experiments for the DFN model. Pozzi et al. 33|, [70] used a similar method
for a simplified SPM. The conventional theory utilizes a local derivative SA to
identify the Fisher information matrix F and minimizes e.g., log det(F 1) to
find the most informative experiment.

However, this relies on an assumed nominal parameter vector 8* or requires
an iterative procedure without guaranteed convergence. The quality of the
initial guess will therefore determine the quality of the optimal experiments.

Global experiment design instead uses sensitivity measures independent of
assumptions. Schenkendorf et al. [71] proposed experiment design objectives
based on Shannon entropy. Their design results in a multi-objective optimiza-
tion problem, with the additional challenge of weighting the different compo-
nents. In paper Il, we proposed a simplification for the case of a single target
parameter, where three of the four criteria can be summarized in a single intu-
itive objective. Instead of attempting to identify a single experiment for which
all parameters are sensitive, we generate a set of experiments each targeting a

single parameter. The proposed global optimal experiment design problem is:
1 N
maximize S; = — Sik 3.17
A, ;} Jsk ( )

This optimization problem has an unknown structure and function eval-
uations have a cost of more than 200 DFN model evaluations per iteration.

Moreover, we must solve this problem for each target parameter in Table
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3.4. OPTIMAL EXPERIMENT DESIGN

We therefore used a Bayesian optimization scheme [72] but limited to 50 iter-
ations per target parameter in papers |l and Ill, and 200 iterations in paper V.
A Matérn3 kernel was used for the underlying Gaussian process.

Maximizing the sensitivity of a single parameter primarily aims to empha-
size the impact of the target parameter. However, this has the advantageous
secondary effect of simultaneously reducing the impact of the other parameters
as all Sobol indices sum up to one. This means there are two types of optimal
experiments, the first one is optimal because it identifies conditions where a
certain mechanism dominates. The second type is optimal because it identifies
conditions where other mechanisms are unimportant, this will generally lead to
lower variance in the experiment than the first type. Notably, the proposed
approach cannot guarantee that parameters are identifiable at the optimal ex-
periment, as maximizing the sensitivity cannot guarantee a unique impact. For
this reason, practical identifiability was performed after identification in papers
Il and V. In this thesis, only first-order sensitivities were utilized for experiment
design purposes to save on numerical cost. If parameter interaction would be
considered, i.e. by also evaluating second-order Sobol indices, the proposed
optimality criterion would also minimize these interactions.

Finally, we need to algorithmically explore the space of experiments. We
propose an algorithm based on three design variables. Firstly, to reveal different
time constants present in the battery, one variable determines how dynamic or
static an experiment is. Secondly, many model parameters have shown sensi-
tivity at a high rate, so a rate factor is included to tune the current magnitude.
Lastly, the initial experiment SOC is included to be able to target those param-
eters with high sensitivity at specific lithiation states.

With these three variables and some constraints on maximum currents,
SOC limits, and a set experiment length, a wide variety of experiments can be
generated, as shown in Figure [3.4]
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Dynamics
8 o°
Current

Rate Time

Figure 3.4: Exploring the experimental space with the proposed design variables,
highlighting the impact of increased rate on the current signals. 500 different
experiments are shown for random samples of the rate and dynamics factors.
Each experiment can be initialized at any given SOC.

3.5 Gaussian Process Regression

GPR is a supervised machine learning technique that has been applied for capac-
ity fade and remaining useful life (RUL) prediction based on historical capacity
data, features in the charging procedure, or the current-voltage-time series itself
[73]-175].

It is a non-parametric regression that instead of estimating e.g., the slope
of a line it estimates the parameters of a distribution of curves. The expected
mean of the distribution can then be used for capacity prediction. Additionally,
the distribution inherently quantifies the uncertainty of the regression model.

A covariance or kernel function governs the type of relationship between
two inputs x and z’. For instance, a trivial relationship could be that x and z’

do not impact the observation at all. This is the constant kernel:
Aeo(z,2') = o2 (3.18)

where the output is independent of the input and only controlled by a variance
parameter o2. Kernel design commonly includes the combination of several

standard kernels .

26



3.6. OPTIMAL FAST CHARGING

We estimated electrochemical model parameters using the previously de-
scribed OED procedure during the lifetime of twelve batteries in paper Il and
used GPR to extrapolate. Our data contained both short-term and long-term
trends. We therefore constructed a kernel adding the constant kernel (param-
eter magnitude) to a Matérn kernel (short-term fluctuations) and the squared
exponential kernel (long-term trend).

The Matérn kernel (MAB) is given as:

Anas (,2") = oara’ <1 + V(o — ) + Sle ) ) exp<\/w)

Iva 3lara’ Iva
(3.19)
And the squared exponential kernel (SE):
!
\se (z,2") = osp2exp (_1‘ f ) (3.20)
lsk

We use duplicate cell parameter estimates to reinforce the GPR similar to

the multi-output approach presented by Richardson et al. [73].

3.6 Optimal Fast Charging

Battery charging time is seen as a major downside of the widespread adoption
of EVs, and fast charging times are a notable sales argument for private cus-
tomers. However, increasing currents to achieve faster charging comes with
several challenges [38], [77]. Original equipment manufacturers therefore often
accept additional degradation due to more aggressive charging. In comparison,
commercial vehicles require much longer lifetimes and fast charging is there-
fore generally more conservative. However, such applications often require high
up-time to amortize high investment costs, which is hindered by long charging
periods. Charging based on electrochemical constraints has been proposed to
limit degradation while improving charging times.

