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STELLINGEN

Model-Based Temperature and State-of-Charge
Estimation for Li-ion Batteries
Henrik Beelen

1. Om tot een optimale schatting van de batterijtemperatuur te komen op basis van de impedantie, is het
noodzakelijk om zowel het reële als het imaginaire gedeelte van de impedantiedata te beschouwen.
dit proefschrift, hoofdstuk 2
2. Indien het schatten van de ladingstoestand van de batterij (de zgn. State-of-Charge) wordt uitgevoerd
met een equivalent circuitmodel samen met informatie over batterijspanning, -stroom en mogelijkerwijs
de batterijtemperatuur, dan leveren alternatieven voor het extended Kalman filter hooguit marginale
verbeteringen op.
dit proefschrift, hoofdstuk 4, 5 en 6
3. Het gezamenlijk schatten van de ladingstoestand van de batterij en de modelparameters van een equivalent
circuitmodel geeft een significant lagere schattingsfout van de ladingstoestand dan het afzonderlijk schatten
van de voornoemde variabelen.
dit proefschrift, hoofdstuk 6
4. In de praktijk is de schattingsfout van de ladingstoestand als gevolg van modelonzekerheid in het algemeen groter dan de nauwkeurigheid die bereikt wordt met de toestandsschatter voor de ladingstoestand.
Aangezien de bestaande literatuur typisch exacte modelkennis veronderstelt, is die gepresenteerde nauwkeurigheid in de praktijk slechts van beperkte waarde.
dit proefschrift, hoofdstuk 4, 5 en 6
5. Op dit moment is het niet mogelijk om bestaande en nieuw ontwikkelde batterijmanagementalgoritmes te
beoordelen en te vergelijken op kwaliteit, om zodoende de toegevoegde waarde van het nieuwe onderzoek
te toetsen. Daarom zou er een algemene standaard of benchmark en dataset moeten komen voor het
toetsen van batterijmanagementalgoritmes.
6. Om meer talentvolle vrouwen in academische staffuncties te krijgen, is het huidige wervingsbeleid van
de TU/e erop gericht om talentvolle vrouwen aan te nemen en talentvolle mannen buiten te sluiten.
Aangezien dergelijk beleid aantoonbare nadelen heeft, zou het effectiever zijn om de organisatie zo in te
richten dat talentvolle vrouwen actief worden benaderd.
7. Enkel overheidsfinanciering zal nooit genoeg zijn om de positie van Nederland als voorloper in de bètawetenschappen en techniek te behouden en uit te bouwen. Om (durf)investeerders en bedrijven te motiveren om
onderzoeksprojecten met hoog risico en lange horizon te financieren moet er een nationaal garantiefonds
komen dat wordt gedragen door zowel overheid als investeerders en bedrijven.
8. Het onderwerp van het schatten van de ladingstoestand door middel van toestandsschatters is inmiddels
door een extreem groot aantal wetenschappers onderzocht, waarbij in de loop van de jaren voorgesteld
is om ongeveer hetzelfde probleem op te lossen met significant complexere algoritmes die hebben geleid
tot marginale verbeteringen van de nauwkeurigheid. De wetenschappelijke gemeenschap moet daarom
kritischer worden betreffende de vraag of een onderzoeksrichting afgebouwd of afgesloten dient te worden.
9. Het is doorgaans niet mogelijk, of in ieder geval tijdrovend, om resultaten van andermans onderzoek exact
te reproduceren en daarvan te leren, aangezien de gebruikte data en/of broncode van de algoritmen vaak
onvolledig of niet beschikbaar zijn. Om wetenschappelijk onderzoek effectiever te maken en innovatie te
stimuleren zou het verplicht moeten zijn om goed gestructureerde, door derden leesbare, broncode en data
bij elk wetenschappelijk artikel mee te publiceren, eventueel na collegiale toetsing.
10. Elektrische auto’s zijn niet duurzamer dan brandstofauto’s zolang de productie van elektriciteit en de
productie en recycling van batterijen niet duurzaam zijn.
11. Batterijcellen zijn net mensen, iedere cel heeft zijn eigen handleiding.

PROPOSITIONS

Model-Based Temperature and State-of-Charge
Estimation for Li-ion Batteries
Henrik Beelen

1. In order to optimally perform impedance-based temperature estimation, both the real and imaginary part
of the measured battery impedance are required for the estimation.
this thesis, chapter 2
2. If State-of-Charge estimation is performed using an equivalent-circuit model, and measurements of the
battery current, voltage and temperature, only marginal improvements can be obtained by using any other
type of observer than the well-known extended Kalman filter.
this thesis, chapter 4, 5 and 6
3. Jointly estimating the State-of-Charge and the parameters of the equivalent-circuit model leads to a
significantly smaller State-of-Charge estimation error compared to estimating these variables separately.
this thesis, chapter 6
4. The State-of-Charge error induced by model uncertainty is typically larger than the accuracy achieved
by the State-of-Charge estimator. Since the existing literature typically assumes a perfect model, the
achieved accuracy of the State-of-Charge estimates is of limited practical value.
this thesis, chapter 4, 5 and 6
5. It is currently not possible to compare existing and newly developed battery-management algorithms in a
systematic manner to assess new developments. Thus, a benchmark test and dataset should be established
for assessing new battery-management algorithms.
6. In order to attract more women for faculty positions, the current recruitment policy of the TU/e concentrates on exclusively hiring talented women, thus excluding talented men. Since such a recruitment policy
has clear disadvantages, the focus should be on organising a recruitment process that aims at actively
approaching talented women for open positions.
7. Government funding alone will never be enough for the Netherlands to achieve excellence in technology
and technological sciences. To motivate investors and companies to invest in research projects with high
risks and long horizons, a guarantee fund should be established by government, investors and companies.
8. State-of-Charge estimation has received an overwhelming amount of attention by many researchers over
the years. Although the research problem has not changed significantly, the proposed algorithms did
become more complex with only marginal improvements in achieved accuracy. The scientific community
should take a more critical attitude towards whether or not pursuing certain research topics.
9. It is typically not possible, or at least time consuming, to exactly reproduce a research result of others and
to learn from this, because the data and/or source code underlying the results are often incomplete or not
available at all. To improve the effectiveness and innovativeness of research, it should become mandatory
to publish well-structured and easily readable source code and data alongside any scientific publication,
possibly after applying peer review.
10. Electric vehicles will not be sustainable as long as the production of electricity and the production and
recycling of batteries are not sustainable.
11. Batteries and people are alike, every battery is unique.
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Summary
Model-Based Temperature and State-of-Charge Estimation
for Li-ion Batteries

Today, Lithium-ion (Li-ion) batteries are essential for enabling a technologically
advanced and sustainable society. In order to optimally use the energy and power
capabilities of the battery, and to ensure safe use of the battery in any application,
battery cells or battery packs are equipped with a battery management system.
In this thesis, we investigate two key quantities for battery management: State-ofCharge (SoC) and battery temperature. The battery management system typically
monitors current, voltage and surface temperature, while the SoC and the (average) internal temperature cannot be measured directly and, therefore, have to be
estimated using model-based techniques.
In Part I of the thesis, we investigate the use of Electrochemical Impedance
Spectroscopy for obtaining a fast and accurate estimate of the (average) internal
battery temperature. We propose a general estimation framework, where all the
existing estimation methods in the literature can be considered as special cases of
this general framework. Furthermore, we assess the estimation accuracy of these
existing methods using Monte-Carlo simulations. Using the developed framework, a
new and more accurate temperature estimation method is synthesised that achieves
estimates with an average absolute bias of 0.4◦ C and an average standard deviation
of 0.7◦ C, in case of performing a single impedance measurement on a single battery
cell with an unknown SoC.
Subsequently, impedance-based temperature estimation techniques of a single cell
are extended to a battery pack, where several impedance measurements are performed simultaneously at the same frequency. To do this, we extend the impedancebased temperature estimation framework towards estimating the temperature of
each cell in a pack in the presence of crosstalk interference and (dis)charge currents. The extended method is analysed and validated on an experimental two-cell
battery pack. It is demonstrated that, even in the presence of both (dis)charge
currents and crosstalk interference, the method yields an average absolute bias of
1◦ C over a range of temperatures and in case of a known SoC.
In Part II of the thesis, model-based SoC estimation is investigated, which consists of two steps: parameter estimation of the equivalent-circuit model and SoC
estimation using this model. First, we investigate the experiment design for parameter estimation both quantitatively and qualitatively. To do this, SoC estimation is
v

vi

Summary

performed with the widely-used Extended Kalman filter (EKF) using experimental road-test data. It is found that, instead of using a typical pulsed-current test,
using input-output data representative for the normal operation of the intended
application of the estimator leads to model parameters that result in a decrease of
the root-mean-square error of the SoC estimation of up to 77%, depending on the
particular cell-type and the structure of the equivalent-circuit model.
As a second contribution on SoC estimation, we present a systematic observer
design method. The EKF (and other extensions of the Kalman filter) do not
explicitly address convergence of the estimation error and robustness with respect
to model uncertainty, thus requiring extensive tuning of the covariance matrices,
which is a tedious task without clear guidelines on how to perform this tuning
procedure. As an alternative, we propose three robust Luenberger observers that
explicitly address the convergence and robustness, which is based on the use of
linear matrix inequalities. The results show that the performance of two out of
three proposed observers is similar to the EKF, while the implementation is simpler,
and tuning is more straightforward.
Finally, we present a design method for the joint estimation of the SoC and the
parameters of the equivalent-circuit model. We propose to combine a nonlinear observer with the structured representation of model uncertainty and disturbances as
used in the robust-observer design approach. Namely, it is shown that the joint estimation cannot be achieved by extending the proposed robust-observer approach.
Instead, the EKF for joint estimation of SoC and parameters is adapted to accommodate cross-correlated noises and a forgetting factor, leading to an observer with
a single tuning parameter. The results show that, with a root-mean-square error of
the SoC estimation of 0.5%, the proposed observer exhibits a performance that is
similar to a regular joint EKF, whilst achieving more straightforward tuning than
the joint EKF.
To conclude the work in the thesis, impedance-based temperature estimation and
SoC estimation are experimentally validated in Part III with realistic drive cycles
for electric vehicles at various temperatures. The results show that both estimation methods, introduced in Part I and Part II, respectively, achieve satisfactory
performance with a root-mean-square error of 0.8% for the SoC estimation when
taking into account the impedance-based temperature estimates.
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Introduction

L

ithium-ion (Li-ion) battery technology plays an increasingly important role
in our society. To meet safety and performance criteria for the use of Liion batteries in a wide variety of applications, it is important to accurately
monitor two key quantities of the battery: battery temperature and State-ofCharge. This first chapter introduces the reader to the background of battery
management and these key quantities, and presents the motivation and research
question for the research described in this thesis.

2

1.1

Introduction

Motivation and Background

Today, rechargeable Lithium-ion (Li-ion) batteries are essential energy-storage (and
power-delivery) devices as they enable a more sustainable and technologically advanced society. For instance, in order to meet the world’s increasing energy demand
in a sustainable manner, a transition is needed towards the use of renewable energy
instead of fossil fuels and nuclear energy, since the latter sources of energy present
clear drawbacks such as the emission of greenhouse gasses and nuclear waste. The
production of renewable energy is therefore of great importance in the transition
towards a sustainable society, where the so-called smart grid is vital to manage
the demand and supply of renewable energy. Due to the intermittent production
of renewable energy, such as the production of wind power and solar power, the
tractability of renewable-energy generation in the smart grid greatly depends on
the ability to efficiently store and retrieve the generated energy. Therefore, there
is an increasing need for energy-storage systems, where Li-ion battery technology
is a key component for storing and delivering energy in the smart grid [1, 2].
Additionally, Li-ion batteries are an important instrument for the transition to
more sustainable transportation, where Electric Vehicles (EVs) receive a great deal
of attention. EVs are widely accepted in the automotive industry for achieving a
reduction in the emission of pollutants such as CO2 and for achieving an increasing
energy efficiency of vehicles (e.g., using hybrid EVs). The fleet of EVs around the
world is rapidly growing, where the global number of EVs1 surpassed 3 million
vehicles in 2017 as reported by the International Energy Agency (IEA), see [3]. In
the IEA’s New Policies Scenario, which takes into account existing and announced
policies on EVs, the number of EVs on the road is predicted to reach 125 million
by 2030. Moreover, if the climate goals and other sustainability targets are to be
met (e.g., the Paris Agreement [4]), policy ambitions should rise, which is taken
into account in the EV30@30 Scenario. Here, the number of EVs on the road is
predicted to be around 220 million in 2030 with approximately 130 million battery
EVs and 90 million plug-in hybrids [3]. Finally, Li-ion batteries are used to power
a wide variety of portable devices and consumer electronics, such as smart phones,
tablets and many more (portable) electronic applications. One might even wonder
what today’s world would look like without the Li-ion battery as an energy-storage
device, accelerating the use of technology in our day-to-day lives.
Batteries can be found in a wide variety of cell shapes, sizes, storage capacities and
chemistries. Due to properties such as high energy density, high power density and
a relatively long lifespan [5], Li-ion batteries are widely used and Li-ion technology
is an increasingly growing alternative to Nickel-based (e.g., NiMH, NiCd) and leadbased batteries [6], providing significant advantages for successfully enabling the
aforementioned battery applications. Unfortunately, the advantages of the highly
energetic materials used in Li-ion battery technology also introduce safety concerns.
Li-ion batteries may be sensitive to, e.g., overcharging, undercharging, extreme
(dis)charge currents and short circuits, potentially resulting in hazardous events
such as thermal runaway. In [7], a short overview is given of a number of incidents
1 EV includes battery electric vehicles, plug-in hybrid electric vehicles and fuel-cell electric
vehicles in the category light-duty vehicles, with the exclusion of two- and three-wheelers.
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related to Li-ion batteries with consumer EVs and passenger aircraft. In order to
guarantee safe and reliable operation of a Li-ion battery, a Battery Management
System (BMS) is required, see, e.g., [2, 8–11]. Additionally, a BMS is needed to
ensure performance, durability and cost efficiency during operation of batteries.
To be more precise, as stated in [2, 12], the primary purposes of a BMS are:
• Ensure the safety of the user or operator of the battery-powered system,
• Protect cells in a battery pack from damage in abuse or failure cases,
• Prolong the life of the battery under normal operating conditions,
• Maintain the battery pack in a state in which it can fulfil its functional design
requirements (i.e., delivering the rated power) and
• Provide accurate information of the remaining energy (or remaining driving
range) to the user of the battery-powered system.
In order to ensure the desired safety, reliability, performance and durability of the
battery, a BMS consists of numerous algorithms and models to protect and control
the battery and to measure and estimate its functional status [8, 9]. In Fig. 1.1,
a schematic overview of a battery system with a BMS is given, where the arrows
indicate possible interactions between the sub-blocks. The BMS typically measures voltage V , current I, surface temperature T , and in some cases, the battery
impedance Z. Although these measurable quantities do provide some information
on the general state of the battery, the BMS needs to track other battery states
as indicated by the state estimation block in Fig. 1.1 (and explained below) in
order to get a proper indication of the status of the battery. Typically, the battery
status is described by three different states, the State-of-Charge (SoC), the Stateof-Health (SoH) and the State-of-Function (SoF). While the SoC is an indication
of the remaining energy in a battery, similar to the fuel gauge in a gasoline car,
BMS
Measurements (V, I, T, Z)
Battery Model
Battery
Parameter
Estimation

Control Action
Control
Algorithms

Demands

Control Unit

State
Estimation
Control Output

Setpoints

Figure 1.1: Schematic overview of a battery with a BMS, adapted from [13].
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the SoH reflects the age of the battery, which affects its ability to store a certain
amount of energy and to provide a certain amount of power. Lastly, the SoF can
be interpreted as the readiness of the battery to deliver a certain amount of power
under specific operating conditions. Knowledge of SoC, SoH and temperature is
important in determining the SoF.
Unfortunately, the SoC, SoH and SoF cannot be measured directly. Therefore,
these states are typically estimated using the aforementioned measured quantities
in combination with model-based techniques, see, e.g., [2, 9, 14]. The required
models for these techniques are implemented by the battery model block in Fig. 1.1,
which typically consists of a multitude of separate models that each describe a part
of the battery behaviour. Consequently, battery models are constructed to describe,
e.g., the thermal behaviour, electrochemical behaviour, electrical behaviour and
ageing behaviour, see, e.g., [15]. The parameters of the models are estimated in the
parameter estimation block, for which different estimation schemes can be chosen.
Subsequently, using all the available information on the battery states, control
algorithms can decide on control strategies and corresponding control actions based
on the demands from the control unit, taking into account the requirements on
safety, reliability, performance and durability. The demands from the control unit
are based on the setpoints given by the battery-powered application.
The state-of-the-art BMSs can successfully be employed for monitoring and control of batteries in numerous applications ranging from EVs to applications in the
smart grid. Still, there are several challenges in the development of the BMS that
require further attention. Since the BMS is a complex system with a multitude of
functions, these challenges cover a number of topics, including the following topics,
see, e.g., [2, 8, 13, 16, 17].
• Thermal management. Battery states and processes, such as ageing, the
SoF and the possibility of thermal runaway, heavily depend on temperature.
Inaccurate or uncertain information of the temperature distribution in batteries may lead to conservative operational limits or violation of these limits.
• Energy and power management. To optimise energy and power management in batteries, several topics need to be addressed. For instance, balancing
of battery packs requires further attention, as well as the (joint) estimation
of SoC, SoH and SoF.
• Battery modelling. The use of accurate battery models is of paramount
importance for battery management. These models should be able to capture different domains of the battery behaviour over the entire lifespan of
the battery. Therefore, estimation and adaptation of model parameters requires more attention. Furthermore, the possible advantages of using electrochemistry-based battery models should be investigated more extensively.
In addition, addressing these challenges can contribute to increasing safety, as
well as reducing the cost of battery systems, which are both important topics in
battery management. Addressing the aforementioned challenges, as well as other
open problems mentioned in the literature, see, e.g., [2, 8, 13, 16, 17], will advance
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the field of battery management. Consequently, this will most likely accelerate the
use of batteries in numerous applications. As such, these advancements form the
main driver for our research as given by the following objective.
Global Objective
Contribute to a more sustainable society through the advancement of battery management.
Advancing the state-of-the-art of BMSs has attracted growing attention. In
Fig. 1.2a, the number of publications per year found with the search term “battery
management” is depicted over the last 20 years (from 1999 up to and including
2018). These scientific publications contribute to the advancement of the BMS for
any of the building blocks of the BMS as depicted in Fig. 1.1, and for any of the
aforementioned challenges. A specific way of moving forward battery management
in light of our global objective is to focus on the optimisation of the available
energy over the lifespan of a battery. By taking this focus, the aim is to apply
battery management so that the energy exchange of the battery over the entire battery life is increased. For instance, in case of an EV, it should be possible to store
more energy on a single charge of the battery. Moreover, this should be possible
whilst preserving or even extending the battery life. To do this, it is necessary to
apply control strategies that operate on the boundaries of the operational limits of
the battery. To successfully employ these control strategies, precise knowledge of
a number of key quantities related to the status of the battery is required. In this
thesis, we focus on the following two key quantities.
• Battery Temperature. Temperature is vital for battery safety, lifetime and
SoF. For example, high battery temperatures can induce thermal runaway
and accelerate the ageing process of the battery. Furthermore, the capability
of the battery to meet its power request (i.e., SoF) highly depends on the
battery temperature.

(a) “battery management”

(b) “SoC estimation” AND “battery”

Figure 1.2: Number of publications from 1999 to 2018 found with the search term
(a) “battery management” and (b) “SoC estimation” AND “battery” (retrieved
from scopus, 16-01-2019).
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• Battery SoC. Accurate SoC information is important for battery safety
(e.g., protecting the battery from overcharging and undercharging) and adequate energy management (e.g., balancing of battery cells) in battery-powered
applications, see, e.g., [2, 8, 18] and references therein. The importance of
this state is emphasised by the number of publications each year on the topic
of SoC estimation over the past 20 years as depicted in Fig. 1.2b. The SoC
heavily depends on other phenomena such as battery temperature and battery ageing, stressing the importance of accurate battery models and battery
temperature indication.
Due to the aforementioned importance of these quantities and the fact that these
quantities are strongly coupled, we will focus on the estimation of SoC and temperature in order to advance the state-of-the-art of battery management.

1.2

Temperature and State-of-Charge Estimation

In this section, we will present an overview of the state-of-the-art of temperature and SoC estimation. Both quantities are vital to proper battery management. Moreover, through the overview it will become clear that these quantities
are strongly coupled. More precisely, accurate temperature information is key to
properly determining SoC and SoH and, conversely, it will be shown that accurate
SoC and SoH information is relevant to accurately determine the battery temperature using the state-of-the-art techniques for temperature estimation. Due
to this strong coupling, it is preferable to solve the combined temperature and
SoC-estimation problem. However, we will show in the overview that the separate
estimation problems still have a number of challenges. Consequently, before the
combined problem can be addressed, these separate challenges need to be addressed
first, which will be the focus of this thesis.

1.2.1

Temperature Estimation

For safety and control purposes, temperature information is of paramount importance for battery management. In addition to the risk of thermal runaway and
the key role in the ageing process of the battery, battery temperature also affects
the battery performance during normal operation. For instance, low temperatures greatly limit the readily available energy. Therefore, accurate temperature
information is vital and typically, surface-mounted temperature sensors (such as
thermocouples or thermistors) are used in a BMS. While the measured surface
temperature is usually assumed to be the average temperature of the battery, the
internal temperature may differ significantly from the surface temperature, especially under (heavy) load conditions. Namely, under these conditions substantial
heat generation can occur internally in the battery cell. This may lead to the development of thermal gradients, in which case the measured surface temperate could
(significantly) underestimate the maximum (internal) temperature of the battery
cell, see, e.g., [19] and references therein.
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For battery safety, accurate information of the internal temperature is important
for early detection of thermal runaway. Therefore, improved temperature information can be obtained by combining the surface-mounted sensor with (lumpedparameter) thermal models, see, e.g., [20, 21]. These thermal models typically
describe heat generation and heat dissipation, where the heat generation is normally approximated with the measured battery current and the internal resistance
(i.e., the product of the squared value of the root-mean-square current and the
internal resistance). Specific knowledge of the thermal properties of the battery
cell (or battery pack) is needed to determine the parameter values of the thermal
model, see also [7, 22]. These thermal properties are usually difficult to determine,
which is a drawback of thermal models. Especially the internal resistance is difficult to estimate since it depends on SoC, SoH and temperature. Another drawback
is that the surface-mounted temperature sensors suffer from a thermal delay, i.e.,
fast fluctuations of the internal temperature may not be detected at all by the
surface-mounted sensors. This implies that the internal temperature cannot be
monitored accurately with surface-mounted temperature sensors, which presents a
risk in terms of the detection and prevention of thermal runaway and the thermal
management of the battery as a whole. A solution to this problem could be to
include a measurement of the internal temperature of the battery. In combination
with the information from the surface-mounted temperature sensors and a welldeveloped thermal model, an accurate estimate of the temperature distribution in
the battery cell can be obtained.
To obtain the internal battery temperature, intrusive temperature sensors that
are embedded in the battery cell can be used. Unfortunately, placing the sensor is
a costly and challenging operation. An alternative approach is to use temperature
estimation based on the electrochemical impedance of the battery. For example,
in [23] a relation is established between the battery temperature and the phase
shift of the battery impedance at a fixed frequency. Impedance-based temperature
estimation is a relatively new approach and is based on Electrochemical Impedance
Spectroscopy (EIS), where a static temperature relation is inferred from the electrochemical impedance. This approach is often referred to as “sensorless” temperature
estimation, since no intrusive or surface-mounted temperature sensors are needed.
Instead, the EIS measurement is performed with dedicated electronics. Although
in some cases this may increase the hardware cost of battery management, in applications where batteries are monitored at the cell level, the EIS measurement
can be performed with (minor adjustments to) the electronics that are already
present. Another advantage is that the internal average temperature is estimated,
making this approach fast and accurate since there is no thermal delay in contrast
with temperature measurement using surface-mounted sensors. Still, there may be
other sources of delay such as filtering of the measurement data. Additionally, if
the impedance-based temperature estimation is combined with a thermal model,
the temperature distribution and possible temperature gradients in a battery cell
can be estimated, see, e.g., [24–26]. This allows for accurate tracking of the internal
battery temperature.
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However, the performance of this method heavily relies on the accuracy of the
impedance-based temperature estimation. In the literature, a variety of methods
or extensions and improvements of these methods have been proposed, see , e.g.,
[23, 24, 26–30]. In addition to the relation between battery temperature and the
phase shift of the battery impedance at a certain frequency in [23], the aforementioned methods infer different relations between the battery impedance and the
internal average battery temperature. In other words, different settings are used in
various methods where typically it is argued that the relation should be established
at a point where the battery impedance does not depend on other phenomena than
temperature, such as SoC and SoH. Although this condition does mitigate sources
of error, it might not be a necessary condition. For instance, if higher accuracy
can be achieved with a relation between the battery impedance and temperature
at an SoC-dependent operating point, this relation might be considered if the SoC
is known accurately. More generally, it is not clear what settings yield the mostaccurate temperature estimation. Moreover, the research on impedance-based temperature estimation predominantly focuses on demonstrating the functionality of
impedance-based temperature estimation on the cell level, often under laboratory
conditions. In order to apply impedance-based temperature estimation in the field,
e.g., in battery packs of EVs, it is of interest to understand how impedance-based
temperature estimation is affected by measurement artefacts that are present in
real applications. For instance, during operation of the EV, the EIS measurement
will be affected by the dynamic (dis)charge currents, see, e.g., [28]. For a more
extensive review of temperature-indication methods, the reader is referred to [19].
In summary, due to the importance of accurate temperature information, impedance-based temperature is a promising alternative to surface-mounted sensors or
costly and complex intrusive temperature sensors. However, there are quite some
challenges in this relatively new field of temperature estimation that need to be addressed in order to successfully employ the method in real applications. Although
a number of methods have been proposed, the relation between the synthesis of
these methods and the resulting accuracy should be explored in order to find a
proper synthesis that yields the most-accurate estimates in practice. Moreover,
the implications of implementing impedance-based temperature estimation in real
applications should be considered.

1.2.2

State-of-Charge Estimation

As mentioned previously, the SoC is an important quantity (or state) in battery
management. In addition to protecting the battery against undercharging and
overcharging, it is used to predict the driving range of an EV in combination with
other operating conditions such as temperature and battery load (as a result from
the EV power request). Also, accurate SoC information at the cell level in a battery
pack is important for balancing the individual cells in the pack. Since the SoC is
defined as the ratio of the remaining charge in a battery to the nominal capacity
of the battery, the SoC is given by
Z t
I batt (t)dt,
(1.1)
SoC(t) = SoC(t0 ) + C10
t0
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where SoC(t) is the SoC at time t, C0 is the nominal battery capacity, t0 is the initial
time and I batt is the battery current, which is defined to be positive for charge and
negative for discharge. In other words, in (1.1) the SoC is determined by means
of integrating the battery current and normalising the integral over the nominal
capacity C0 . Consequently, this method is also known as Coulomb Counting (CC)
and is schematically depicted in Fig. 1.3a by the function g. The CC method
is the basis for book-keeping systems for SoC estimation, see Chapter 6 in [15].
Furthermore, since the SoC cannot be measured directly, the CC method is used
in this thesis in combination with a highly accurate current sensor to calculate the
reference SoC, which is assumed to be (as close as possible to) the actual SoC. This
reference SoC is used in order to evaluate the accuracy of the SoC estimation. It
should be noted that in (1.1), the SoC is normalised on a scale from 0 to 1, whereas
the well-known SoC indication on portable electronics such as smart phones and
tablet computers is typically given in a percentage from 0% (empty) to 100%
(full). For EVs, the SoC can be interpreted as the replacement of the fuel gauge of
conventional vehicles with a combustion engine.
A direct measurement of the SoC can be obtained by using the static relation between the SoC and the electromotive force (EMF) of the battery, i.e.,
SoC = f (V EMF ), see Chapter 6 of [15]. The EMF voltage V EMF is equal to the
measured battery voltage V batt when the battery is in a fully relaxed state, i.e.,
after a sufficiently long period of rest with no current. This so-called EMF-SoC
relation can be determined experimentally and subsequently, it can be employed to
ˆ by obtaining the V EMF through measuring V batt as defind an SoC estimate SoC
picted in Fig. 1.3a. The drawback of this method is that when the battery is being
(dis)charged, V batt is not equal to V EMF since the battery is not in a fully relaxed
state, restricting its use to laboratory conditions [18, 31]. Whilst the CC method is
relatively accurate, it also suffers from some major drawbacks. The initial condition
and the nominal capacity need to be known exactly and even if these requirements
are satisfied, errors in the measurement of the battery current will result in poor
accuracy in the field [12]. Namely, while laboratory-grade current sensors can be

I batt
SoC(t0)

ˆ
ˆ = g(I batt, SoC(t0)) SoC
SoC

I batt

V
V batt

V batt

SoC = f(V EMF )

ˆ
SoC

Overpotential Model
op

- Vˆ op
+
Vˆ EMF
SoC = f(V EMF )

ˆ
SoC

(a) Coulomb Counting method (top) and (b) Voltage-based SoC estimation with overpovoltage-based SoC measurement (bottom).
tential model.

Figure 1.3: Schematic representation of SoC-estimation methods without update
mechanism.
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SoC(t0)
I batt

ˆ
ˆ = g(I batt, SoC(t0)) SoC
SoC

V EMF = f -1 (SoC)
+ Vˆ EMF

Overpotential Model
V

Vˆ op

+

op

- Vˆ batt
+
V batt

Update

e

Figure 1.4: Schematic representation of an SoC-estimation method with update
mechanism.

considered to be highly accurate, the measured current from sensors in batterypowered applications typically includes measurement noise, measurement bias and
sensor drift. These errors are integrated over time by (1.1), resulting in an accumulated SoC-estimation error over time. Moreover, the CC method neither takes into
account battery ageing, nor the self discharge of the battery, since it is not measurable with external current sensors. To improve the accuracy of the CC method,
it can be recalibrated using EMF-SoC relation whenever the V EMF is available as
indicated with the dashed arrow in Fig. 1.3a.
To deal with the aforementioned drawbacks of these (early) methods in SoC estimation in Fig. 1.3a, over the years, a large number of methods has been proposed in
the literature using notions from the field of control systems theory. These methods
typically employ a dynamical model of the battery behaviour in combination with
an update mechanism to estimate the SoC. For example, let V batt = V EMF + V op ,
where V op denotes the overpotential of the battery. As shown in Fig. 1.3b, a model
of the dynamic behaviour of V op can be used to estimate V EMF under dynamic
conditions. Subsequently, V EMF can be used to estimate the SoC with the EMFSoC relation f from Fig. 1.3a. However, since no update mechanism is employed,
the accuracy of the SoC estimation is still poor [12]. Hence, the combination
of both a model as well as an update mechanism is used by the state-of-the-art
of model-based SoC-estimation methods. For example, the methods in Fig. 1.3a
and Fig. 1.3b can be combined into a single estimation scheme in Fig. 1.4 where
the update is applied to the estimated SoC and the modelled overpotential, using the voltage error e between the measured and modelled battery voltage. In
recent years, a substantial number of reviews have been published on state estimation for batteries which completely or partially focus on SoC estimation, see, e.g.,
[8, 9, 14, 18, 31–37]. These reviews extensively cover the aforementioned methods
for SoC estimation.
In order to perform model-based SoC estimation, a battery model is required.
Different approaches exist to battery modelling and therefore, Li-ion battery modelling will be discussed shortly. A Li-ion battery is a highly complex, infinite-
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dimensional and nonlinear system and its nonlinear dynamic behaviour covers a
wide frequency range, typically from µHz to kHz. This is due to different physical
phenomena, ranging from electrical phenomena to mass-transport phenomena of
Lithium ions or thermal phenomena [15]. Each effect has a dominant frequency
range which depends on battery technology, battery chemistry and battery construction. Modelling relevant effects or processes for certain model purposes such
as SoC estimation, balancing modelling complexity and accuracy, and choosing
which modelling procedures to use, is a subject of many studies, see, e.g., [7, 22].
In the literature, obtaining a battery model for SoC estimation can roughly be
divided into two approaches. The first approach can be seen as an analytical
approach where a physical basis for postulating a first-principles model of the
battery is used, which describes all the relevant processes for the desired model
purpose. The second approach aims at empirically describing the input-output
behaviour of batteries (e.g., voltage and current measurements) through an electrical circuit known as an Equivalent-Circuit Model (ECM). This electrical circuit
is shown in Fig. 1.5a and typically consists of a voltage source, which describes
the nonlinear EMF-SoC relation, and an (often linear) overpotential model, which
can be represented as a series resistance and one or more parallel connections of
a resistor and capacitor, see, e.g., [14, 18, 36]. In contradiction to the ECM, a
first-principles model (although still being an approximation) can capture almost
all battery behaviour and corresponding dependencies. A rich body of literature
on first-principles models exists, in which the electrochemical model proposed by
Doyle et al. in [38], commonly known as the pseudo two-dimensional (P2D) model,
is a widely used and popular model, see, e.g., [7, 13, 39]. This model is depicted
in Fig. 1.5b and is governed by four Partial Differential Equations (PDEs) and
one Butler-Volmer kinetic equation, describing the charge and mass transport of
Lithium ions across the (simplified) structure of a battery cell.
The key challenge for battery modelling is striking a balance between complexity and accuracy of the model for its intended purpose. Electrochemical models
(e.g., the P2D model) are typically regarded as accurate models that capture the
internal (electrochemical) states of the battery such as the concentration of Li-ions.
Typically, these models have a high computational complexity and are not suitable for real-time implementation in a BMS. Although simplifications of the P2D
model, such as the single-particle model (SPM), are less complex, they are also
less accurate. For instance, the SPM is unsuitable for simulating high discharge
rates, see, e.g., [39]. Finally, determining the parameters of the P2D model can be
challenging due to the large number of parameters, e.g., parameters describing the
material properties. Moreover, a substantial number of parameters is insensitive
to experimental data used for the parameter estimation, see, e.g., [41]. Therefore,
for the purpose of SoC estimation, ECMs are widely used and preferred due to
their simplicity and corresponding limited computational complexity, whilst yielding adequate reliability and accuracy. Moreover, ECMs do not capture the internal
(electrochemical) states of the battery as this is not necessary for performing SoC
estimation (i.e., the SoC is a state of the ECM). For these reasons, the ECM will
be used in this thesis to investigate the SoC estimation.
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The ECM approach is not driven by the underlying physics of the battery, and,
therefore, it is difficult to inherently capture the dependency of the battery behaviour with respect to temperature, SoC, ageing and other phenomena. In practice, this can be addressed using varying model parameters and storing these parameters in look-up tables or by using online estimation or adaptation of model
parameters. Furthermore, the estimated ECM parameters depend on the experiment design or excitation signal that is used. In case of offline estimation of the
ECM parameters, various methods are proposed in the literature. These methods yield different results in estimated model parameters as well as in modelling
accuracy. In short, an ECM is adequately accurate for SoC estimation, however,
the varying nature of the model parameters and the (online) estimation of these
parameters should be considered.
Based on the use of an ECM, a large number of SoC-estimation methods exists.
These methods differ significantly in their approach, achievable accuracy and resulting complexity. Based on the aforementioned substantial number of reviews,
see [8, 9, 14, 18, 31–37], the following global overview can be given which is mainly
focussed on methods that use the ECM as a battery model due to its adequate
trade-off between modelling complexity and accuracy for the purpose of SoC estimation. Similar to battery modelling, the challenge for battery state estimators is
to find a proper balance between accuracy and complexity of the state estimator.