Heat generation during charging can become problematic and cause thermal
runaway if not considered in the design and control of a charging procedure.
Lithium plating on the negative electrode can result from a bad combination

of rate and temperature. Positive electrode concentration gradients can induce
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particle stress leading to cracking and irreversible capacity loss. However, of
these criteria, only the temperature can be directly measured, albeit only on the
cell surface. Electrochemical models have been successfully used to construct
observers for these internal battery states [24]. In such approaches, the cell
current is adjusted according to a model-based observation of the target state,
e.g., the lithium plating potential.

In paper V, we create an open-loop optimal fast-charging protocol based
on several constraints (Table to limit the degradation of the battery. The
impact of degradation on model accuracy and therefore control state estima-
tion has not been previously considered in electrochemical control applications.
In this project, intermittent re-parametrization of the battery model is pro-
posed to achieve optimal fast charging considering safety and degradation con-
straints throughout the entire lifetime. The parametrization is performed both
on the fast-charge experiment itself and on an optimally designed RPT using
the method developed in paper Il. A closed-loop approach would be advanta-
geous in a real system, however, we could not implement it in the available
setup. The charging procedure consists of ten steps of equal capacity. Each
step’s current is maximized to fulfill all set constraints.

Table 3.3: Constraints for the electrochemical model-based fast-charging pro-
cedure.

Name Location Limit
Max cell temperature Bulk 45°C
Lithium plating potential Negative electrode 0.05 V
Negative state of lithiation =~ Negative electrode [0.02, 0.85]
Positive electrode potential  Positive electrode 42V
Positive state of lithiation ~ Positive electrode [0.3, 0.98]
Cell current Cell 2C

3.7 Experimental

In this thesis, a range of different cells and a range of different materials were
investigated. As the technical responsibility for these experiments lay mostly

(papers I1-V) with collaborators, only a summary is given below. In papers Il and
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[11, an 18650 cylindrical cell containing NMC532 in the positive electrode was
studied. Duplicate cells were cycle aged using three different stationary energy
storage service cycles at 40°C and in 15-day intervals, checkup experiments
were performed. In paper IV, real-world data collected from three types of
heavy-duty vehicles was disseminated and analyzed. All vehicles used identical
NMC622 prismatic cells, not accounting for cell-to-cell variation. In paper V, an
NMC automotive prototype cell was cycle-aged in a 25°C temperature chamber.
The different geometries, nominal capacities, and chemistries are summarized
in Table[3.4] and the cells are shown in Figure [1.1]

Table 3.4: Cell types analyzed in this thesis. *Only limited information could
be publicized for the cells studied in paper V.

Paper Geometry Capacity Negative electrode Positive electrode
I, 1l 18650 2.6 Ah Graphite NMC532
VI Pouch 35 mAh Graphite NMC622
v Prismatic 48 Ah Graphite NMC622
V Prismatic  * Graphite NMC*

In paper VI, we investigated the mechanical properties of single-layer elec-
trodes. Much research in the past has focused on the mechanical stiffness of
individual particles [39] but little is known about the constitutive behavior of the
entire electrode. Gupta et al. [78] demonstrated a U-shape bending method for
dry 10x1 cm samples and investigated the elastic behavior of pristine materials.
In a follow-up to this study, we studied the interplay between electrochemical
utilization and mechanical properties. To this end, we constructed pouch cells,
shown in Figure [1.1] from LiNig.sMno.2Cog.202 (NMC622) and graphite (both
from Customcells, Germany) containing 10x1 cm electrodes with a nominal ca-
pacity of 35 mAh. We tested samples at several stages and performed up to
50 cycles.

EIS was used to analyze the electrochemical properties of the materials at
different SOH. The EIS experiments were performed in a three-electrode cell
so both negative and positive electrode impedance was recorded. The three-
electrode cell was used to validate the optimal experiment design procedure in
paper |l and to demonstrate that parameter identification using optimal exper-

iments could differentiate the properties of positive and negative electrodes.
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Chapter 4

Results and Discussion

This section summarizes results and revisits key findings from papers |I-VI.

Paper | was a review of methodology and is already included in Chapter 3.

4.1 Parameter Sensitivity

Sensitivity analysis lays the foundation of the optimal experiment design method
developed in paper Il and utilized in papers Il and V. In these works, measure-
ments were optimally designed to maximize the importance of targeted mech-
anisms such as solid diffusion or interfacial kinetics. However, it is not always
possible to perform these optimal tests during the deployment of a battery
system. In such systems, the BMS can already access vast amounts of mea-
surements that are recorded, for instance, while a vehicle is driving or charging.
If such data is informative, it could be directly used to identify electrochemical
parameters for electrochemical model-based battery management.

Real-world driving data from several heavy-duty EVs was investigated in
paper IV. In papers Il and Ill, commercial 18650 cells with an NMC532 positive
electrode were utilized. In paper IV, a first-generation automotive prismatic cell
with an NMC622 chemistry was investigated. In paper V, automotive prototype
NMC prismatic cells were analyzed. Due to the different macroscopic and
microscopic properties between the three distinct cell types, feasible parameter
ranges differed slightly. The parameter ranges that were investigated in these

works are shown in Figure |4.1]
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Figure 4.1: Parameter ranges for the global sensitivity analysis performed in
papers II-VI. In paper Il, active material diffusion coefficients were considered
instead of the diffusion time constants. Furthermore, the electrolyte volume
fraction e_ was targeted and not the Bruggeman coefficient Br_. These effects
are in this case equivalent to each other.

In paper Il only dynamic model parameters were analyzed, whereas in paper
IV sensitivity of both dynamic and balancing parameters is investigated. First,
parameter ranges were set liberally where no prior knowledge of the battery
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was assumed, and physically reasonable limits based on literature were set.
The impact of aging on parameter values was investigated by setting aging-
constrained bounds which mechanisms were most impactful and crucial for the
accuracy of model-based electrochemical control.

The global sensitivity metrics computed throughout this thesis are based on
the polynomial chaos expansion surrogate model as discussed in Chapter [3.3]
To understand the quality of the SA, the errors in this approximation are first
briefly discussed. In paper IV, the global SA for each driving set requires about
2000 model evaluations. We then validate the identified PCE surrogate model
by comparing the surrogate models’ cell voltage prediction with 1000 model
evaluations for distinct parameter vectors, not included in the training set. The
distribution of the resulting root-mean-square-errors (RMSE) is given in Figure
4.2

PHEV distribution truck
BEV distribution truck
BEV city bus

Fast charge

Slow charge

Jonn

Probability density function

0 2 4 6 8 10
Model vs. PCE RMSE / mV

Figure 4.2: Distribution of RMSE errors of the cell voltage prediction for 1000
distinct parameter vector samples, reproduced from paper IV .

All mean RMSE lie below 4 mV, showing that the surrogate approach can

accurately replicate the physics-based model. However, especially for the BEV
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truck data set, larger errors occur. Further analysis showed that this was
caused by extreme (and unrealistic) parameter combinations, indicating that
computed parameter sensitivities and interactions at these extreme points were

likely tainted by larger errors. This is discussed in detail in paper IV.

Real-world driving data from a battery electric truck, an electric bus, and
a hybrid truck, as well as a slow and fast charging event, was analyzed for 14
dynamic and balancing parameters. The analyzed datasets are shown in Figure
4,51
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Figure 4.3: Real-world heavy-duty driving patterns analyzed in paper IV, all
vehicles used cell c in Figure@
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The different applications of vehicles yield different sensitivities of model pa-
rameters, this is demonstrated in Figure [4.4]for a battery electric vehicle (BEV)
and plugin hybrid electric vehicle (PHEV) truck, a BEV bus, and two charging
procedures. The average (bar) and maximum (circle) variance contribution for
the entire drive cycle shown in Figure [4.4] varies significantly both for different
parameters and also for the different applications. For instance, the wide SOC
window of the BEV truck improves sensitivity for all parameters and implies
that the dataset contains enough relevant information about all parameters to
make an estimate more specific than the wide sample ranges. However, when
constraining sampling ranges around a nominal parameter set, sensitivity re-
duces significantly for diffusion coefficients, implying that re-parametrization in

online settings is not suitable for all mechanisms.
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Figure 4.4: Total parameter variance contributions for three different heavy-
duty vehicles and two charging procedures, adapted from paper IV .

This low sensitivity, together with parameter interaction quantified by second-
order Sobol indices, motivates parameter grouping. The electrolyte-, inactive-,
and active-material volume fractions 1 = €4 +¢€;4,+ +€4,4 Were most impactful

for electrode balancing, electrode surface area, and electrolyte tortuosity, but
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did not impact electrolyte transport directly for the investigated vehicle driving.
This showed that a grouping procedure is essential for uniquely identifiable pa-
rameters (but not for model accuracy) and confirmed that grouped parameters
were identifiable in a synthetic identification study. The identifiable parameters
and parameter groups are summarized in Figure [4.5]

Parameter identifiability strongly depends on BEV type. It is possible to up-
date electrochemical model-based battery management in online settings using
data that is already available to the BMS. However, battery utilization de-
termines electrochemical model parameter identifiability and simplistic models
should be used e.g., for hybrid vehicles. Furthermore, it was shown that internal
battery states that could be targeted with electrochemical control such as the
lithium plating potential, are dependent on parameters that are sensitive to cell
voltage.
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Figure 4.5: Identifiable parameters for different real-world driving and charging
events. Adapted from paper IV [79].

4.2 Optimal Experiment Design

The dependence of parameter sensitivity on battery usage demonstrated for
different heavy-duty vehicles was exploited by optimal experiment design. The

methodology was first presented in paper I, and later utilized to design an op-
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timal reference performance test (RPT) for paper V. Figure[4.6]shows the eight
experiments designed in paper Il. Some properties of these experiments are of
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Figure 4.6: Current trajectories and initial SOC that maximize the Sobol sen-
sitivity for the eight noted target parameters, adapted from paper Il .

interest, as they both confirm the known behavior of the model and show inter-
esting properties of the developed method. The diffusion coefficients (that are
later treated as diffusion time constants instead) are most sensitive at extreme
SOC points, low for the negative and high for the positive electrode. Bizeray
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et al. [81] found that a high slope of the half-cell open circuit potential (OCP)
was a necessary prerequisite for diffusion coefficient identifiability. This also
confirms the non-identifiability of diffusion parameters in heavy-duty vehicles
that was found in paper IV, where SOC ranges were too narrow. Additionally,
lower currents are favored as this minimizes the sensitivity of other parameters.

Both the diffusion coefficient and the particle radius are targeted in the
positive electrode. These parameters are often coupled as a diffusion time
constant. However, as the radius is used to evaluate the electrode surface
area Ay = 3eg,,+/r+ it also impacts the kinetic rate constants ki. This
results in a hybrid experiment, containing dynamics and rates in between the
optima for k. and D . For the SEI layer thickness experiment, the optimum
was found to be decreasing impact from all other parameters which resulted
in the lowest variance of all optimal experiments and implies that within the
sampled range (see Figure wg gy was not sensitive and the parameter was
therefore removed from the identification set. These observations offered some
confidence that reasonable experiments were identified.