V

R1

op

RN
I batt

R0

+
+

V EMF(SoC)

CN

C1

-

V

batt

(a) Equivalent-Circuit Model (ECM).
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Figure 1.5: Two widely-used modelling approaches for battery modelling.
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Moreover, certain requirements for robustness against disturbances and modelling
uncertainty as well as convergence of the estimation error need to be satisfied. In
addition, it is important that the state estimator yields satisfactory performance in
case of real conditions, e.g., application of the estimator in EVs and the influence
of battery ageing.
Overall, it can be stated that the majority of the ECM-based SoC-estimation
methods are based on extensions of the Kalman filter (KF) towards nonlinear systems, such as the extended Kalman filter (EKF), the central-difference KF (CDKF),
the sigma-point KF (SPKF), etc., see, e.g., [36]. While the EKF is widely used for
SoC estimation in combination with an ECM, it may be inaccurate due to linearisation of the nonlinear battery model. In order to deal with this problem, alternative
KF-based methods have been proposed, such as the CDKF and the SPKF. Although these alternatives do (slightly) improve the accuracy of the estimator, this
improved accuracy comes at the price of an increased computational complexity.
The drawback of all KF-based approaches is that measurement noise and model
uncertainty are assumed to be zero-mean Gaussian noise whilst in real applications
this assumption may not hold. Also, the KF-based methods typically lack robustness and need particular tuning, i.e., typically covariance matrices of measurement
noise and model uncertainty need to be chosen or tuned for the EKF. However,
this tuning is not trivial and a structured way of tuning has yet to be presented in
the literature.
Robustness against uncertainties may be found in the use of an H∞ filter. Also,
a least-squares (LS) approach may be taken, such as recursive LS (RLS) approach,
which considers signals to be deterministic instead of stochastic. This may be an
advantage when considering small measurement noise and a relatively large uncertainty in deterministic battery models. Additionally, sliding-mode observers are
proposed in the literature with similar performance as the KF-based observers,
albeit with less complexity. However, sliding-mode observers cannot deal with parameter adaptation directly and need an additional algorithm. A different category
of algorithms for SoC estimation are the so-called “learning” algorithms, where predominantly fuzzy logic and machine-learning techniques such as neural networks
are used. Although these algorithms perform well for modelling complex nonlinear
behaviour and they assume no model structure beforehand, they are characterised
by a high computational load due to complex computations. Moreover, a large
memory is needed to temporarily store training data. Also, there is a risk of overfitting associated with these algorithms and the robustness of the algorithms needs
further investigation [31].
Finally, in all reviews the importance of parameter adaptation is emphasised since
battery parameters highly depend on ageing, but also on temperature and the SoC
itself. Consequently, estimation schemes should be used that estimate both the SoC
as well as the parameters. This can be done either by using a two-step approach,
where the SoC estimation and parameter estimation are performed separately, or
by using an approach where the SoC and parameters are estimated simultaneously.
These approaches are typically referred to as dual or joint estimators, respectively.
Generally, KF-based methods in combination with ECMs are used for dual and
joint estimation schemes.
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In summary, through a rich body of (recent) reviews on SoC estimation, it can
be stated that KF-based SoC-estimation methods in combination with an ECM
are widely used and accepted due to the proper balance between accuracy and
computational complexity, see also the reviews in [8, 32, 33], where large tables
are included to compare numerous algorithms from the literature. However, there
are still a number of challenges. First, the accuracy of SoC estimation highly depends on the accuracy of the ECM. Therefore, proper experiment design is required
so that this battery model is accurate under all expected operating conditions.
Consequently, compatibility with phenomena such as battery ageing is important,
which warrants the need for parameter estimation or adaptation. Furthermore,
it is important to take into account robustness against model uncertainty as well
as robustness against sensor noise. Lastly, the KF-based methods are relatively
accurate. However, these methods require proper tuning, which is a cumbersome
task and, at present, no structured approach exists.

1.3

Research Question and Contributions

Based on the overview of the state-of-the-art of temperature and SoC estimation, it
can be concluded that many approaches to solving these estimation problems exist
in the literature. Although the state-of-the-art of both estimation methods yields
relatively good performance, several limitations of these methods can be identified:
• Accuracy of estimating the temperature distribution. Since thermal
models are well-established in the literature, the accuracy of the estimated
temperature distribution mainly depends on the inputs to the model. Typically, this input is the measured surface temperature, however, using more
information can improve the accuracy. For example, an estimate of the internal battery temperature can be used as an input to the model.
• Applicability and accuracy of impedance-based temperature estimation. The (average) internal temperature can be obtained with impedancebased temperature estimation. However, at this moment, the majority of the
research on impedance-based temperature estimation has been conducted under laboratory conditions on single cells.
• Accuracy of battery models. SoC estimation may become inaccurate
due to model uncertainty or changing model parameters (due to ageing and
other phenomena). Moreover, modelling accuracy is subject to a trade-off between accuracy and complexity of the model in view of the normal operating
conditions of the intended application.
• Complexity of SoC-estimation methods. To achieve state-of-the-art
performance, generally, methods for SoC estimation are computationally
complex or the tuning of the method is a complex process (or a combination of both). This may cause problems when implementing a method in a
real application.
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Let us now discuss the aforementioned challenges in more detail by narrowing
down the scope of the research and by laying out the concepts that can be used
to investigate the challenges that fit within our scope. First, it should be noted
that it is possible to approach the challenges in model-based temperature and SoC
estimation with a broad spectrum of models as introduced in Section 1.2. As
mentioned previously, models describing the thermal behaviour of batteries are
well-established in the literature and an opportunity for improving the accuracy
of the temperature estimation with these thermal models lies in presenting more
informative inputs to these models. Since the surface temperature of the battery
is typically available, it may be advantageous to obtain information about the
internal battery temperature as well. To do this, sensors may be embedded in the
battery cell, which is a relatively costly solution. An alternative to these intrusive
sensors is to use an impedance-based temperature “measurement”, which can be
interpreted as the (average) internal temperature, see, e.g., [19]. The advantage
of this “sensorless” temperature indication over using actual temperature sensors
is the fact that no additional hardware is needed since the temperature is inferred
from the measured battery impedance. Therefore, the scope of the research on
temperature estimation will be restricted to challenges with respect to impedancebased temperature estimation, for which the model can be interpreted as a static
relation between the battery impedance and the battery temperature. In terms of
SoC estimation, the modelling scope will be restricted to the use of an ECM, as
discussed in Section 1.2.
In order to perform impedance-based temperature estimation and ECM-based
SoC estimation, design of estimation methods is required, i.e., synthesis of estimation methods. However, due to the vast number of estimation methods in literature,
the choice for a certain method is unclear. Moreover, even if a method is found to
be very accurate in the literature, it might be problematic to actually find the correct designer choices to achieve similar accuracy when the method is applied under
different conditions. Therefore, a systematic approach is required in order to find
a method with high estimation accuracy and simultaneously, a limited number of
designer settings (i.e., tuning parameters). Consequently, assessing the methods in
terms of estimation accuracy and the number of tuning parameters can be seen as a
quantitative interpretation of systematically investigating the estimation methods.
Lastly, applying an estimation method to a real application, i.e., the implementation of the method in the BMS of an actual battery pack, will impose additional
challenges. For example, disturbances in the form of model uncertainty or sensor
noise may act on the system, which need to be taken into account when synthesising a method. Also, when implementing a method in a real application, setting
up the method should be straightforward : the number of tuning parameters should
be limited and there should be clear guidelines for the tuning procedure so as to
achieve the desired performance. Ideally, the user of an estimation method should
be able to have a clear expectation of the behaviour of the estimation method
when increasing or decreasing the value of certain tuning parameters. In summary,
given the ultimate goal of implementing the estimation method in a BMS of a real
application, the aim is to find a method that is easy to implement and achieves
high accuracy (in terms of the mean-square-error of the estimation). Based on the
introduced concepts, the main research question can therefore be posed as follows.
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Main Research Question
How to systematically synthesise techniques for impedance-based
temperature-estimation and SoC estimation with state-of-the-art estimation accuracy for straightforward implementation in real applications?
This research question focuses on two separate estimation topics that are inherently coupled in battery management. As mentioned previously, it is essential to
first investigate the challenges in temperature estimation and SoC estimation separately before the coupled estimation problem can be investigated. Therefore, let
us first analyse the research question with respect to temperature estimation. The
variety of methods for impedance-based temperature estimation in the literature
differs in the choices of the estimation settings and the specific temperature relation
inferred from the battery impedance. Therefore, it will be of interest to analyse
and compare these methods in terms of estimation accuracy, possibly leading to a
more systematic synthesis of the estimation method. In terms of implementation
in real applications, the use of impedance-based temperature estimation in battery packs of EVs has been investigated to a limited extend. Undoubtedly, this is
crucial for the employment of this method in practice and therefore, this will be
investigated in this thesis. Also, challenges exist for the impedance measurements
in terms of choice of excitation signal and hardware, as well as for the characterisation of the battery impedance itself. Although these are relevant issues, we
choose to focus first on showing that the method works in a battery pack. The
impedance measurement will be performed with a prototype measurement board
developed by NXP Semiconductors. It should be noted that this prototype device
uses a single-frequency sinusoidal current as an excitation signal for the impedance
measurements. The measurement frequency can be selected by the user, however,
the amplitude and measurement time of the excitation signal are fixed.
Second, let us analyse the main research question with respect to SoC estimation. There has been a continuous and considerable interest in the literature for
the development of SoC-estimation algorithms. As mentioned previously, this has
resulted in an enormous number of algorithms. A comparison and analysis of these
algorithms would be an almost impossible task. Fortunately, we have seen in the
overview of the state-of-the-art of SoC estimation that the KF-based methods adequately balance computational complexity and accuracy and are therefore widely
used in the literature, see, e.g., [8], where a table is presented that provides a comparison of state-of-the-art methods in terms of their accuracy. Still, tuning of the
estimator is not done systematically. Therefore, finding an approach with straightforward tuning and a limited number of tuning parameters would be valuable.
In terms of battery modelling for SoC estimation, the ECM is widely accepted in
the literature for its simplicity and relatively good accuracy. The combination of an
ECM with a KF-based estimator is a good “all-round” choice for SoC estimation,
see [42]. However, the accuracy of the SoC estimation highly depends on the
accuracy of the ECM. Consequently, it is important to consider the experiment
design for estimating the parameters of the ECM. Moreover, the model parameters
change over time due to phenomena such as temperature and ageing, which should
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also be taken into account in the synthesis of the estimation method, e.g., by using
online estimation or adaptation of the model parameters. Finally, implementation
of SoC estimation in a real application presents additional challenges. Robustness
against model uncertainty and sensor noise in a real application is vital, as well as
ease of tuning of the observer.
Based on the analysis of the main research question, we can now formulate a
number of sub-questions on impedance-based temperature estimation and subquestions on SoC estimation. Successfully answering the sub-questions, and with
that the main research question, is the main goal of this thesis. Answering the
main research question implies that we have found a systematic way of synthesising
estimation methods that can be applied in real applications.

1.3.1

Temperature Estimation

The analysis of the main research question allows us to formulate the following
sub-questions on impedance-based temperature estimation. Given the variety of
methods available in the literature, the first sub-question is given as follows.
Sub-question Ia
What is the most accurate method of performing impedance-based temperature estimation for a single battery cell?
In order to answer this sub-question, a methodical analysis and comparison of existing methods for impedance-based temperature estimation is performed in Chapter 2. To do this, a general estimation framework is proposed, where all existing
methods can be considered as special cases of this general framework. Subsequently,
the estimation accuracy of the methods is assessed by performing Monte-Carlo simulations, where it will be shown that significant differences in accuracy exist. More
importantly, the general framework contributes to a more systematic synthesis of
estimation methods. Namely, using the framework, a new and more accurate temperature estimation method is synthesised in Chapter 2.
The aforementioned analysis, comparison and synthesis is performed for a single
battery cell, without the presence of any disturbances that can be expected in a
real application. Consequently, the following sub-question is formulated.
Sub-question Ib
How to accurately perform impedance-based temperature estimation in case
of a battery pack in a real application?
In a real application such as an EV, battery packs are constructed from a multitude of battery cells. Therefore, impedance-based temperature estimation is extended from a single battery cell to a battery pack in Chapter 3. We will show that
performing several EIS measurements simultaneously at the same frequency introduces crosstalk interference in the surrounding battery cells, which may cause EIS
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measurements to be inaccurate. In addition, when an EV is in operation the battery pack will experience (dynamic) (dis)charge currents which may interfere with
the EIS measurements. Therefore, we extend the impedance-based temperatureestimation framework from Chapter 2 towards a real application: estimating the
temperature of each cell in a pack in the presence of crosstalk and (dis)charge currents. The extended framework is used to systematically synthesise an accurate
estimation method in case of the aforementioned disturbances. Finally, this method
is experimentally validated in Chapter 3, which contributes to the implementation
aspect of impedance-based temperature estimation methods.

1.3.2

State-of-Charge Estimation

The second aspect of the main research question focuses on SoC estimation. First,
we focus on the modelling aspect for model-based SoC estimation, where an ECM
is used as it is the preferred choice for SoC estimation. As mentioned previously,
the accuracy of the model greatly influences the accuracy of the SoC estimation.
However, (offline) estimation of the ECM parameters is not trivial as we have found
in the literature, leading to the following sub-question.
Sub-question IIa
Which experiment design and what model order should be chosen to (offline)
identify the ECM so as to achieve the most accurate SoC estimation?
This sub-question will be answered in Chapter 4, where we investigate the experiment design for parameter estimation both quantitatively and qualitatively.
The use of pulsed currents for parameter estimation, which is a commonly used
experiment in the literature, is compared to using experimental data from a road
test with an electric bicycle. Given the fact that this sub-question focuses on the
parameter estimation, the SoC estimation is performed with the widely-used EKF.
Subsequently, the impact of the model parameters (identified with the two data
sets) on the SoC estimation is compared using the experimental road-test data.
The results demonstrate that SoC estimation is more accurate when the ECM
parameters are estimated using data that represent the normal operation of the
intended application. Although this insight might seem trivial, it does contribute
to the implementation aspect of SoC estimation methods. Namely, it implies that
online estimation of model parameters might be necessary for obtaining accurate
SoC estimates, see, e.g., [37].
In addition to an accurate model, the estimation accuracy is also determined by
the estimation method that is used. In the literature, it has been shown that the
EKF (and other extensions of the KF) do not explicitly address convergence of
the estimation error and robustness with respect to model uncertainty, see, e.g.,
[37]. Consequently, the covariance matrices do not represent actual covariances
and therefore, extensive tuning of these matrices is required, which a tedious task
without explicit guidelines for the tuning procedure. As as result, the following
sub-question is formulated.
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Sub-question IIb
How to obtain an SoC estimator with straightforward tuning and state-ofthe-art estimation accuracy that is robust to typical disturbances and model
uncertainty?
We investigate this sub-question in Chapter 5 where we develop an alternative
to the EKF in the sense of a robust Luenberger estimator that explicitly addresses
convergence and robustness. Polytopic embeddings are used for the nonlinearity
that appears in the ECM and we exploit Linear Matrix Inequalities (LMIs) to accommodate for model uncertainty and sensor noise. These LMIs provide bounds
on the gain between the aforementioned disturbances and the SoC-estimation error. We will show that the performance of the observer is similar to the EKF
whilst the implementation and tuning are significantly less complex. This leads to
a solid contribution to straightforward implementation (i.e., explicit tuning with
a limited number of tuning parameters). Moreover, the proposed observer contributes to systematic synthesis through explicitly addressing model uncertainty
and convergence.
Subsequently, it is preferable to extend the robust-observer approach towards
jointly estimating the SoC and the ECM parameters. Namely, since the ECM
parameters vary over time, the parameters need to be estimated online in order
to guarantee accurate SoC estimation at all times. This leads to the following
sub-question.
Sub-question IIc
How to combine the robust-observer design with online parameter estimation of the ECM?
As we will show, it is not possible to directly take the robust-observer approach
from Chapter 5 and extend it with the online estimation of the ECM parameters.
As an alternative, in Chapter 6, we adapt a nonlinear observer with the concepts
that have been used for the robust-observer design, i.e., the structured representation of model uncertainty and disturbances. To do so, the EKF for joint estimation
of SoC and ECM parameters is adapted to accommodate cross-correlated noises and
a forgetting factor, leading to an observer with a single tuning parameter. Moreover, it will be shown that the proposed observer is easy to tune and its accuracy
is comparable to the joint EKF for parameter and SoC estimation. Consequently,
the approach to sub-question IIc in Chapter 6 contributes to both straightforward
implementation as well as systematic synthesis of the SoC estimation method.
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Outline of the Thesis

A graphical outline of the thesis is depicted in Fig. 1.6, where it can be seen that
the thesis consists of three parts. The first two parts of the thesis follow directly
from the problem formulation in Section 1.3 of Chapter 1. Part I and Part II
consist of two and three chapters, respectively. Furthermore, each chapter in Part I
and Part II is based on a separate research paper and, therefore, these chapters are
self contained. Consequently, this allows each chapter to be read independently.
However, this does lead to the fact that the introduction sections of the separate
chapters, as well as the abstracts and conclusions, may be repetitive at some points.
Finally, Part III concludes this thesis with a combined experimental validation of
Part I and Part II and the conclusions of the thesis.

Part I: Impedance-Based Temperature Estimation
The outline of Part I is as follows. In Chapter 2, we present a general estimation framework for a systematic comparison, accuracy analysis and synthesis of
impedance-based temperature-estimation methods. This chapter is based on [43],
of which a preliminary version appeared as [44]. Subsequently, in Chapter 3
the aforementioned general estimation framework is extended towards impedancebased temperature estimation in battery packs in real applications. To do this,
the extended framework incorporates disturbances from crosstalk interference and
(dis)charge currents. This chapter is based on [45]. Consequently, we answer subquestion Ia and sub-question Ib from Section 1.3.1 in Chapter 2 and Chapter 3,
respectively.

Part I
Impedance-Based
Temperature Estimation
Chapter 2
Impedance-Based T Est.
for Li-ion Batteries

Chapter 3
Impedance-Based T Est.
for Li-ion Battery Packs

Chapter 1
Problem Formulation

Chapter 4
Experiment Design for
ECM Param. Estimation

Part II
SoC Estimation
Chapter 5
Robust Observer Design
for SoC Estimation

Chapter 6
Joint Estimation of ECM
Parameters and SoC

Chapter 7
Experimental Validation
of T and SoC Estimation

Part III
Experimental Validation
and Conclusions

Chapter 8
Conclusions and
Recommendations

Figure 1.6: Graphical outline of the thesis.
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Part II: State-of-Charge Estimation
The outline of Part II, consisting of three chapters as depicted in Fig. 1.6, is as follows. In Chapter 4, we investigate the experiment design for (offline) parameter
estimation of ECM parameters both quantitatively and qualitatively with experimental data. An EKF is used to evaluate the accuracy of SoC estimation using
the model parameters that are estimated from different data sets. This chapter is
based on [46]. Subsequently, a systematic robust observer-design method for SoC
estimation is presented in Chapter 5. Therefore, a robust Luenberger observer
is used to explicitly address convergence of the estimation error and robustness
with respect to model uncertainty and sensor noise. This chapter is based on [47].
In Chapter 6, we seek to combine the robust-observer design in Chapter 5 with
online parameter estimation of the ECM parameters. Namely, the robust-observer
design can resolve a number of drawbacks that exist with the widely-used EKF. It
will be shown however that the robust-observer design is not a feasible approach
for the joint estimation of SoC and model parameters. Therefore, we combine a
nonlinear observer with the structured representation of model uncertainty and
disturbances as used in the robust-observer design. This chapter is based on [48].
In short, we answer the sub-questions IIa-c from Section 1.3.2 in Chapters 4-6.

Part III: Experimental Validation and Conclusions
Lastly, Part III concludes this thesis with an experimental validation and conclusions. Although each chapter in Part I and Part II is self contained and includes
experimental results, Part I and Part II are brought together in Chapter 7, where
we perform an additional and combined experimental validation of temperature
and SoC estimation under realistic conditions. Finally, as depicted in Fig. 1.6, conclusions and recommendations are presented in Chapter 8, where we will reflect
on the main research question as posed in Section 1.3.
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2

A Comparison and Accuracy Analysis of
Impedance-Based Temperature Estimation
Methods for Li-ion Batteries

n order to guarantee safe and proper use of Lithium-ion batteries during

operation, an accurate estimate of the battery temperature is of paramount
Iimportance.
Electrochemical Impedance Spectroscopy (EIS) can be used to

estimate the battery temperature and several impedance-based temperature
estimation methods have been proposed in the literature. In this chapter, we
argue that all existing impedance-based methods implicitly distinguish two
steps: experiment design and parameter estimation. The former step consists
of choosing the excitation frequency and the latter step consists of estimating the battery temperature based on the measured impedance resulting from
the chosen excitation. By distinguishing these steps and by performing MonteCarlo simulations, all existing methods are compared in terms of accuracy (i.e.,
mean-square error) of the temperature estimate. The results of the comparison show that, due to different choices in the two steps, significant differences
in accuracy of the estimate exist. More importantly, by jointly selecting the
parameters of the experiment-design and parameter-estimation step, a more
accurate temperature estimate can be obtained. In case of an unknown Stateof-Charge, this more accurate method estimates the temperature with an average absolute bias of 0.4◦ C and an average standard deviation of 0.7◦ C using
a single impedance measurement for the battery under consideration.
This chapter is based on [43, 44].
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Due to properties such as high energy density, Lithium-ion (Li-ion) batteries are
used in various applications such as battery packs in (hybrid) electric vehicles and
in mobile phones. For safety and control purposes, temperature estimation of
Li-ion batteries is of vital importance. For example, high battery temperatures
can induce thermal runaway, which may cause fire or explosions, and accelerate
ageing of the battery, thus reducing its lifetime and performance [49, 50]. A relatively new field of temperature estimation methods is based on Electrochemical
Impedance Spectroscopy (EIS), where the battery temperature is inferred from the
electrochemical battery impedance. Using EIS for temperature estimation is often
referred to as “sensorless temperature estimation”, since no intrusive or surfacemounted temperature sensors are needed. Another advantage is that the average1
battery temperature is gauged. Therefore, there is no heat transfer delay due to the
thermal capacity of the battery as with measurements of the surface temperature.
A number of studies have presented impedance-based temperature estimation
methods and expansions or improvements of these methods [23, 24, 27–30, 51–55].
It can be argued that the presented methods can be broken down into two components: how to choose the excitation signal for the battery and how to estimate
the battery temperature based on the measured output resulting from the chosen
excitation signal. In Fig. 2.1, a general block diagram is shown that can be used to
describe existing impedance-based temperature estimation methods. Here, the frequency f defines the excitation signal and the output Z meas denotes the measured
battery impedance. Choosing the excitation frequency f is referred to as experiment design, whereas estimating the battery temperature based on the measured
impedance Z meas is referred to as parameter estimation. The real battery temperature and estimated battery temperature are denoted by T and T̂ , respectively, and
v denotes measurement noise on the measured impedance Z meas . Furthermore, a
battery impedance model is employed to establish a relation between the measured
battery impedance Z meas and the battery temperature T . In Fig. 2.1, this is captured by the modelled battery impedance Ẑ, which is computed by using a battery
impedance model and the excitation frequency f .
In general, the modelled battery impedance Ẑ is compared to the measured battery impedance Z meas , using some established temperature relation, in order to
obtain a temperature estimate T̂ . This comparison is defined by the parameterestimation component by means of settings given by m. For example, the method
proposed in [29] relates the real part of the battery impedance Z to the battery
temperature T . Therefore, the parameter m induces the setting “real part of Z”
on the parameter-estimation block and the battery temperature T is estimated in
the form of T̂ by comparing the real part of the measured battery impedance Z meas
to the real part of the modelled battery impedance Ẑ at the excitation frequency
f . Subsequently, T̂ is defined as the temperature for which the difference between
1 Note that, due to temperature gradients and the nonlinear relation between battery impedance and battery temperature, the impedance-based average temperature, which can be interpreted as a weighted average, is not necessarily equal to the actual average temperature. However,
these average temperatures will typically be close in value [51].
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Figure 2.1: Top-level block diagram of measurement system.
Z meas and Ẑ is minimal (in some sense) for a given frequency f . The settings
for experiment design p should yield a certain frequency f that causes the output
Z meas to have the right information for the parameter estimation to give accurate
results. For example, a sensitivity analysis in [29] reveals that a high variation of
impedance Z with temperature T can be found for low frequencies f . However,
also a high variation of the impedance Z with the State-of-Charge (SoC) is found
in this frequency range. The combination of both sensitivity analyses can be seen
as choosing the experiment-design parameter p, which resulted in [29] in a compromise in the excitation frequency f . Also, p can hold information as to how
many measurements (at one or more frequencies) are taken and averaged in order
to obtain a temperature estimate.
In this chapter, we compare and analyse the accuracy of impedance-based temperature estimation and introduce a method that yields a more accurate temperature
estimate, when compared to the existing methods. To do so, we will analyse the
sensitivity of the battery impedance with respect to temperature and SoC. Also,
we will carefully investigate both experiment design and parameter estimation of
impedance-based temperature estimation by introducing several parameters, and
explain how existing methods can be considered as having certain choices for these
parameters. A Monte-Carlo approach will be taken to analyse how different choices
in experiment design and parameter estimation will lead to a different accuracy
of T̂ . This accuracy is defined as the Mean-Square Estimation error (MSE) of
the temperature estimate T̂ , where the MSE can be broken down into bias (i.e.,
systematic error) and standard deviation (i.e., random error) of the temperature
estimate T̂ (compared to the real battery temperature T ). This will allow for a
thorough comparison of the achieved estimation accuracy of the state-of-the-art
impedance-based temperature estimation methods. Moreover, the analysis allows
for synthesising parameters p and m that yield a more accurate temperature estimate (in terms of a smaller MSE value). As a basis for the comparison, analysis and
synthesis, a data-based approach is chosen. No prior knowledge about batteries or
battery modelling is assumed and therefore this chapter focuses on the estimation
problem instead of battery modelling and related issues (battery modelling will be
discussed in Part II of this thesis). This makes the framework widely applicable
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for data-based battery analysis which is an addition to the work in [55], where
polynomial modelling is chosen and where a comparison of existing methods is not
included.
The organisation of this chapter is as follows. Some theoretical background is
presented in Section 2.2. Then, the principle of impedance-based temperature estimation and the proposed approach for comparison, analysis and synthesis are
introduced in Section 2.3. Subsequently, Section 2.4 will give an extensive sensitivity analysis of the battery impedance with respect to temperature and SoC. The
results of this study are presented and discussed in Section 2.5 and some possible
extensions to this work are discussed in Section 2.6. Conclusions are drawn in
Section 2.7.

2.2

Theoretical Background

Let Z ∈ C denote a complex number of the form Z = a + jb where a, b ∈ R and j
satisfies j 2 = −1. The real and imaginary parts of this complex number are denoted
by Re(Z) = a and
√ Im(Z) = b, respectively. Furthermore, the complex modulus is
given by |Z| = a2 + b2 and the argument or phase by arg(Z) = arctan (b/a).

To assess the quality of a set of the temperature estimates {T̂i }ki=1 with respect
to the actual temperature T , we will employ the notion of (sample) MSE given by
Pk
MSE(T̂ ) = k1 i=1 (T̂i − T )2 . Furthermore, we will express the estimation quality
in terms of the (sample) bias b(T̂ , T ) and the (sample) variance Var(T̂ ) of the
estimate, given by
Pk
(2.1)
b(T̂ )=Mk (T̂ )−T and Var(T̂ ) = k1 i=1 (T̂i −Mk (T̂ ))2 ,
Pk
where Mk (T̂ ) = k1 i=1 T̂i is the sample mean of T̂ . Note that the (sample)
standard deviation σ(T̂ ) satisfies σ 2 (T̂ ) = Var(T̂ ). Therefore, MSE can be written
as the sum of the variance and the squared bias of the estimator (see, e.g., [56]) as
2
MSE(T̂ ) = Var(T̂ ) + b(T̂ ) .

(2.2)

h i
Around the expected value E T̂ of a random variable T̂ with a Gaussian distrih
i
bution, a confidence interval with confidence β such that T̂ ∈ T̂ , T̂ is defined as
h
i
(2.3)
P T̂ ≤ E[T̂ ] ≤ T̂ ≥ β.
 
In case the upper bound is given by T̂ = Mk T̂ + c, and the lower bound is given
 
by T̂ = Mk T̂ − c, making the length of the confidence interval to be 2c, then
h i
β = 1 − Vark T̂ /(kc2 ). This allows us to calculate the sample size k for a desired
confidence interval 2c with a certain confidence coefficient β, or to calculate β for
a given k.

2.3

Impedance-Based Temperature Estimation

29

Furthermore, let ĥ(T ) denote a nonlinear function which models the relation
between h and T . Now, let h̄ be an actual measurement of h for which T is unknown.
Then, one way of estimating T is by using a nonlinear regression approach, such
as nonlinear least squares, which can be denoted by T̂ = arg minT kh̄ − ĥ(T )k2
where k · k is any vector norm. In this chapter, we will take the Euclidean norm.
Finally, complex-valued zero-mean Gaussian noise is denoted by v = c + jd, where

>
the vector c d is a (joint) Gaussian distribution with zero mean and variance
matrix σ 2 .

2.3

Impedance-Based Temperature Estimation

In this section, a framework for analysis, comparison and synthesis of impedancebased temperature estimation will be introduced. This includes the definition of
the battery impedance Z, the relation of Z with respect to the battery temperature
T and the proposed estimator for accurately estimating T given the aforementioned
relation with Z. Also, an overview will be given of the state-of-the-art of temperature estimation techniques and it will be shown that these techniques fit in the
proposed framework.

2.3.1

Battery Impedance Modelling

The battery impedance Z can be interpreted as the battery frequency response,
where the battery takes a sinusoidal voltage or current input with frequency f ,
and produces a sinusoidal current or voltage output, respectively, with the same
frequency. The ratio between input and output can be described as a (complex)
impedance
V (f )
,
(2.4)
Z(f ) =
I(f )
where the magnitude of the excitation signal should be sufficiently small in order
to guarantee local linearity of the system, yet not too small to prevent a poor
Signal-to-Noise Ratio (SNR). The technique of obtaining the frequency response
of the battery is known as EIS and is widely used for gathering information about
batteries [9, 57–60]. In this study, EIS measurements have been conducted in
galvanostatic mode by superimposing
a sinusoidal current of a single frequency f
√
with an amplitude of 100 2 mA on the load current of the battery (whether or
not a load current is present). The single-frequency approach is taken in this thesis
due to the limitations of the (prototype) measurement device. However, methods
for conducting EIS measurements with a certain frequency band also exist, see,
e.g., [60], where a pseudorandom binary sequence of a certain bandwidth is used
to excite the battery.
The modelling concept that we follow in Part I of this thesis can be described as
follows. The true battery impedance can be denoted by Z and can be interpreted
as a function Z : R4 → C that depends on excitation frequency f , temperature T ,
SoC and other effects w such as battery ageing and (dis)charge current. A model
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of the impedance Z can be denoted by Ẑ. As mentioned in the introduction,
this chapter focuses on the (temperature) estimation problem and not on battery
modelling. Therefore, the model Ẑ is not based on modelling approaches such as
first-principles modelling or equivalent-circuit modelling, see, e.g., [15, 61]. Instead,
the model Ẑ will be a static model based on a lookup table for which we will assume
that Ẑ only depends on f , T and SoC. Moreover, the signal-analysis techniques
that are needed to obtain Z from (2.4) are not investigated in this thesis. In short,
we do not take into account the dependencies denoted by w in the lookup table and
we shall assume w = 0 from now on. Still, the parameter w can be used to model
other dependencies than f , T and SoC as mentioned above (resulting in a higherdimensional lookup table). This can be seen as an extension to this work without
changing the approach presented in this chapter. The choice for incorporating the
dependency on f , T and SoC results in the lookup table mapping Ẑ : R3 → C.
More precisely, the model Ẑ will consist of a three-dimensional lookup table which
takes f , T and SoC as inputs for the lookup action. Consequently, this means that
the modelled impedance Ẑ is only available for the finite range of f , T and SoC
and the finite number of grid points of f , T and SoC. The range can be chosen
such that it covers the operational space of the battery. For values of f , T and SoC
in between the (measured) grid points, the modelled impedance Ẑ can be obtained
by using interpolation.
In order to construct the battery model Ẑ (i.e., filling up the lookup table at
certain grid points), the battery impedance needs to be measured at the selected
grid points. Since the measurement device used in this chapter introduces additive measurement noise v ∈ C to the measured impedance, the measured battery
impedance can be interpreted as the true impedance Z with additive noise, i.e.,
Z meas = Z (f, T, SoC, w) + v,

(2.5)

where v is complex-valued zero-mean Gaussian noise as introduced in the previous
section. Subsequently, the lookup table Ẑ can be constructed as follows. First, we
assume that, by taking a sufficient number of measurements at every grid point, the
average value of the additive noise will approach zero. Furthermore, as mentioned
previously, the desired lookup table takes SoC as an input. However, if the SoC
is expected to be unknown for the intended application of the model Ẑ (e.g., no
SoC information is available), the model should not take the SoC as an input. To
achieve this, the model can be constructed by measuring at only one SoC grid point
or by averaging over a number of SoC grid points in order to obtain an averagingbased model so as to ensure that the model captures the impedance reasonably
well over a range of SoC. As a result of these assumptions, the model Ẑ will be a
two-dimensional lookup table (i.e., only f and T as inputs) and can be constructed
by
M L
1 XX
Z (fr , Tr , SoCj , 0) + vi
(2.6)
Ẑ (fr , Tr ) =
LM j=1 i=1
for some SoCj ∈ [0, 100]% and j ∈ {1, . . . , M }, where M ∈ N is the number of
SoC values at which the battery impedance is measured and L ∈ N is the number
of measurements taken per SoC. The frequency and temperature grid points fr
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and Tr , respectively, need to be selected based on the desired range of validity of
the model Ẑ. The choice and range of SoC values over which is averaged (e.g.
SoC ∈ {40, 60}%) in order to construct an averaging-based model may depend
on the intended application. For example, a battery used in a charge-sustaining
setup where the SoC is kept around 50% does not require an accurate model for
SoC ∈ [0, 100]%, instead, SoC ∈ [40, 60]% (or even SoC = 50% ) will suffice.
If information about the SoC is available, e.g., through SoC estimation as will
be discussed in Part II of this thesis, the SoC-dependent Ẑ can be constructed by
taking
L
1 X
Z (fr , Tr , SoCr , 0) + vi .
(2.7)
Ẑ (fr , Tr , SoCr ) =
L i=1
Now, the models Ẑ (fr , Tr ) or Ẑ (fr , Tr , SoCr ) are defined as lookup tables at the
selected grid points. As mentioned previously, values in between the grid points
can be obtained by interpolation, resulting in the battery models without gridpoint indices Ẑ (f, T ) and Ẑ (f, T, SoC) (i.e., lookup table models with built-in
interpolation function).

2.3.2

Temperature Estimation

Fig. 2.1 and the models in (2.6) and (2.7) show that battery temperature estimation
can be broken down into two questions with the joint objective of obtaining the
most accurate temperature estimate T̂ :
1. What should the experiment-design settings p in Fig. 2.1 be? For instance,
how to determine the excitation frequency f (or multiple frequencies {fi }N
i=1
in case of measurements over a frequency range, see, e.g., [60])?
2. What should the parameter-estimation settings m in Fig. 2.1 be? Namely,
how to obtain the temperature estimate T̂ from the measured impedance
Z meas for a certain f or range fi ?
For answering the first question, several experiment-design settings need to be
considered. These considerations include the choice of frequency (or frequencies),
the magnitude and type of the excitation signal and the physical measurement
time taken for the impedance measurement. As mentioned previously, a prototype measurement board will be used for the impedance measurements, limiting a
number of the aforementioned designer choices. Namely, the excitation signal of
the measurement device is a sinusoidal current with a fixed amplitude, thereby determining the type and magnitude of the excitation signal. Moreover, impedance
measurements with this device are restricted to a single frequency at once with
a fixed measurement time of approximately one second, regardless of the chosen
frequency. Consequently, due to the design of the device, the experiment design
only amounts to determining the excitation frequency f . To do this, better understanding is needed of the sensitivity of the temperature estimate with respect
to the excitation frequency. This will eventually allow us to make a comparison of
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existing impedance-based estimation methods and it will allow us to devise a more
accurate method. This sensitivity analysis will be presented in Section 2.4.
The second question can be answered as follows. An EIS measurement with a
certain excitation frequency f and measured impedance Z meas may be used to
estimate the internal battery temperature T by computing appropriate inverse
functions of the SoC-independent or SoC-dependent battery impedance model (2.6)
or (2.7), respectively. However, given the measured battery impedance Z meas ,
uncertainty in the estimated temperature T̂ exists due to the measurement noise
v and unmodelled effects w. In addition, the battery model Ẑ may introduce
uncertainty to the temperature estimation through the SoC-independent model as
well as the number of grid points of the model and the (resulting) accuracy of
the interpolation. Therefore, a sufficiently large number of grid points wihtin the
selected range of f , T and SoC should be taken to minimise the possible inaccuracy
caused by the interpolation. Despite these uncertainties, for some frequency f˜ the
inverse of the model in (2.6) may be computed, leading to

meas
T̂ = Z̃f−1
) with Z̃f˜(T ) = Ẑ f˜, T .
(2.8)
˜ (Z
Note that a similar reasoning holds for the SoC-dependent model in (2.7). Similar
to Fig. 2.1, the inverse in (2.8) shows that in order to obtain a temperature estimate T̂ with the smallest MSE, a proper choice of the excitation frequency f (i.e.,
experiment design) and suitable settings for using Ẑ (i.e., parameter estimation)
are necessary.
Instead of approximating the inverse as given in (2.8), a nonlinear least-squares
estimator is proposed to estimate the battery temperature. This estimator is given
by
T̂ (f, N, α, Z meas ) = argmin
T

N
X
i=1

α Z̄12 (fi , T, Zimeas ) + (1 − α) Z̄22 (fi , T, Zimeas ),
(2.9)

where N is the number of EIS measurements, f is the vector of excitation fre>
quencies f = [f1 , . . . , fN ] with a frequency fi for each EIS measurement, Z meas
meas >
is the vector of measured battery impedance values Z meas = [Z1meas , . . . , ZN
]
obtained through EIS, and α ∈ [0, 1] denotes a selector variable. In Cartesian
coordinates, Z̄1 and Z̄2 are given by


Z̄1 (fi , T, Zimeas ) = Re Ẑ fi , T − Zimeas
(2.10a)


meas
meas
Z̄2 (fi , T, Zi
) = Im Ẑ fi , T − Zi
(2.10b)
while for polar coordinates, we have


Z̄1 (fi , T, Zimeas ) = arg Ẑ (fi , T ) − arg Zimeas

Z̄2 (fi , T, Zimeas )

= Ẑ (fi , T ) −

Zimeas

.

(2.11a)
(2.11b)

Note that the model in (2.6) is obtained through averaging a number of L EIS
measurements at the grid points fr , Tr and the result from (2.9) is obtained with a
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number of N EIS measurements at the selected frequency fi . The latter frequency
does not necessarily belong to the set of grid points fr and may therefore require
an interpolated value of the model Ẑ. Furthermore, it should be noted that the
estimator defined by (2.9) and (2.10) or (2.11) employs the SoC-independent model
Ẑ(f, T ) from (2.6). Of course, in case accurate SoC information is available, it is
possible to employ the SoC-dependent model Ẑ(f, T, SoC) from (2.7), replacing
Ẑ(f, T ) in (2.10) or (2.11). This will result in an additional argument for the
estimator in (2.9), i.e., T̂ (f, N, α, Z meas , SoC). In addition, if a frequency range
is considered for the optimisation problem in (2.9), a weighting function can be
added to the problem in order to emphasise frequencies for which the impedance
can be measured with higher accuracy compared to other frequencies due to, e.g.,
specific frequency-dependent disturbances.
The estimator in (2.9) uses the characterised temperature T in the battery model
Ẑ(f, T ), at a certain frequency f , as a decision variable in the minimisation of the
difference between the measured impedance Z meas and the modelled impedance
Ẑ(f, T ). At the point where this difference is minimised, the minimiser is taken to
be the battery temperature estimate T̂ . Furthermore, the physical interpretation
for α = 1 in (2.9) in combination with (2.10) is that only Re(Z) is used in estimating
the temperature. For α = 0, only Im(Z) is used. In case (2.9) is used in combination
with (2.11), α = 1 can be interpreted as using only arg(Z) whereas for α = 0, only
|Z| is used.
Now, for given experiment-design settings f and N , the estimation method in
(2.9) provides a structured approach for comparing, analysing, and finally, improving the parameter-estimation settings for temperature estimation. These settings
are then given by α in combination with a certain coordinate system, i.e., (2.10)
or (2.11). Providing a framework for improving the parameter-estimation settings,
thus deriving a more accurate estimation method, is a novel contribution of this
work. These parameter-estimation settings can be seen as a concrete example of
m in Fig. 2.1. In order to apply an (improved) estimation method with certain
settings in f, N and α to a practical application, such as a Battery Management
System (BMS), the minimisation problem in (2.9) can be stored as a look-up table
which maps the measured input Z meas to an estimated temperature T̂ , since all
input arguments, except for Z meas , are fixed in (2.9).

2.3.3

State-of-the-Art Temperature Estimation Methods

Currently, there are a number of studies presenting impedance-based temperature
estimation methods. In the design of the estimation method, these studies do
not clearly differentiate between experiment design and parameter estimation. Table 2.1 shows the corresponding differentiation of the existing estimation methods.
For each method, the estimation parameters f, α and the coordinate system, i.e.,
(2.10) or (2.11), can be identified to fit (2.9). This allows for a comparison of
methods in Section 2.5 for a fixed N .
As indicated in Table 2.1, different settings in p and m are used in the existing
temperature-estimation methods. For instance, Schmidt et al. [29] relate Re(Z) at
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Table 2.1: Overview of existing temperature-estimation methods.
Method
Schmidt et al. [29]

Experiment Design
parameters p
fixed f, N

Richardson et al. [24]

fixed f, N

Spinner et al. [30]

fixed f, N

Srinivasan [52]

fixed f, N

Raijmakers et al. [27]

varying f such that
Im(Z) = 0, fixed N

Parameter Estimation
parameters m
Cartesian, i.e., (2.10),
α=1
Cartesian, i.e., (2.10),
α=1
Cartesian, i.e., (2.10),
α=0
Polar,
i.e., (2.11),
α=1
Cartesian i.e., (2.10),
α=0

a fixed frequency to the battery temperature. It is stated that (in terms of a typical
Nyquist plot of the impedance) this fixed frequency is chosen at the high-frequency
end of the impedance spectrum below the intersection with the real axis, showing
only low inductive behaviour with a slight dependence on SoC. Also, Richardson
et al. [24] relate Re(Z) at a fixed frequency to the battery temperature. However,
they also use a thermal-impedance model combined with measurements of the
surface temperature. In more recent work, this thermal-impedance model takes
only an EIS measurement as an input [51]. For the sake of comparing estimation
methods in terms of their impedance-based temperature estimation, the thermalimpedance model is not taken into account. The measurement frequency is chosen
in the high-frequency semicircle, where the impedance is found to be on the edge
of becoming SoC dependent. Contrary to the aforementioned methods, Spinner
et al. [30] infer a temperature relation from Im(Z) at a fixed frequency rather than
from Re(Z). The selected frequency is comparable to the one chosen by Richardson
et al. [24]. Srinivasan [52], who expands on the work in [23], uses an equivalent
measurement frequency to the one used by Richardson et al. [24], but instead of
relating temperature to Re(Z), Srinivasan [52] infers a relation from arg(Z). Lastly,
Raijmakers et al. [27] do not employ a fixed frequency but define the so-called zerointercept frequency, i.e., the frequency for which Im(Z) is zero. This implies that
a relation based on Im(Z) is used.
The estimation parameters for the improved method, which we will introduce in
Section 2.5, will be obtained by choosing the estimation parameters which achieve
an improved accuracy, in terms of a smaller MSE of the estimated temperature,
based on the results of the analysis also presented in Section 2.5. It should be
noted that a better accuracy in terms of MSE is not necessarily equivalent to both
a smaller bias and standard deviation since the MSE is given by (2.2). A trade-off
between bias and standard deviation may also result in a smaller MSE.

2.4
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Sensitivity Analysis

The presented estimation method in (2.9) in combination with experiment design provides a structured approach for comparing and analysing the accuracy of
impedance-based temperature estimation. Also, it provides an approach to finding
improved settings in experiment design and parameter estimation. However, which
settings should be chosen, and what is the basis for these settings for other state-ofthe-art estimation methods? More generally, which p and m are chosen in Fig. 2.1
and which settings could yield more accurate results? Therefore, an analysis of
battery impedance data may provide indications as to what these settings should
be. Also, it may give insight into the choices for certain settings in other studies
and their presented estimation methods.
The first condition for obtaining an accurate temperature estimate is that the
sensitivity of the battery impedance with respect to temperature should be high.
A second condition for an accurate estimate is that the sensitivity with respect
to other dependencies such as SoC or w is low. These sensitivities can be clearly
shown by approximating the terms in the objective function in (2.9) (i.e., Z̄ in
(2.10) or (2.11)), for a fixed frequency f and for N = 1, with a first-order Taylor
approximation around the estimated battery temperature T̂ , i.e.,
Ẑ(f, T̂ ) − Z(f, T, SoC, w) − v

PM
1
∂Z
≈ ∂Z
j=1 SoCj − SoC −
∂T (T̂ − T ) + ∂SoC M
where Ẑ is given by (2.6), in which

1
L

PL

i=1

∂Z
∂w w

− v,

(2.12)

vi ≈ 0 for large enough L.

The sensitivity of the battery impedance with respect to temperature is now given
by the partial derivative of Z with respect to T . The sensitivity with respect to
SoC and w is given by the corresponding partial derivatives. Given the conditions
for the sensitivity, we require the partial derivative with respect to T to be large
and the other partial derivatives to be small. Therefore, settings for experiment
design and parameter estimation should meet these requirements and can be found
by inspecting these partial derivatives. Note that this comparison of derivatives is
a qualitative comparison since SoC ∈ [0, 100]% and T ∈ [−20, 50]◦ C, which are two
fundamentally different quantities. As before, it is assumed that w = 0.
In Figs. 2.2a-d, partial derivatives of Z with respect to temperature for various
parameter-estimation settings (i.e., Re(Z), Im(Z), arg(Z) and |Z|) are shown. The
measurement setup for obtaining these data will be introduced in Section 2.5.
The horizontal axis of each plot denotes frequency and the vertical axis denotes
temperature. The derivative is shown in a colour corresponding to the values in
the colourbar. In Figs. 2.2a,b, the derivatives of Re(Z) and Im(Z) with respect
to temperature, respectively, are shown. The derivatives of arg(Z) and |Z| are
depicted in Figs. 2.2c,d, respectively.
For Figs. 2.2a,b, it can be seen that the largest temperature dependencies can be
found in the low-frequency range. In this frequency range, the derivative in Fig. 2.2a
significantly decreases above 40◦ C and the derivative in Fig. 2.2b even decreases
above 30◦ C. It should be noted that, although not visible in the figures due to the
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Figure 2.2: Subfigures (a)-(d) show partial derivatives at SoC = 40% where
(a), (b) and (d) are absolute values in [µΩ K −1 ] and (c) is an absolute value in
[degreeK −1 ]; subfigures (e) and (f) show partial derivatives in [µΩ] at a temperature
of T = 30◦ C.
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maximum value of 17 µΩ K −1 shown in the contour plots, the derivative in the
low-frequency range for Fig. 2.2b is larger than for Fig. 2.2a. For measurements
at higher frequencies (> 200 Hz) the derivative in Fig. 2.2a is generally larger
than the one in Fig. 2.2b. In Fig. 2.2d, where the derivative of the modulus of
the battery impedance, |Z|, is depicted, similar trends can be observed. A large
derivative can be seen in the low-frequency range whilst towards higher frequencies
the derivative decreases towards zero. As can be expected, the derivative of the
argument with respect to temperature in Fig. 2.2c shows significantly different
behaviour compared to other derivatives. Generally, the mid-range frequencies,
500 Hz − 1000 Hz, show moderate dependencies over the full temperature range.
In the range of 10◦ C to 50◦ C, lower frequencies up to 500 Hz imply accurate results
for a temperature estimate due to a higher sensitivity of arg(Z) to temperature.
Besides the temperature dependency, the battery impedance also depends on SoC.
Partial derivatives of Z, with parameter-estimation settings yielding Re(Z) and
Im(Z) (i.e., α = 1 and α = 0, respectively), with respect to SoC are shown in
Fig. 2.2e and Fig. 2.2f, respectively. Both plots clearly show that the variation
of the battery impedance with respect to SoC is quite large for low SoC values,
especially for frequencies up to 100 Hz.
In conclusion, the partial derivatives of the sensitivity analyses in Fig. 2.2 generally indicate that, for low frequencies, the complex battery impedance has a higher
sensitivity with respect to temperature and simultaneously, also a higher sensitivity
with respect to SoC (especially at low SoC). The existing temperature estimation
methods and their corresponding studies as denoted in Table 2.1 use similar sensitivity analyses, with similar results, in order to select settings for experiment design
and parameter estimation. The selection of settings in these studies is typically a
∂Z
quantitative comparison of ∂Z
∂T and ∂SoC . In other words, a trade-off is found in
∂Z
∂Z
a large ∂T and a small ∂SoC . However, this trade-off does not take into account
∂Z
and ∂Z
how ∂SoC
∂T jointly affect the accuracy of the estimated temperature T̂ . Subsequently, it can be stated that a selection of settings based on the accuracy of
the estimated temperature T̂ , instead of a selection based on a trade-off between
∂Z
∂Z
∂T and ∂SoC (which then results in a certain accuracy of T̂ ), is not considered
in existing literature. It can be concluded that selecting settings based on the
accuracy of the temperature estimate T̂ is not trivial. Therefore, we propose to
do a Monte-Carlo study [62], in which the accuracy of the temperature estimate
T̂ can be evaluated for a range of frequencies f , temperatures T and SoC values,
by using a distribution of measured impedance values Z meas (due to measurement
noise v) in (2.9) and computing a distribution of temperature estimates T̂ for the
aforementioned range of operating points in f , T and SoC.

2.5

Results of Accuracy Analysis and Comparison

To analyse and compare the accuracy of the temperature estimate T̂ for existing
estimation methods in literature, as well as to synthesise a more accurate estimation
method, EIS measurements have been conducted for a single type of battery cell.
Based on these measurements and by using (2.9), Monte-Carlo simulations have
been conducted.
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Table 2.2: EIS-measurement settings for constructing Ẑ.
Temperature T

25 log-spaced f : 10 Hz ≤ f ≤ 5 kHz

Frequency f
SoC values

2.5.1

−20, −10, +10, +30, +50 ◦ C
20, 40, 60, 80%

Comparison of Temperature Estimation Methods

Given foreseeable use of impedance-based temperature estimation in battery packs
of (hybrid) electric vehicles, a large-capacity (90 Ah) LiFePO4 cell has been chosen for the experiments. The EIS measurements were conducted with a dedicated
measurement setup in combination with Maccor cycling equipment and a climate
chamber. The measurement settings for the experiments that have been conducted
for constructing the battery model Ẑ are given in Table 2.2. The real battery
temperature T in these experiments is determined after applying a period of rest
in order to reach a thermal equilibrium. The frequency range is based on a lower
bound, where the battery impedance becomes SoC-dependent (see Fig. 2.2e,f). The
upper bound is chosen at a frequency where the temperature dependency has decreased significantly, see Fig. 2.2a-d. The temperature range includes temperatures
expected during normal operating conditions of battery cells and also, it approximately covers the temperature ranges used in other studies. Temperatures above
+50◦ C are not considered since the BMS will most likely limit operation or even
disconnect the battery when the upper bound of this temperature range is reached
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Figure 2.3: Nyquist plot of EIS data (L = 64) at SoC = 40% at various frequencies and temperatures given in Table 2.2; inset: EIS measurement data for
f = 2979 Hz.
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due to risk of thermal runaway. Still, temperatures above +50◦ C can be estimated,
albeit with limited accuracy as can be expected from the trend in Fig. 2.2, where
the sensitivity of the battery impedance with respect to temperature decreases for
higher temperatures.
For each combination of the measurement settings in Table 2.2, L = 64 measurements have been conducted for M = 4 SoC values. The number of EIS measurements L = 64 is assumed to be sufficiently large to average out measurement noise
v. Recall that the measurement time for a single-frequency impedance measurement is fixed at approximately 1 second, independent of the chosen measurement
frequency. In the event of thermal runaway, this will allow for sufficiently fast
detection of a rapid rise in temperature. It should be noted that choosing a fixed
measurement time results in an initial averaging of the measurements in the frequency domain, since depending on the measurement frequency, a certain number
of periods of the sinusoidal measurement current will fit in the fixed time window.
Results from these measurements at SoC = 40% are shown in a Nyquist plot
in Fig. 2.3. Due to the measurement noise v, for each measurement setting, a
distribution of L = 64 data points can be seen in the Nyquist plot. The inset shows
five distributions for five temperatures at a single frequency. Analysis yields that
the measurement points are normally distributed with zero mean and a standard
deviation in the real and imaginary part of σ = 14 µΩ. Using the measurement
data, a model Ẑ of the battery impedance can be obtained through (2.6) with
L = 64 and M = 4. The model comprises a lookup table with a temperaturefrequency grid. A finer temperature-frequency grid than the measurement grid in
Table 2.2 is obtained using spline interpolation.
Finding the temperature estimate requires solving the minimisation problem in
(2.9). To evaluate the impedance-based temperature estimation methods, MonteCarlo simulations have been carried out over a range of f , N , α and for (2.10)
and (2.11). The procedure for these Monte-Carlo simulations is as follows. For a
certain point in which the accuracy of the temperature estimate T̂ is evaluated, i.e.,
at some f , T , and SoC, an input distribution of measured impedance values Z meas
is generated by adding a distribution of the measurement noise v to the modelled
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Figure 2.4: Illustration of Monte-Carlo simulations. Left: input distribution
of impedance values in [mΩ] (where for simplicity only Re(Z) is shown). Right:
output distribution of estimated battery temperatures T̂ in [◦ C].
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impedance value Ẑ in (2.7), as shown on the left in Fig. 2.4. For simplicity, only
the real part of the impedance Re(Z) for the input distribution is depicted. The
settings for this example are taken to be f = 100Hz, T = 20 ◦ C, SoC = 40%
and α = 0.5. The sample size of the Monte-Carlo simulations (i.e., the number of
realisations for Z) is taken NM C = 104 , which results in a ≥ 95%-confidence bound
for temperature estimates being within ±0.2 ◦ C of the actual value, see, e.g., [56].
The minimisation problem in (2.9) is evaluated by inserting the distribution of
Z meas as shown in the centre of Fig. 2.4. Now, by assessing the output distribution
of the Monte-Carlo simulations as shown on the right in Fig. 2.4, the quality of the
temperature estimate T̂ can be described in terms of the MSE, see also, e.g., [56].
However, in order to analyse the temperature estimation more thoroughly, we will
split the MSE into bias and standard deviation.
The Monte-Carlo simulations allow us to make an assessment of the accuracy of
the temperature estimate T̂ for any given estimation parameters f , N and α for
(2.9). Since the existing impedance-based temperature estimation methods [24, 27,
29, 30, 52] can all be described by a particular choice for f , N and α and (2.10)
or (2.11), see Table 2.1, the Monte-Carlo simulations allow the aforementioned
methods to be compared. In our comparison and analysis, N = 1 is chosen (which
leads to a total measurement time of 1 second). Certainly, N > 1 will give a
smaller estimation error, but it will also take more time to gather measurement
data (depending on the chosen measurement frequency f ). In order to avoid the
discussion on a trade-off between a short measurement time and a small estimation
error, we take N = 1 in the comparison and analysis. Finally, due to the use of a
different battery cell than the ones used in the various studies [24, 27, 29, 30, 52],
an equivalent excitation frequency f is chosen, satisfying the description of the
estimation methods in Section 2.3.3. In other words, the analyses (e.g., similar to
sensitivity analysis in Fig. 2.2) and reasoning used in the various studies to arrive
at a choice for the excitation frequency f are now applied to the battery cell under
investigation in this chapter. Note that for the method of Raijmakers et al. [27],
a frequency range is given since they use the concept of zero-intercept frequencies,
implying a different frequency for each temperature.

2.5.2

Analysis of the Temperature Estimation Methods

Fig. 2.5 and Fig. 2.6 show the results of the analysis of the temperature-estimation
accuracy, using the model that has been constructed with the measurement settings
in Table 2.2 for Cartesian coordinates. The results of the analysis in case of polar
coordinates are shown in a similar fashion in Fig. 2.7 and Fig. 2.8. Fig. 2.5 and
Fig. 2.7 show the bias on the temperature estimate in [◦ C] in case of Cartesian
coordinates and polar coordinates, respectively. Similarly, Fig. 2.6 and Fig. 2.8
show the standard deviation on the estimate in [◦ C] in case of Cartesian coordinates
and polar coordinates, respectively. All figures consist of three columns and four
rows with contour plots. The horizontal axis in each separate plot shows the
frequency on a logarithmic scale whereas the vertical axis shows the value for α
as given in (2.9). The colour corresponds to the colourbar to the right of each
plot. In each figure, the rows show SoC values ascending from 20% to 80% and the
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columns show the real temperatures in ascending order from −10◦ C to 30◦ C. The
accuracy in terms of the MSE can be interpreted as the combination of the figure
that depicts the bias with the figure that depicts standard deviation, using (2.2).
Each figure will be discussed separately below.
2.5.2.1

Bias in Cartesian Coordinates

In general, it can be stated that for SoC values towards the edges of the SoC spectrum (e.g. SoC ∈ {20, 80}%) larger differences in bias throughout the contour plots
can be seen in Fig. 2.5. Also, this bias is typically larger compared to the centre of
the SoC spectrum (e.g. SoC ∈ {40, 60}%). Especially in the high-frequency areas,
the bias is larger. For SoC = 20%, the bias at high frequencies towards α = 0 is
significantly larger than for other points in the plot such as α = 1. For SoC = 80%,
and towards α = 1, this effect seems to be the opposite. In the centre of the SoC
spectrum, the deviations in bias throughout the contour plots are smaller than at
the edges of the SoC spectrum. However, towards high frequencies, a larger bias
can be seen. Moreover, with higher temperatures, this effect is stronger. Given the
fact that a model is used that has been averaged over SoC (i.e., (2.6) in combination with the settings in Table 2.2), one would expect the bias in the centre of the
SoC spectrum to be around zero. Surprisingly, the bias is slightly negative instead
(i.e., a light blue colour). A reason for this might be the asymmetry of the battery
impedance with respect to SoC (see Fig. 2.2e,f) in combination with the averaging
over SoC. Generally, the lowest bias can be found in the range of 10 Hz − 300 Hz
depending on α. Selection of an α value in this frequency range is less clear and
will most likely depend on the analysis of the standard deviation.
2.5.2.2

Standard Deviation in Cartesian Coordinates

The standard deviation on the temperature estimate increases substantially for
higher temperatures, as shown in Fig. 2.6. For different SoC values, no noticeable
difference in the standard deviation is present. For α = 0, the standard deviation
towards higher frequencies is typically larger than for α = 1, as can be noticed from
the bottom-right corner of each plot. Furthermore, all plots are in agreement on
the fact that the smallest standard deviation is found for α = 0.5, i.e., by equally
weighting Re(Z) and Im(Z). Note that this is not equal to using α = 0 with (2.11)
(i.e.,|Z|) in (2.9).
2.5.2.3

Bias in Polar Coordinates

The bias plots in polar coordinates in Fig. 2.7 differ noticeably from the plots in
Cartesian coordinates in Fig. 2.5. This is likely due to the fact that two quantities
with different units (i.e., arg(Z) in radians and |Z| in µΩ) are compared. In all
plots, the bias is very large in the bottom right corner, in the high-frequency end
where α = 0 (i.e., when |Z| is considered). This is in agreement with Fig. 2.2d,
where it can be seen that the sensitivity of |Z| with respect to temperature is close
to zero for frequencies above approximately 1 kHz. Furthermore, the contour plots
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Figure 2.5: Simulation results of the bias of the temperature estimate T̂ . All
results are given in [◦ C] using the averaged model over SoC in (2.6) and using
Cartesian coordinates as shown in (2.10).
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Figure 2.6: Simulation results of the standard deviation of the temperature estimate T̂ . All results are given in [◦ C] using the averaged model over SoC in (2.6)
and using Cartesian coordinates as shown in (2.10).
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Figure 2.7: Simulation results of the bias of the temperature estimate T̂ . All
results are given in [◦ C] using the averaged model over SoC in (2.6) and using
polar coordinates as shown in (2.11).
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Figure 2.8: Simulation results of the standard deviation of the temperature estimate T̂ . All results are given in [◦ C] using the averaged model over SoC in (2.6)
and using polar coordinates as shown in (2.11).
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seem to show an irregular pattern. Therefore, we will focus on the cases α = 0
and α = 1 in order to derive indications for settings of the estimation parameters
f and α which should yield a small bias. In terms of frequency ranges, for the case
α = 0, frequencies up to 500 Hz yield overall a small bias, whereas for the case
α = 1, defining a frequency range is less clear. For low temperatures, e.g., 10◦ C,
there are no clear indications for a frequency range which yields a small bias over
the entire SoC range at that temperature. This is in agreement with Fig. 2.2c,
where the sensitivity at 10◦ C is relatively small compared to higher temperatures.
It is debatable which case, α = 0 or α = 1, performs better with respect to the
resulting bias. As for the relation between bias and real battery temperatures, no
decisive observations can be made.
2.5.2.4

Standard Deviation in Polar Coordinates

Also, the plots showing standard deviation differ substantially for polar coordinates
in Fig. 2.8, compared to Cartesian coordinates in Fig. 2.6. Again, in all plots the
bottom right corner shows significantly different behaviour. Here, the standard
deviation is relatively large (which is again in agreement with Fig. 2.2d). Generally it can be seen that, for both α = 0 and α = 1, the standard deviation is
small for low frequencies and increases towards higher frequencies. Especially for
higher temperatures, the area of a large standard deviation expands towards lower
frequencies. Overall, the frequency range 10 Hz − 100 Hz gives the best results
here. For the case α = 0 we can state that frequencies starting from 700 Hz should
be avoided.

2.5.3

Synthesis of an Improved Estimation Method

Besides the use of the framework for comparison and analysis, a novel contribution
of the work in this chapter is the ability to synthesise a more accurate or improved
temperature-estimation method. To do so, the comparison and analysis have been
used as a roadmap to derive a more accurate method. The analysis of Fig. 2.5
and Fig. 2.6 indicates that in Cartesian coordinates, bias and standard deviation
increase for higher frequencies and higher temperatures. Overall, frequencies up to
300 Hz are suitable. When a relatively small bias is permitted in order to obtain
the smallest standard deviation, the lowest frequency used for these experiments,
10 Hz, should be chosen. However, the sensitivity analyses in Fig. 2.2 show that
a slightly higher frequency of 50 Hz is preferable since the sensitivity of Re(Z)
and Im(Z) with respect to temperature is larger and the sensitivity of Re(Z) and
Im(Z) with respect to SoC is smaller. The choice for parameter α is less clear
given the analysis for bias, but based on the analysis of standard deviation, we find
α = 0.5. This is likely due to the fact that for α = 0.5, two measurements, Re(Z)
and Im(Z), are combined. Indications for values of f and α found in the analysis
for polar coordinates are less clear. There, a parameter setting which should be
avoided is α = 0 in combination with frequencies higher than 300 Hz.
Given the results of the analysis, a new method is proposed, based on Cartesian
coordinates. If we accept a slightly larger bias in exchange for a smaller standard

2.5
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Table 2.3: Comparison of estimation methods for unknown SoC.
Method

equivalent f

avg. abs.
bias [◦ C]

avg. σ
[◦ C]

avg. MSE
[ ◦ C2 ]

Schmidt et al. [29]
Richardson et al. [24]
Spinner et al. [30]
Srinivasan [52]
Raijmakers et al. [27]
Improved method

1300 Hz
150 Hz
150 Hz
150 Hz
200 − 650 Hz
50 Hz

0.6
0.6
0.4
1.0
0.9
0.4

3.4
1.9
1.9
3.4
3.2
0.7

12.1
3.8
3.8
12.2
11.0
0.7

deviation we find, for this type of battery cell, estimation parameters f = 50 Hz
and α = 0.5. Compared to the state-of-the-art methods in Table 2.1, considering
all available information (i.e., α = 0.5) has not yet been considered for the existing methods. Note that all conclusions drawn here are specific for the cell under
consideration. Still, the proposed methodology and analysis is general and can
be extended towards, and repeated for, different battery cells. More precisely, a
small-capacity Li-ion cell (LiCoO2 , 300 mAh) has also been analysed. Compared to
the large-capacity cell under consideration in Figure 2.2, similar trends have been
observed for the results of the sensitivity analyses. However, given the difference in
cell type, it should be noted that, although similar trends were observed, frequency
and impedance values corresponding to these trends can be different.

2.5.4

Results of the Comparison

The results of the comparison of estimation methods, as defined in Table 2.1, are
depicted in Fig. 2.9. In this figure, the plots show a comparison of bias values,
standard deviation values and MSE values in the top, middle and bottom plots,
respectively. The left and right column show these results for SoC = 40% and
SoC = 80%, respectively. In order to make a comparison, the estimation methods
have been evaluated at temperatures T ∈ {−15, −10, . . . , +35, +40} ◦ C. Since the
battery cell under investigation is not the same as the one used in [23, 24, 27, 29,
30, 51–55], an equivalent frequency, complying with the description of the methods
in Section 2.3.2, is chosen in the frequency spectrum of the LiFePO4 cell. Also, the
proposed improved method has been evaluated. For Fig. 2.9, the selected excitation
frequencies can be found in Table 2.3. Furthermore, the results of the comparison
are also shown in Table 2.3 in terms of the average absolute bias, the average
standard deviation and the average MSE, calculated over the same temperatures
as shown in Fig. 2.9 and SoC ∈ {20, 40, 60, 80}%.
Based on these results, the improved method and the methods in [24, 30] show
the most accurate results in terms of overall bias and standard deviation for SoC ∈
{20, 40, 60, 80}%, as well as in terms of the MSE in Figs. 2.9e,f. It should be
noted that some methods yield better performance at high temperatures whilst
other methods perform better at low temperatures. Therefore, the average bias
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Figure 2.9: Results of the comparison of estimation methods for case SoC unknown.
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and average standard deviation do not give full details, but overall, the improved
method outperforms the other methods.

2.6

Extensions

Besides the case presented in this chapter, where the battery SoC is assumed to be
unknown, the presented approach can be extended to situations where, for example,
information on SoC and battery ageing [63, 64] is incorporated. In particular, not
taking into account the ageing effect in the impedance model may result in a different choice for α, as will be shown in Chapter 7 of this thesis. Also, the approach
can be extended towards incorporating (dis)charge currents, such as drive currents
in (hybrid) electric vehicles, which will be investigated in Chapter 3 of this thesis.
These extensions can be interpreted as the effects w on the battery impedance
as shown in (2.5) and aim at improving the temperature estimate. An additional
extension is to further investigate the effect of a non-uniform temperature distribution (i.e., a temperature gradient across the battery cell) on impedance-based
temperature estimation, since the effect of temperature gradients on battery behaviour has been shown to be important in other studies, see, e.g., [65]. We will
now present one particular extension, which is the incorporation of SoC in the temperature estimation. In this case, the model in (2.7) is used instead of the model
in (2.6) to perform the temperature estimation in (2.9). Now, the SoC becomes an
argument for the model in (2.7), comprising of a lookup table for each SoC value
in Table 2.2.
In Fig. 2.10 and Table 2.4, the results for the case where the SoC is known are
shown in a similar way as for the case where the SoC is unknown in Fig. 2.9
and Table 2.3. The plots for standard deviation in Figs. 2.10c,d indicate that
the standard deviation is not different from the case where the SoC is unknown.
Table 2.3 and Table 2.4 confirm this. As to be expected, results for the bias are
noticeably different compared to the case where the SoC is unknown. Now, the bias
on the estimate is (very close to) zero as can be seen in Figs. 2.10a,b and Table 2.4.
The overall accuracy in terms of the MSE in Figs. 2.10e,f, and Table 2.4 has slightly
improved due to the improvement of the bias. Also, the improved method yields
the best results in terms of MSE, however, the methods in [24, 30] perform equally
well in terms of bias. It can be argued that due to certain choices in experiment
design, some estimation methods yield poorer performance than others for the case
where the SoC is known.
A more qualitative interpretation of comparing the accuracy of the estimated
battery temperature in the case where the SoC is known with the case where the
SoC is unknown can also be given. In case of an unknown SoC, a typical approach
is to use a battery model which has been averaged over a number of SoC values or
to use a model for a certain SoC value. Assuming that such a model will achieve the
highest model accuracy around the centre of the SoC spectrum, i.e., SoC = 50%,
temperature estimation in terms of bias on the estimate will most likely also be
accurate around the centre of the spectrum. Moving away from the centre, towards
the edges of the SoC spectrum, the battery model will become less accurate and
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Figure 2.10: Results of the comparison of estimation methods for case SoC known.
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Table 2.4: Comparison of estimation methods for known SoC.
Method

equivalent f

avg. abs.
bias [◦ C]

avg. σ
[◦ C]

avg. MSE
[ ◦ C2 ]

Schmidt et al. [29]
Richardson et al. [24]
Spinner et al. [30]
Srinivasan [52]
Raijmakers et al. [27]
Improved method

1300 Hz
150 Hz
150 Hz
150 Hz
200 − 650 Hz
50 Hz

0.2
0.0
0.0
0.3
0.1
0.0

3.4
1.9
1.9
3.4
3.2
0.7

11.8
3.5
3.6
11.5
10.2
0.5

the accuracy of the temperature estimate will also decrease accordingly. This is
also supported by the quantitative findings in Figs. 2.5 - 2.8. For the case of a
known SoC, the battery model will be equally accurate over the entire SoC range
and therefore, the temperature estimate in terms of bias will be equally accurate
over the entire SoC range.

2.7

Conclusions

For safety and control purposes, battery temperature information is essential. Temperature estimation methods based on EIS can be broken down into two steps:
choosing the excitation frequency f (i.e., experiment design) and estimating the
temperature T based on the measured impedance Z meas (i.e., parameter estimation). In this chapter, a novel, data-based approach has been presented in which
experiment design and parameter estimation are combined in order to find the most
accurate temperature estimate. Through the combination of these components, an
improved and more accurate estimation method has been deduced. The estimation
parameters within the approach can also be used to describe existing estimation
methods. Given the fact that no prior knowledge of batteries or battery modelling
is assumed, the framework is a promising tool for analysis of impedance-based
temperature estimation.
Using experimental data from a Li-ion cell, the sensitivity of the battery impedance with respect to temperature and SoC has been investigated and the accuracy
of temperature estimates has been analysed with a Monte-Carlo method for a large
set of frequencies and temperatures. Results have been evaluated in terms of bias,
standard deviation and the MSE of the estimate T̂ . These results show that suitable
estimation parameters can be found at low frequencies, using both the real and the
imaginary part of the impedance. Also, a quantitative comparison of estimation
methods, including the improved method, has been performed. Overall, differences
in choices of estimation parameters have been found to result in significant differences between estimation methods. It has been verified that the improved method
yields the best overall performance in terms of bias and standard deviation of the
estimated temperature.
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3

Impedance-Based Temperature Estimation
for Li-ion Battery Packs

n order to meet the required power and energy demand of battery-powered

battery packs are constructed from a multitude of battery cells.
IForapplications,
safety and control purposes, an accurate estimate of the temperature of
each battery cell is of vital importance. Using Electrochemical Impedance
Spectroscopy (EIS), the battery temperature can be inferred from the impedance. However, performing EIS measurements simultaneously at the same
frequency on each cell in a battery pack introduces crosstalk interference in
surrounding cells, which may cause EIS measurements in battery packs to be
inaccurate. Also, currents flowing through the pack interfere with impedance
measurements on the cell level. In this chapter, we propose, analyse and validate a method for estimating the battery temperature in a battery pack in the
presence of these disturbances. First, we extend the effective impedance-based
temperature estimation framework from Chapter 2 towards estimating the temperature of each cell in a pack in the presence of crosstalk and (dis)charge
currents. Second, the proposed method is analysed and validated on a twocell battery pack, which is the first step towards development of this method
for a full-size battery pack. Monte-Carlo simulations are used to find suitable
measurement settings that yield small estimation errors and it is demonstrated
experimentally that, over a range of temperatures, the method yields an accuracy of ±1◦ C in terms of bias, in the presence of both disturbances.
This chapter is based on [45].
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Introduction

Lithium-ion batteries are often used to power, e.g., (hybrid) electric vehicles. To
ensure safe use of the battery and to warrant a certain lifetime, battery temperature
plays a vital role. Therefore, one of the purposes of a Battery Management System
(BMS) is to monitor temperature and to keep it within a specified range, see,
e.g., [2, 8]. When considering the recent trend of battery-pack supervision on
the cell level, instead of measuring temperature directly with external temperature
sensors, the temperature can be estimated using online Electrochemical Impedance
Spectroscopy (EIS), see, e.g., [58, 66], by inferring a temperature relation between
the electrochemical battery impedance and the battery temperature, see, e.g., [27–
30, 43, 51–55]. Impedance-based temperature estimation is considered to be faster
and more accurate than other methods for temperature estimation or measurement,
see, e.g., [27, 51] and references therein. Moreover, in applications where each
cell is individually monitored by electronics, implementing EIS measurements does
require no or limited additional hardware [19].
Most of the research on using EIS for temperature estimation demonstrates this
functionality on the single-cell level, often under laboratory conditions as was done
in Chapter 2. In order to provide more power and energy for certain applications,
single cells need to be connected in series and/or parallel to form a battery pack.
To allow individual cells to be monitored, it is of interest to understand how EIS
measurements on single cells are affected by the measurement artefacts present
in battery packs, namely: (dis)charge currents and crosstalk interference, i.e., interference induced by simultaneously performing EIS (at the same frequency) on
several cells in a battery pack. Both of these artefacts are known to influence the
EIS measurements, as was shown for (dis)charge currents in [28], and for crosstalk
interference in [67]. However, a solution on how to deal with the combination of
these two artefacts and how to conduct impedance-based temperature estimation
for battery packs accurately, has not yet been presented in the existing literature.
In this chapter, we will study impedance-based temperature estimation in the
combined presence of (dis)charge currents and crosstalk interference induced by
simultaneous impedance measurements in cells. First, we will focus on modelling
crosstalk interference and (dis)charge currents in order to incorporate these artefacts in the framework for impedance-based temperature estimation of Chapter 2.
It is shown that crosstalk neither depends on temperature nor on battery State-ofCharge (SoC), which has not been investigated in [67]. Subsequently, we will show
how (dis)charge currents can be modelled, both using a deterministic, as well as
using a stochastic approach. Then, we will show how these models can be incorporated in the temperature-estimation framework of Chapter 2. More precisely, the
crosstalk model can be used to compensate for the effect of crosstalk on the temperature estimation. However, the model of the (dis)charge current cannot be used
to compensate for the effect of the (dis)charge current since it is not possible to
measure the (dis)charge current synchronously with the impedance measurement
in this study. Therefore, the latter model will be used purely for analysis purposes
so as to investigate the effect of this artefact on the temperature estimation.
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Second, we will use the so-called extended temperature-estimation framework to
design the optimal (in the mean-square-error sense) temperature-estimation method. In the design process, the excitation frequency used in EIS and the weighting
between real and imaginary part of the impedance can be chosen so as to arrive at
the lowest mean-square estimation error (MSE). We will analyse the consequence
of these design choices on the accuracy of the method using a Monte-Carlo simulation study in the presence of crosstalk, (dis)charge currents and in the presence
of both artefacts simultaneously. All of these cases will lead to a different optimal impedance-based temperature-estimation procedure. We will demonstrate the
most accurate impedance-based temperature estimation method experimentally on
a two-cell battery pack.
The outline of this chapter is as follows. The general concept of impedance-based
temperature estimation in battery cells or battery packs is introduced in Section 3.2.
Subsequently, in Section 3.3 and Section 3.4, crosstalk interference and (dis)charge
currents, respectively, will be investigated and modelled. The extended estimation
framework, based on the framework presented in Chapter 2, is then derived in
Section 3.5, using the modelled crosstalk and (dis)charge current interference. In
Section 3.6, the extended temperature-estimation framework is used in a MonteCarlo simulation study to analyse the effect of the design choices in terms of the
accuracy of temperature estimation. An optimal impedance-based temperature
estimation method will be derived from this analysis and validated experimentally
in Section 3.7. Finally, conclusions are drawn in Section 3.8.