Parameter estimation was performed on the optimal experiment design
(OED) tests and a reference parameterization. The reference parameter set
(RPS) is estimated on a 1C discharge from 100 to 10% SOC and ten GITT
pulses between 90 and 10% SOC. Parameter estimates from both OED and
RPS were then benchmarked on full-cell and half-cell validation experiments,
this is shown in Figures[4.7) and The full-cell validation in Figure[4.7] shows
the modeled voltage during three hours of a combined peak shaving and fre-
quency regulation service cycle. The OED parameter set significantly reduced
errors at 14.4 mV vs. 245 mV RMSE for the RPS parameter estimates. In
the half-cell validation in Figure [4.8] the OED parameters match both the fast
transients and the relaxation behavior during a pulse-train experiment, whereas
the RPS parameter can replicate neither. This improvement was more apparent
in the negative electrode suggesting identified parameters are more accurate.

Before estimating dynamic model parameters, cell balancing is evaluated to
determine the relationship between full-cell potential and half-cell SOL (see Fig-
ure[3.1)). A C/20 constant current is used as dynamic parameters are unknown
and their impact is negligible at low current (sometimes called pseudo-OCP).
The fit is shown in Figure [4.9] and the RMSE is below 5 mV for all checkups.
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Figure 4.7: Full-cell validation for the parameter estimation of OED vs. RPS,
reproduced from paper II [80].
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Figure 4.8: Half-cell validation for the parameter estimation of OED vs. RPS,
reproduced from paper II [80].
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Figure 4.9: Simulation of C/20 discharge with fitted balancing and unknown
dynamic parameters showing excellent agreement of model and experiment,
reproduced from paper 11 [80].

4.3 Aging Diagnosis and Prognosis

Model accuracy is essential for model-based optimal control. Aging in batteries
significantly alters their behavior, implying that to conserve model accuracy, a
model must either directly include aging mechanisms, or be updated intermit-
tently. Direct aging models are known only for the most well-understood degra-
dation phenomena, such as SEI layer formation, lithium plating (and stripping),
or particle cracking. However, these models come with many new parameters,
that cannot generally be measured, leading to an even more complex parameter
estimation process. Alternatively, battery degradation can be modeled implicitly
by re-evaluating key electrochemical parameters. In paper Il, we demonstrated
a methodology that enables the design of parameter-specific optimal experi-
ments. In paper Ill, we re-evaluate model parameters during the entirety of the
degradation study on the intermittently performed optimal experiment design
RPT.

The cycling study is based on three dynamic protocols for stationary energy
storage applications FR, PS, and FRPS, summarized in Table All cells
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showed significantly different degradation trajectories. The C/20 and 1C ca-
pacities are shown in Figure More details on this experimental study can
be found in [82].

Table 4.1: Cycling and calendar aging protocols published in [82] and investi-
gated in paper Ill. All cells were cycled at 40°C elevated temperature, and a
calendar aging reference was aged at 25°C.

Name Description SOC range Max C-rate
FR Frequency regulation 45-55% 1
PS Peak shaving 22-78% 1
FRPS  Combined FR and PS 18-82% 2
SOC50 50% SOC 50% -
SOC78 78% SOC 78% -
SOC50-25 50% SOC at 25°C 50% -

Each marker in Figure denotes a checkup experiment, which includes
the novel RPT with short parameter-specific optimal experiments, a 1C dis-
charge, and a C/20 discharge. Dynamic model parameters are estimated on
the RPT, and balancing parameters are estimated using the C/20 discharge.

Parameter estimates for the three stationary storage service cycles are pre-
sented in Figure [4.11] Changes in parameter magnitudes are significant, sug-
gesting that model performance is greatly diminished during degradation. Fur-
thermore, changes correlate with the dynamic and thermodynamic capacities
given in Figure [4.10]

The combined cycle (FRPS) showed the most rapid capacity loss, reaching
a power limitation of the service cycle after only nine checkups, and a thermo-
dynamic capacity loss of 8%. FR cycling continues for 65 weeks until the same
thermodynamic capacity loss is observed. PS cycling showed up to a 10% loss
in thermodynamic capacity. For At_ and R+ the uncertainty is high, which
results in a large observed variance in the estimates. However, for other param-
eters, the confidence is high, and clear trends and differences can be observed.
Interestingly, cell level aging does not cause a worsening of all electrode level
properties, and instead, an improvement in the positive electrode kinetics and
electrolyte transport is identified. This is most prevalent in PS cycling, but in

general, observed also in FRPS and FR.
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Figure 4.10: Discharge capacity determined at periodic checkups for three dy-
namic cycling protocols at C/20 rate (circles) and 1C rate (squares), reproduced

from paper Il .