3.2

Impedance-Based Temperature Estimation

In this section, a general impedance model for the case of arranging multiple battery
cells into a battery pack is introduced. This model can be used with the framework
for impedance-based temperature estimation as presented in Chapter 2. Furthermore, the experimental setup that is used for modelling, analysis and validation,
will be presented.

3.2.1

Impedance-Based Temperature Estimation Framework

The concept of impedance-based temperature estimation, and the general estimation framework for comparison, accuracy analysis and synthesis of impedance-based
estimation methods have been introduced in Section 2.3. In particular, the modelling concept for modelling the battery impedance Z with a model Ẑ has been
presented in detail in Section 2.3.1. As mentioned in this section, the battery impedance model Ẑ is a static model based on a lookup table defined by experimental
impedance measurements at grid points of frequency f , temperature T , SoC and
other phenomena (e.g., battery ageing). In this chapter, an SoC-dependent model
for the battery impedance is used, which is given by (2.7). Note that, as mentioned in Section 2.3.1, a finer grid than the experimental grid of f , T and SoC is
obtained by interpolation. Subsequently, using the modelled battery impedances
Ẑ and measured battery impedances Z meas , a nonlinear least-squares estimator is
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Figure 3.1: Diagram showing the currents and voltages in an Np -cell battery
pack, subject to EIS measurements per cell with the Single-Cell Supervisor (SCS).
proposed in (2.9) to estimate the battery temperature. In this chapter, Cartesian
coordinates as given in (2.10) and a single impedance measurement (i.e., N = 1)
will be used, which takes approximately one second. Of course, multiple impedance
measurements (i.e., N > 1, possibly at different frequencies) can be used in (2.9),
which might yield a smaller estimation error since variations are averaged. However, for ease of exposition and due to limitations imposed by the measurement
device that is used in the experimental demonstration, we will use N = 1 in this
chapter. Moreover, since an SoC-dependent impedance model is used, the estimator in (2.9) will take the SoC as an argument and therefore, the estimator can be
defined as the function T̂ (f, N, α, Z meas , SoC) with N = 1.
The framework for temperature estimation presented in Chapter 2 is based on
the impedance Z of a single battery cell, i.e., Z ∈ C is a complex scalar. In case a
battery pack of Np cells in series is considered, as schematically depicted in Fig. 3.1,
the impedance Z is a frequency-response matrix that satisfies
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=Z(f,T,SoC)

(3.1)

}

where Vn (f ) and In (f ), n ∈ {1, . . . , Np } are the output voltages and input currents,
respectively, of cell n and Zmn (f ) are the frequency-response functions from cell
n to cell m. The diagonal terms in Z represent the cell impedances as used in
Chapter 2 and the off-diagonal terms represent the crosstalk impedances from cell
to cell that are caused by the inductive coupling between cells, see [67]. The term
D(f ) represents the disturbance induced by (dis)charging the battery. In this
chapter, we assume that the battery pack consists of Np cells, which are connected
in series and placed adjacent to one another. Therefore, the same current D(f )
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flows through each cell in the battery pack as shown in Fig. 3.1. However, the
methodology in this chapter is not limited to series connections, it can also be used
for any pack topology with parallel and/or series connections.
To assess the quality of a set of the temperature estimates {T̂i }ki=1 with respect to
the actual temperature T , the notions of (sample) MSE, (sample) bias and (sample)
variance will be used as introduced in Section 2.2.

3.2.2

Experimental Setup

The experimental setup used in this chapter is shown in Fig. 3.2a. The setup
consists of two rectangular prismatic Nickel-Manganese-Cobalt (NMC) Li-ion cells,
where the cells are closely matched in terms of capacity (i.e., 23.26 Ah for cell 1
and 23.34 Ah for cell 2) and where each cell is connected to a Single-Cell Supervisor
(SCS) designed by NXP Semiconductors. The SCS draws a√sinusoidal current I(f )
with a DC-component of −300mA and an amplitude of 100 2mA (with a specified
frequency f ) from the cell and subsequently measures the induced voltage V (f ).
Subsequently, the impedance of cell n is obtained by using Zn (f ) = Vn (f )/In (f )
with n ∈ {1, 2}1 . This implies that the SCS of cell 1 will draw a current I1 (f ) and
measure the voltage V1 (f ), whereas the SCS of cell 2 will draw a current I2 (f ) and
measure the voltage V2 (f ). It should be noted that the SCS uses a single-frequency
sinusoidal current as an excitation signal for the impedance measurements. The
measurement frequency can be selected by the user, however, the amplitude and
measurement time of the excitation signal are fixed. Moreover, note that the nonzero DC-component of the excitation signal causes a slight discharge of the cell
under test.
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(a) Two-cell setup used for impedance measurements.

(b) Standard deviation of the measured battery
impedance as a function of frequency f .

Figure 3.2: Experimental setup.
1 In the presence of (dis)charge currents, the induced voltage V (f ) not only depends on the
n
measurement current In (f ) of the SCS, but also on the (dis)charge current D(f ). If D(f ) is
V (f )
known exactly, the impedance of cell n can be obtained through Zn (f ) = I (fn)+D(f ) .
n
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The accuracy of the SCS measurements can be characterised by the standard deviations σRe and σIm of the real and imaginary part of the impedance measurements,
respectively. In Fig. 3.2b, the standard deviations of the impedance measurements
are depicted as a function of frequency for the real and imaginary part of Z in blue
and red, respectively. Note that this standard deviation is a property of the measurement device, e.g., Fig. 3.2b shows that at f = 1000 Hz, the total impedance
can be measured with σ = ±14µΩ. When analysing the accuracy of impedancebased temperature estimation, this standard deviation should be taken into account. In Chapter 2, this has been done by means of the simplified assumption of
a frequency-independent standard deviation of σ = ±14µΩ, based on the spread of
the impedance measurements in Fig. 2.3. However, a frequency-dependent analysis (with averaging over T and SoC) of the measurement points in Fig. 2.3 results
in the frequency-dependent standard deviation as shown in Fig. 3.2b, which will
be used in this chapter. It should be noted that a larger standard deviation on
the measured impedance does not necessarily imply a larger standard deviation
on the estimated temperature, since this depends on the sensitivity of the battery
impedance with respect to temperature (at a certain frequency) as was discussed
in Chapter 2, see, e.g., Fig. 2.2.

-Im(Z)

In this chapter, the temperature estimation is always performed while the pack
is under thermal equilibrium (i.e., no evolution of temperature during impedance
measurements) since it is necessary to know the actual battery temperature T in
order to calculate the MSE of temperature estimation and to perform modelling
experiments. However, impedance-based temperature estimation can be used when
temperature gradients are present in the battery cell, see, e.g., [28, 51, 55]. For tem-

T
T
T
T
T

Re(Z)
Figure 3.3: Nyquist plot of battery impedance Z11 of cell 1 at SoC = 60% for
f = 10Hz to f = 5kHz.
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perature estimation measurements, the two cells are kept inside a Vötsch VT4002
temperature chamber to ensure that both cells are at a controlled temperature
and that no temperature gradients are formed in the pack. In order to analyse
the effect of (dis)charge currents on temperature estimation, a KEPCO BOP 2020M bipolar operational power supply and amplifier is used to generate the actual
(dis)charge currents in the range [−20A, 20A]. Using the experimental setup, the
temperature dependency of the battery impedance can be characterised, as shown
in Fig. 3.3, where the Nyquist plot of cell 1 is depicted for different temperatures
and frequencies at SoC = 60%.

3.3

Crosstalk

In this section, we will develop a model for crosstalk in battery packs. The existence
of crosstalk was first shown in [67] and we will briefly summarise the results of [67].
Then, as an extension to [67], the influence of SoC and T on crosstalk behaviour
is investigated.

3.3.1

Background on Crosstalk Behaviour

To show the influence of crosstalk on EIS measurements, let us consider the setup
in Fig. 3.2a, when a current of the same frequency f is drawn from both cells
simultaneously, and when both cells are at the same temperature T and SoC. In
this case, an offset is observed in the measured impedance, when compared to the
stand-alone impedance of each cell at the same frequency as shown in [67]. This
offset is caused by the fact that the ‘perceived impedance’ Z2? from I2 (f ) to V2 (f ),
i.e., V2 (f ) = Z2? (f )I2 (f ), is given by
Z2? (f ) = Z22 (f ) + Z21 (f )

I1 (f )
,
I2 (f )

(3.2)

which is not equal to the actual impedance Z22 (f ) when I1 (f ) 6= 0.
This effect is visible in Fig. 3.4, where the measured cell voltage for cell 2, i.e.,
V2 (f ), is shown for multiple frequencies and for three different measurement conditions. Namely, the dark-blue circles depict the measured V2 (f ) in the absence of
crosstalk interference from cell 1, i.e., I2 (f ) 6= 0 whilst I1 (f ) = 0. The cyan pluses
in Fig. 3.4 depict V2 (f ) for the case where an AC current I1 (f ) has been drawn
from cell 1, while I2 (f ) = 0. Since the measured voltage V2 (f ) 6= 0, this indicates
that crosstalk between the two cells is present. Finally, the green squares in Fig. 3.4
depict the measured voltage V2 (f ) for the case where an AC current has been drawn
from both cells simultaneously, i.e., I1 (f ) 6= 0 and I2 (f ) 6= 0. This measurement,
which is influenced by crosstalk, differs considerably from the measurement without crosstalk (i.e., the dark-blue circles). This effect is more pronounced for higher
frequencies as is explicitly indicated in Fig. 3.4 for frequencies of 2.84 kHz and
5 kHz. The same phenomenon is observed for Z1? (f ). Note that, for the measurements in Fig. 3.4, the cells were not electrically connected to each other, although
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Figure 3.4: Example of the offset in measured voltage of cell 2, induced by
crosstalk interference from cell 1 at multiple frequencies and in three different
cases. Adjusted from [67].
the crosstalk would be the same if they were. The presence of crosstalk interference
means that the off-diagonal terms in Z(f ) in (3.1) (i.e., the crosstalk impedances)
are non-zero and hence need to be considered in EIS measurements. These offdiagonal terms in (3.1) are taken into consideration by making a model for the
crosstalk behaviour. In [67], experimental results have shown that crosstalk is a
linear phenomenon which depends on measurement frequency, relative orientation
of the cells and inter-cell spacing.
Based on the aforementioned experimental results and the conclusion that the
crosstalk phenomenon is induced by inductive coupling, a two-coil model with a
phase-lag filter is proposed in [67] to model and simulate the crosstalk phenomenon.
The two-coil model from [67] can be given as follows. Given the frequency-response
matrix of the battery impedance in (3.1), a model of the transfer function Ẑmn
between the current In (f ) and voltage Vm (f ), i.e., Vm = Ẑmn In , for m 6= n, can
be given by
coil
filter
Ẑmn (f ) = Ẑmn
(f ) · Ẑmn
(f ),
(3.3)

where

coil
Ẑmn
(f )

√
kmn Lm Ln 2πjf
=
,
Lm
Rn 2πjf + 1

and
filter
Ẑmn
(f )


= kc

2πjf + 2πf1
2πjf + 2πf2

(3.4)


,

(3.5)

where the gain kc = 1.1, f1 = 450 Hz and f2 = 150 Hz provide a good fit with the
measurements, as shown in [67]. In (3.4), Lm and Ln are the self-inductances of
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the two circular coils and kmn is the coefficient of coupling (see, e.g., [68]), given
by
b
,
(3.6)
kmn = 2
(dmn + a2 )3/2
where a and b are constants and dmn is the axial distance between the centres of
cell m and cell n in meters. Using measured crosstalk data for several values of
dmn , the parameters a and b can be fitted. The measured crosstalk data for the
setup in Fig. 3.2a, for dmn = {30, 60, 90} mm, is shown in Fig. 3.5 with the dashed
lines. The parameters a and b have been fitted using this data and are given by
a = 3.6 · 10−2 m and b = 8 · 10−5 m3 . The coefficient b in (3.6) is positive or
negative depending on the relative orientation of the poles of the cells, i.e., when
the positive poles and thus also the negative poles of battery cell m are aligned
with battery cell n (which is the case in Fig. 3.2a), then b is positive.

Phase [deg]

Magnitude [mΩ]

The crosstalk model from (3.3) is depicted in Fig. 3.5 with the solid lines, where
it should be noted that the solid lines of the phase graphs are on top of each
other for all spacings. On average, the modelled crosstalk is in agreement with
the measured crosstalk, depicted with the dashed lines in Fig. 3.5. It should be
noted that at low frequencies, the signal-to-noise ratio is too small to extract any
meaningful information. For more details on crosstalk behaviour and modelling
of crosstalk, the reader is referred to [67]. In the crosstalk model of (3.3), the
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Figure 3.5: Crosstalk measurements (dashed lines) and simulations of the
crosstalk model (solid lines) in a Bode plot for three different spacings [67].
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parameters R and L have been fitted using the measured data in the case where
the axial distance dmn is equal to the width of the battery cell d = 30 mm, i.e.,
the cells were placed against each other with no distance between the cells and
therefore dmn = d = 30 mm. The values for these parameters are then given by
R1 = R2 = 1.5 mΩ and L1 = L2 = 20 nH, for the cell under consideration.

3.3.2

SoC and T dependency of Crosstalk

To effectively compensate for crosstalk in an impedance-based temperature estimation method, it is also necessary to investigate the dependence of crosstalk on
temperature T and SoC of the batteries, which has not been done in [67]. Therefore, new impedance measurements have been performed with the two-cell setup as
depicted in Fig. 3.2a, which is the same setup that has been used in [67]. In particular, the elements of the frequency-response matrix Z(f, T, SoC) from (3.1) with
Np = 2 have been approximated by performing L = 64 impedance measurements
at every grid point in f , T and SoC so as to mitigate the effect of the measurement

(a) Z11

(b) Z12
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Figure 3.6: Influence of temperature T and SoC on Z(f ) at SoC = 60% and
T = 30◦ C for the top and bottom plots, respectively.
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noise v (more details of the impedance model will be introduced in Section 3.5).
The results are shown in Fig. 3.6, by means of Bode plots of the individual cell impedance Z11 and the crosstalk impedance Z12 (note that the scaling of the axis in
Fig. 3.6a and Fig. 3.6b is equal, as well as the scaling of Fig. 3.6c and Fig. 3.6d). It
should be noted that the impedance Z22 is similar to Z11 and Z21 is similar to Z12 .
Figs. 3.6a,b show the dependence on T for Z11 and Z12 , whereas Figs. 3.6c,d show
the dependence on SoC. In Fig. 3.6a, it can be seen, as expected from performing
impedance-based temperature estimation, that the individual cell impedance Z11
depends on temperature T . This can also be observed from Fig. 3.3, where the
measured Z11 is shown in a Nyquist plot. The crosstalk impedance Z12 is, however,
independent of temperature. Regarding the dependency on SoC, Fig. 3.6c shows
that the individual cell impedance slightly depends on SoC, as shown in Chapter 2
(see Fig. 2.2). Similar to being independent of temperature, the crosstalk impedance in Fig. 3.6d is also independent of SoC. This allows the matrix Z in (3.1)
to be simplified by using the fact that the off-diagonal (crosstalk) terms neither
depend on SoC nor on temperature T . This also simplifies temperature estimation
in the presence of crosstalk.

3.4

(Dis)Charge Currents

In this section, we will discuss the inclusion of (dis)charge currents D(f ) in the
temperature estimation method, as was indicated in (3.1). Incorporation of D(f )
in the temperature estimation is relevant, because in real battery applications,
impedance-based temperature estimation needs to be performed while the battery
is used, i.e., when D(f ) 6= 0. The (dis)charge current D(f ) is flowing through
each cell in addition to the current Ii (f ) drawn by the EIS measurement, and will
affect the measured voltages Vi (f ), as can be seen from (3.1). This will act as
a disturbance in the EIS measurements, and will result in inaccurate EIS measurements. As mentioned in the introduction of this chapter, it is not possible to
synchronise the impedance measurements with the measurement of the (dis)charge
current (due to limitations of the measurement device). Consequently, the effect of
the (dis)charge current on the impedance measurement cannot be compensated for
in this particular case. Still, inclusion of the (dis)charge current in the framework
for temperature estimation is useful since it can also be used to analyse the effect of
the (dis)charge current on the temperature estimation. Therefore, in this chapter,
the inclusion of (dis)charge current will be used as a tool for analysis so as to arrive
at an optimal temperature estimation method, despite the (uncompensated) presence of the disturbance caused by the (dis)charge current. However, for future use
(in case of synchronisation of the measurements), the inclusion of the (dis)charge
current in the estimation framework may be used to compensate for the effect of
this (dis)charge current on the estimation accuracy.
It should be noted that the (dis)charge current can interfere with the EIS measurement from two perspectives. From a signal-integrity perspective, the (dis)charge
current and the corresponding frequency content of this signal can interfere with
the measured battery voltage, which is a measurement artefact. From an electrochemical perspective, on the other hand, (relatively large) (dis)charge currents will
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drive the battery out of the electrochemical equilibrium, causing the impedance to
change, which can be seen as a model artefact, see, e.g., [69, 70]. In this chapter,
we consider the measurement artefacts on the EIS measurement introduced by the
(dis)charge current. Incorporating the model artefacts in the analysis can be seen
as an extension and a valuable next step to this work. Namely, in [69, 70], the
relation between the impedance and the relaxation period after (dis)charge has
been shown. Subsequently, in [71], this relation is used to correct the measured
impedance under operating conditions for this electrochemical effect in order to
perform impedance-based temperature estimation.
In this section, we will develop two methods to incorporate an estimate of D(f ),
denoted by D̂(f ), in the temperature estimation method of Section 3.2.1. In particular, we will consider the (deterministic) case where the (dis)charge current can
be measured synchronously with the impedance measurements and, therefore, can
be used to compensate the measured Z(f ) for the effect of D(f ). This allows for
constructing a deterministic model of D(f ) using the measured (dis)charge current. We will also consider the case that reflects the experimental setup of this
chapter. Namely, the (dis)charge current cannot be measured synchronously with
the impedance measurements and, therefore, the measured current is not suitable
for directly compensating Z(f ). In this case, we model D(f ) stochastically as a
random signal, which allows us to analyse the (deteriorating) effect of D(f ) on the
temperature estimation.

3.4.1

Deterministic Modelling

Let d(t) denote the (dis)charge current during a time window t ∈ [t̂, t̂ + τ ] in which
the EIS measurement takes place, where τ denotes the measurement time. An
example of a typical (dis)charge current is shown in Fig. 3.7a, which consists of a
current generated by a acceleration-deceleration cycle with an electric vehicle over
a period of 120 seconds with a sampling frequency fs = 100 kHz. In this figure, the
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Figure 3.7: Pack-current measurement of an electric vehicle.
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negative current can be seen as current driving the vehicle and the positive current
as current flowing into the battery during regenerative braking.
The current signal D(f ) is given by the Fourier transform of the signal d(t). As
an estimate of this signal D(f ), we can take
Z

t̂+τ

D̂(f ) =

d(t)e−2πjf t dt,

(3.7)

t̂

meaning that D(f ) ≈ D̂(f ) can be used in the temperature-estimation method
and accounts for the effect of (dis)charge current in the temperature estimation.
Note that (3.7) can be approximated as a fast Fourier transform. This, however,
requires that d(t) can be measured in real time and synchronously with the EIS
measurements. This might be difficult to realise in practice and currently, the setup
with the SCS of Fig. 3.2 is limited to measuring the impedance and (dis)charge
current separately (i.e., not synchronously). Therefore, we will also consider a
stochastic approach which can be used to analyse the effect of the (dis)charge
current on the temperature estimation.

3.4.2

Stochastic Modelling

In case the (dis)charge current d(t) cannot be measured in real time, or not synchronously with the EIS measurements, we can model the (dis)charge current as a
random variable in the frequency domain for the purpose of analysing the effect of
this current on the temperature estimation. To be more precise, we model D(f ) as
a zero-mean Gaussian random variable with frequency-dependent variance σ 2 (f )2 .
The stochastic model D̂(f ) cannot be used to compensate for D(f ), since the model
does not capture D(f ) in a certain time window t ∈ [t̂, t̂ + τ ], synchronously with
the EIS measurements. However, by modelling the signal as a random variable
in the frequency domain, it is possible to analyse the effect of (dis)charge current
on temperature estimation and to quantify the average error on the temperature
estimation caused by the pack current. Namely, it can be stated that the variance σ 2 (f ) of this random variable is equal to the Power Spectral Density (PSD)
of the random signal d(t) and can be interpreted as the representation of d(t) in
the frequency domain, see [72, Chapter 10]. The PSD can be computed efficiently
using, e.g., Matlab using a realisation of d(t) under the assumption that d(t) is a
stationary random variable. For the (dis)charge current given in Fig. 3.7a, the corresponding PSD is given in Fig. 3.7b, in which we indicate the upper-peak envelope
of the PSD in red to prevent the analysis to prefer local minima in the spectrum.
2 The assumption that D(f ) is zero-mean is based on the fact that we assume that the currentvoltage relation of the battery is linear, which means that the DC-component of d(t), which
corresponds to f = 0 of the Fourier transform signal D(f ), will not influence the EIS measurement
at the typical frequencies under consideration. Since the current-voltage relation is generally
nonlinear, the DC-component of d(t) could influence the EIS measurements. How to deal with
this during EIS measurements is still an open and important topic for further research. However,
in case of a large battery pack, e.g., for an electric vehicle, the DC-component of d(t) is relatively
small with respect to the battery capacity and in that case, as shown in [28], impedance-based
temperature estimation can still be applied. Therefore, we assume D(f ) to be zero-mean.
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This envelope will be used to characterise D(f ) and thus the variance σ 2 (f ) per
frequency. This will be used to analyse the effect of the (dis)charge current on the
temperature estimation in this chapter.

3.5

Temperature Estimation in Presence of
Crosstalk and (Dis)Charge Currents

Using the results of modelling crosstalk and (dis)charge current disturbances from
the previous two sections, the temperature-estimation method given by (2.9) in
Section 2.3 (with N = 1, an SoC-dependent battery model and Cartesian coordi?
of cell m in an
nates) is extended as follows. The perceived battery impedance Zm
Np -cell battery pack in the presence of crosstalk and (dis)charge currents is now of
the form
?
Zm
(f, T, SoC) =

Vm (f,T,SoC)
Im (f,T,SoC)

=

Np 
X


)
Zmn (f, T, SoC) In (fIm)+D(f
,
(f )

(3.8)

n=1

which follows from (3.1). In (3.8), the (dis)charge current term D(f ) depends on
the instantaneous (dis)charge current and is a random variable in this study. Note
that it is also possible to take a deterministic approach as shown in Section 3.4.1,
if the measurement of the (dis)charge current can be synchronised with the impedance measurements. The crosstalk phenomenon, however, is deterministic and,
hence, the model can be extended to include the crosstalk terms, which allows the
estimator to compensate for crosstalk interference. Now, the impedance model
?
of cell m is given by
Ẑm : R3 → C of the perceived cell impedance Zm
Ẑm (fr , Tr , SoCr ) =

Np
X

Ẑmn (fr , Tr , SoCr )

n=1

In (fr )
Im (fr )

(3.9a)

by averaging several measured impedances as
L

Ẑmm (fr , Tr , SoCr ) =

1X
Zmm (fr , Tr , SoCr ) + vi
L i=1

(3.9b)

L

1X
(fr )
Zmn (fr ) IIm
+ vi
Ẑmn (fr ) =
n (fr )
L i=1

n 6= m

(3.9c)

where L ∈ N is the number of measurements taken for each combination of grid
points fr , Tr and SoCr and, as mentioned previously, no compensation for D(f )
will be applied and, therefore, it is not considered when constructing Ẑm in (3.9a).
We can model the battery impedance (i.e., the diagonal entries in Z in (3.1)) by
taking D(f ) = 0 and In (f ) = 0 for all n 6= m and subsequently measure the
crosstalk interference (i.e., the off-diagonal entries in Z in (3.1)), while still taking
D(f ) = 0, i.e., not (dis)charging the battery. Although the cells in the pack are
matched, the measured impedance of the battery cells can vary, e.g., due to slight
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Table 3.1: Measurement settings for constructing Ẑ.
Temperature T
Frequency f
SoC values

−20, −10, 0, +10, +20, +30, +40, +50◦ C
25 log-spaced f : 10 Hz ≤ f ≤ 5 kHz
20, 40, 60, 80%

differences in the mounting or wiring of the measurement equipment. Therefore,
an impedance model of every cell m should be constructed, in order to prevent
modelling errors from affecting the temperature estimation. Note that, based on
the results in Section 3.3, we use that Zmn only depends on frequency for n 6= m.
Recall that the model Ẑm (fr , Tr , SoCr ) is defined as a lookup table at the selected
grid points. Using interpolation to obtain values in between grid points, the model
in (3.9) can be considered as Ẑm (f, T, SoC) (i.e., a lookup-table model with built-in
interpolation function).
The modelled impedance Ẑm from (3.9) and the measured battery impedance,
meas
=
which is of the form of (3.8) with additive measurement noise, i.e., Zm
Zm (f, T, SoC)+v, are now substituted into the nonlinear least-squares estimator of
(2.9) to estimate the temperature of each cell in the pack. It should be noted that
the model in (3.9) illustrates the fundamental difference between impedance-based
temperature estimation at a single-cell level or in a battery pack. Namely, for temperature estimation in a single-cell application, one can construct a lookup table
that directly reads the impedance model Ẑm as constructed with (2.7), whereas
temperature estimation for a battery pack involves constructing Ẑm using (3.9)
with a lookup table that reads all elements Zmn of the frequency-response matrix
given in (3.1). Also note that, although we based the model in (3.9) on D(f ) = 0,
D(f ) will be included in the accuracy analysis as a zero-mean random Gaussian
meas
in order to evaluate the performance of the estimator in presence
variable in Zm
of (dis)charge currents.

3.6

Accuracy Analysis

In this section, Monte-Carlo simulations are performed in order to analyse the accuracy of the extended method for temperature estimation in terms of the MSE,
for different settings of f and α. The analysis is performed for a range of possible battery temperatures and SoC values under different conditions, such as the
presence of crosstalk and (dis)charge-current disturbances. The analysis can then
be used to arrive at a set of values for f and α, which yield the most accurate
temperature estimate T̂ .
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Setup of the Analysis

The experiments are conducted on the setup in Fig. 3.2a, which consists of Np = 2
cells and corresponds to the frequency-response matrix from (3.1), given by


Z11 (f, T, SoC)
Z12 (f )
Z(f, T, SoC) =
.
(3.10)
Z21 (f )
Z22 (f, T, SoC)
The impedance models Ẑmm and Ẑmn of the elements Zmm and Zmn of (3.10) can
be obtained through (3.9) for Np = 2, using the measurement settings in Table 3.1
for f , T and SoC. For the purpose of this modelling procedure, the number of
measurements for a certain operating point in f , T and SoC is taken to be L = 64
(which is the same as in Chapter 2). The number of EIS measurements L that
can be taken at each temperature is limited by the rate of discharge of the battery
that occurs during the impedance measurements (as the measurement current of
the impedance measurements has a non-zero DC-component). Therefore, L = 64
is assumed to be sufficiently large to average out measurement noise v, yet small
enough to not affect the SoC of the batteries significantly.
For the accuracy analysis, the approach is the same as for the Monte-Carlo analysis in Chapter 2. Namely, the estimator in (2.9) takes only one EIS measurement
(i.e., N = 1) at a certain f . In case of using the estimator in a real application
with N > 1, instead of selecting a single frequency f , the framework presented in
Chapter 2 can be used with a range of frequencies, where this range may result
from the accuracy analysis in this chapter.
The accuracy analysis consists of four cases, where
A) Neither crosstalk nor (dis)charge currents are present in the temperature
estimation.
B) Crosstalk is present, but not accommodated for in the temperature estimation.
C) (Dis)Charge currents are present, but not accommodated for, and crosstalk
is not present.
D) Both crosstalk and (dis)charge currents are present and crosstalk is accommodated for in the temperature estimation.
Recall that the case where both crosstalk and (dis)charge current are present
and both accommodated for in the temperature estimation is not considered, since
the (dis)charge current cannot be measured synchronously with the battery impedance using the SCS. For each case, different combinations of measurement condimeas
) and models (i.e., Ẑm ) are considered, which are defined by the
tions (i.e., Zm
settings in Table 3.2. The model Ẑm for each case is now constructed using the
settings in Table 3.2 and the modelled elements of Z in (3.10), i.e., the impedance
models Ẑmm and Ẑmn in (3.9b) and (3.9c), respectively. For example, in Case A,
where we simulate impedance-based temperature estimation without crosstalk interference or (dis)charge currents (i.e., as presented in Chapter 2), Table 3.2 reads
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meas
Table 3.2: Settings for Ẑm and Zm
in Monte-Carlo simulations at SoC = 60%.

Ẑm

Case A

Case B

Case C

Case D

Im 6= 0

Im 6= 0

Im 6= 0

Im 6= 0

Im 6= 0

Im 6= 0

Im 6= 0

Im 6= 0

D(f ) = 0

D(f ) = 0

D(f ) 6= 0

In = 0
meas
Zm

In = 0

In = 0
In 6= 0

In = 0
In = 0

In 6= 0
In 6= 0

D(f ) 6= 0

that the modelled impedances for Np = 2 cells, i.e., Ẑm with m = {1, 2}, are constructed with I2 (f ) = 0 for Ẑ1 and I1 (f ) = 0 for Ẑ2 . In other words, Ẑ1 and Ẑ2
are the single-cell impedance models as presented in Chapter 2 (which is also true
for Case B and Case C). For each case, this results in a model Ẑm which comprises
a 3-dimensional lookup table of the impedance of each cell with a temperaturefrequency-SoC grid. A finer temperature-frequency-SoC grid is further obtained
meas
are obby cubic spline interpolation. Similarly, the measured impedances Zm
tained with the settings from Table 3.2. As mentioned previously, the influence of
(dis)charge current D(f ) can also be evaluated by modelling D(f ) in a stochastic
manner, see Section 3.4.2. For Cases A and B, however, D(f ) is not considered
and therefore D(f ) = 0 in Table 3.2.
Based on the model Ẑ of the impedance Z in (3.10), and using the estimator in
(2.9), Monte-Carlo simulations (see, e.g., [62]) have been performed to evaluate the
estimation accuracy using measurement noise v with a standard deviation σ that
depends on frequency and is obtained from measurement data, see Fig. 3.2b. For
the simulations, SoC= 60% is chosen and thus used as a set-point in the impedance
model Ẑm in (3.9). However, even if a different SoC is chosen, the analysis method
would remain the same. The input distribution of measured impedance values for
meas
the Monte-Carlo simulations (i.e., Zm
for evaluation in (2.9)) is generated by
taking the sum of the modelled impedance Ẑm and a distribution of the measurement noise v. Similar to Section 2.5, the number of Monte-Carlo simulations is
selected as NMC = 104 . This ensures a confidence bound of ≥ 95% of all estimates being within ±0.2◦ C, see, e.g., [56]. For more details on the Monte-Carlo
simulations, see Section 2.5 and Fig. 2.4. Note that the analysis in this section is
performed for only one of the cells in the two-cell battery pack. Due to symmetry,
the results of the estimation method would be similar (yet not the same due to
small differences in the battery impedance) for the other cell and is therefore not
repeated in the following analysis. Also, recall that the influence of crosstalk and
(dis)charge current on the temperature estimation is analysed using the models of
these disturbances as presented in Section 3.3 and Section 3.4, respectively. For
the experimental validation with the two-cell battery pack in Section 3.7, the synthesised estimation method (with the f and α as found in this analysis) will be
subject to actual crosstalk and (dis)charge current.
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A: Temperature Estimation Without Crosstalk

In the case of temperature estimation in the absence of crosstalk and (dis)charge
currents, the simulation settings used for generating the models and the measurements are described in Table 3.2, Case A. The resulting MSEs over a range of f , α
and T are shown in the left column of plots in Fig. 3.8 and are in agreement with
the results found in Chapter 2, although the analysis in this case is performed on a
different cell type. It can be seen that the MSE increases towards higher frequencies. Moreover, this effect becomes more pronounced at higher temperatures. This
indicates that the sensitivity of the battery impedance with respect to temperature
decreases towards higher temperatures and higher frequencies. This effect has also
been observed in Chapter 2 and corresponds to the fact that low frequencies for
impedance-based temperature estimation are preferable, see, e.g., [30, 51, 52]. In
terms of settings for f and α, the results of Case A indicate that there is a relatively
large range of values for f and α that yield similar performance in terms of the
MSE of temperature estimation.

3.6.3

B: Temperature Estimation With Crosstalk

For Case B, the analysis from the previous case, where no crosstalk was present,
is repeated with the same impedance models Ẑ1 and Ẑ2 . However, the measured
impedances Z1meas and Z2meas are now obtained with both I1 (f ) 6= 0, I2 (f ) 6= 0
and D(f ) = 0 as denoted in Table 3.2, Case B. In other words, the impedance
measurements are disturbed by crosstalk. However, since Ẑ1 and Ẑ2 are the same
as for Case A, this interference is not taken into account in the temperature estimation. In other words, no compensation for the crosstalk interference is applied.
The resulting MSE plots are shown in the right column of plots in Fig. 3.8. As
expected, the MSE increases with higher frequencies since the crosstalk becomes
more dominant at higher frequencies as shown in [67] and Fig. 3.5. For the selection
of f and α, these results imply that we are forced to choose a lower f such that
the crosstalk interference (if not compensated for) has limited (or no) effect on the
temperature estimation.

3.6.4

C: Temperature Estimation with (Dis)Charge Currents

Up to this point, we have seen that low frequencies are preferably used for temperature estimation. In practice, however, dynamic (dis)charge currents will be present
in e.g., automotive applications. We will now investigate how this phenomenon will
affect the temperature estimation. The first case (i.e., Case A without crosstalk)
meas
is now repeated, but the (dis)charge current D(f ) 6= 0 and D(f ) is used in Zm
as stochastically defined in Section 3.4.2 (i.e., a disturbing (dis)charge current is
added to the simulation). Note that the phase shift between the measured voltage
and the (dis)charge current varies, therefore, no phase information can be extracted
from the frequency spectrum of the (dis)charge current. Hence, for D(f ), the phase
is obtained from a set of normally distributed pseudo-random numbers. The resulting MSE plots are shown in the left column of plots in Fig. 3.9. It can be
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(a) MSE at T = −10◦ C

(b) MSE at T = −10◦ C

(c) MSE at T = 20◦ C

(d) MSE at T = 20◦ C

(e) MSE at T = 30◦ C

(f ) MSE at T = 30◦ C

(g) MSE at T = 40◦ C

(h) MSE at T = 40◦ C

Figure 3.8: MSE at different temperatures and SoC= 60% as a function of f and
α for Case A (left) and Case B (right). The colour in each plot corresponds to the
colourbar representing MSE expressed in [◦ C2 ].
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(a) MSE at T = −10◦ C

(b) MSE at T = −10◦ C

(c) MSE at T = 20◦ C

(d) MSE at T = 20◦ C

(e) MSE at T = 30◦ C

(f ) MSE at T = 30◦ C

(g) MSE at T = 40◦ C

(h) MSE at T = 40◦ C

Figure 3.9: MSE at different temperatures and SoC= 60% as a function of f and
α for Case C (left) and Case D (right). The colour in each plot corresponds to the
colourbar representing MSE expressed in [◦ C2 ].
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observed that the MSE is larger for lower frequencies, since also the amplitude of
the (dis)charge current is larger at lower frequencies as shown in Fig. 3.7b (i.e., the
(dis)charge current affects the temperature estimation). It can also be observed
that the MSE is larger for α closer to 1. This indicates that the (dis)charge currents have a larger influence on the real part of the impedance, which has also
been found by Koch and Jossen [55]. In conclusion, this analysis indicates that,
in case of (dis)charge currents, higher frequencies should be chosen to obtain the
most accurate temperature estimate.

3.6.5

D: Compensating for Crosstalk

In this case, the Monte-Carlo simulations are performed by including both crosstalk
interference and (dis)charge currents. This means that Z1meas and Z2meas are measured with both I2 (f ) 6= 0, I1 (f ) 6= 0, respectively, and D(f ) 6= 0 as denoted in
Table 3.2. This means that both crosstalk as well as (dis)charge currents interfere
with the impedance measurements and thus affect the impedance-based temperature estimation. Since crosstalk mainly affects the high-frequency region (see
Case B) and (dis)charge currents affect the low-frequency region (see Case C), this
suggests that it will not be possible to find suitable settings for f and α. Fortunately, it is possible to compensate for the effect of the crosstalk interference by
using the crosstalk model as introduced in Section 3.3. Therefore, in contradiction
to the previous cases, crosstalk models are also included when constructing Ẑ1 and
Ẑ2 in (3.9), i.e., the terms Ẑmn in (3.9) are no longer zero. The resulting MSE plots
are shown in the right column of plots in Fig. 3.9. Since the crosstalk is captured
by the models, the MSE plots are similar to the case where crosstalk is absent, but
with the added disturbance of (dis)charge currents (i.e., Case C), which causes the
MSE to be larger at low frequencies.

3.6.6

Selection of f and α

The plots in Fig. 3.8 and Fig. 3.9 can be used to find the parameters f and α
that yield the smallest MSE for temperature estimation in certain conditions. The
plots show that, generally, for all four cases, the MSE is larger at high temperatures
compared to lower temperatures. This is in agreement with the fact that the sensitivity of the battery impedance decreases towards higher temperatures. Therefore,
we can use the MSE at T = 40◦ C (i.e., Figs. 3.8g, 3.8h, 3.9g, 3.9h) for selecting f
and α for each case, since it gives the worst-case MSE. For example, consider the
case where there is no crosstalk and where no (dis)charge currents are injected in
Fig. 3.8g. The smallest MSE is found around f = [100, 300] Hz and α = 0.5, which
is also a favourable setting for lower temperatures, i.e., Figs. 3.8a, 3.8c, 3.8e. The
results for a similar analysis for the other cases can be found in Table 3.3, which
shows that α = 0.5 provides the best results in all four cases. Alternatively, for
all four cases, the MSE can be depicted as a function of frequency f , while taking
α = 0.5. This is depicted in Fig. 3.10 and also allows the selection of a frequency
f which results in the smallest MSE for each case.
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Moreover, Fig. 3.10 gives an interesting insight in how the choice of measurement
frequency f is affected by the type of measurement case that is considered. Namely,
in the absence of (dis)charge currents (i.e., Case A and B), selecting a relatively
low f in the range of f = [100, 300] Hz results in the smallest MSE, where it should
be noted that for very low f , the MSE increases again due to the measurement
noise of the SCS as depicted in Fig. 3.2b. However, in the presence of (dis)charge
currents (i.e., Case C and D), the preferred f is pushed towards higher frequencies,
due to the fact that the amplitude of the PSD in Fig. 3.7b is larger for lower
frequencies. More precisely, since there is no compensation for the (dis)charge
current in this study and the disturbance caused by the (dis)charge current is more
pronounced for relatively low frequencies, a higher frequency should be chosen so
as to achieve a smaller MSE for the temperature estimation. Note that there is no
difference between Case C and Case D in this reasoning since in Case C, crosstalk
is not present, whilst in Case D, crosstalk is present, but compensated for in the
temperature estimation. Also, the preferred f is influenced by the low sensitivity
of the battery impedance with respect to temperature at higher frequencies and
by crosstalk, if it is not compensated for as shown in Case B. In conclusion, when
both crosstalk and (dis)charge-current interference are present, a trade-off is found
in selecting f as depicted in Fig. 3.10, Case D (purple line). Therefore, Table 3.3
shows the optimal design parameters. For Case A and B, the frequency f = 133 Hz
(from the range f = [100, 300] Hz) is chosen and for Case C and D, f = 630 Hz
is selected. Note that this analysis and the conclusions drawn here are specific
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Figure 3.10: MSE obtained from simulation study as a function of frequency for
each of the four cases at T = 40◦ C and SoC = 60%, with α = 0.5.
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Table 3.3: Optimal values of f and α from analysis, including resulting average
MSE in simulation (Section 3.6) and validation (Section 3.7).
avg. MSE
Analysis Case

◦

C2

f [Hz]

α

sim.

val.

Case A. Without crosstalk

133

0.5

1.1

1.1

Case B. With crosstalk

133

0.5

1.1

1.1

Case C. With (dis)charge currents

630

0.5

2.3

4.0

Case D. With crosstalk compensated

630

0.5

2.3

3.8



to this particular cell, the pack arrangement and measurement device used in this
chapter. Nevertheless, the analysis framework used in this chapter is general and
it can be applied to other types of cells, other arrangements of battery packs and
other measurement devices as well.

3.7

Experimental Validation

Using the optimal design choices for f and α in Table 3.3, the temperatureestimation method will be validated experimentally in this section. This validation has been performed on the two-cell battery pack of Fig. 3.2a for all four
cases discussed in Section 3.6. Similar to the accuracy analysis in Section 3.6, the
temperature estimation involves solving (2.9) with N = 1 for a set of validation
measurements, using the appropriate model for each particular case, identical to
the cases and models discussed in Section 3.6 and denoted in Table 3.2. A number of Nval = 64 validation measurements have been taken for each case and at
each temperature T ∈ {−10, 0, 10, 20, 30, 40}◦ C, where again the cells have been
maintained at SoC = 60%. Although Nval is substantially smaller than the number
of Monte-Carlo simulations NMC = 104 used in Section 3.6, it is sufficient for the
experimental validation. Note that the batteries have been at rest at a particular temperature for a period of three hours before the experiment, meaning that
the batteries were in thermal equilibrium when the impedance measurements were
performed.
It is important to note that the experimental validation focuses solely on the
method presented in this chapter and no comparison to other methods is included.
Namely, to the best our knowledge, there have not yet been any studies that have
investigated the applicability of impedance-based temperature estimation to battery packs since the existing literature focuses predominantly on impedance-based
temperature estimation for single battery cells, typically under laboratory conditions. Therefore, a comparison is simply not possible. For a comparison of the
existing techniques for impedance-based temperature estimation at the single-cell
level, the reader is referred to Chapter 2.
In Fig. 3.11 and Fig. 3.12, the sample estimates of the bias, standard deviation and
MSE of the estimated temperature T̂ are depicted for each case. For comparison,
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the simulation results (obtained by the Monte-Carlo simulations) of the analysis
in Section 3.6 are also depicted for the selected f and α. The (average) MSE,
resulting from the combination of bias and standard deviation as shown in (2.2),
is denoted in Table 3.3.

3.7.1

A: Temperature Estimation Without Crosstalk

The measurements for the case where no crosstalk is present, together with the
models Ẑ1 and Ẑ2 , as mentioned in Section 3.6, and the selected α have been
substituted into (2.9). The results for bias and standard deviation of the estimation
are shown in Fig. 3.11a. The corresponding MSE as defined in (2.2) is depicted in
Fig. 3.11b. The average of the MSE over all temperatures can be found in Table 3.3.
Overall, both bias and standard deviation are in agreement with the results from
the analysis in Section 3.6 and subsequently, also the MSE of the validation is in
agreement with the simulation. These validation results indicate that, in this case,
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Figure 3.11: Bias, standard deviation (std.) and MSE as a function of the actual
battery temperature T for Case A and Case B as denoted in Table 3.3. Blue lines
and red lines depict simulation results and validation results, respectively.
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the temperature can be estimated with an accuracy of ±1◦ C as shown in Fig. 3.11a.
The difference between simulations and measurements for both bias and standard
deviation may be caused by modelling inaccuracies or a mismatch in SoC in either
the modelling procedure or the validation measurements or both.

3.7.2

B: Temperature Estimation With Crosstalk

The results for the case where crosstalk is present, but not taken into account in the
estimation, can be found in Fig. 3.11c, Fig. 3.11d and Table 3.3. Since the selected
frequency f is low, the influence of crosstalk on the temperature estimation is not
dominant. The results are found to be in agreement with the analysis and similar
to Case A, the temperature can be estimated with an accuracy of ±1◦ C as shown
in Fig. 3.11c. Again, differences between simulation and measurement may be due
to similar influences as mentioned with Case A.

3
sim.
val.
sim.
val.

MSE sim.
MSE val.
6

MSE [/ C2 ]

bias/std. [/ C]

2

8
bias
bias
std.
std.

1

0

4

2
-1
-10

0

10

20

30

0
-10

40

20

(a) Case C: Bias and std.

(b) Case C: MSE

30

40

30

40

8
bias
bias
std.
std.

sim.
val.
sim.
val.

MSE sim.
MSE val.
6

MSE [/ C2 ]

bias/std. [/ C]

10

T [/ C]

3

2

0

T [/ C]

1

0

4

2
-1
-10

0

10

20

30

/

40

0
-10

0

10

20

T [ C]

T [/ C]

(c) Case D: Bias and std.

(d) Case D: MSE

Figure 3.12: Bias, standard deviation (std.) and MSE as a function of the actual
battery temperature T for Case C and Case D as denoted in Table 3.3. Blue lines
and red lines depict simulation results and validation results, respectively.
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C: Temperature Estimation with (Dis)Charge Currents

As mentioned in Section 3.6, the impedance measurements for Case C are disturbed by (dis)charge currents, i.e., D(f ) 6= 0. As denoted in Table 3.3, a higher
frequency, f = 630 Hz, is used. The results in Fig. 3.12a show that the validation
is in relatively good agreement with the simulation. However, in terms of bias, the
deviation between simulation and validation is larger for higher battery temperatures. Moreover, the standard deviation in the validation is also slightly larger than
the standard deviation in simulation. Subsequently, this results in a larger MSE
in the validation compared to the simulation as shown in Table 3.3 and Fig. 3.12b.
The difference in standard deviation between simulations and measurements, and
thus the difference in MSE, could be explained by the fact that the true (dis)charge
current is not fully captured by the model for the (dis)charge current in the simulation. Moreover, in the (dis)charge-current model, we only consider the effect of
the (dis)charge current on the EIS measurement, i.e., the measurement artefact.
The effect on the electrochemical equilibrium of the battery and thus the effect on
the impedance itself is not considered. However, considering the correction for this
effect as shown in [71] can be an interesting extension to this work. Overall, the
experimental validation of Case C shows that the temperature can be estimated
with an accuracy of ±1.3◦ C in the presence of (dis)charge currents.

3.7.4

D: Compensating for Crosstalk

For this set of measurements, both (dis)charge currents as well as crosstalk are
present. As mentioned in Section 3.6, the extended models for Ẑ1 and Ẑ2 (which
incorporate crosstalk) have been used for solving (2.9). The results of the estimation are shown in Fig. 3.12c and Fig. 3.12d. Overall, bias and standard deviation
follow the trend observed in the analysis. Similar to Case C, in terms of bias
and standard deviation, a deviation is observed between simulation and validation.
Therefore, the MSE in Table 3.3 and Fig. 3.12d of the validation is larger than the
MSE in the simulation. The differences between simulation and validation for this
case may be due to similar influences as discussed for Case C. The results of the
experimental validation of this case show that, even when both disturbances are
present, the temperature can still be estimated with relatively good accuracy of
±1◦ C.

3.7.5

Discussion

The results of temperature estimation in Fig. 3.11 and Fig. 3.12 show that the
proposed methods in Table 3.3, defined by means of finding the smallest MSE in
Fig. 3.8 and Fig. 3.9, do not necessarily minimise both bias and variance. However,
even in the presence of crosstalk interference and (dis)charge currents (i.e., Case D),
the proposed estimation method yields a bias within ±1◦ C, as shown in Fig. 3.12c.
To further improve the method, it is necessary to compensate for the disturbances
caused by (dis)charge currents. This would require synchronising the pack-current
measurements with the impedance measurements, which is not possible with the
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experimental setup used in this chapter. Still, in theory, this synchronisation could
reduce the large MSE seen at lower frequencies in Fig. 3.9 (i.e., Case C and Case D)
and would allow the selection of a lower frequency f . This would result in a smaller
MSE for the temperature estimation due to the higher sensitivity of the impedance
with respect to temperature at lower frequencies. Also, improvements in modelling
accuracy, e.g., considering the model artefact caused by the (dis)charge current (see
Section 3.4), could help to improve the accuracy of the temperature estimation.
Although temperature estimation in case of an unknown SoC can be relatively
accurate as shown in Chapter 2, it should be noted that the battery SoC is assumed to be known in this chapter. However, the SoC is generally not known but
estimated by the BMS using model-based estimation algorithms, see, e.g., [36, 73]
and Part II of this thesis. This will most likely introduce uncertainty on the temperature estimate and, therefore, it is important to employ a relatively accurate
SoC estimation method, see, e.g., [35]. Another aspect that needs to be considered
for further research is the performance of the estimation method in the presence of
temperature gradients across the battery pack as well as battery ageing, see, e.g.,
[65, 74] and [64], respectively. In particular, if the effect of ageing is not included
in the impedance model, the optimal choice for α may not be α = 0.5 as selected
in this chapter. This will be shown in Chapter 7, where a different value for α will
be selected in order to achieve satisfactory accuracy of the temperature estimation
in the presence of ageing.
Finally, the impedance-based temperature estimation method has been validated
experimentally on a two-cell battery pack in this chapter, thereby taking a first step
towards development of the method on a full-size battery pack of, e.g., an electric
vehicle. Based on the promising estimation results of the estimation method with
the two-cell battery pack in this study, future research should therefore focus on
developing and testing the method for larger-size battery packs (e.g., more than
two cells).

3.8

Conclusions

In this chapter, we have investigated impedance-based temperature estimation for
battery packs in the combined presence of (dis)charge currents and crosstalk interference. Firstly, we have extended the framework presented in Chapter 2 to include
the aforementioned disturbances by modelling these artefacts. As an extension of
[67], it has been shown that crosstalk neither depends on temperature nor on SoC.
Also, it has been shown that (dis)charge currents can be modelled using a deterministic as well as a stochastic approach, where the deterministic approach should
be used if the (dis)charge current can be measured synchronously with the impedance measurement. This was not possible with the experimental setup used in
this chapter, prompting the use of the stochastic approach.
Second, we used this extended temperature-estimation framework to design an optimal (in the mean-square-error sense) temperature estimation method by analysing
the effect of the disturbances on the temperature estimation in combination with
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the choice of the excitation frequency. Subsequently, using this analysis, an optimal estimation method has been synthesised. Although the battery impedance is
most sensitive to temperature at low frequencies, we arrived at a trade-off where a
higher frequency is selected, which is less sensitive to temperature, but where the
disturbances caused by (dis)charge currents are avoided. Overall, this yields the
most accurate temperature estimate. We have found that, even in the presence of
both (dis)charge currents and crosstalk interference, the optimal parameters yield
good results in terms of an MSE and provide an accuracy of ±1◦ C for the temperature estimation. Therefore, based on the experimental results with the two-cell
battery pack used in this chapter, applicability of impedance-based temperate estimation to real applications with full-size battery packs has come one step closer.
Still, further improvements such as (dis)charge current synchronisation or crosstalk
mitigation through alternate pack arrangements should be investigated, as well as
application of the method to a full-size battery pack.

Part II

State-of-Charge Estimation
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4

On Experiment Design
for Parameter Estimation
of Equivalent-Circuit Battery Models

U

sing Li-ion batteries in applications, such as electric bicycles (E-bikes),
requires proper battery management. In battery management, modelbased state estimation techniques can be used to estimate the State-of-Charge,
for which it is common to consider an Equivalent-Circuit Model (ECM). Accurate model parameters are necessary to ensure a certain quality of the state
estimate. The ECM parameters highly depend on the experiment used to
determine them and different choices of these experiments can be found in
the literature. In this chapter, first, we briefly compare the ECM with an
electrochemistry-based model and, second, we investigate the experiment design for parameter estimation of the ECM both quantitatively and qualitatively, as well as from the perspective of system identification. The use of
pulsed currents for parameter estimation, which is a commonly-used experiment, is compared to using data from a road test with the E-bike for two
different battery types. The results quantify how much the state estimation
improves when the parameters are estimated using data that represent normal
operation of an intended application.

This chapter is based on [46].
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4.1

Experiment Design for Parameter Estimation of ECMs

Introduction

The increasing popularity of electric vehicles attracts a growing interest in Lithiumion (Li-ion) batteries, which are known for their relatively high energy density. Liion batteries require a Battery Management System (BMS) to ensure safe use and
to warrant a certain lifetime of the battery. This is done by monitoring quantities,
such as current, voltage and temperature, in order to keep these within safe bounds
and to use these quantities to predict State-of-Charge (SoC) and State-of-Health
(SoH), see, e.g., [15, 17, 75, 76]. Since both SoC and SoH cannot be measured
directly, these quantities are typically estimated online using model-based techniques. While extensive electrochemistry-based models exist, see, e.g., [38, 77],
SoC estimation is typically done using an Equivalent-Circuit Model (ECM), which
describes the input-output behaviour of the battery through an electrical circuit
consisting of a voltage source and an (often linear) overpotential model, which can
be represented as a series resistance and one or more parallel connections of a resistor and capacitor, see, e.g., [78–86]. Due to the limited computational power
available in a BMS, ECMs are preferred because of their simplicity and adequate
accuracy.
Due to the nonlinear voltage source of the ECM, SoC-estimation techniques using
ECMs are often based on extensions of the Kalman filter towards nonlinear systems,
such as the Extended Kalman Filter (EKF), the central-difference Kalman filter,
the unscented Kalman filter, the sigma-point Kalman filter, etc., see, e.g., [36, 37,
87–89]. In [89], it has been shown that the EKF, if model uncertainties are ignored,
already achieves a close-to-optimal estimation accuracy (i.e., close to the so-called
Cramér-Rao lower bound). This suggests that the quality of the state estimates
mostly depends on the quality of the ECM used in the estimator. It should be noted
that an ECM can be estimated offline (i.e., perform an identification experiment
and determine the parameters) as well as online (i.e., adapt the ECM parameters
while the SoC estimation algorithm is running), see, e.g., [36, 37, 88] and Chapter 6
of this thesis. In both cases, the model quality depends on the parameter-estimation
technique as well as the information contained in the data used for parameter
estimation. In other words, different excitation signals and parameter-estimation
methods lead to different ECM parameters, which might influence the estimation
quality of the state estimator.
Ideally, given a certain battery application, the ECM should be able to approximate the relevant battery dynamics excited by this application and, therefore, SoC
estimation with online parameter estimation (or adaptation) might be preferable
[37]. However, this causes the parameter estimation and state-estimation problem
to be strongly coupled, which complicates the design of the joint-estimation method
and it also complicates the assessment of the quality of the parameter and state
estimates (which will be investigated in Chapter 6 of this thesis). Alternatively,
a wide range of literature exists which studies the offline identification of ECMs,
see, e.g., [78–86]. Still, real application data should be preferred for estimating the
parameters of the ECM in order to capture the relevant dynamics. Surprisingly,
a widely-used approach to offline parameter estimation of ECMs is to use standard tests, such as a Pulsed-Current Test (PCT), see, e.g., [78–82], or more recent
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literature, [85, 86]. This would suggest that a PCT is sufficient for exciting the relevant battery dynamics and that there is no need to use representative data. Yet,
in [83] it has been concluded that the battery should be excited with a multisine
excitation in order to capture the relevant dynamics. Moreover, it is well-known
that excitation signals for identifying a linear model of a nonlinear system should
match as well as possible the signals that will be applied later on to the model,
see, e.g., [90]. Still, the difference between using a PCT or real application data
for parameter estimation of the ECM has neither been investigated quantitatively,
nor qualitatively from a model-validation perspective.
In this chapter, we study the experiment design for the estimation of the ECM parameters and quantify its impact on the quality of the state estimation. To do so, we
will use an experiment with an electric bicycle (E-bike) where two sets of data have
been recorded for two different battery types: (1) a PCT on a single battery cell
under laboratory conditions and (2) a road test with an E-bike on the entire battery
pack with both a high-precision current sensor and a production-grade current sensor, where this road test is more representative for the application than the PCT.
We will use both data sets to estimate and (in)validate the ECM parameters with
the data from the high-precision sensor. We will consider both SoC-dependent, i.e.,
parameter-varying, and SoC-independent ECM parameters, as well as first-order
and second-order overpotential models. Also, using the production-grade current
sensor, we will use these ECMs to perform SoC estimation on the E-bike data set.
As a result, we will analyse the quality of the SoC estimation with respect to the
data used for estimating the ECM parameters. Furthermore, a short intermezzo
will be provided in this chapter in which the widely-used ECM will be compared to
an electrochemistry-based model in terms of the accuracy of simulating the inputoutput behaviour of the battery. Namely, as stated in Chapter 1, an ECM is used
in this thesis due to the fact that it is simple but accurate. To substantiate this
claim, we will briefly compare the accuracy of these two models.
The outline of this chapter is as follows. Section 4.2 presents the comparison
between the ECM and the electrochemistry-based model as well as the necessary
background on the ECM-modelling approach and the SoC-estimation approach
used in this chapter. Then, Section 4.3 demonstrates the use of pulsed-current discharge experiments for estimating the parameters of an ECM and performing SoC
estimation for the E-bike. Section 4.4 demonstrates the use of more realistic data
for parameter estimation and using these parameters for SoC estimation. Subsequently, using model-validation concepts from the field of system identification, a
different perspective on the quality of the ECMs will be presented in Section 4.5.
Section 4.6 analyses and discusses the results and conclusions are drawn in Section 4.7.

4.2

Battery Modelling and SoC Estimation

This section describes the two experiments that are used for modelling and estimation in this chapter. The first experiment is an actual experiment with an E-bike
in [91] and the second experiment is a repetition of the first experiment with a
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laboratory setup using a different battery type. Furthermore, the accuracy of the
ECM and an electrochemistry-based model will be compared and lastly, we briefly
present the modelling procedure for the ECM and we shortly introduce the SoC
estimation with an EKF using these ECMs.

4.2.1

Experimental data

The experimental data have been obtained from an E-bike experiment conducted
in [91] and a repetition of this E-bike experiment in a laboratory setup, where both
experiments consist of two separate data sets. In the first experiment, the battery
pack of the E-bike consists of a series connection of 10 commercial 10Ah Li-ion
battery cells, which will be referred to as Cell-Type A in this chapter. The first
data set of this experiment has been collected from a PCT on a single battery cell
as shown in Fig. 4.1a and Fig. 4.1b, where the battery cell has been discharged
in steps from SoC = 100% to SoC = 0% with a C-rate of 0.5C (i.e., 5A). The
combination of the extracted current in Fig. 4.1a and voltage response to the PCT
in Fig. 4.1b has been used to construct the relation between the Electromotive
Force (EMF) and the SoC (i.e., the EMF-SoC curve), which is shown in Fig. 4.1e.
For more details on the EMF-SoC relation, see Section 7.3. Note that the PCT in
Fig. 4.1a is commonly used for estimating the ECM parameters. The duration of
every pulse is 360s and, consequently, the battery is discharged by approximately
5% with every pulse.
The second data set originates from a road test with the E-bike, where it has
been ridden for three periods of approximately 17 minutes from SoC = 100% to
approximately SoC = 30%. The data captured for a single cell of the battery pack
are depicted in Fig. 4.1c and Fig. 4.1d, where it should be noted that two current
sensors have been used for the experiment as can be seen in Fig. 4.1c. The first
sensor (depicted in blue) is a production-grade sensor typically used in a BMS
for an E-bike. The second sensor (depicted in red) is a high-precision laboratory
sensor, which, due to its low-noise and high-accuracy characteristics, can be used
for battery modelling and as a validation tool for calculating the reference SoC,
using the so-called coulomb counting (CC) method, see, e.g., Chapter 1.
The difference between the current measured with the lab-grade and productiongrade sensor, Ilab and Iprod , respectively, can be observed from the insets in
Fig. 4.1c. Since the lab-grade sensor achieves a high-precision measurement of
the current, the accuracy of the production-grade sensor and the implications on
the resulting SoC estimate can be quantified. Namely, the Root-Mean-Square Error
(RMSE) of the production-grade current measurement can be computed as
q P
2
Ns
(Ilab,k − Iprod,k ) ,
(4.1)
RMSE = N1s k=1
where Ns is the number of samples of the data set. The resulting RMSE of the
production-grade current sensor is 0.66A, which is mainly due to the difference
between the current measurements of the sensors in the intervals in which the Ebike has been ridden. Moreover, the (right) inset in Fig. 4.1c clearly shows a bias
on the current measurement from the production-grade sensor, which is found to
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Figure 4.1: Measurement data of a 10Ah Li-ion battery cell of type A from the
E-bike experiment. Data courtesy of [91].
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Figure 4.2: Measurement data of a laboratory experiment with a 12Ah Li-ion
battery cell of type B using the (adjusted) current excitation from the E-bike
experiment in [91].

4.2

Battery Modelling and SoC Estimation

89

be 0.13A. Consequently, when the current measurements from both sensors would
be used in open loop for calculating the SoC using the CC method, this would lead
to an SoC deviation at the end of the E-bike road test of 2.6% when using the
production-grade sensor compared to the using the lab-grade sensor.
A second experiment has been conducted where the measured currents from both
data sets of the E-bike experiment (i.e., the PCT and the road test) have been used
as excitation signals for a different battery cell — a single 12Ah Li-ion battery cell
— in a laboratory environment. This battery cell will be referred to as Cell-Type B
in this chapter. Since the battery cell in the second experiment has a larger capacity than the battery cells in the original E-bike experiment in [91], the applied
current has been scaled proportionally so as to achieve the same C-rate. Similar to the original E-bike experiment, a production-grade and a (high-precision)
laboratory-grade current sensor have been used for the experiment. Furthermore,
the laboratory setup consists of a climate chamber to precisely control the temperature. For this experiment, the ambient temperature has been kept at 20◦ C.
The experimental data from the second experiment are shown in a similar fashion
as the first experiment in Fig. 4.2 — note the similarities between Fig. 4.1 and
Fig. 4.2. The data obtained with the PCT are shown in Fig. 4.2a and Fig. 4.2b
for the battery current and battery voltage, respectively. Note that the battery
has been discharged using current steps with an amplitude of 6A, resulting in a
C-rate of 0.5C, which is identical to the C-rate of the original E-bike experiment.
The resulting EMF-SoC relation that has been inferred from the PCT is depicted
in Fig. 4.2e.
The data of the second data set with the road-test data are shown in Fig. 4.2c and
Fig. 4.2d for the battery current and battery voltage, respectively. The measured
battery current in Fig. 4.2c is depicted for the production-grade sensor in blue and
the lab-grade sensor in red. Especially the inset at the right in Fig. 4.2c shows
that there is a (time-varying) bias on the production-grade sensor with respect
to the lab-grade sensor. Using (4.1), the RMSE of Iprod is found to be 0.05A.
Consequently, if coulomb counting would be employed to obtain the SoC for the
road test, this would lead to an SoC deviation at the end of the road test of 0.6%.
This deviation is substantially smaller than for the first experiment, indicating that
the production-grade sensor used in the second experiment is more accurate than
the production-grade sensor used in the first experiment. Nevertheless, if coulomb
counting would be employed for the PCT of this experiment in Fig. 4.2a — which
is a longer test than the road test — the SoC deviation is found to be 6.8% at the
end of the PCT, which is still a significant SoC error.

4.2.2

Accuracy Comparison of ECM and DFN Model

In applications such as a BMS for an E-bike, it is important to run low-complexity
algorithms to keep the computational load at a minimum. Therefore, instead of
using complex electrochemistry-based models, see, e.g., [38], the relatively simple
but adequate ECM (see Fig. 1.5a) is widely used for modelling the dynamical
behaviour of batteries, see, e.g., [78–86]. However, as mentioned previously, the
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quality of the SoC estimation heavily depends on the quality of the battery model.
Therefore, as a short intermezzo in this chapter, the quality of the popular DoyleFuller-Newman (DFN) model, see, e.g., [38] — also known as the P2D model,
see, e.g., [13] and Chapter 1 — will be compared to the quality of the ECM in
order to quantify the performance of both models in terms of the ability of these
models to capture the input-output behaviour (i.e., the behaviour from current
input to voltage output) of the battery. More precisely, the quality of the models
will be assessed in terms of the accuracy of the voltage simulation based on a
measured input current profile. It should be noted that the quality of the voltage
simulation of both models does not directly relate to the (expected) quality of the
SoC estimation, which is not considered in this short intermezzo.
To compare the ECM and DFN model, a short experiment has been conducted
with the 12Ah battery cell (i.e., Cell-Type B) using the laboratory setup. The
current profile depicted in Fig. 4.3a has been applied to Cell-Type B at T = 20◦ C
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Table 4.1: Comparison of the ECM and the SDFN model at SoC = 80%.

RMSE of voltage [mV]
Simulation time [s]
Real-time multiple [-]

ECM
6.3
0.1
50 × 103

SDFN
5.7
3.8
1.4 × 103

for SoC = 50% and SoC = 80%. Using the measured current and voltage at
SoC = 50% in Fig. 4.3a and Fig. 4.3b, respectively, an ECM and a DFN model for
Cell-Type B have been identified. Before introducing the details of the modelling
procedure of the ECM (which will be described in the next section), we will first
focus on the comparison between the ECM and DFN. For the purpose of this
comparison, a first-order ECM has been identified with the procedure described
in Section 4.2.3. The DFN model has been constructed and simulated using the
so-called SDFN model, which is a simplified version of the DFN model, see [40].
With respect to the typical implementation of the DFN model, the SDFN model
has a reduced complexity and, consequently, reduced simulation times by three
orders of magnitude.
Subsequently, the accuracy of both models (identified at SoC = 50%) is assessed
by performing a simulation of the models with the data set from the measurements
at SoC = 80%. The measured voltage and simulated voltages of the ECM and
SDFN model are shown in Fig. 4.3c, where the measured voltage is depicted in
blue and the modelled voltages are depicted with a black and red line for the ECM
and SDFN model, respectively. The simulation errors of the models are shown
in Fig. 4.3d. Note that both models use the same EMF-SoC relation, i.e., the
one shown in Fig. 4.2e. Consequently, the only difference between the models is
the way the (dynamical) overpotential behaviour has been modelled. It can be
seen in Fig. 4.3c and Fig. 4.3d that both models are relatively accurate, which
is supported by the RMSE of the simulation as denoted in Table 4.1. Moreover,
it can be concluded that both models yield a similar accuracy, where the SDFN
model is slightly more accurate. In terms of the simulation time of the profile in
Fig. 4.3, the ECM is approximately 40 times faster than the SDFN model as given
in Table 4.1. Furthermore, Table 4.1 shows how much faster than real-time both
models can be simulated. It should be noted that the simulation times — and the
real-time multiple — are based on a simulation with a laptop computer, whilst in
a BMS the computing power will be limited. Therefore, these numbers can only
be used to compare the relative performance of both models. For the particular
battery cell in this comparison, it can be stated that, for the purpose of accurately
describing the voltage behaviour of the battery, the ECM is adequately accurate
with only a limited simulation time. It should be noted that, due to the different
parametrisation of the ECM and DFN model, the quality of the voltage simulation
of the models does not necessarily reflect the SoC-estimation quality that can be
expected when using these models in an SoC-estimation scheme. Therefore, no
conclusions on the SoC-estimation quality of the models can be drawn here.
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Procedure for Equivalent-Circuit Modelling

The ECM is shown in Fig. 1.5a of Chapter 1 and consists of a nonlinear EMF-SoC
relation denoted by V EMF (s), where s denotes the SoC, combined with a linear
model describing the overpotential V op . Furthermore, the input for the ECM is
the battery current I batt and the output is the battery voltage V batt , which can be
written as
V batt = V op + V EMF (s).
(4.2)
The relation in (4.2) indicates that the complete battery model consists of three
elements, namely, the dynamics of the overpotential V op , the SoC dynamics s and,
lastly, the nonlinear function V EMF (s). Using (4.2), V EMF (s) and the experimental
data with input sequence I batt and output sequence V batt , firstly, V op can be
computed for the entire data sequence. Subsequently, a first-order input-output
model of the overpotential V op can be constructed by using an Auto-Regressive
model with eXogenous inputs (ARX), which is selected due to its relatively simple
model structure. The ARX model is given by
op
batt
V̂kop = b0 Ikbatt + b1 Ik−1
− a1 Vk−1
,

(4.3)

where the coefficients b0 , b1 and a1 can be computed by minimising a (linear) leastsquares criterion of the form
PNs
op
op
(4.4)
k=1 kVk − V̂k (b0 , b1 , a1 )k,
where V̂ op is the predicted overpotential from (4.3) and Ns is the length of the
data sequence. Subsequently, based on the definition of the SoC in Chapter 1, the
SoC dynamics can be incorporated by means of the CC method, given by
sk+1 = sk +

Ts batt
,
C0 Ik

(4.5)

where Ts is the discrete sampling time and C0 is the battery capacity in [As]. Now,
the input-output model from (4.3) can be written as a state-space model, e.g., using
the observable canonical form. Using this canonical state-space representation, the
fact that we use a first-order ARX model, the SoC dynamics in (4.5) and the
function V EMF (s), the complete battery model consists of a linear state equation
and a nonlinear output equation, given by
#
"
#" # "
#
"
Ts
s
1
0
s

k
k+1
C0


+
uk
=

ok+1
0 −a1 ok
b1 − a1 b0
(4.6)
{z
}
| {z }
|


=A
=B


yk
= V EMF (sk ) + ok + b0 uk ,
where Ts = 1s and sk ∈ [0, 1], ok ∈ R, uk ∈ R and yk ∈ R denote the SoC,
overpotential state, battery current Ikbatt and battery voltage Vkbatt , respectively,
at discrete-time instant k ∈ N. Note that uk = Ikbatt and yk = Vkbatt are used to
comply with the typical notation in control engineering.
A different representation of the ECM as denoted in (4.6) (and depicted in
Fig. 1.5a) can be given by interpreting (4.6) as a so-called Wiener model, which
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is a linear model with a static nonlinearity at the output, see, e.g., [92, Chapter 5]. Fig. 4.4 shows a block diagram of (4.6) as a slightly modified Wiener model,
where the output of the model is the sum of the outputs of the linear model and
the static output nonlinearity, y L and y NL , respectively. By using this modified
Wiener model, we can explicitly distinguish between the two model components of
the ECM, i.e., the linear model (which consists of the linear overpotential model
and the linear SoC dynamics) and the nonlinear output function V EMF (s) (which
has been identified using a separate experiment). Moreover, the grey box with the
linear model in Fig. 4.4 indicates the focus of this chapter, which is the identification of one part of the linear model: the linear overpotential model. The other
part, the linear SoC dynamics, are determined by the parameter C0 , which has
been found by the separate characterisation experiment that has also been used to
determine the static nonlinearity V EMF (s).
The battery model in (4.6) can be constructed using either the input-output data
from the PCT or the input-output data from the E-bike road test. Moreover, since
the data spans (part of) the SoC range, it is possible to construct an SoC-dependent
model. Therefore, instead of performing the step in (4.3) and (4.4) once for the
entire SoC range, an ARX model of the overpotential V op can be computed for
every step in the SoC range, resulting in SoC-dependent ARX coefficients. For the
complete battery model in (4.6), this yields
(
xk+1 = A(sk )xk + B(sk )uk
(4.7)
yk
= V EMF (sk ) + ok + b0 (sk )uk ,

>
o>
with xk = s>
and where the model for V op can be interpreted as a Linear
k
k
Parameter-Varying (LPV) model. Alternatively, higher-order overpotential models
can be used. Let N denote the model order of the overpotential model, then, for
N = 2, the ARX model is given by
op
op
batt
batt
V̂kop = b0 Ikbatt + b1 Ik−1
+ b2 Ik−2
− a1 Vk−1
− a2 Vk−2

(4.8)

and subsequently, a similar procedure as the one used for (4.6) can be employed to
arrive at a third-order battery model with a second-order overpotential model.
In conclusion, both data sets under consideration in this chapter can be used to
construct battery ECMs with different model orders and in case of the PCT data,
SoC-dependent model parameters can be found. It should be noted that in this
chapter, we consider the discharge of batteries only. Therefore, we do not take into
account hysteresis of the EMF-SoC relation in the ECM.

sk

uk

V EMF(sk)

ykNL = V EMF(sk)
+

Linear Model
ykL = Vkop

yk

+

Figure 4.4: Representation of the battery ECM as a (modified) Wiener model.
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4.2.4

Extended Kalman Filter for SoC Estimation

Due to the nonlinear function V EMF (s) of the ECM, a nonlinear observer is required. The EKF is a popular observer for use in SoC estimation (or joint estimation of SoC and model parameters) for batteries since, with the proper tuning, it
works well [37, 87, 88]. Moreover, it has been shown that, with the proper tuning
and when model uncertainties are ignored, the EKF already achieves a close-tooptimal estimation accuracy [89]. The EKF will be combined with the ECM in
(4.6) to estimate the states sk (i.e., the SoC) and ok of the model. Note that, due
to the direct-feedthrough term in (4.6), the overpotential state ok is not equal to
the overpotential Vkop of the battery. Using the aforementioned state estimates,
the EKF also produces an estimate of the output yk of (4.6), which can be interpreted as the estimated battery voltage and, therefore, will be denoted by V̂ batt
in this chapter. Moreover, the positive-definite matrices Q and R denote the covariance matrices representing process noise and measurement noise, respectively.
Since process noise is often used to represent model uncertainty, it can be argued
that it is not truly a source of noise which can be determined exactly. Although
measurement noise can be determined from data, it is the ratio between Q and
R that is important for the performance of the EKF and, consequently, Q and
R are often used as parameters which are manually tuned so as to give the best
estimation performance [37].