To demonstrate that electrochemical parameters correlate with cell-internal
aging, a cell opening was performed at the end-of-test (EOT), and a post-
mortem characterization was carried out. Focus was laid on changes in the
porous microstructure, which was imaged using broad-ion-beam scanning elec-
tron microscopy (BIB-SEM). Images were then segmented, and for the positive
electrode, the equivalent particle diameter and the layer thicknesses were de-
termined. The procedure is thoroughly documented in . These results are
shown in Figure[d.12)and[4.13]and are intended to validate aging diagnosis from
estimates of electrochemical parameters in Figure [4.11]

The equivalent particle diameter in the positive electrode shown in Figure
reduces significantly for PS cycling, which showed the most severe capacity
loss, but also improved in positive electrode tortuosity and kinetics. A decrease
in equivalent particle diameter is a sign of particle cracking, where cracked
pieces can be identified as new standalone particles. Cracking increases the

surface area of the active material, which is equivalent to an increase in the
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Figure 4.11: Estimated parameter values during cycle aging, reproduced from

paper 111 [83].

kinetic rate constant. Furthermore, it could enable easier electrolyte transport

through a new and more direct ion pathway.

The positive electrode’s thickness in Figure [£.13]increases by 4-5 ym in PS

and FRPS vs. a BOL sample, while it reduces by 2-3 pm for the calendar-

aged SOC78 sample. This could be linked with stresses of cracked particles
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acting on the binder phase. An increase in thickness would likely increase the
pore volume and facilitate electrolyte transport, correlating with the estimated

reduced tortuosity in the positive electrode.

Eq. particle diameter in um

BOL PS FRPS SOC78

Figure 4.12: Changes in particle size distribution in the positive electrode re-
vealed by cross-section image analysis, reproduced from paper Il .
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Figure 4.13: Changes in electrode thickness in the positive electrode revealed
by cross-section image analysis, reproduced from paper Il .

Cross-sectioning and subsequent image analysis correlate well with parame-
ter estimate-based aging diagnosis, suggesting that electrochemical parameters

offer valuable insight into mechanistic behavior and changes during aging.
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Another important benefit of intermittently updating model parameters is its
positive impact on model accuracy. Improved EOT accuracy was demonstrated
for the three dynamic cycling protocols. The FRPS validation is shown in
Figure Residuals of the calibrated model with updated parameters and
the uncalibrated model are given in the lower subplot, showing a large decrease

in errors when updating model parameters.

—— Model Experiment
o 29
- \’\""N'l""‘ INY u»\.l-.h:{ 0®
> Nev > 7 T g
23
£
v 4.0 A
()]
S
L 351
> T T
E = - uncalibrated model
= 100 A
° 0
©-100 A
$ T T 1 ]
= 0 5000 10000 0.000.25
Time ins Probability

Figure 4.14: Model vs. experiment at EOT for the FRPS cell, reproduced from

paper |l .

In Figure[d.15] RMSE for all EOT validation simulations are given, including
a balancing calibrated step that includes updated balancing (i.e., loss of lithium
and loss of active material). Updating only balancing is not sufficient and
updating both dynamic and balancing parameters reduces the RMSE by more
than 50% compared to only updating balancing. Note that we do not achieve
BOL accuracy, implying that we do not account for all aging. This is both a
shortcoming of the employed model and the targeted parameter set.

We can not guarantee that identified parameters are true, only that they
are identifiable (via identifiability analysis, see paper IV), performant (via cross-
validation in Figure [4.14] and [4.15), and consistent with post-mortem charac-

teristics (via post-mortem analysis in Figure and [4.13)).
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Figure 4.15: Summary of fitting errors for all dynamic cycling validation sets,
considering the fully calibrated mode, where all parameters are updated. Com-
paring with the balancing calibrated mode, where only balancing parameters
are updated shows that it is necessary to consider both dynamic and balancing
parameters to conserve model performance, reproduced from paper Ill .

Finally, we utilize GPR to extrapolate parameter estimates and predict future
properties of the electrochemical model. The parameter extrapolation results
for the FR cell are shown in Figure [4.16]

The training set consists of parameter estimates during the first twelve
checkups of two duplicate cells, the validation consists of a total of 17 checkups.
The predicted parameters lie well within the shown 95% confidence interval and
the mean prediction accurately predicts the parameter evolution.

The mean prediction can then be used to simulate the battery’s response to
any possible demand in the future. We evaluate 1C discharge capacities with
the Gaussian process extrapolated physics-based model and compare them with
measurements collected during the checkup experiments. The result is shown in
Figure[f.17] The agreement between model prediction and experimental obser-
vation is excellent. Accurate 1C discharge capacities are predicted forecasting

up to 1200 equivalent full cycles.

46



4.3. AGING DIAGNOSIS AND PROGNOSIS

i *
0.75 1, —0.00

Log of parameter value

—-0.20 A

—0.25 A ~0.3 1

-0.30

0 2000 0 2000

Equivalent full cycles

Figure 4.16: Parameter extrapolation using GPR. Filled markers are the training
set and empty markers denote the validation set. The line is the mean GP
prediction, and the shaded area is the 95% confidence interval, reproduced

from paper IlI .
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For more severe degradation observed in FRPS, the training set is much
smaller, and only seven RPTs were performed. A GP was constructed using all
seven RPTs for the duplicate cell and three RPTs for the target cell. The per-
formance was satisfactory, but more data points would be required for thorough

validation of cells showing more severe aging.
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Figure 4.17: 1C discharge predictions and experimental validation for the FR
cells. Model-predicted 1C discharge capacities vs. experimental measurements,

reproduced from paper Il .

The predictions cannot account for changes in utilization or aging regime. It
could however predict the onset of lithium plating, after which battery behavior

is expected to change more rapidly and the prediction accuracy would slip.