4.3

PCT-based ECM for SoC Estimation

In this section, we use the PCT data from both experiments in Fig. 4.1 and Fig. 4.2
to estimate the parameters of the ARX-based overpotential models such as the firstorder model in (4.3). The EMF-SoC relation of both cell types (i.e., Cell-Type A
and Cell-Type B) as depicted in Fig. 4.1e and Fig. 4.2e has also been inferred from
the PCT data as mentioned in Section 4.2.3. The resulting ECMs will then be
validated against the road-test data, which consists of two separate steps:
1. Simulation of the battery model.
The models will be simulated using the measured (road-test) current of the
production-grade sensor as an input. Subsequently, the estimated voltage
output V̂ batt of the models can be compared to the measured (road-test)
voltage V batt by calculating the voltage simulation error V batt − V̂ batt . Using
this simulation error, the model quality can be assessed.
2. Estimation with the EKF.
The models will be used in combination with an EKF to perform state estimation, i.e., estimation of the SoC and the overpotential state(s). Using
an SoC reference, the SoC estimation error can be computed so as to assess
the quality of the SoC estimation. Moreover, using the estimated voltage
output V̂ batt that follows from the state estimates, the estimation error of
the voltage estimation can be inspected as well.

4.3
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Using the modelling procedure presented in Section 4.2.3, four different overpotential models have been constructed for each Cell-Type; a set of two Linear TimeInvariant (LTI) models and a set of two LPV models, where both sets of models
consist of a first-order overpotential model and a second-order overpotential model.
The overpotential models are then combined with the nonlinear EMF-SoC relation
to form four battery ECMs. It should be noted that the PCT data up to t = 50000s
has been used for the parameter estimation of the models as this corresponds to
the SoC range of the road-test data. Moreover, using the entire range of the PCT
data would also put emphasis on the range SoC < 30%, where the overpotential
behaviour is typically (highly) nonlinear. This can be seen in Fig. 4.1b, where
the battery voltage displays different behaviour from t = 50000s to the end of the
PCT whilst the amplitude of the input current remains the same (or becomes even
smaller).
The four PCT-based models of each cell type have been simulated using the
respective road-test data of both cell types as an input to the models, where for
Cell-Type A the data from cell 3 was used, which is a different cell than the one
used for parameter estimation. For Cell-Type B, the same cell was used as only one
cell has been used in the laboratory experiment. The voltage simulation errors of
the models are shown in Fig. 4.5a and Fig. 4.5b, for Cell-Type A and Cell-Type B,
respectively. Note that the voltage error is computed as V batt − V̂ batt and that
for both figures, the scaling of the axis is equal. The ECMs with first-order and
second-order LTI overpotential models, LTI-PCT-1 and LTI-PCT-2, respectively,
are depicted with blue and red lines. The LPV models with first-order and secondorder LPV overpotential models, LPV-PCT-1 and LPV-PCT-2, respectively, are
depicted with magenta and green lines. It can be seen from Fig. 4.5a and Fig. 4.5b
that there is a relatively large simulation error for Cell-Type A and a much smaller
simulation error for Cell-Type B. This suggests that the PCT-based models of
Cell-Type A do not capture the behaviour of the road test accurately, whilst the
PCT-based models of Cell-Type B are relatively accurate. This is supported by
the RMSEs of the voltage simulation in Table 4.2, which are calculated using V batt
and V̂ batt in (4.1). Moreover, it is interesting to note that in case of Cell-Type B,
the LPV-PCT models yield a smaller RMSE than the LTI-PCT models as denoted
in Table 4.2, whilst for Cell-Type A, the RMSEs are comparable for these models.
Therefore, it can be expected that when the PCT-based models of Cell-Type A
are used for estimation with the EKF in order to estimate the SoC in case of the
data from the E-bike road test, the SoC estimates will be inaccurate. The input for
the EKF is the measured battery current I batt from the production-grade sensor,
depicted in blue in Fig. 4.1c and Fig. 4.2c for Cell-Type A and B, respectively.
Furthermore, the EKF tuning parameters, Q and R, have been tuned so that the
SoC estimate converges to the true SoC within 1000s with an SoC accuracy ±5%.
The resulting parameters are given by R = 1 and Q = αI, where α = 1 · 10−4 and I
is an identity matrix with a size that is equal to the state dimension of the battery
model. Although the true SoC starts at SoC = 1 (or 100%), the initial condition
for the SoC has been set to SoC = 0.9 in order to verify whether the EKF works
properly, which is reflected in the estimated SoC tracking the reference SoC after
wrong initialisation of the estimated SoC.
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Figure 4.5: Voltage and SoC errors in case of simulation and estimation for the
PCT models and for both battery-cell types using the current excitation from the
road test (measured with the production-grade sensor).
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Table 4.2: Simulation and estimation (EKF) results in terms of RMSE of battery
voltage and SoC (using road-test data with correct initial conditions). Results for
three types of models are shown: a Linear Time-Invariant (LTI) model based on
the Pulsed-Current Test (PCT); a Linear Parameter-Varying (LPV) model based
on the PCT and an LTI model based on the (DYNamic) road test.
Simulation
RMSE V̂
Model
LTI-PCT
LPV-PCT
LTI-DYN

batt

[mV]

Estimation (EKF)
RMSE V̂

batt

[mV]

RMSE SoC [%]

N

A

B

A

B

A

B

1

60.5

14.0

40.3

10.6

6.4

1.0

2

61.1

14.3

40.5

10.7

6.5

1.0

1

61.3

10.3

22.4

3.9

7.2

0.9

2

61.7

10.4

38.7

7.9

6.0

0.7

1

20.7

10.1

17.8

8.4

1.5

0.7

2

20.2

9.5

17.3

7.9

1.5

0.7

The resulting estimation error of the estimated battery voltage V̂ batt and SoC
of Cell-Type A are depicted in Fig. 4.5c and Fig. 4.5e, respectively. For CellType B, the voltage and SoC estimation error are depicted in Fig. 4.5d and Fig. 4.5f,
respectively. It can be seen that the performance of the estimation of Cell-Type A
is unsatisfactory. Namely, all of the PCT-based models yield a poor estimation
of the battery voltage as indicated by the voltage error in Fig. 4.5c and, as a
consequence, the SoC estimation error is relatively large with a maximum error
of approximately −15%. Note that the SoC reference has been calculated using
the CC method with the data from the lab-grade current sensor in Fig 4.1c and
Fig 4.2c for Cell-Type A and B, respectively (although the actual SoC is unknown,
this reference is assumed to be as close to the true SoC as possible). Similar to the
simulation of the models for Cell-Type B, the estimation for Cell-Type B with the
EKF yields relatively small estimation errors for both voltage and SoC compared
to the estimation errors for Cell-Type A. This can be seen by comparing the voltage
errors in Fig. 4.5c and Fig. 4.5d for Cell-Type A and Cell-Type B, respectively, as
well as the SoC error in Fig. 4.5e and Fig. 4.5f for Cell-Type A and Cell-Type B,
respectively. The accuracy of the estimation can also be seen from the RMSEs of
the estimated voltage and SoC in Table 4.2. It should be noted that the results
for the estimation in Table 4.2 are obtained in case of using the correct initial
condition for the SoC in the simulation, i.e., SoC = 1. It can be seen that the
RMSEs for SoC estimation with Cell-Type A are comparable for all PCT-based
models. For Cell-Type B, the RMSEs indicate that the LPV models yield a moreaccurate performance, which is in line with the RMSE results of the simulation.
Moreover, note that, generally, the difference in performance between the models
with a first-order or second-order overpotential model is relatively small.
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In short, depending on the Cell-Type and using PCT-based models of these cells,
the results in terms of the simulation accuracy as well as the estimation accuracy
can be quite different. Whilst the simulation and estimation results with the models
of Cell-Type B are relatively accurate, the results with Cell-Type A are far from
satisfactory. Namely, the simulation yields large errors for all models, resulting in
an EKF that desperately tries to correct for these errors in the estimation, giving
poor estimation results. Therefore, the next step is to investigate whether more
accurate models, based on more representative data (i.e., the road-test data), can
substantially improve the estimation results of Cell-Type A. For Cell-Type B, it will
be interesting to investigate how much the estimation results can be improved by
using models based on the road-test data, since the estimation with the PCT-based
models is already relatively accurate.

4.4

Realistic-data-based ECM for SoC Estimation

This section repeats the approach presented in the previous section. However, now,
the data from the E-bike road test have been used to estimate the parameters of
the ARX-based overpotential models (i.e., parameters a1 , b0 and b1 in (4.3) in case
N = 1). The EMF-SoC relation cannot be derived from road-test data and has
been taken from the PCT data. In order to validate the models on different data
than the data used for parameter estimation of the models, the second section of
the road test data for both experiments, i.e., from t = 2600s to t = 3800s as shown
in Fig. 4.1 and Fig. 4.2, has been used for parameter estimation in this section.
Subsequently, the entire range of the road-test data is used for SoC estimation
and model validation, making it a different data set than the identification data
set. Moreover, since the original E-bike experiment with Cell-Type A has been
performed for 10 battery cells, cell 1 will be used for estimation of the parameters
and cell 3 will be used for the validation. Since only a subset of the available roadtest data has been used for parameter estimation, there are no data available for the
entire SoC range and subsequently, it is not possible to construct models with an
SoC-dependent overpotential model. Consequently, a first-order and a second-order
LTI overpotential model have been constructed, resulting in two battery ECMs:
LTI-DYN-1 and LTI-DYN-2, respectively.
The voltage errors of the simulation of the road-test models of Cell-Type A and
Cell-Type B are shown in Fig. 4.6a and Fig. 4.6b, respectively. For Cell-Type A, it
can be seen that these models are more accurate than the PCT-based models from
Section 4.3 in Fig. 4.5a. This is supported by the RMSEs of the simulation denoted
in Table 4.2. Compared to the voltage error for Cell-Type A in Fig. 4.6a, the voltage error of Cell-Type B in Fig. 4.6b is substantially smaller. However, compared
to the voltage error of the simulation of the PCT-based models in Fig. 4.5b, it is
not straightforward to visually confirm whether using the road-test models has improved the modelling accuracy for Cell-Type B. Based on the RMSEs in Table 4.2,
it can be stated there is an improvement with respect to the LTI-PCT models.
However, the simulation of the LPV-PCT models seems to be equally accurate for
Cell-Type B.
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Figure 4.6: Voltage and SoC errors in case of simulation and estimation for the
road-test models and for both battery-cell types using the current excitation from
the road test (measured with the production-grade sensor).
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In contradiction to the estimation with the PCT-based models of Cell-Type A,
using the EKF with the road-test models of Cell-Type A yields more satisfactory
results as shown in Fig. 4.6c and Fig. 4.6e for the estimation errors of the battery
voltage and the SoC, respectively. Note that, in order to make a fair comparison, the covariance matrices of the EKF are equal to those used in Section 4.3.
The RMSEs of the estimated battery voltage and SoC are shown in the fifth and
seventh column of Table 4.2, respectively. It should be noted that these RMSEs
have been obtained with a new simulation with correct initial condition SoC = 1.
Table 4.2 confirms that, for Cell-Type A, both the RMSE of the voltage as well as
the RMSE of the SoC are considerably smaller for the road-test models compared
to the RMSEs for the PCT-based models. The estimation results for Cell-Type B
are depicted in Fig. 4.6d and Fig. 4.6f for the estimation errors of the battery voltage and SoC, respectively. Although a visual comparison of the estimation results
for Cell-Type B in Fig. 4.5 and Fig. 4.6 does not give much clarity on a possible improvement due to the use of the road-test data for modelling, the RMSEs
in Table 4.2 show a similar trend as for the simulation. Namely, the estimation
errors have improved with respect to the LTI-PCT models, but they are (approximately) similar to the LPV-PCT models. Compared to the estimation errors of
Cell-Type A, the estimation errors of Cell-Type B are substantially smaller.
In summary, using road-test data for parameter estimation of the ECM has considerably improved the accuracy of the simulation of Cell-Type A and consequently,
the estimation accuracy has improved significantly. For Cell-Type B, it has been
shown in Section 4.3 that the PCT-based models already achieve relatively accurate results. In this section, it has been shown that using more representative
data results in a marginal improvement of the estimation accuracy with respect to
the LTI models of Cell-Type B, whereas the LPV-PCT-2 model from Section 4.3
achieves comparable accuracy.

4.5

Model Validation using Residual Tests

As shown in the previous section, the PCT-based models of Cell-Type A yield
inaccurate voltage and SoC estimation when used for estimation purposes with
the road-test data. This suggests that the PCT-based models are not able to
correctly capture all the, possibly nonlinear, dynamical behaviour of Cell-Type A
from parameter estimation with the PCT data. Although the models based on
the road-test data of Cell-Type A are more accurate, still, it appears from the
RMSEs of the voltage simulation in Table 4.2 that these models do not capture all
dynamics. This is not the case for Cell-Type B as both the PCT-based models as
well as the models based on the road-test data yield relatively accurate estimation
results as denoted in Table 4.2. Still, the models based on the road-test data of
Cell-Type B yield more accurate results compared to the LTI models based on the
PCT data.
Therefore, we will further investigate how well the models of both cell types have
captured the behaviour of these cells. More precisely, in order to verify whether the
dynamical behaviour of the overpotential has been captured by the linear models

4.5
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(in case of simulation), residual tests can be used, where the auto-correlation and
cross-correlation of the residual εk = Vkop − V̂kop of the (one-step ahead) predicted
overpotential V̂kop in (4.4) have been inspected, see, e.g., [92]. The sample crossbatt
correlation between the residual εk and the input (i.e., the battery current Ik−τ
)
is given by
PNs −τ
Ns
batt
εk Ik−τ
(4.9a)
RεI
(τ ) = N1s k=1
and the sample auto-correlation of the residual εk is given by
PNs −τ
RεNs (τ ) = N1s k=1
εk εk−τ

(4.9b)

where Ns is the number of samples of the validation data set and τ is the time
lag. Fig. 4.7 depicts the results of the auto-correlation and cross-correlation tests
for both cell types. For readability of the figure, results for the LTI-PCT models
have been omitted due to their inaccuracy compared to the other models as shown
in Table 4.2 and will not be discussed further in this section. Note that, although
these tests are typically performed for linear models, the LPV models are also
included in the tests. As mentioned previously, all models have been validated
using the road-test data as depicted in Fig. 4.1c and Fig. 4.1d for Cell-Type A and
in Fig. 4.2c and Fig. 4.2d Cell-Type B, respectively. In this case, the third section
of the road-test data (i.e., from from t = 5100s to t = 6300s) has been used for
performing the residual tests, ensuring that the validation data are not the same
as the data that have been used for parameter estimation (i.e., the second section
of the road test). Moreover, the currents measured with the lab-grade sensor as
depicted in red in Fig. 4.1c and Fig. 4.2c have been used for these tests as we
are looking to (in)validate the quality of the models as a result of the modelling
procedure and not the ability of an estimator to correct for sensor noise or bias.
For both tests a 99%-confidence interval has been used, see [92], which means that
correlations that lie within the confidence interval can be interpreted as having “no
correlation”. For ease of comparing the results, all correlations shown in Fig. 4.7
have been normalised and their absolute values have been taken, denoted by R̄εNs
Ns
and R̄εI
for the auto-correlation and cross-correlation, respectively.
Ns
The cross-correlation functions R̄εI
(τ ) for Cell-Type A and Cell-Type B are
depicted in Fig. 4.7a and Fig. 4.7b, respectively. The test on the cross-correlation
function is typically used as a check on the accuracy of the model, indicating
possible unexplained linear relations. For both cell types, it can be seen that
the cross-correlation is non-zero (for the range of τ that is shown) for all models,
batt
suggesting that parts of the input Ik−τ
are still present in the residual εk and thus
not explained properly (and causally) by the models, indicating model inaccuracy
of the linear models. From (4.9a) it can be inferred that correlation between εk
batt
and Ik−τ
for positive values of τ means that the residual is correlated with past
batt
inputs, whereas correlation between εk and Ik−τ
for negative values of τ means
correlation of the residual with future inputs. The latter case may be an indication
of the presence of feedback loops in the data.

The cross-correlation tests of Cell-Type A in Fig. 4.7a show that the residuals
are correlated with future inputs. Since the parameter estimation has not been
performed under closed-loop conditions, most likely, this points to the fact that the
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underlying system in nonlinear, which cannot be captured properly by the linear
overpotential models, see, e.g., [90]. In other words, the battery is a nonlinear
system and by using a linear model to capture its behaviour, we are looking for
the so-called best linear approximation [90]. For Cell-Type B, the overall crosscorrelation in Fig. 4.7b is either relatively small or lies within the confidence bound,
except for small positive values of τ . Note that the cross-correlation for small
positive values of τ is also present Fig. 4.7a for Cell-Type A. Correlation of εk with
past inputs for small τ typically indicates that the presumed time delay in the
model is chosen too high. However, the presumed time delay has been chosen zero
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Figure 4.7: Cross-correlation (top row) and auto-correlation (bottom row) with
99%-confidence interval for four selected models and for both types of battery cells.
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in this chapter, which can be seen from the direct feed-through term b0 in (4.3) and
(4.8) for the first and second-order overpotential models, respectively. Therefore,
this may also indicate that the behaviour of the underlying system is nonlinear,
which cannot be captured by the linear models. It is interesting to note that the
LTI-DYN-2 model of Cell-Type B is almost perfect as it only shows a non-zero
cross-correlation at τ = 1 in Fig. 4.7b.
Alternatively, the fact that there is cross-correlation between the residuals and
the inputs may indicate that the chosen model order is not high enough. In order to
verify whether a higher model order yields better results of the cross-correlation test
(preferably no cross-correlation to validate the model), the test has been repeated
for higher-order models N = {3, 5, 20} of the LTI-DYN model of Cell-Type B as
shown in Fig. 4.8a. For reference, the cross-correlation with the LTI-DYN-2 model
(as depicted in Fig. 4.7b) is shown as well in this figure. The corresponding autocorrelation test is depicted in Fig. 4.8b for the sake of completeness. It can be seen
in Fig. 4.8a that a higher model order, compared to the previously selected model
order N = 2, does not improve the results of the cross-correlation test. In fact,
the results may even imply that the cross-correlation becomes larger for a higher
model order as seen for the LTI-DYN-20 model of order N = 20 compared to the
other model orders shown in Fig. 4.8a. Consequently, the results suggest that it is
unlikely that the non-zero cross-correlation originates from selecting too low model
orders.
Fig. 4.7c and Fig. 4.7d show the auto-correlation function R̄εNs (τ ) for the models
of Cell-Type A and Cell-Type B, respectively. The auto-correlation test is a more
severe test than the cross-correlation test since it requires an accurate battery model

(a) Cross-correlation.

(b) Auto-correlation.

Figure 4.8: Cross-correlation (left) and auto-correlation (right) with 99%confidence interval for four different model orders, i.e., N = {2, 3, 5, 20}, of the
LTI-DYN model for Cell-Type B.
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— which has been checked by using the cross-correlation test — and an accurate
noise model. The auto-correlation tests on the residual signals of both cell types
show non-zero auto-correlation of the residual εk for all models. As such, it can be
concluded that εk is not a realisation of a white-noise process, since a white-noise
process should only show a correlation of magnitude 1 at τ = 0. Typically, this
non-zero auto-correlation is an indication of a poor noise model. However, since
the models have already been invalidated by the cross-correlation test, it may also
be a confirmation of the fact that the linear battery models are not perfect.
In conclusion, the results of the residual tests provide further insights for the
simulation and estimation results denoted in Table 4.2. Namely, for both cell
types, it is suggested that none of the models correctly capture the (nonlinear)
battery behaviour, even for higher model orders. However, the cross-correlation
tests indicate that the quality of the model of Cell-Type B is better than CellType A, which explains the results in Table 4.2. Moreover, the cross-correlation
results may indicate that the behaviour of Cell-Type A is more nonlinear than
the behaviour of Cell-Type B, based on the non-causal correlation in Fig. 4.7a.
Therefore, it is difficult to capture the nonlinear behaviour of Cell-Type A with a
linear model, whereas the behaviour of Cell-Type B (in the considered excitation
range) is more linear and subsequently, a linear model for Cell-Type B may be
adequate to capture its behaviour. Still, all models have been invalidated by the
residual tests.

4.6

Discussion

The residual tests in Fig. 4.7 indicate that none of the models (for both cell types)
capture the dynamical behaviour of the battery cells properly. This is most likely
due to the fact we are aiming to find the parameters of a linear (in some cases
parameter-varying) model for the overpotential behaviour, while the underlying
system is nonlinear and infinite-dimensional. Although the underlying system is
nonlinear, it is not necessarily a problem to use a linear and consequently, imperfect, model. However, in that case one should understand the range of validity
of the linear model very well. Namely, the linear approximation of the nonlinear
system is only reliable under the conditions for which it has been obtained, see,
e.g., [90]. Therefore, it is important to consider the amplitude and frequency content of the excitation signal used for parameter estimation. It can be seen from
the experimental data of both cell types in Fig. 4.1 and Fig. 4.2 that there is a
clear difference in the amplitude of the excitation of more than a factor 2 between
the PCT and the road test and consequently, the excitation signal for parameter
estimation does not match the excitation signals that are applied when using the
E-bike.
In Section 4.3 and Section 4.4 it has been shown that the range of validity of the
models of Cell-Type A is indeed limited, which is most likely for a large part due to
the aforementioned mismatch in excitation signals. Namely, using the PCT-based
models for SoC estimation with the road-test data is significantly less accurate
than using models based on the road-test data as can be seen in Table 4.2. For
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Cell-Type B, the effect of the mismatch in excitation signals is less pronounced as
the difference in estimation accuracy between the PCT models and the road-test
models is relatively small. In other words, the approximating linear PCT-based
models of Cell-Type B are substantially more accurate than the PCT-based models
of Cell-Type A when the excitation level exceeds the excitation level used for the
parameter estimation. Therefore, it can be stated that the models of Cell-Type B
have a larger extrapolation capacity.
The difference in extrapolation capacity between Cell-Type A and Cell-Type B
may be explained by the fact that the behaviour of Cell-Type B is more linear —
in the excitation range that is considered — than the behaviour of Cell-Type A as
indicated by the cross-correlation tests with the overpotential models in Fig. 4.7a
and Fig. 4.7b for Cell-Type A and Cell-Type B, respectively. For the models of
Cell-Type B, there is almost no cross-correlation for negative values of τ . To further explore this hypothesis, the pseudo-measured overpotential — V op has been
computed using (4.2) — of both cell types is depicted in Fig. 4.9 for both experi-
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Figure 4.9: Pseudo-measured overpotential V op of PCT and road test for both
types of battery cell types (in blue). For reference, the simulated overpotential of
the LTI-PCT-1 model is depicted with a dashed red line in all figures.
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ments. In all subfigures of Fig. 4.9, the measured overpotential is depicted in blue
and the simulated overpotential based on the first-order PCT-based LTI models is
depicted with dashed red lines. Fig. 4.9a and Fig. 4.9b depict the overpotential
of Cell-Type A and Cell-Type B, respectively, in case of the PCT data. It can be
seen that the modelled and measured overpotential voltages for both cell types are
in relatively good agreement, which is not surprising since the models have been
constructed with similar data. However, when using the LTI-PCT-1 models of both
cell types in combination with the respective road-test excitation signals of these
cell types, it can be seen that the measured and modelled V op of Cell-Type B in
Fig. 4.9d are still in relatively good agreement, whilst the measured and modelled
V op of Cell-Type A in Fig. 4.9c do not match.
This can be explained by analysing the current-voltage relation of the cell types,
which is not necessarily linear, see, e.g., Chapter 3 in [15]. The battery currents (or
excitation signals) corresponding to the PCT and road test for Cell-Type A and
Cell-Type B are depicted in Fig. 4.1 and Fig. 4.2, respectively. For Cell-Type A,
the amplitude of the current pulses in Fig. 4.1a is approximately 5A, resulting in a
maximum amplitude of the measured overpotential (in blue) in Fig. 4.9a of approximately 0.17V. Based on the second section of the road-test excitation in Fig. 4.1c,
in a linear current-voltage relation it is expected that the amplitude of the overpotential will be approximately 0.31V, based on the amplitude of the battery current
of approximately 9A. Moreover, this is in agreement with the modelled overpotential voltage of the linear model in Fig. 4.9c (in red). However, the amplitude of the
measured overpotential in Fig. 4.9c is approximately 0.19V, clearly indicating that
the current-voltage relation of Cell-Type A is nonlinear. As mentioned previously,
the current-voltage relation for Cell-Type B is close to linear for the range used in
this chapter. This is now supported by the fact that the modelled overpotential
(from the linear PCT model) is in good agreement with the measured overpotential
of the road test in Fig. 4.9d.
Furthermore, the RMSEs in Table 4.2 show an interesting insight in the performance of first-order and second-order overpotential models, namely, using a
higher-order overpotential model does not give a significant improvement. Lastly,
the cross-correlation tests for Cell-Type A in Fig. 4.7a are similar for all models
(i.e., the PCT-based models as well as the models based on the road test), suggesting that the use of more representative data does not improve model quality (i.e.,
the ability to capture the underlying nonlinear system). However, the RMSEs in
Table 4.2 clearly indicate that the estimation benefits from a model identified with
representative data.
In conclusion, for the experiment design for approximating a nonlinear system
with a linear model, it is important to consider the nonlinearity of the system
and the amplitude and frequency content of the excitation signal for parameter
estimation. For reliability of the model under certain conditions, it is necessary to
use the proper excitation under the same conditions, see, e.g., [90]. The effect of
the proper excitation signal on the accuracy and quality of the model depends on
the (degree of nonlinearity of the) underlying system as has been shown with two
battery types in this chapter. Although the simulation results with Cell-Type B
indicate that a PCT may be adequate for modelling the battery behaviour of this
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particular cell when used for the E-bike application (i.e., the simulation results
of the LPV-PCT models and LTI-DYN models of Cell-Type B in Table 4.2 are
similar), the RMSEs for SoC estimation in Table 4.2 still suggest that the use of
the proper excitation signal yields the most accurate results.

4.7

Conclusions

For model-based State-of-Charge (SoC) estimation of batteries, Equivalent-Circuit
Models (ECMs) are widely used due to their simplicity and relatively good accuracy, as has been shown in this chapter by comparing the accuracy of the ECM
to a widely-used electrochemistry-based model. Since the estimation accuracy of
the Extended Kalman Filter, which is typically used for SoC estimation, is close to
optimal, the SoC-estimation quality mainly depends on the battery model. Moreover, the parameters of the ECM highly depend on the excitation signals used for
parameter estimation. Ideally, these signals should be chosen to be representative
of the battery application and thus excite all the relevant dynamics and amplitudes. Consequently, online estimation of parameters may be preferable since it
inherently uses representative data (which will be investigated in Chapter 6 of this
thesis). However, a wide range of literature on offline parameter estimation exists
where the excitation signal, a Pulsed-Current Test (PCT), is not representative.
In this chapter, we have studied the experiment design for estimation of ECM
parameters with two data sets from an E-bike experiment for two different battery
types. It has been shown that, instead of using a typical PCT, using input-output
data representative for normal operation of the intended application of the estimator leads to model parameters which yield a smaller root-mean-square error of the
SoC estimation, especially for the more nonlinear battery type in this study. Also,
it has been shown that the absolute improvement of the SoC estimation accuracy
depends on the specific characteristics of the battery cell. Moreover, residual tests
from the field of system identification have suggested that, typically, the ECM
cannot capture the nonlinear dynamical behaviour of the battery accurately, irrespective of the experiment design. However, the results of the SoC estimation have
shown that proper experiment design yields an ECM with satisfactory results in
terms SoC estimation. This demonstrates that the proper experiment design is an
inherent aspect of the use of an ECM for state estimation. Lastly, we have seen
that, in this case, it is not likely that the use of a higher model order for the ECM
will improve the estimation accuracy significantly, whilst using an SoC-dependent
model structure may improve the estimation, depending on the particular battery
cell.
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5

LMI-based Robust Observer Design for
Battery State-of-Charge Estimation

E

stimating the battery State-of-Charge (SoC) is often done using nonlinear
extensions of the Kalman filter. These filters do not explicitly address
convergence of the estimation error and robustness with respect to model uncertainty, and make unrealistic assumptions on the sensor noise. Therefore,
these filters require extensive tuning of the covariance matrices, which is a
tedious task. In this chapter, a robust Luenberger observer is proposed that
explicitly addresses the requirements on estimation-error convergence, robustness and noise attenuation and shows their inherent trade-off. Different observers are synthesised using polytopic embeddings of the nonlinear battery
model and using Linear Matrix Inequalities (LMIs) that provide bounds on
the `2,∞ -gain, the `∞,∞ -gain, or the `2,2 -gain between input and output (to
accommodate for model uncertainty and sensor noise). This guarantees a robustly converging SoC observer and makes its design simpler. The proposed
observers are validated and compared with an Extended Kalman Filter (EKF)
using experimental data from the road test with an electric bicycle, introduced
in Chapter 4. The results show that the performance of two out of three
proposed robust observers is similar to the EKF, while the implementation is
simpler and tuning can be done with a single tuning parameter. Interestingly,
the proposed observers that have been synthesised to bound the `2,∞ -gain and
the `∞,∞ -gain achieve similar results.
This chapter is based on [47].
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Introduction

Batteries are vital components for powering a wide range of applications. Unfortunately, the remaining charge or stored energy in batteries cannot be measured directly. Therefore, the Battery Management System (BMS) monitors current, voltage and temperature and estimates the State-of-Charge (SoC) and State-of-Health
(SoH) based on the aforementioned measured quantities with the use model-based
techniques. While this can be done using accurate electrochemistry-based battery
models, for which observers can be designed, see e.g., [93–96], an Equivalent-Circuit
Model (ECM) is often used, due to the limited computational power available in a
typical BMS, see e.g., [87, 89, 97] and Section 4.1 of this thesis. These ECMs provide
a finite-dimensional approximation with linear dynamics and a nonlinear output
function, representing the battery behaviour as an electrical circuit. Because of the
nonlinear relation between voltage and SoC, SoC estimation is typically done using nonlinear extensions of the Kalman filter, such as the Extended Kalman Filter
(EKF), see e.g., [87, 89]. The study in [89] shows that its estimation approaches the
theoretical Cramér-Rao lower bound, which indicates that, with a correct model
and proper tuning, the EKF provides a close-to-optimal estimate of the SoC.
Unfortunately, the conditions that have been presented in the literature for ensuring convergence of the estimation error of the EKF are too impractical or too
conservative for implementing an EKF for SoC estimation in a real application.
Namely, due to the fact that the EKF is based on first-order linearisation (of the
nonlinear model), conditions for convergence only exist for a limited domain of
attraction. In other words, convergence of the estimation error (i.e., the state estimate approaches the actual state as time approaches infinity) can be ensured if the
(initial) state estimate is in the neighbourhood of the actual state. For instance, in
[98], sufficient conditions for local asymptotic convergence of the estimation error
have been established, where it has been shown that an appropriate choice of the
measurement-noise covariance matrix can significantly improve the domain of attraction. However, model uncertainty has not been considered in this study. On the
other hand, in [99], model uncertainty has been considered implicitly by means of
assuming noise on the parameter estimates. In essence, the EKF addresses robustness with respect to model uncertainty and sensor noise (and the trade-off between
these two effects) only implicitly by selecting certain values for the noise-covariance
matrices for process noise and measurement noise, respectively. This means that
model uncertainty is considered to be additive Gaussian noise in the case of the
EKF, for which the physical insights remain unclear. It has also been shown in [99]
that the estimates of the EKF might be divergent or biased.
Furthermore, the stochastic stability of the discrete-time EKF has been studied in
[100], where it has been shown that the estimation error is bounded under certain
conditions. These conditions include that the model uncertainty and disturbing
noise terms are small enough, as well as that the initial estimation error is small
enough. However, due to the assumed structure of the model uncertainty in [100],
the results are conservative. Finally, in [101] it was found that sensor noise, in
terms of bias and variance, is a major cause of estimation errors in battery state
estimation. In practice, the aforementioned results from the literature support the

5.2

State-of-Charge Estimation

111

fact that the noise covariance matrices of the EKF are typically used as tuning
parameters for achieving the desired performance of the EKF. Hence, robustness
with respect to model uncertainty and sensor noise, as well as convergence of the
estimation error are addressed implicitly by the EKF. This makes tuning of the
EKF and thus arriving at a proper trade-off between model uncertainty, sensor
noise and rate of convergence a cumbersome task without explicit guidelines.
In this chapter, we propose to explicitly address the trade-off between robustness
with respect to model uncertainty and sensor noise and the decay rate of the
estimation error by designing a robust Luenberger observer, based on a polytopic
embedding of the nonlinear battery model. Different robust Luenberger observers
will be synthesised using Linear Matrix Inequalities (LMIs), in which the `2,∞ -,
`∞,∞ - or the `2,2 -gains between input and output are minimised (to accommodate
for model uncertainty and sensor noise). The synthesised observers will be validated
and compared to an EKF using experimental data taken from [91], in which an
experiment with an electric bicycle (E-bike) is presented (and has also been used
in Chapter 4). It should be noted that the temperature dependency of battery
parameters is not considered in this chapter.
The outline of this chapter is as follows. After introducing the necessary notational conventions, Section 5.2 presents the problem of SoC estimation, including
a background on battery modelling and a description of the experimental data.
Typical sources and the nature of uncertainties will also be discussed. Section 5.3
presents the proposed robust-observer design procedure. The resulting estimation
results will be given in Section 5.4, in which also a comparison with the EKF will
be presented. Conclusions will be drawn in Section 5.5.
√
x> x its 2-norm.
Nomenclature For a vector x ∈ Rn , we denote
by
kxk
:=
p
P∞
n
2
For a signal x : N → R , we denote by kxk`2 =
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State-of-Charge Estimation

In this section, first, the battery ECM that will be used in the observers will
be presented and, second, the data used to obtain the ECM and to validate the
observers by means of their estimation accuracy will be introduced. Finally, the
challenges in the observer design for battery SoC estimation will be presented.

5.2.1

Battery Modelling

The ECM is widely used for modelling the dynamical behaviour of batteries, see
e.g., [46, 87, 89, 97] and Section 4.1, and consists of the linear SoC dynamics and
a nonlinear EMF-SoC relation denoted by V EMF (s), where s denotes the SoC,
combined with a linear model describing the overpotential V op . A detailed description of the procedure for modelling an ECM has been given in Section 4.2.3,
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from which we will use the battery model in (4.6). Note that the battery model in
(4.6) employs a first-order overpotential model since using higher-order overpotential models does not significantly improve modelling accuracy for the experimental
data that are considered in this chapter (which has been shown in Chapter 4).
The capacity C0 and the function V EMF (s) can be obtained, e.g., using a Pulsed
Current Test (PCT), and the first-order overpotential model can be obtained by
applying linear system-identification techniques to fit the relation between the overpotential Vkop = V batt − V EMF (sk ) and the input current Ikbatt . In this chapter, the
overpotential model will be constructed by using an Auto-Regressive model with
eXogenous inputs (ARX), resulting in the overpotential-model coefficients a1 , b0
and b1 as denoted in (4.3) in Section 4.2.3.