4.4 Aging-Adaptive Utilization

Intuitively it is clear that the utilization of a battery should not remain the

same throughout a lifetime if internal properties are changing as demonstrated
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in the previous section. We demonstrated that an accurate representation of
cell behavior can be constructed by updating the electrochemical parameters
of a suitable model. The logical continuation is updating the usage strategy
depending on the observed aging. We investigate the aging-adaptive electro-
chemical model-based fast-charging of prototype automotive battery cells. A
total of six cells were included in the experimental matrix, they are introduced in
Table[d.2] The first protocol is the proposed aging-adaptive multi-step charging
(MSC) with cells 1, 2, and 3. A conventional constant-current constant-voltage
(CCCV) protocol is selected as the reference (cells 5 and 6). A compromise
using a BOL-designed MSC protocol that is scaled by capacity loss is included

as a second reference (cell 4).

Table 4.2: Aging-adaptive fast charging experimental matrix and charging time
to 80% SOC at BOL. Two additional reference cells 7 and 8 were not part of
the study but capacity retention was included as a reference in the following.
Cells 1-4 were adapted by considering either the updated parameter estimates
0 (cells 1-3) or only an updated capacity Q (cell 4).

ID Strategy Adaptation target Max C-rate  tggy

1 Aging-adaptive 0 2C 28 min
2 Aging-adaptive 0 2C 30 min
3 Aging-adaptive 0 2C 30 min
4 Aging-adaptive Q 2C 27 min
5 CC-cv - 1C 44 min
6 CC-cv - 1C 44 min

The standard capacity between 3.0 and 4.2 V is measured in intermittent
RPTs during a C/10 charge and is shown in Figure. Cell 1 degraded rapidly
in early-stage cycling. At this stage, it's protocol had not been adapted yet and
the charge was designed in the same way as cells 2, 3, and 4.

The charging profile was likely too aggressive for this cell due to cell-to-cell
variation during the calibration of the method. Notably, the aging adaptation
could stabilize the heavily degraded cell and change the degradation trajectory.
Cells 2, 3, and 4 show a very similar trajectory until about 50% of the normalized
charge throughput. After this, the capacity-scaled cell 4 begins to diverge
and age more rapidly while aging-adaptive cells 2 and 3 continue to show a

linear aging trend. Conventional 1C CCCV does retain most standard capacity
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Figure 4.18: Change of standard capacity between 3.0 and 4.2 V for the six
investigated cells and two additional reference cells (7 and 8) using 1.5 C con-
stant current charging in a 20% smaller SOC window. Adapted from paper V.

but requires 45 minutes to achieve 80% SOC, while MSC cells only require
between 25 and 35 minutes. The cells’ usable capacities are defined between
the lithiation limits in positive and negative electrodes (see Table, for aging-
adaptive cells 1-3 this is enforced during every new charging design following
the RPT. For cell 4 it is based on the BOL cell balancing. Cells 5 and 6
cycle between voltage levels that are at BOL equivalent to the same lithiation
constraints. This ensures that all cells have a similar usable capacity at BOL.
The usable capacity trend is shown in Figure[d.19] As for the standard capacity,
cell 1 is a clear outlier, losing most of its capacity in the first two cycling periods.
Cells 2-6 have a similar usable capacity until about 50% of the cycling period
when cell 4 begins to diverge. The better retention of the standard capacity of
reference cells 5 and 6 does not lead to significantly different usable capacity,
however, this will likely change towards the end of life.

To understand why cell 4 is beginning to diverge, we compare the estimated
states during fast-charging for the aging-adaptive cell 2, and the capacity-scaled

cell 4 in Figure [4.20]
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Figure 4.19: Change of usable capacity between the determined lithiation
bounds for the six investigated cells and two additional reference cells (7 and 8)
using 1.5 C constant current charging in a 20% smaller SOC window. Adapted
from paper V.

Throughout the study, only the lithium plating potential (LPP) and the cell
temperature have been active during the charging design. This is shown in
Figure a) for the aging-adaptive cell, where the charging protocol adheres
to the constraints. For cell 4, the constraints during charging are shown in
Figure b). The LPP constraint is being violated already in checkup 5.
The temperature as well as positive potential and cell voltage constraints are
additionally violated in checkup eleven. The LPP is below the constraint for
most of the charge. While it is still positive, the likelihood of plating is much
higher, considering model and parameter uncertainty in the state estimation.

Finally, we compare the usable capacity and charging times of the six studied
cells as well as the two reference cells in Figure

The 1.5 C constant-current references cells 7 and 8 charge the fastest,
however, this comes with a significant penalty in usable capacity. The MSC
cells 1-4 consistently enable the best utilization of the cells, which increases
over the lifetime, as shown by the transition from grey to colored. Aging

adaptivity comes at the cost of slightly reduced charging speeds for cells 2
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Figure 4.20: Constraints of the designed MSC adapted to changes (cell 2) in a)
and designed at BOL and scaled by lost capacity (cell 4) in b). The capacity-
scaled cell dips below lithium plating and above temperature constraints soon
after cycling begins, adapted from paper V.

and 3, whereas the capacity-scaled cell 4 charges more rapidly as the battery
degrades. The CCCV reference cells 5 and 6 have lower utilization throughout
the lifetime stemming mostly from the higher capacity retention. However, in
a fully voltage-controlled cycling scheme, they will lose cyclable capacity at the

same rate as standard capacity.

These results indicate that model-based fast-charging causes a capacity
“knee-point” behavior and aging-adaptivity successfully circumvents this issue

and prolongs battery life. At end-of-test remaining usable capacity compared
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Figure 4.21: Change of usable minus standard capacity vs. charging time for
the six studied and two additional reference cells, reproduced from paper V.

with the equivalent capacity in the capacity-scaled cell, the aging-adaptive cells
have a 36-52% higher lifetime. Moreover, if the linear trend in capacity loss for
cells 2 and 3 persists, a doubling of lifetime until 80% SOH is not unrealistic.
However, the MSC charging does add additional degradation compared to the
more conservative CCCV charging, indicating that the proposed model-based
control does not account for all relevant aging. Post-mortem characterization
of cells 1, 2, and 4 revealed that significant non-uniform lithium plating was
present, confirming that model limitations are a significant hurdle for model-

based control of energy-dense automotive cells.

4.5 Mechanical Characterization

Mechanical properties of batteries have are expected to play a significant role
in aging, especially in NMC materials, where particle cracking is a major cause
of LAM. The properties of individual particles have been well characterized (see
e.g., the work by Stallard et al. [39]), but the interplay between all components

in a porous electrode is poorly understood. To address this issue, we investi-
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gated the layer-level properties of NMC622 electrodes during early cycling.

A U-shape bending apparatus was used and 10x1 cm electrodes harvested
from lab-made pouch cells were tested by reducing the face-plate separation A
stepwise in five stages. At each stage, a short unloading is performed which

yields the characteristic loading-unloading plot in Figure [4.22]
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Figure 4.22: U-shape bending tests performed at different stages for increasing
face-plate separation, reproduced from paper VI [85].

The force resulting from the samples’ response to this compression is then
measured. The layer-level compressive modulus can then be evaluated from the
slope of the unloading step, the computed values are shown in Figure[4.23] Two
distinct trends were observed when comparing pristine, immersed, one-cycle,
three-cycle, and 50-cycle samples. Firstly, the modulus drops significantly after
the sample is immersed in electrolyte (and subsequently dried before testing).
Secondly, cycling seems to slowly increase the modulus again, where the 50-
cycle sample shows a smaller modulus than the pristine one at low compression
but a comparable modulus at the highest compression that was tested. This
indicates that a different mechanism is responsible for the drop of modulus due
to immersion and the subsequent increase during cycling.

Based upon the combined mechanical, electrochemical, and microstruc-

tural characterization, we proposed likely mechanisms responsible for observed
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Figure 4.23: Extracted compressive moduli by fitting the unloading steps at
different strain rates, reproduced from paper VI [85].
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Figure 4.24: Proposed mechanism leading to the changes observed through
mechanical, electrochemical, and micro-structural characterization, reproduced

from paper VI [85].

changes, this is shown in Figure [4.24] The drop in modulus is attributed to a
release in residual stresses, loaded into the binder during cell calendaring. The
subsequent slow increase in cycling is attributed to the irreversible swelling of
active material particles, which leads to binder compression and electrode thick-
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ness increase. Both the thickness increase and the active particle expansion are
confirmed with BIB-SEM cross-section analysis.

Commercial electrodes contain higher loading and therefore lower poros-
ity than the investigated material, this would likely exacerbate the increase in
modulus during cycling. The proposed micro-structural changes and continuing
grain separation of the secondary particles would cause an increase in surface
area and therefore improve the kinetics in the positive electrode over time.
This was observed both in in paper Ill and in paper V. However, an increase
in tortuosity would also be expected, but was not found. Instead, the positive
electrode diffusion time constant increases, which might indicate solid diffusion
pathways being impacted by grain separation in between primary particles in
the secondary particle agglomerate. In general, the impact of increasing strain
the porous electrode on electrochemical performance is still poorly understood

and the topic of ongoing research.
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Summary, Conclusions, and Outlook

Summary

The degradation of batteries diminishes their ecological and economic benefits.
Throughout this work, such degradation is analyzed, both by new experimental
methods (paper VI) and by correlation of new data with existing mechanistic
understanding (papers Il and V). Modern lithium-ion batteries last longer than
ever before, this can be largely attributed to improved battery chemistry and
manufacturing. However, control of batteries, even with rudimentary methods,
ensures operation within voltage and temperature safety limits, further mani-
festing this improved lifetime. Such control is most often static and therefore
conservative to ensure safe operation throughout the entire lifetime.

More sophisticated control exploits accurate electrochemical models that en-
able advanced utilization of the battery. Electrochemical models require many
parameters, and these are SOH-dependent and often hard to measure directly.
In some cases, even tedious physical characterization can only provide a rough
estimate. At BOL, the most important parameters are therefore commonly
identified using a parameter estimation from input-output data, reviewed in pa-
per |. Here, we highlighted how parameter sensitivity and identifiability depend
strongly on the available data. Key parameters must be updated to conserve
electrochemical control accuracy. We investigated if measurements recorded
during heavy-duty vehicle usage are informative (paper IV). An alternative way
to update the model is periodic reference performance tests. We developed

and demonstrated a global optimal experiment design methodology to identify
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parameter-specific experiments (paper Il) and showed how such a model could
accurately diagnose and prognose battery performance during a 3-year cycling
study (paper IlI).

After successfully demonstrating aging diagnosis, we investigated the bene-
fits of adapting usage to this diagnosis. Aging-adaptive fast-charging (paper V)
was proposed where we incorporated the optimal experiment design methodol-
ogy (paper Il) to intermittently identify model parameter changes. The iden-
tified model was then used to determine an optimal fast-charging procedure
considering electrochemical constraints. The proposed adaptive procedure im-
proves capacity retention compared to an optimal fast charge designed at the

beginning of life and scaled by capacity loss.

Conclusions

Parameter estimation from input-output data was reviewed and common short-
comings like reliance on local methods such as local sensitivity analysis as well as
the potential of experiment design and machine learning methods are discussed.