5.2.2

Experimental Data

The experimental data originates from an experiment with an E-bike conducted in
[91] with 10 commercial 10Ah Li-ion battery cells connected in series, which has
been introduced in Section 4.2.1. The experiment consists of two data sets that are
both depicted in Fig. 4.1 of Chapter 4. The first data set is depicted in Fig. 4.1a
and Fig. 4.1b for the battery current I batt and battery voltage V batt , respectively.
This data set is a standard PCT, which has been used to find the capacity C0 and
the EMF-SoC relation which is depicted in Fig. 4.1e. The other data set consists
of a road test where the E-bike has been ridden in three periods of approximately
17 minutes, discharging the battery from SoC = 100% to around SoC = 30% as
depicted in Fig. 4.1c and Fig. 4.1d for the battery current I batt and battery voltage
V batt , respectively. The latter data set will be used to identify the overpotential
model of the battery.
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Figure 5.1: SoC during the E-bike experiment; calculated with the CC method
using two different current sensors.
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As mentioned in Chapter 4, the experimental road-test data in Fig. 4.1 have
been obtained using two separate current sensors: a highly accurate lab-grade
sensor and a (cheaper) production-grade sensor, see Fig. 4.1c. As an addition to
Fig. 4.1 in Chapter 4, Fig. 5.1 depicts the SoC when both sensors are used to
calculate the SoC using the coulomb counting (CC) method, see, e.g., Chapter 1.
As mentioned in Chapter 4, this results in an SoC error of 2.6% of the productiongrade sensor with respect to the lab-grade sensor at the end of the road test (i.e.,
k = 7500s). Consequently, the lab-grade sensor will be used to identify the ECM
and to construct the reference SoC1 , whereas the production-grade sensor will be
used to validate the observers. In this case, the road-test data of cell 1 (from
the E-bike battery pack of 10 cells) in the period from k = 2600s to k = 3800s
will be used to identify the overpotential parameters with Ts = 1s (which is the
same procedure as in Chapter 4). However, since these sensors show different
characteristics, uncertainty is introduced on the applied input.

5.2.3

Challenges in Observer Design

As shown in e.g., Chapter 4, an approximation or model of a physical system
will most likely not capture all the dynamics of the system, leading to inaccuracy
in the predicted input-output behaviour of the model. This inaccuracy can be
interpreted as an uncertainty in the model and can be modelled using an additive
signal representing the model residual.
Another well-known source of disturbance is the sensor noise that is generally
present in practical applications, see, e.g., Fig. 4.1c. This can be modelled as
noise that can be characterised as a disturbance on the voltage and current sensors
with non-zero mean. We consider only input uncertainty in this chapter, i.e., a
disturbance with non-zero mean on the current sensor, because in typical batterypowered applications, current sensors are significantly less accurate than voltage
sensors due to their larger range.
The modelling residual and the sensor noise can be included in the battery model

>
o>
(4.6), and the state variables sk and ok can be combined into xk = s>
,
k
k
yielding a model of the form
(
xk+1 = Axk + B(uk + vk ) + Ewk
(5.1)
yk
= h(xk ) + D(uk + vk ) + F wk ,
where xk ∈ R2 denotes the system states, vk ∈ R denotes the input uncertainty,
wk ∈ R is the signal representing the modelling residual, i.e., the mismatch between
modelled and measured voltage, and h(xk ) = V EMF (sk ) + ok . The matrices A, B

>
and D follow from (4.6), whilst the matrices E = 0 −a1
and F = 1 follow
1 It should be noted that the actual SoC cannot be measured directly, therefore, the reference
SoC is assumed to be the actual (or true) SoC in this chapter (and throughout the rest of this
thesis) as it has been determined by using the measured current from the highly accurate labgrade sensor. Consequently, this reference SoC can be used in the validation experiments as the
true SoC value, allowing the computation of the SoC estimation error.
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from the assumed model structure used in the identification of the overpotential,
i.e., the assumed ARX model structure in this chapter.
As introduced in Section 4.2.4, a popular method in battery state estimation
is the EKF, see, e.g., [87, 89]. The EKF does not explicitly address the actual
structure of the uncertainties as presented in (5.1). Instead, uncertainties are implemented through (typically uncorrelated) process and measurement noise, quantified by (typically diagonal) covariance matrices Q and R, respectively, which are
assumed to be zero-mean Gaussian and white, even though Fig. 4.1c clearly shows
that a typical current sensor produces measurements with a (time-varying) offset
(i.e., a disturbance on the measurement of the current sensor with non-zero mean).
In practical applications of the EKF, these covariance matrices are typically used
as tuning parameters and, therefore, the connection with covariance matrices is lost
and the trade-off between the conflicting disturbances is handled implicitly. This
makes the interpretation of the tuning process difficult and furthermore, model uncertainty and convergence properties of the observer are not addressed explicitly.
An alternative and more systematic approach will be developed in the next section.

5.3

Robust Observer Design

To address the convergence of the estimation error and robustness with respect to
model uncertainty and sensor noise explicitly, in an attempt to make the observer
design procedure simpler and more systematic, an LMI-based robust observer can
be used as an alternative to the EKF. In this section, the uncertainties, which are
modelled as disturbances in (5.1), are taken into account in the robust-observer
design. The aim is to stabilise the estimation-error dynamics whilst attenuating
the disturbances in some suitable sense. To do so, we propose an observer of the
form
(
x̂k+1 = Ax̂k + Buk + L(yk − ŷk )
(5.2)
ŷk
= h(x̂k ) + Duk .
where L denotes the observer gain. By defining the estimation error as ek = xk −x̂k ,
and using (5.1) and (5.2), the error dynamics can be written as
ek+1 = Aek − L (h(xk ) − h(x̂k )) + (E − LF )wk + (B − LD)vk .

(5.3)

These error dynamics should be stable and have a certain disturbance attenuation,
both to be defined in an appropriate sense. Before doing so, we will propose a
polytopic embedding that allows handling the nonlinear term h(x) − h(x̂) in (5.3).

5.3.1

Polytopic Embedding of the EMF in the Error Dynamics

Due to the nonlinear function h(x) in (5.1), the error dynamics in (5.3) cannot be
written as a linear state-space system suitable for LMI-based observer design. This

5.3
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can be addressed by constructing matrices Ci , with i ∈ {1, . . . , n} for some n ∈ N
such that the following embedding holds
n
nX
o

h(x) − h(x̂) ⊆
βi Ci (x − x̂) | β ∈ B ,

(5.4)

i=1

where x, x̂ ∈ X for some compact X and
n
n
o
X
B = β ∈ Rn βi ≥ 0,
βi = 1 for i ∈ {1, . . . , n} .

(5.5)

i=1

Note that the embedding in (5.4) can always be made if h(x) is continuously differentiable and x, x̂ ∈ X , where X is a compact set. Namely, using the meanvalue theorem, see, e.g., Chapter 2 in [102], there exists an α ∈ [0, 1] such that
h(x) − h(x̂) = ∇h(αx + (1 − α)x̂)(x − x̂), and ∇h can be “embedded” in a polytope
such that (5.4) holds, see also [96].
Because matrices Ci can be chosen such that the embedding in (5.4) holds, the
error dynamics in (5.3) can be over-approximated as

2
X

e
βi Ci )ek + (B −LD)vk + (E −LF )wk
k+1 = (A−L
(5.6)
i=1


zk = Cφ ek ,
with i ∈ {1, 2}. In this expression, the over-approximated error dynamics are
denoted by ek with slight abuse of notation since ek in (5.6) is not the same as the
actual error dynamics ek in (5.3). Moreover, the performance output zk ∈ R has
been added, wherethe matrix
Cφ can be used to select the performance channel.

By selecting Cφ = 1 0 , the performance output zk = sk − ŝk becomes the (overapproximated) SoC estimation error. Stability and performance, both defined in
an appropriate sense, of (5.6) imply the same for (5.3). The error dynamics in
(5.6) are described by a polytopic system with 2 vertices, since the nonlinearity of
h(xk ) depends only on the first element of xk , leading to two matrices C1 and C2 .
An observer gain L that stabilises the error dynamics and guarantees a certain
performance of the polytopic system (5.6), can be synthesised by solving LMIs.
This can be done using different notions of performance, defined in terms of upper
bounds in gain between the signal norms of inputs wk and vk and output zk . Proper
definitions of stability and these gains are given as follows.
Definition 5.1 The error dynamics, given by (5.6) with wk = 0 and vk = 0, is
said to be globally exponentially stable (GES), if there exist c > 0 and 0 ≤ ρ < 1
such that for all initial conditions e0 ∈ Rnx and wk = 0 and vk = 0 for all k ∈ N,
the corresponding solutions to (5.6) satisfy kek k ≤ cρk ke0 k for all k ∈ N. In this
case, we call ρ an (upper bound on the) decay rate.
Definition 5.2 The error dynamics, given by (5.6) with e0 = 0, is said to have
`p,q -gains from wk and vk to zk smaller than or equal to µw > 0 and µv > 0,
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respectively, if for all norm-bounded disturbances wk and vk with finite `p -norms,
the corresponding output zk satisfies
kzk k`q ≤ µw kwk k`p + µv kvk k`p

(5.7)

for all k ∈ N.

5.3.2

Three Different Robust Observers

Now, three different robust-observer designs will be discussed for synthesising the
observer gain L in (5.2), each focussing on a different gain from wk and vk to
zk . In particular, the `2,∞ , `∞,∞ and `2,2 -gain will be considered. The reason
for considering these particular gains will be explained further throughout this
section. Even though the results of the LMI-based syntheses presented below are
well-known and already exist, see [103], they will be presented in a unified way,
which shows how similar they actually are.
The first observer design provides an upper bound on the `2,∞ -gain, which complies with choosing p = 2 and q = ∞ in (5.7). This gain corresponds, for Linear Time-Invariant (LTI) systems, to the generalised H2 norm and, for particular
choices of inputs and outputs, it can be considered as a deterministic counterpart
of the Kalman filter. As mentioned previously, the EKF (i.e., a nonlinear extension
of the Kalman filter) is a typical choice for SoC estimation, hence the choice for
the `2,∞ -gain to synthesise the observer. The differences with the Kalman filter are
mainly caused by the way the nonlinearities and disturbances are handled, which
will be discussed further in Section 5.4.2.
Theorem 5.3 Consider the error dynamics (5.6) and suppose there exist the matrices P and W and scalars ρ, µw and µv that satisfy

and

P − Cφ> Cφ  0


ρP

0


0
P A − W Ci

?
µ2v I
0
PB − WD

(5.8)
?
?

µ2w I
PE − WF


?
?
  0,
?
P

(5.9)

for i ∈ {1, 2}. Then, the observer gain L = P −1 W renders (5.6) GES for wk = 0
and vk = 0 with decay rate ρ and `2,∞ -gains for wk and vk to zk smaller than or
equal to µw and µv , respectively, for e0 = 0.
Proof.

The proof is given in the Appendix of this chapter.



Second, we will present a result that provides an upper bound on the `∞,∞ -gain
— choosing p = ∞ and q = ∞ in (5.7) — which is also known as the peak-to-peak
gain, see, e.g., [104] for the continuous-time result. Instead of using the energy of
a signal (i.e., the `2 -signal norm), the peak of the signal (i.e., the `∞ -signal norm)
is considered. In other words, the gain from the peak value of the disturbances wk

5.3
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and vk to the peak value of zk is bounded. Therefore, this gain may be suitable to
achieve attenuation of the time-varying offset of the measurements from the current
sensor (i.e., the disturbance vk with non-zero mean). An observer bounding the
`∞,∞ -gains can be synthesised using Theorem 5.4.
Theorem 5.4 Consider the error dynamics (5.6) and suppose there exist P and
W and scalars ρ, µw and µv that satisfy

and

P − Cφ> Cφ  0


ρP

0


0
P A − W Ci

?
µ2v (1 − ρ)I
0
PB − WD

?
?
µ2w (1 − ρ)I
PE − WF

(5.10)

?
?
  0,
?
P

(5.11)

for i ∈ {1, 2}. Then, the observer L = P −1 W renders (5.6) GES for wk = 0 and
vk = 0 with decay rate ρ and `∞,∞ -gains for wk and vk to zk smaller than or equal
to µw and µv , respectively, for e0 = 0.
Proof.

The proof is given in the Appendix of this chapter.



Third, conditions to guarantee a certain `2,2 -gain from disturbance input to performance output are presented, i.e., choosing p = 2 and q = 2 in (5.7). The `2,2 -gain
corresponds to the H∞ norm for LTI systems. This gain can be interpreted as the
worst-case gain and is primarily considered for the sake of completeness in this
overview. Moreover, this gain is often used for handling model uncertainty.
Theorem 5.5 Consider the error dynamics (5.6) and suppose there exist P and
W and scalars ρ, µw and µv that satisfy


ρP − Cφ> Cφ
?
?
?

0
µ2v I
?
?

0
(5.12)
2

0
0
µw I
?
P A − W Ci P B − W D P E − W F P
for i ∈ {1, 2}. Then, the observer L = P −1 W renders (5.6) GES for wk = 0 and
vk = 0 with decay rate ρ and `2,2 -gains for wk and vk to zk smaller than or equal
to µw and µv , respectively, for e0 = 0.
Proof.

The proof is given in the Appendix of this chapter.

5.3.3

Comparison of Observers and Design Procedure



When comparing the aforementioned LMIs in (5.8)-(5.12) for synthesising the different observer gains L, it can be observed that all conditions appear very similar.

118

LMI-based Robust Observer Design for SoC Estimation

For instance, when ρ is fixed, the `2,∞ -gain and `∞,∞ -gain conditions in Theorem 5.3 and Theorem 5.4, respectively, can lead to the same observer gain L, if µw
and µv are scaled properly. Furthermore, the conditions for `2,∞ -gain and `2,2 -gain
in Theorem 5.3 and Theorem 5.5, respectively, only differ in terms of positive definiteness of the matrix P . From the fact that all three conditions are very similar,
and the fact that the `2,∞ -gain conditions in Theorem 5.3 can resemble a Kalman
filter, it can be expected that all three observers can show similar performance,
albeit with different tuning. Moreover, the performance of the observers can be
expected to be similar to the performance of the EKF.
The performance of the observers, synthesised using the LMIs based on different
gains from wk and vk to zk in (5.7), is influenced by the choice of these gains as well
as the values of the coefficients µv and µw . These coefficients need to be minimised
in order to provide the tightest possible bound on the desired performance. However, this introduces a trade-off between these conflicting disturbances, i.e., sensor
noise and model uncertainty on the one hand, and the (upper bound on the) decay
rate ρ (i.e., rate of convergence) on the other hand.
Since the conditions in the above theorems only become LMIs when ρ, µw and µv
are chosen, we propose the following design procedure. First, we define µv = αµ
and µw = (1 − α) µ and choose a certain α in order to establish a trade-off between
sensor noise and model uncertainty. Second, the tuning parameter ρ can be chosen,
which greatly influences feasibility and convergence of the observer. Lastly, µ can
be minimised to obtain an upper bound on the (selected) gain between disturbance
and performance output that is as tight as possible.

5.4

Results

The proposed robust-observer designs have been validated using experimental data
from a single battery cell from the road test with the E-bike as described in Section 5.2.2. Recall that the actual SoC is available in the sense that it has been
calculated by means of the CC method in combination with a highly-accurate labgrade sensor. The LMIs have been solved using YALMIP/SeDuMi and the battery
model used in this chapter is the LTI-DYN-1 model (of cell 1) from Chapter 4. Furthermore, based on the derivative of the EMF-SoC relation in Fig. 4.1e, thematrices
C1 and C2 for the polytopic embedding in (5.4) are found to be C1 = 9.60 1
and C2 = 0.33 1 .
In this section, first, the effects and behaviour of the tuning parameters for the
observer synthesis will be investigated and discussed and, second, the proposed
observer design in the `2,∞ -gain setting will be compared to the EKF. Finally,
the proposed observers for the three different classes of gains (as described in
Section 5.3) will be validated with the experimental data, using the appropriate
tuning of the observers which will be based on Section 5.4.1.

5.4

Results

5.4.1
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The design procedure of the observers can be interpreted as arriving at a proper
trade-off between convergence of the estimation error on the one hand, and attenuation of disturbance in terms of model uncertainty and sensor noise on the other
hand. This trade-off can be made by tuning only two parameters, namely ρ and
α. To investigate the effect of different settings for ρ and α on the performance
(in terms of the SoC estimation error zk ) of the three observers, SoC estimation
has been performed using the data of the E-bike road test (of cell 1) in combination with these observers for various settings of ρ and α. The analysis has been
performed as follows.
1. In the first part of the analysis, the SoC estimation has been initialised with
an initial condition of SoC = 90% instead of the actual SoC of 100% in order
to analyse the convergence of the estimation error.
2. For analysing the attenuation of the disturbance in terms of model uncertainty and sensor noise, the correct initial condition SoC = 100% has been
used in the second part of the analysis.
Fig. 5.2 depicts the results of the analysis in terms of the SoC estimation error
zk of the observers in case of different settings for ρ and α, where the parameter µ
has been minimised as mentioned in Section 5.3.3. The top plot of each subfigure
shows the first part of the analysis, where the time needed for convergence (denoted
by C) to within 10% of the initial SoC error is shown. As mentioned previously,
the initial SoC error has been set to 10% in these particular simulations, meaning
that C is defined as the time instant k at which the SoC error becomes smaller
than 1% (for the first time). It should be noted that ρ is a conservative upper
bound on the decay rate of the estimation error, while application on experimental
data shows a much faster convergence. Typically, a shorter time for convergence
comes at the cost of a larger truncated `∞ -norm given by maxk∈[0,...,Ns ] kzk k and
qP
Ns
2
truncated `2 -norm given by
k=0 kzk k , which we will denote by kzk`∞ and
kzk`2 , respectively, with slight abuse of notation. Note that Ns denotes the length
of the simulation (i.e., number of samples).
The resulting truncated errors kzk`2 and kzk`∞ form the second part of the analysis of the tuning effects. These errors are depicted in the middle and bottom plot,
respectively, of each subfigure in Fig. 5.2. As mentioned previously, the SoC estimation for analysing the truncated errors has been initialised with the correct initial
condition, i.e., SoC = 100%. Note that the truncated error kzk`2 is closely related
to
√ the Root-Mean-Square Error (RMSE) of SoC estimation as dividing kzk`2 by
Ns yields the RMSE. Furthermore, in case of α = 0, only model uncertainty is
considered whilst sensor noise is not taken into account. Since model uncertainty
is only assumed for the overpotential model and not for the SoC dynamics, this
setting will lead to the interpretation that the SoC is known perfectly, since no
sensor noise is assumed. Consequently, if there would be an initial SoC error, it
is not possible to mitigate this error and to arrive at exponentially stable error
dynamics. Therefore, α = 0 is not considered in Fig. 5.2.
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Figure 5.2: Analysis results (using cell 1) on the trade-off between ρ and α for
three different gains. Top plots (of subfigures): part 1 of the analysis where the
convergence C is shown as a function of ρ for three values of α. Middle and bottom
plots: part 2 of the analysis where the SoC estimation error zk is depicted as a
function of ρ in the truncated `2 and `∞ -norm, respectively, for three values of α.
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It can be seen from Fig. 5.2 that the choice of α does not influence the performance
of the observers (in terms of convergence and truncated errors) significantly, as long
as α = 0 or α = 1 are not selected. More precisely, α = 1 can be interpreted as
considering sensor noise only and not taking into account model uncertainty, which
will lead to a limited range of feasibility (in terms of ρ) and poor convergence as
shown in Fig. 5.2. Interestingly, the observers based on the `2,∞ -gain and `∞,∞ gain show similar results in the analysis on a trade-off between α and ρ in Fig. 5.2a
and Fig. 5.2b, respectively. Based on these figures and the desired robustness and
rate of convergence, values for α and ρ may be selected. Furthermore, it can be seen
from Fig. 5.2c that the observer based on the `2,2 -gain has a small sensitivity with
respect to α and ρ, which makes tuning difficult. In conclusion, α can be chosen
freely for this battery (except for α ∈ {0, 1}) and subsequently, only ρ needs to be
selected so as to arrive at the desired performance of the `2,∞ -gain and `∞,∞ -gain
observer.

5.4.2

Comparison Minimal `2,∞ -gain Observer and EKF

As mentioned in Section 5.3.2, the EKF can be interpreted as the stochastic counterpart of the observer used to obtain a minimal bound on the `2,∞ -gain from
(disturbance) input to (performance) output. To verify this statement, the minimal `2,∞ -gain observer (i.e., the H2 -norm observer) from Theorem 5.3 will now be
compared to the EKF by performing SoC estimation using the road-test data of
cell 3 described in Section 5.2.2. For details on the EKF equations, the reader is
referred to [87, 89] and Chapter 6 of this thesis. An EKF requires selection of a
process-noise covariance matrix Q and a measurement-noise covariance matrix R.
A typical approach is to fix the value of the covariance matrix R, e.g., to take R = 1,
and subsequently tune the coefficients of the covariance matrix Q (commonly taken
to be a diagonal matrix), in order to obtain a desired performance.
To make a fair comparison, a different system than (5.1) is assumed for the
comparison with the EKF, where process and measurement noise are separated
and uncorrelated, given by
(
xk+1 = Axk + Buk + Ewk
(5.13)
yk
= h(xk ) + Duk + F vk .
Since the Kalman filter is the stochastic counterpart of a minimal `2,∞ -gain / H2 norm observer, using a Kalman filter with covariance matrices Q and R should
1
give very similar results as using the minimal `2,∞ -gain observer with E = Q 2 ,
1
F = R 2 and ρ → 1 for (5.13). The difference between the minimal `2,∞ -gain
observer and the EKF can be explained by the way in which the nonlinearity of
the model is handled: the covariance-matrix updates of the EKF are based on
linearisation, whilst the approach presented in this chapter is based on the fact
that the observers are robust with respect to the nonlinearities. It should noted
that, in contradiction to the specific values of E and F for this comparison, for the
proposed robust-observer design in this chapter, the matrices E and F do not need
to be chosen as they follow directly from the model structure in (5.1).

122

LMI-based Robust Observer Design for SoC Estimation

Table 5.1: Results of the comparison between the minimal `2,∞ -gain observer and
the EKF. Convergence C in case of initial SoC error of 10%, truncated errors and
RMSE in case of correct initial conditions, expressed in [%].
Method

C [min.]

kzk k`2

RMSE SoC

kzk k`∞

EKF

36.6

119.4

1.4

3.4

`2,∞

18.7

126.6

1.5

3.7

Fig. 5.3 shows the estimation results of the EKF and the minimal `2,∞ -gain
observer in blue and red lines, respectively, where Fig. 5.3a and Fig. 5.3b depict
the estimation error of the battery voltage and SoC, respectively. Note that, in
order to demonstrate the convergence of the estimation error and to calculate C,
the initial SoC error has been set to 10%, similar to the analysis in Section 5.4.1.
For the values of the covariance matrices, Q = diag(10−5 , 10−3 ) and R = 1 have
been selected as these values provide adequate performance. It can be seen from
Fig. 5.3a and Fig. 5.3b that the performance of both observers is quite similar.
This is confirmed by the results denoted in Table 5.1, where the time needed for
convergence C as well as the truncated errors kzk`2 and kzk`∞ and the RMSE of
the SoC estimation are given. Recall
√ that the RMSE is related to the truncated
error kzk`2 as dividing kzk`2 by Ns yields the RMSE of the SoC estimation.
Furthermore, while C has been calculated by performing the SoC estimation with
an initial SoC error, the truncated errors and the RMSE have been found by means
of repeating the SoC estimation with correct initialisation of the SoC (similar to
the analysis in Section 5.4.1 and the results of this analysis in Fig. 5.2). Table 5.1
shows that the truncated errors and the RMSE are similar, whilst the time to
convergence C is significantly longer for the EKF than for the minimal `2,∞ -gain
observer. However, this result is slightly misleading since C is defined as the first
time instance at which the SoC estimation error is smaller than 1%. A closer

5
EKF
`2;1

0.1

SoC error [%]

V batt ! V^ batt [V]

0.2

0
-0.1

0

EKF
`2;1

-0.2
0

2000

4000

time [s]

6000

-5

0

2000

4000

6000

time [s]

(a) Voltage estimation error with initial error. (b) SoC estimation error zk with initial error.

Figure 5.3: Comparison between the EKF and the `2,∞ -gain observer with similar
tuning for both observers.
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inspection of Fig. 5.3b at t ≈ 1120s (i.e., t = 18.7min.) reveals that the SoC error
of the minimal `2,∞ -gain observer peaks just below 1% error whilst the SoC error
of the EKF remains just above 1% error.
As mentioned previously, the difference between the estimation results of both
observers can be explained by the fact that the nonlinear function h(x) in the output
equation of the battery model in (5.13) is handled differently in the two approaches.
Whilst the EKF linearises the nonlinearity at each time instant, the minimal `2,∞ gain observer (and the other observers proposed in this chapter) employ a polotypic
embedding of the function h(x) so as to render the observers robust with respect
to the nonlinearity, which introduces some conservatism. Still, the differences in
performance are very small, where, in this comparison, the EKF is slightly more
accurate since it is less conservative. However, the main advantage of the method
developed in this chapter is the reduced tuning effort. While the number of tuning
parameters of the EKF increases when the number of state variables increases,
the proposed observer (and the other observers proposed in this chapter) has a
fixed number of tuning parameters, independent of the number of state variables.
Furthermore, the observer equation in (5.2) is less complex than the EKF equations,
leading to a computationally less expensive implementation.

5.4.3

Evaluation of the Synthesised Observers

Finally, the observers that are based on the minimal `2,∞ -gain, `∞,∞ -gain and `2,2 gain (based on Theorem 5.3, Theorem 5.4 and Theorem 5.5, respectively) will now
be evaluated and compared. To do so, the observers have been used to perform
SoC estimation with the E-bike road-test data of cell 3 of the E-bike battery pack.
Similar to Section 5.4.2, the SoC estimation has been performed twice; once with
an initial SoC error to verify the convergence properties of the observers and to
calculate C, and once with the correct initial SoC to calculate the truncated errors
and the RMSE of SoC estimation. Furthermore, the `2,∞ -gain and `∞,∞ -gain
observers have been tuned so as to achieve similar performance as the EKF. To
do so, the design procedure outlined in Section 5.3.3 has been followed by taking
α = 0.5 a selecting a suitable decay rate of ρ = 0.9994. Based on Fig. 5.2c, this
performance cannot be achieved with the `2,2 -gain observer and due to the limited
sensitivity to tuning, also α = 0.5 and ρ = 0.9994 have been selected.
The results of the SoC estimation with the synthesised observers are depicted
in Fig. 5.4, where Fig. 5.4a and Fig. 5.4b show the voltage error and SoC error,
respectively, for an initial SoC error of 10%. Alternatively, Fig. 5.4c and Fig. 5.4d
show the voltage error and SoC error, respectively, in case of correct initialisation of
the SoC. As mentioned previously, the SoC estimation error has been calculated by
subtracting the SoC estimate from the SoC reference (computed with the current
measurement from the lab-grade sensor). For comparison, the EKF results are also
depicted with blue lines, where the EKF is tuned in the same manner as presented
in Section 5.4.2. Moreover, Table 5.2 presents the results in terms of the rate of
convergence C, the truncated errors kzk`2 and kzk`∞ , and the RMSE of the SoC
estimation.

124

LMI-based Robust Observer Design for SoC Estimation

The results show that, despite the differences in the gains between the disturbance
input and performance output, the observers based on the `2,∞ -gain and `∞,∞ -gain
perform similarly. Moreover, their performance is comparable to that of the EKF.
Although this might be difficult to observe from the results in Fig. 5.4 (the lines of
the `2,∞ -gain and `∞,∞ -gain observer and EKF are on top of each other), Table 5.2
shows a clear similarity in the results. It should be noted that the simulation of the
EKF in Fig. 5.4a and Fig. 5.4b is similar to the simulation results shown in Fig. 4.6c
and Fig. 4.6e with the LTI-DYN-1 model, since the same experimental road-test
data as in Chapter 4 have been used. The observer based on the `2,2 -gain shows
poorer performance, as expected from Fig. 5.2 in combination with the settings for
ρ and α. It can be seen from Fig. 5.4b that the minimal `2,2 -gain observer behaves
quite aggressively, resulting in a small (but misleading) value for C in Table 5.2.
Namely, the RMSE of the SoC estimation, as well as the maximum error of the
SoC estimation, i.e., kzk`∞ , are relatively large with an RMSE value of 3.2% and a
maximum error of 14.4% as denoted in Table 5.2. Therefore, for the application in
this chapter, it is not a suitable observer. For the `2,∞ -gain and `∞,∞ -gain observers
and the EKF, the maximum SoC estimation error is 3.4% for this particular data
5

0.1
0
-0.1

EKF
`2;1
`1;1
`2;2

-0.2
0

2000

4000

SoC error [%]

V batt ! V^ batt [V]

0.2

0

-5

6000

EKF
`2;1
`1;1
`2;2
0

2000

time [s]

4000

6000

time [s]

(a) Voltage estimation error with initial
SoC error of 10%.

(b) SoC estimation error with initial
SoC error of 10%.
5

0.1
0
-0.1

EKF
`2;1
`1;1
`2;2

-0.2
0

2000

4000

6000

time [s]

(c) Voltage estimation error with correct
initial conditions.

SoC error [%]

V batt ! V^ batt [V]

0.2

0

-5

EKF
`2;1
`1;1
`2;2
0

2000

4000

6000

time [s]

(d) SoC estimation error with correct
initial conditions.

Figure 5.4: Results of SoC estimation for all observers using experimental data.
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Table 5.2: The tuning and results of the proposed observers as shown in Fig. 5.4.
Convergence C in case of initial SoC error of 10%, truncated errors and RMSE in
case of correct initial conditions, expressed in [%].
Method

ρ [-]

α [-]

C [min.]

kzk k`2

RMSE SoC

kzk k`∞

EKF

−

−

36.6

119.4

1.4

3.4

`2,∞

0.9994

0.5

36.3

119.9

1.4

3.4

`∞,∞

0.9994

0.5

36.3

119.9

1.4

3.4

`2,2

0.9994

0.5

0.1

273.5

3.2

14.4

set. The results for these observers, of course, highly depend on the initial SoC and
the disturbance on the current sensor, as shown in Fig. 4.1c. In short, even though
the robust observers achieve similar accuracy as the EKF, the proposed robustobserver design requires tuning of only one parameter ρ (irrespective of model
order) since α does not really need to be tuned and can be taken as a constant
in this case. Moreover, the observer equation in (5.2) is (computationally) less
complex than the EKF equations, which are the main advantages of the presented
approach compared to the EKF.
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Estimating the battery State-of-Charge (SoC) is commonly done using a nonlinear
equivalent-circuit model in combination with a nonlinear extension of the Kalman
filter, such as the Extended Kalman Filter (EKF). Using this approach, convergence of the estimation error and robustness with respect to model uncertainty
and sensor noise are addressed implicitly by a proper selection of the noise covariance matrices, which can be a tedious task. In this chapter, a robust Luenberger
observer has been developed that addresses convergence of the estimation error
and robustness with respect to the model uncertainty and sensor noise explicitly.
The design procedure is based on a polytopic embedding of the nonlinear function
of the battery model and solving linear matrix inequalities that bound the decay
rate and the `2,∞ -, `∞,∞ - or the `2,2 -gains between disturbance and SoC estimation error. Despite some conservatism introduced in the polytopic embedding of
the nonlinear behaviour in batteries, two out of three observers yield satisfactory
results which show similar performance as the widely-used EKF, as demonstrated
using experimental data. This is achieved while the tuning of the observer requires
tuning of only one parameter, irrespective of model order. This approach is more
straightforward than choosing the covariance matrices in the EKF and the resulting robust-observer equations are (computationally) less complex than the EKF
equations.
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Appendix

Proof of Theorem 5.3 The proof is based on showing that the hypothesis of
the theorem leads to a storage function that provides GES and satisfaction of (5.7)
with p = 2 and q = ∞. To do so, we sum (5.9) over all β ∈ B, substitute W = P L,
apply a Schur compliment and define V (e) = e> P e. As a result, (5.9) implies
V (ek+1 ) ≤ ρV (ek ) + µ2w kwk k2 + µ2v kvk k2 ,

(5.14)

whose solution satisfies
V (ek ) ≤ ρk V (e0 ) +

k−1
X
l=0

ρk−l−1 (µ2w kwl k2 + µ2v kvl k2 ),

(5.15)

Now, since P is positive definite and assuming it is bounded, we have that (5.6) is
GES for wk = 0 and vk = 0 for all k ∈ N.

To show that (5.7) is satisfied with p = 2 and q = ∞ for e0 = 0, observe that
(5.15) implies that
V (ek ) ≤

k−1
X
l=0

µ2w kwl k2 +µ2v kvl k2 ≤ µ2w kwk k2`2 +µ2v kvk k2`2 ,

(5.16)

due to Hölders inequality and the fact that ρ < 0. Now observe that (5.8) implies
kzk k2 ≤ V (ek ), which implies
kzk k2 ≤ µ2w kwk k2`2 +µ2v kvk k2`2

(5.17)

kzk k2`∞ .

for all k ∈ N, meaning that the inequality also holds for
Now realising that
√
√
2
2
2
2
a + b ≤ a + b + 2ab = a + b for any a, b ≥ 0, we have that the hypothesis
of the theorem implies that (5.7) is satisfied for p = 2 and q = ∞, which completes
the proof.