Even without specialized reference performance tests available, vehicle driv-
ing and charging are sufficiently informative for the identification of some elec-
trochemical parameters for model-based control. Limiting mechanisms in the
battery are heavily dependent on vehicle usage. We found that solid diffusion
was not impactful in the available real-world data, challenging the common
single-particle simplification for control purposes. We demonstrated the wealth
of information present in driving data and noted the strong dependency on the
cycling window. We thereby opened the door to ad-hoc aging diagnosis and
adaptation.

Optimal experiment design allows algorithmic identification of informative
experimental conditions. A novel procedure based on global sensitivity analy-
sis was developed and experimentally validated. A single parameter objective
function was derived based on Sobol sensitivity and the optimization is solved
using a Bayesian optimization approach. One experiment is identified for each
targeted model parameter, thus automatically minimizing concurrent parame-
ter sensitivity. Experimental validation on commercial 18650 NMC532 batter-

ies showed that the approach outperforms conventional parametrization based
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on 1C discharge and GITT. Half-cell validation confirmed that the proposed
method successfully separated voltage losses into individual electrode-specific
mechanisms.

We showed that the beginning-of-life parameters were insufficient in de-
scribing aging batteries and updating both dynamic and balancing parameters is
necessary to conserve model accuracy during aging. Changes in electrochemical
parameters correlated with observations from a post-mortem characterization.

Estimated parameter trajectories were extrapolated using Gaussian process
regression. We showed that the Gaussian process accurately matched parameter
evolution beyond the training set. The extrapolated model predicted the 1C
discharge capacity accurately up to 1200 cycles in the future and outperformed
a linear model-based extrapolation.

Aging-adaptive optimal fast charging was demonstrated on prototype auto-
motive cells. Cells with updated fast-charging procedures showed a linear capac-
ity loss, whereas the capacity-scaled fast-charging cell showed a capacity knee
followed by accelerated degradation. State estimation showed that even con-
servative charging procedures violate electrochemical and thermal constraints.
This suggests that updating usage to adhere to electrochemical constraints
throughout the lifetime can significantly extend the battery lifetime.

Mechanical degradation of batteries was studied using a U-shape bending
technique for early-stage cycling in NMC622 electrodes. We identified two
distinct mechanisms. First, there is a significant drop in compressive modulus
between pristine electrodes and those that have been immersed in electrolyte,
indicating that residual stresses from manufacturing are released. Second, an
increase in the compressive modulus is observed during the first 50 cycles,
which shows that electrochemical utilization impacts mechanical properties.
This indicates that the interaction between particle and binder dominates the

layer-level properties, and focus on the particle properties alone is short-sighted.

Outlook

Upon the discussion laid out above, the author would like to speculate on the
implications of this work for future research and on the applicability of the

proposed methods.
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CHAPTER 5. SUMMARY, CONCLUSIONS, AND OUTLOOK

Parameter estimation from input-output data is by no means a perfect solu-
tion to track degradation inside batteries. Other approaches embedding sensors
and reference electrodes are much easier to verify, but complicate cell design and
add significant cost and inactive weight to a transport solution still struggling
to compete with conventional combustion engines. Ideally, these approaches
can be complementary to each other, where some health indicator cells would
contain sensors, and are used to validate electrochemical model-based state
estimation. Realistically, added cost will discourage manufacturers from em-
bedded sensing and the approach using data already generated seems more
likely.

We investigated two distinct approaches to estimating electrochemical pa-
rameters, using available data from driving and charging, or generating more
informative datasets for instance during a charging procedure. Here again, the
obvious choice is to use driving data already available. This likely results in lower
accuracy of both dynamic and balancing parameters but would work without
any specialized informative charging procedure.

An important consideration that has been neglected in this thesis is model
selection. The DFN model is commonly used and was therefore the obvious
choice in this work. It offers a reasonable compromise between accuracy and
efficiency, but its limitations could prove problematic for large modern cells
where aging is known to be non-uniform. Few works focus on the issue of non-
uniformity, but it would undoubtedly complicate cell’s online diagnosis. On the
flip side, for some of the investigated cell types and real-world usage, we have
found solid diffusion to be of negligible importance, especially when the cycling
window is constrained. This raises questions on the applicability of the common
single particle simplification and suggests models should be both simpler and
more complex, together.

These considerations drastically complicate the system design, as both the
utilization and chemistry impact the thermal and electrochemical battery man-
agement system. Vehicle and battery manufacturers must work together closely
to design battery systems and individual batteries according to specific require-
ments. Adaptive electrochemical control is challenging on the cell level, and
scaling issues to pack or module certainly do not simplify the problem. However,

in its simplest form, it can be purely software-based, which means practically
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zero additional cost. With the demonstrated benefits for lifetime, even using a
naive open-loop approach, this author believes the widespread implementation
of adaptive electrochemical control is only a matter of time.

A hybrid approach leveraging the predictiveness of the physics-based ap-
proach together with the statistical foundation of data-driven methods seems
extremely promising. We demonstrated how Gaussian process regression of
electrochemical parameters could be used to extrapolate a full electrochemical
model. This could for instance predict lithium-plating onset, giving any usage
profile, and intervene if included in a control system.

However, controlling internal states is only one half of the puzzle. Phe-
nomenological understanding of degradation lags material development and
without a full grasp of a mechanism, its control is futile. This means exper-
imental characterization of degradation will continue to lay the foundation of

electrochemical models and their application in battery management systems.
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