Proof of Theorem 5.4 This proof largely is analogous to the proof of Theorem
5.3. Using the same arguments used to derive (5.14), (5.11) implies
V (ek+1 ) ≤ ρV (ek ) + (1 − ρ)(µ2w kwk k2 + µ2v kvk k2 ),

(5.18)

which again guarantees GES for wk = 0 and vk = 0. However, to show that (5.7)
is satisfied with p = ∞ and q = ∞ for e0 = 0, we use slightly different arguments
to show that the solution to (5.18) for e0 = 0 also implies
V (ek ) ≤
≤
≤

k−1
X
l=0

ρk−l−1 (1 − ρ) µ2w kwl k2 + µ2v kvl k2

k−1
X



!
ρ

k−l−1

l=0
2
µw kwl k2`∞


(1 − ρ) max µ2w kwl k2 + µ2v kvl k2
l∈N

+ µ2v kvl k2`∞ ,

(5.19)

where Hölders inequality
second inequality as well as the fact that
P∞ is used in the
1
the geometric series l=0 ρk−l−1 = 1−ρ
. The proof can now be completed using
the similarities between (5.8) and (5.10), and (5.17) and (5.19).
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Proof of Theorem 5.5 The proof uses similar arguments as the previous proofs.
Using the same arguments used to derive (5.14) and (5.18), (5.12) implies
V (ek+1 ) ≤ ρV (ek ) − kzk k2 + µ2w kwk k2 + µ2v kvk k2 ,

(5.20)

which can be used to prove GES of (5.6) for wk = 0 and vk = 0, as before. Showing
(5.7) is satisfied with p = 2 and q = 2 for e0 = 0, we observe that the solution to
(5.20) satisfies
V (ek ) ≤ ρk V (e0 ) +

k−1
X
l=0

ρk−l−1 (µ2w kwl k2 + µ2v kvl k2 − kzl k2 ),

(5.21)

which, for e0 = 0 and k → ∞ yields that (5.7) is satisfied with p = 2 and q = 2,
which completes the proof.
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6

Joint Estimation of Parameters and SoC
using an EKF: A Single-Parameter Tuning
Approach

T

he joint estimation of the State-of-Charge (SoC) and the parameters of a
battery model is typically done using nonlinear extensions of the Kalman
filter, such as the well-known and widely-used Extended Kalman filter (EKF),
in combination with a simple but relatively accurate equivalent-circuit model.
The main limitation of the joint EKF is that extensive tuning of the covariance
matrices is required, which is a tedious task with no clear guidelines for the tuning procedure. Furthermore, the joint EKF and its extensions do not explicitly
address model uncertainty and sensor noise, which may be the cause for the
problematic tuning. In this chapter, we combine a nonlinear observer with the
structured representation of model uncertainty and disturbances as used in the
robust-observer design approach of Chapter 5. Therefore, the joint EKF for
simultaneous estimation of SoC and model parameters will be presented for the
case that includes cross-correlated noises. Moreover, inspired by the conditions
for enforcing convergence of the SoC estimation error in Chapter 5, a so-called
forgetting factor will be introduced to the joint EKF. These adaptations lead
to an observer with a single tuning parameter. The results show that tuning of
the proposed observer is straightforward and that the performance is similar
to a regular joint EKF with a root-mean-square SoC error of 0.5%.
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Introduction

Today, Li-ion batteries are essential for enabling a technologically advanced and
sustainable society. Due to the relatively high energy density, Li-ion batteries are
used to power, e.g., a wide variety of portable devices as well as the fast-growing
fleet of electric vehicles (EVs) around the world. Especially in EVs, accurate information on the remaining charge, i.e., the State-of-Charge (SoC), is of paramount
importance to the driver in order to know the remaining driving range. The Battery Management System (BMS) typically monitors current, voltage and temperature but, unfortunately, the SoC cannot be measured directly. Therefore, the
SoC and State-of-Health (SoH) are typically estimated using the measured quantities in combination with model-based techniques, see, e.g., [18, 37] and references
therein. Although SoC estimation can be done with observers designed for accurate electrochemistry-based battery models, see, e.g., [95, 96], an Equivalent-Circuit
Model (ECM) is often used due to its simplicity and relatively good accuracy, see,
e.g., [37, 46, 89]. The ECM can be interpreted as a low-order model that approximates the dynamical behaviour of the battery voltage with linear state dynamics
and a static nonlinearity in the output of the model. Due to this nonlinear relation,
SoC estimation is typically done using nonlinear extensions of the Kalman filter
(KF), such as the well-known and widely-used Extended Kalman filter (EKF), see,
e.g., [12, 33, 36, 37, 87, 89].
In [89], it has been shown that the EKF, if model uncertainties are ignored and
the EKF has been tuned adequately, already achieves a close-to-optimal estimation
accuracy (i.e., close to the so-called Cramér-Rao lower bound). Unfortunately, the
EKF (and many of its extensions) do not explicitly address the (rate of) convergence
of the SoC estimation error and robustness with respect to model uncertainty and
sensor noise. Namely, as mentioned in Section 5.1, the estimation error of the
discrete-time EKF is bounded under the conditions that the model uncertainty and
disturbing noise terms are small enough, as well as that the initial estimation error
is small enough, see [100]. Furthermore, sufficient conditions for local asymptotic
convergence of the estimation error have been established in [98], where it has been
shown that an appropriate tuning of the measurement-noise covariance matrix can
significantly improve the domain of attraction. Moreover, it has been shown in [99]
that the estimates of the EKF might be divergent or biased in general, whilst in
[42], the EKF is found to be a good all-round choice, but not very robust against
large uncertainties on the model parameters.
It has been found in [37] that in case of non-adaptive ECM parameters (i.e., the
model parameters have been identified offline), the EKF fails to deliver adequate
performance due to significant model inaccuracy. Namely, the model parameters
typically vary due to the fact that the model is only an approximate representation of the real battery behaviour. This highlights the considerable importance
of parameter adaptation to provide a more accurate model for use in real-world
battery-powered applications. To realise the parameter adaptation for the adaptive
EKF (e.g., joint EKF or dual EKF), a small disturbance (or noise term) is used
to model the parameter variations, see, e.g., [37, 87, 99]. By doing so, the model
uncertainty and parameter variations are considered only implicitly. Furthermore,
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in [37] it has been shown that, unlike the non-adaptive EKF, the joint EKF for
estimation of the SoC and the ECM parameters requires significant tuning effort.
Moreover, this tuning highly depends on the sensitivity of the model parameters
with respect to the identification data. Also, in [37], it has been concluded that the
EKF performance heavily depends on tuning of the covariance matrices. Typically,
these matrices are tuned by trial-and-error as there are no clear guidelines for the
tuning. In general, tuning is a trade-off between estimation bias and variance of
the observer, as shown in [105].
In summary, the aforementioned EKF-based methods require extensive tuning of
the covariance matrices, which is a tedious task without explicit tuning guidelines.
Instead of using an EKF with the aforementioned drawbacks, in Chapter 5, we have
proposed a robust-observer design based on Linear Matrix Inequalities (LMIs) to
perform SoC estimation. This resulted in an observer with straightforward tuning and a structured way of capturing disturbances and model uncertainty. As
mentioned in Chapter 1, the term straightforward is used in the sense that (1)
the number of tuning parameters is limited and (2) there are clear and explicit
guidelines for tuning these parameters so that the user knows what to expect when
changing a tuning parameter. It can be stated that this straightforward tuning
is the main result of Chapter 5, since the accuracy of the developed observer is
comparable to the accuracy of the EKF.
The robust observer presented in Chapter 5 has been designed for a model with
time-invariant parameters, whilst in Chapter 4, we have shown that model parameters should be estimated with representative data, and, consequently, online
estimation, i.e., the joint estimation of states and parameters, is preferable, see
also [18, 37]. Moreover, it is well known that the battery parameters change with,
amongst other factors, SoC, temperature and age of the battery, see, e.g., [37].
Therefore, in order to achieve the most accurate SoC estimation results, joint estimation of states and parameters is essential. A typical approach to joint estimation
is to use a joint EKF for estimating the states and the (slowly-varying) parameters, see, e.g., [37]. However, as mentioned previously, tuning is a cumbersome
task. Therefore, extending the approach in Chapter 5 with its straightforward
tuning could significantly reduce the tuning effort. However, as we will show in
Section 6.2.3, extending the robust-observer approach of Chapter 5 or other robustobserver approaches, see, e.g., [95, 96, 106], towards joint estimation of ECM parameters and SoC is not feasible. Namely, we will show in Section 6.2.3 that this
extension will yield a locally unobservable system due to the specific structure of
the battery model. Consequently, an observer for nonlinear systems such as the
joint EKF should be considered, which suffers from non-obvious tuning as explained
previously.
In this chapter, an observer for nonlinear systems (i.e., the joint EKF) is combined with the structured approach of taking into account model uncertainty and
disturbances as presented in Chapter 5 with the main goal of finding an observer
with straightforward tuning. More specifically, the EKF equations are rearranged
to accommodate the cross-correlated disturbances as in Chapter 5, and a forgetting factor is introduced. The forgetting factor is inspired by the fact that the
conditions for enforcing convergence of the estimation error in Chapter 5 bear a
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close resemblance to a so-called forgetting factor. The forgetting factor can also be
interpreted as the dual of the discount factor in optimal controller design. This will
lead to an adapted version of the EKF for joint estimation where the covariance
matrices do not need to be chosen, or tuned, since they depend directly on the specific structure of disturbance and uncertainty. Consequently, regardless of battery
model order, there is only a single tuning parameter for the observer, which allows
for straightforward tuning. Note that this single-parameter tuning of the joint
EKF is the main contribution of this work, since the accuracy of SoC estimation
is already close-to-optimal with a perfectly tuned joint EKF [89]. The proposed
observer will be validated experimentally with realistic EV drive-cycle data and
compared to other existing approaches in the literature.
The outline of the chapter is as follows. In Section 6.2, the joint-estimation problem of SoC and parameter estimation with disturbances and model uncertainty
will be introduced, and it will be shown that extending the robust-observer approach is not possible. Subsequently, in Section 6.3, the EKF with cross-correlated
noise and forgetting will be introduced in two steps. First, the EKF is extended
in a generic way such that it accommodates cross-correlated noises and forgetting
and, second, this extended EKF will be adapted towards the specific problem of
the joint estimation of battery SoC and parameters. In Section 6.4, the proposed
observer will be validated with realistic driving profiles of EVs obtained with an
experimental setup. Furthermore, the proposed observer will be compared to other
joint-estimation approaches and subsequently, Section 6.5 discusses the results and,
finally, conclusions will be given in Section 6.6.

6.2

State and Parameter Estimation

This section first describes the battery model the including model uncertainty and
the typical disturbances in practical applications. Second, it will be shown that
robust observers are not suitable for jointly estimating the SoC and the ECM
parameters, motivating the need for an alternative.

6.2.1

Battery Modelling

The battery behaviour can be modelled by a static nonlinearity which describes
the Electromotive force (EMF) as a function of the battery SoC (i.e., EMF-SoC
function) combined with a linear model describing the dynamic voltage behaviour,
known as the overpotential. The battery SoC is defined as the amount of charge
stored in the battery, normalised over the nominal capacity C0 . The SoC dynamics
can therefore be defined by the integral of the battery current, i.e., the Coulombcounting method, see, e.g., Chapter 1. The time-varying nature of the model
parameters θ can be accommodated for in the model by taking the “dynamics”
θk+1 = θk , since it is assumed that the model parameters slowly vary over time
and therefore θk+1 ≈ θk , see, e.g., [37, 87].

The aforementioned modelling components can be combined and, in discrete time,
assuming a first-order overpotential model, the battery model is then given by a
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nonlinear state-space representation of the form
  T 



s
sk
1 0 0
sk+1

C0










ok+1  = 0 θk1 0 ok  +  θk2  uk

θk
0 0 I
θk+1
0



EMF
3
yk
=V
(sk ) + ok + θk uk ,
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(6.1)

where sk ∈ [0, 1], ok ∈ R, uk ∈ R and yk ∈ R denote the SoC, overpotential state,
input current Ikbatt and output voltage Vkbatt , respectively, at discrete-time instant
k ∈ N. The time-varying model parameters of the overpotential model are denoted
by θk , where θki indicates the ith parameter at time k. The sample time is denoted
by Ts , which is taken Ts = 1s in this chapter, and the function V EMF (s) describes
the nonlinear relation between the battery SoC and the EMF. This relation can
be determined by performing characterisation experiments with the battery cell,
which will be discussed in Section 6.4. Note that a first-order overpotential model
has been chosen, since this has been shown to be sufficiently accurate, see, e.g.,
Chapter 4 of this thesis and [78].
Although the first-order overpotential model is sufficiently accurate, the model is
still an approximation and will most likely not capture all dynamics of the underlying nonlinear and infinite-dimensional physical system. This modelling mismatch
can be taken into account by accommodating for the propagation of modelling errors in the model through an additive signal representing the modelling residual,
which is denoted by an additive signal wk . Moreover, in practical applications
where SoC estimation is applied (e.g., in EVs), sensor noise is considered to be a
well-known source of disturbance (see, e.g., Fig. 6.3 in this chapter). This disturbance can be characterised by a non-stationary noise signal, which roughly means
that the (sample) bias and (sample) variance of this signal are time-varying. In
the system description, noise on the current sensor can be taken into account as an
additive input uncertainty on the input uk by means of the disturbance vk . Output
uncertainty, i.e., a disturbance on the voltage output yk is not considered in this
chapter, since current sensors are generally significantly less accurate than voltage
sensors due to their relatively large range.

>
o>
θk> and taking
Combining the state variables sk , ok and θk into xk = s>
k
k
into account the previously defined modelling uncertainties and input disturbance,
(6.1) can be rewritten to
(
xk+1 = A(θk )xk + B(θk ) (uk + vk ) + E(θk )wk
(6.2)
yk
= h(xk ) + D(θk )(uk + vk ) + F (θk )wk ,
where h(xk ) = V EMF (sk ) + ok and E and F are matrices that are used to describe
the modelling residual. Note that in this chapter, the nominal capacity C0 of the
battery is assumed not to change over time since the battery experiments have
been conducted in a short period of time where no significant change in nominal
capacity is to be expected. However, when employing state-estimation algorithms
in battery-powered applications, the battery will age over time and the capacity
will fade, see [107] and references therein. In that case, C0 should be updated, for
which various methods are suggested in literature, see, e.g., [107].
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Structure of the Uncertainty Matrices E and F

In this chapter, two types of model structures for parameter estimation of the
overpotential model are considered, i.e., an Auto-Regressive model with eXogenous
inputs (ARX) and an Output-Error (OE) model, which are both considered due to
their simplicity. Furthermore, both model structures lead to a different description
of the modelling residual (i.e., matrices E and F ) that will be used in the EKF
design. The first-order ARX model is given by
ykop =

1
b0 + b1 q −1
uk +
wk ,
1 + a1 q −1
1 + a1 q −1

(6.3)

op
where q is the shift operator (i.e., yk−n
= q −n ykop ) and uk and ykop are the input
and output of the overpotential model, respectively. Furthermore, a1 , b0 and b1
are the model parameters and the signal wk is the modelling residual (or modelling
error). The control canonical state-space form of (6.3) is given by



ok+1



= −a1 ok + (b1 − a1 b0 ) uk −a1 wk
|{z}
| {z } |{z}


y op


 k

= ok + b0 uk + wk ,
|{z}

1
θk

2
θk

1
θk

(6.4)

3
θk

where it can be seen clearly that the modelling residual wk enters the state equation
of the system description as θk1 wk . Subsequently, for the uncertainty matrix E(θ)
of the system in (6.2), using the overpotential model with ARX model structure in

>
(6.4) yields E(θ) = 0 θk1 01×3 , where, given that θk1 is time-varying, E(θ) is
time-varying as well. Note that, for compactness of notation, a matrix with zeros
of size m rows and n columns is denoted by 0m×n .
Besides the ARX model structure, a first-order OE model structure can be considered, which has the form
ykop =

b0 + b1 q −1
uk + wk .
1 + a1 q −1

(6.5)

Compared to the ARX model in (6.3), the OE model is characterised by a different
propagation of the modelling residual. Namely, if we take the coefficient a1 = 0
in the second term of (6.3) (i.e., the propagation of wk ), we find the OE model in
(6.5). In other words, when applying the structure of the OE model in (6.5) to the
battery model in (6.2), it is found that E(θ) = 05×1 . Furthermore, it can be seen
that both overpotential model structures, ARX and OE, yield F = 1 in (6.2). For
more details on the ARX and OE model structures, the reader is referred to [92].
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Robust-Observer Approaches to Joint Estimation

In Chapter 5, a robust-observer approach to battery SoC estimation has been presented as an alternative to the widely-used EKF. The approach in Chapter 5 is
based on the explicit model structure in (6.2) with time-invariant model parameters. The main advantage of the robust-observer approach is that it addresses
the convergence of the SoC estimation error and robustness with respect to model
uncertainty and sensor noise explicitly, resulting in only one tuning parameter,
regardless of the model order. This makes tuning of the robust observer more
straightforward than tuning of the EKF, since this typically requires choosing the
process-noise covariance Q and measurement-noise covariance R. These noises are
commonly assumed to be uncorrelated. Moreover, they are assumed to be zeromean Gaussian noises whilst Fig. 6.3 shows that a typical current sensor produces
biased measurements. Also, the covariances need to account for the linearisation
errors of the EKF. Therefore, the covariance matrices address the aforementioned
convergence and robustness criteria only implicitly. In practice, this means that Q
and R are typically used as tuning parameters, making tuning of the EKF observer
a cumbersome task. Moreover, based on the structure in (6.2), one would expect
a robust-observer approach where the peak-to-peak gain from disturbance to SoC
error is minimised. Interestingly, in Chapter 5 it has been shown that minimising the peak-to-peak gain is remarkably similar to taking an approach where the
H2 -norm is minimised. Consequently, it has been shown in Chapter 5 that the
robust-observer approach towards battery SoC estimation is very much similar to
the EKF, since the H2 -optimal observer can be considered to be the deterministic
counterpart of the EKF.
In case of joint estimation of states and parameters, a typical approach in the
literature is to use an EKF-type of observer, such as the joint EKF, see, e.g., [37, 87].
However, based on the advantages of the robust-observer approach as presented in
Chapter 5 (i.e., straightforward tuning and an explicit interpretation of convergence
and disturbance), a robust observer is preferred for joint estimation. To achieve
this, the nonlinear system can be described as an uncertain linear system, which
can be done using a polytopic system description, where the polytope is defined by
a number of vertices based on the lower bounds and upper bounds of the linearised
system. For example, in [106] a robust-observer approach is presented for the joint
estimation of states and parameters of a time-varying system using polytopic linear
models and LMIs. In order to find a robust observer gain L for the polytopic system,
the LMIs of Section 5.3.2 need to be satisfied for every i ∈ {1, . . . , n}, which means
that the system needs to be observable at every vertex of the polytopic system.
To assess the observability at the vertices, the nonlinear system in (6.2) can be
denoted as
(
xk+1 = f (xk , uk )
(6.6)
yk
= g(xk , uk )
and the observability of its linearisation can be analysed. For the sake of clarity
and simplicity of this analysis, let us consider only one time-varying parameter,
namely θk1 in (6.1). However, this analysis can be easily extended to include the
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time-varying parameters θk2 and θk3 as well, which will lead to the same conclusions.
The linearised system matrices are given by


1 0 0
(x,u)
Ā = ∂f ∂x
= 0 θ1 o
0 0 1
h EMF
i
∂g(x,u)
∂V
(s)
=
.
(6.7)
C̄ =
1
0
∂x
∂s
The observability matrix for this linearised system is given by

  EMF

∂V
(s)
C̄
1
0
∂s

  EMF


  ∂V

(s)
1
O =  C̄ Ā  = 
,
θ
o
∂s

  EMF



2
∂V
(s)
1
1
θ
o
θ
+
1
C̄ Ā2
∂s
where it is found that


2   ∂V EMF (s)

EMF
det (O) = ∂V ∂s (s) θ1 o θ1 + 1 − o θ1
−
o θ1 + 1 −
∂s

(6.8)

∂V EMF (s)
o
∂s

= 0,



(6.9)

and, therefore, the linearised system is locally unobservable for every linearisation.
This means that any uncertain polytopic representation of the battery system (6.6)
will be locally unobservable, meaning that a robustly stabilising observer does not
exist, or at least, cannot be synthesised using extensions of the results of Chapter 5
or [95, 96]. Consequently, a nonlinear-observer approach, based directly on the
observability of the nonlinear system in (6.6), will be analysed next.
Instead of analysing the observability of the linearised system, let us verify whether
the nonlinear system in (6.1) with one varying parameter (i.e., θk1 ) is observable by
means of using Lie derivatives, see, e.g., [37, 108]
and references
therein. Let dg


∂g
∂g
denote the gradient of g(x, u) given by dg = ∂g
.
Then,
the nth-order
∂s
∂o
∂θ
Lie derivative of g(x, u) with respect to f (x, u) is given by Lnf g = Ln−1
Lf g with
f
0
Lf g = dgf (x, u), where it should be noted that Lf g = g(x, u). For (6.6), the
observability matrix is given by

 

∂g
∆
Ṽ
1
0

 ∂x  

 fg  
2
1
O =  ∂L
=
,


o
∆
Ṽ
+
∆
Ṽ
ζ
θ

 ∂x2  


∂Lf g
2
2
3
2
1
1
1
2
∆
Ṽ
+
3∆
Ṽ
ζ
+
∆
Ṽ
ζ
θ
+
θ
o
2θ
+
1
+
θ
u
k
∂x
(6.10)
where ∆i Ṽ =

∂ i V EMF (s)
∂si

and ζ = s +

Ts
C0 u.

The determinant of O is given by

det (O) = ∆Ṽ (θ1 )2 o + θ1 θk2 u − θk2 u − 2oθ1




Ts 2 2
Ts
+ ∆2 Ṽ − θk2 su − 2osθ1 − C
θ u − 2C
oθ1 u
0 k
0


Ts2
2
Ts
+ ∆3 Ṽ os2 + 2 C
osu
+
ou
,
2
C
0
0

(6.11)
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and the system is locally observable if det (O) 6= 0. Assuming that θ1 6= 0, θ2 6= 0
Ts
6= 0, we have that det (O) 6= 0 if the system is excited, i.e., o 6= 0 and/or
and C
0
u 6= 0, and there exist an m ∈ {1, 2, 3} such that ∆m Ṽ 6= 0 (cf. [37]). Therefore, it
can be stated that, generally, the nonlinear system is locally observable, meaning
that it is possible to reconstruct the states of the system from input-output data.
This analysis explains why nonlinear observers such as the EKF typically work
very well, whereas an LMI-based robust-observer approach cannot be applied due
to the unobservable vertices of the polytopic system. Still, tuning of the nonlinear
observers may be cumbersome task.
To summarise, since extending the robust-observer approaches towards joint estimation is not feasible, we propose to use an EKF for joint estimation which will
be adapted based on the specific structure of model uncertainty and disturbance
as presented in Chapter 5 so as to achieve explicit tuning with only a single tuning
parameter. Although a robust version of the EKF is not uncommon, see, e.g., [109],
tuning of the covariance matrices is still needed. It has been shown in Chapter 5
that the EKF yields similar performance as the robust-observer design and despite
the fact that there is no robustness guarantee for the EKF, it has been shown to be
stochastically stable, see, e.g., [100, 110]. Furthermore, it is widely used throughout literature for joint estimation, see, e.g., [18, 37, 87]. The systematic approach
towards model uncertainty and input disturbance with the specific model structure
from Chapter 5 in (6.2) can be achieved by including cross-correlated noises in the
EKF.
To allow for parameter adaptation in case of the parameter “dynamics” θk+1 = θk
in (6.1), the parameters of the (regular) joint EKF for state and parameter estimation are typically subject to additive noise. However, a physical interpretation
for this cannot be given and therefore, no (artificial) additive noise is assumed for
the parameters in (6.2). Instead, a forgetting factor can be introduced to enforce
that the state and parameter estimates are based on recent data. Furthermore, the
forgetting factor can be interpreted as the dual of introducing a discount factor in
the cost function in optimal controller design.
Remark 6.1 (Weak observability). Situations might occur in which the system
is weakly observable, or not observable at all, i.e., uk → 0 and ok → 0. If this
situation depends on the information contained in the data, this problem may be
solved by ensuring that the observer performs an update only if the measured data
has considerable sensitivity with respect to states and parameters, see, e.g., [111].

6.3

EKF with Cross-Correlated Noise and
Forgetting

Since robust-observer approaches are not feasible for the joint estimation of the SoC
and the ECM parameters, the joint EKF will be taken as a basis for joint estimation.
This EKF will be adapted to accommodate the specific structure of uncertainty
and disturbance of (6.2). To achieve this, the joint EKF needs to accommodate
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for cross-correlated noise and a forgetting factor needs to be included. It should
be noted that the joint EKF that is typically used for joint estimation of the SoC
and the ECM parameters does not accommodate cross-correlated noise, however,
results for the KF with cross-correlated noise do exist, see, e.g., [112, Chapter 5.5].
In particular, the KF without cross-correlated noise can be seen as a special case of
the KF with cross-correlated noise. Although the joint EKF with correlated noise
can be seen as the more general case of the joint EKF, we will refer to this case as
the “joint EKF with correlated noise” since this emphasises the fact that we use an
atypical choice of the EKF with respect to the typical choice. For instance, in [112,
Chapter 8.2] and [113, Chapter 13.2], the EKF is presented without correlated
noise. Furthermore, results for the KF with a forgetting factor also exist, see,
e.g., [113, Chapter 7.4]. However, to the best of our knowledge, results for the
KF with both elements do not exist, and, therefore, the resulting joint EKF with
cross-correlated noise and forgetting will be developed in this section.
To obtain a joint EKF with cross-correlated noise and forgetting, first, these
elements will be included in the linear KF, and, second, it will be shown that
the proposed KF with correlated noise and forgetting is similar to the H2 -norm
observer of Chapter 5, which has a guaranteed decay rate of the estimation error.
Finally, the linear KF with cross-correlated noise and forgetting will be extended
to an EKF form to make it suitable for jointly estimating the battery SoC and
ECM parameters.

6.3.1

KF with Cross-Correlated Noise and Forgetting

First, the linear KF will be extended so as to accommodate cross-correlated noise
and forgetting. Therefore, consider the LTI system
(
xk+1 = Axk + Buk + w̃k
(6.12)
yk
= Cxk + Duk + ṽk ,

where w̃k = G wk>

vk>


E wk wk> = 1,

>


and ṽk = M wk>


E vk vk> = 1,

vk>

>

. Now, assuming that



and E wk vk> = E vk wk> = 0,

we find that
   >  
Q
E w̃k w̃k
= >
S
ṽk
ṽk

 
S
GG>
=
R
M G>


GM >
,
MM>

(6.13)

where Q and R denote the process-noise covariance and measurement-noise covariance, respectively, of the noises w̃k and ṽk . The cross correlation between the noises
w̃k and ṽk is denoted by S, which is typically assumed to be S = 0 in the literature
(see, e.g., [37, 87]), i.e., no cross correlation. However, in (6.12) and (6.13), S can
be nonzero and therefore, a formulation of the KF is required that accommodates
the nonzero S — although a nonlinear extension of the KF is needed for (6.2).
According to [112, Chapter 5.5], the two-step KF with cross-correlated noise (i.e.,
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S 6= 0) is given by a measurement update
Lk = Pk+ C > CPk+ C > + Rk
x̂−
k+1
−
Pk+1

=

x̂+
k

+ Lk (yk −

= (I −

C x̂+
k

Lk C) Pk+

−1

− Duk )

(6.14a)
(6.14b)
(6.14c)

and the time update

−
−1
yk − C x̂−
x̂+
k+1 − Duk
k+1 = Ax̂k+1 + Buk + Sk Rk
 −
>
+
Pk+1
= A − Sk Rk−1 C Pk+1
A − Sk Rk−1 C + Qk − Sk Rk−1 Sk> ,

(6.14d)
(6.14e)

where taking S = 0 will yield the regular KF.
Subsequently, to fully implement the structure of the robust observer (as presented in Chapter 5) in the EKF structure, “forgetting” is necessary to allow for
parameter adaptation since it is assumed in (6.1) that θk+1 = θk , i.e., no parameter adaptation1 . To allow for the “forgetting”, a forgetting factor γ can be
implemented, which is often used in estimation schemes, i.e., new data (or new observations) are considered to be (exponentially) more important than older data.
Moreover, the forgetting factor is also related to the parameter ρ in the robustobserver design in Chapter 5, which ensures a certain convergence of decay rate of
the estimation error in the robust-observer design.
An implementation of this forgetting or “fading memory” is presented in [113,
Chapter 7.4]. Using this approach as a starting point, a forgetting factor γ is added
to (6.14). The implementation of this forgetting factor is given in Appendix 6.A.1.
Consequently, the two-step KF with cross-correlated noise and forgetting is given
by the measurement update

−1
Lk = γ P̃k+ C > γC P̃k+ C > + Rk
+
+
x̂−
k+1 = x̂k + Lk (yk − C x̂k − Duk )

−
P̃k+1

= γ (I −

Lk C) P̃k+

(6.15a)
(6.15b)
(6.15c)

and the time update

−
−1
x̂+
yk − C x̂−
k+1 = Ax̂k+1 + Buk + Sk Rk
k+1 − Duk
 −
>
+
P̃k+1
= A − Sk Rk−1 C P̃k+1
A − Sk Rk−1 C + Qk − Sk Rk−1 Sk> ,

(6.15d)
(6.15e)

where γ ≥ 1 is the forgetting factor. Typically, γ is chosen close to 1, e.g., γ = 1.001,
see, e.g., [113]. This adapted KF formulation can now be applied to the LTI
1 It should be noted that this is a different approach than the approach for parameter adaptation with the (regular) joint EKF. Namely, in that case, the parameters are subject to additive
noise, i.e., θk+1 = θk + rk , where the noise rk is zero-mean and white with a Gaussian distribution. The variance of rk is taken as a tuning parameter so as to achieve the desired performance
for the parameter adaptation. As mentioned previously, tuning of this variance may be a tedious
task and, therefore, using a forgetting factor (with straightforward tuning) can be interpreted as
an alternative for the additive noise.
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system in (6.12). However, in order to apply the KF with cross-correlated noise
and forgetting (6.15) to the nonlinear battery system in (6.2), it is necessary to
extend the formulation in (6.15) towards an EKF formulation, which will be given
in Section 6.3.3.

6.3.2

Relation to the LMI-based Robust Observer

Before extending the KF with cross-correlated noise and forgetting to the nonlinear
case for the system in (6.2), it will be shown that the adapted KF formulation does
indeed resemble the intended structure of the robust-observer design in Chapter 5.
Recall that the KF with correlated noise (i.e., S 6= 0) may be interpreted as the
standard or fully-fledged KF. Still, to emphasise that S 6= 0, we use the term
“KF with correlated noise”. To show that the proposed KF implementation with
correlated noise and forgetting is similar to the H2 -norm observer of Chapter 5,
first, the two-step KF with correlated noise and forgetting is rearranged to its
one-step form, which is given by
x̂k+1 = Ax̂k + Buk + L̃k (yk − ŷk )

(6.16a)

ŷk = C x̂k + Duk
(6.16b)


−1
L̃k = γAP̃k C > + Sk γC P̃k C > + Rk
(6.16c)


−1 
>
P̃k+1 = γAP̃k A> − γAP̃k C > + Sk γC P̃k C > + Rk
γAP̃k C > + Sk
+ Qk .
(6.16d)

The details of the derivation from the two-step KF with correlated noise and forgetting to its one-step form are given in Appendix 6.A.2. It is interesting to note that
the one-step formulation of the KF with cross-correlated noise and forgetting is
dual to the controller-design problem with cross correlations and a discount factor,
see, e.g., [114].
Finally, for ease of comparing the KF with correlated noise and forgetting in (6.16)
with the LMI-based observer design, the update of the error-covariance matrix Pk
given by (6.16d) can be rearranged as follows
−1
>
γCPk C > + Rk
γAPk C > + Sk + Qk


= γAPk A> + γLk CPk C > L> − γL APk C > + γ1 Sk


− γ APk C > + γ1 Sk L> + Qk + Lk Rk L>
k

Pk+1 = γAPk A> − γAPk C > + Sk



>

>
= γ (A − Lk C) Pk (A − Lk C) − Lk Sk> − Sk L>
k + Lk Rk Lk + Qk .

(6.17)

Now, let us compare the KF with correlated noise and forgetting in (6.16) with
the LMI-based H2 -norm observer of Chapter 5 (given in Theorem 5.3). First, it
should be noted that the observer equations of the LMI-based H2 -norm observer in
(5.2) are Luenberger observer equations, for which the robustly stabilising observer
gain L has been synthesised using the LMI-based design procedure. In order to
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compare the LMI-based H2 -norm observer with the KF with correlated noise and
forgetting, the equation for the error-covariance matrix P of the H2 -norm observer
needs to be shown. To do so, the LMI from Chapter 5 for synthesising the observer
gain L of the H2 -norm observer has been manipulated to arrive at the equation for
the error-covariance matrix P , which is given by
>

P̂ − γ (A − LC) P̂ (A − LC) + LS > + SL> − LRL> − Q  0.

(6.18)

The details of the manipulations that have been performed to arrive at (6.18) from
the LMI presented in Chapter 5 are given in Appendix 6.A.3.
Now, comparing (6.18) to (6.17), it can be observed that, under steady-state
conditions (e.g., Qk = Q, etc.), the recursive update of Pk of the EKF with correlated noise and forgetting shows close resemblance to the error covariance P̂ of the
H2 -norm observer from Chapter 5. Note that this similarity is shown by assuming ρ = γ1 and µv = µw = 1 for the H2 -norm observer, yet different settings for
ρ, µv and µw are possible. However, choosing these variables has been simplified
in Chapter 5 to a trade-off between attenuation of disturbance/uncertainty and
convergence of the estimation error, which results in only one tuning parameter ρ.
Tuning the parameter γ of the proposed observer has a similar effect and therefore
the difference between the two formulations is expected to be relatively small.




Remark 6.2 If we would use G = Q1/2 0 , M = 0 R1/2 and γ = 1 in the
derivation of (6.43) to (6.18), the similarity between the (regular) KF and the H2 norm observer can be shown. Namely, due to the fact that S = 0, (6.17) reduces
to
>

Pk+1 = (A − LC) Pk (A − LC) + Q + LRL>

(6.19)

and (6.47) reduces to
>

P̂ − (A − LC) P̂ (A − LC) − Q − LRL>  0

(6.20)

with P̂ = P −1 , which shows the similarity between the H2 -norm observer and the
linear KF.

6.3.3

Extended EKF for Battery Joint Estimation

In order to apply the newly derived KF with correlated noise and forgetting in
(6.15) to the nonlinear system in (6.2) so as to perform joint estimation of battery
states and parameters, a nonlinear extension of the KF is needed. First, the system
in (6.2) is rewritten to

xk+1





= A(θk )xk + B(θk )uk +G(θk )rk
|
{z
}


yk




= h(xk ) + D(θk )uk +M (θk )rk ,
{z
}
|

=f (xk ,uk )

=g(xk ,uk )

(6.21)
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>
where rk = wk> vk> . The system in (6.21) is nonlinear due to the function
h(xk ) in the output equation and, besides the
matrices
A(θk ),
 parameter-dependent


B(θk ) and D(θk ), the matrices G(θk ) = E(θk ) B(θk ) , M (θk ) = F D(θk )
are also parameter-dependent. Second, recall that the state vector is given by

>
o>
θk> , i.e., the state vector is augmented with the parameter vector.
xk = s>
k
k
Subsequently, in order to obtain an EKF implementation, the state equations are
linearised at each time instant k, see, e.g., [87]. Consequently, the linearised system
matrices Ae and Ce of are given by


1 0
0
0 0
 0 θ1 ok uk 0 
k


∂f (xk ,uk )
(6.22)
=
Ae =
1
0 0 
∂xk
 0 0

 0 0
0
1 0 
0 0
0
0 1
and
Ce =

∂g(xk ,uk )
∂xk

=

h

∂V EMF (sk )
∂sk

1

0

0

uk

i

.

(6.23)

Now, the EKF for joint estimation with the specific structure for model uncertainty
and input disturbance from Chapter 5 is found by replacing the matrices A and
C in the KF equations in (6.15) by the linearised system matrices Ae and Ce .
An important property of the resulting algorithm and a valuable contribution of
this work is that there is only one tuning parameter: the forgetting factor γ. The
tuning procedure of γ is relatively easy: start with γ = 1, which can be interpreted
as “no forgetting” (i.e., the EKF with correlated noise) and gradually increase
γ until the algorithm yields satisfactory performance (in terms of the estimation
error). Results of the procedure with an experimental setup will be presented in
Section 6.4. Note that Ae and Ce may be linearised at different time instants k,
depending on the implementation of the observer.
In order to apply the extended EKF in (6.15) to the battery system (6.21), the
covariance matrices Qk , Rk and Sk in (6.15) need to be known. As denoted in
(6.13), these matrices are given by Q(θk ) = G(θk )G(θk )> , R(θk ) = M (θk )M (θk )>
and S(θk ) = G(θk )M (θk )> , with G(θk ) and M (θk ) from (6.21). The matrices B(θk )
and D(θk ) can be taken directly from (6.21) and as mentioned in Section 6.2.2, the
matrices E(θk ) and F depend on the chosen model structure for the battery model,
which implies that Q(θk ), R(θk ) and S(θk ) depend on the model structure. Namely,
if an ARX model structure is chosen, then
"
#
0 C10


Ḡ(θk ) = 1
and M (θk ) = 1 θk3 ,
(6.24)
2
θk θk

where for compactness of notation Ḡ(θk ) is used, since G(θk ) = Ḡ> (θk )
Consequently, Q̄(θk ) = Ḡ(θk )Ḡ> (θk ) and
"
#
Q̄(θk ) 02×3
Q(θk ) =
.
03×2 03×3

02×3

>

.

(6.25)
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Using the ARX-model structure yields


2
Q̄(θk ) = 

θk
C0

1
C02
2
θk
C0

(θk1 )2

+

(θk2 )2

,

3
θk
C0



R(θk ) = 1 + (θk3 )2





and S(θk ) = θ1 + θ2 θ3  .
k

k k

03×1
(6.26)

In case of an OE model, Ḡ(θk ) and M (θk ) are given by
"
#
0 C10

Ḡ(θk ) =
and M (θk ) = 1
2
0 θk


θk3 ,

(6.27)

leading to

Q̄(θk ) = 

1
C02

2
θk
C0

2
θk
C0

(θk2 )2

,

3
θk
C0
 2 3
 θk θk  .
3×1




R(θk ) = 1 + (θk3 )2

and S(θk ) =



(6.28)

0

Based on the two model structures considered in Section 6.2.2, two different sets of
the covariance matrices Q̄(θk ), R(θk ) and S(θk ) are presented in (6.26) and (6.28).
It can be seen that the covariance matrices based on the ARX model in (6.26) differ
from the covariance matrices based on the OE model in (6.28), except for R(θk ).
For instance, note the missing (θk1 )2 term in Q̄(θk ) for the OE model in (6.28)
compared to the ARX model in (6.26). As a result, the assumed variance on the
second state of the system (i.e., the overpotential state ok ) is substantially smaller
for the OE case than in the ARX case since typically θk1 / 1 and θk2 is relatively
small. Therefore, choice of model structure and model order (of the overpotential
model) mainly depends on, first, model quality (i.e., modelling accuracy in terms
of open-loop simulation) and second, trial and error with the proposed algorithm
and the resulting estimation accuracy.
To summarise, an extended EKF for battery joint estimation has been constructed
with only one tuning parameter and two pre-tuning choices, namely, model structure and model order of the overpotential model. For brevity, we will refer to the
proposed joint EKF with Correlated noise and Forgetting as “joint EKF CF”. Note
that, in contradiction to typical implementations of the EKF for joint estimation,
the matrices Qk , Rk and Sk are time-varying in the proposed algorithm, which is
due to the specific uncertainty structure used in the system in (6.2).

6.4

Results

In this section, the tuning and performance of the proposed observer will be evaluated and compared to existing observers using realistic EV drive-cycle data. First,
the experimental setup and the two experimental drive cycles will be discussed. Second, the effects of design choices (i.e., tuning and model structure) for the proposed
joint EKF CF will be analysed and finally, the joint EKF CF will be compared
to other existing model-based estimation methods, using the experimental drive
cycles.
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Experimental Setup and Test Profiles

To extensively validate the proposed observer, an experimental setup has been used
which is controlled by a LabVIEW interface and consists of a climate chamber, an
electronic load and power supply and two current sensors. The first current sensor is
a highly accurate laboratory-grade (lab-grade) sensor (LEM IT 60-S ULTRASTAB)
and is used for battery characterisation, e.g., obtaining an EMF-SoC curve and
identification of a battery model with time-invariant parameters. Furthermore, this
lab-grade sensor is used as a reference for SoC estimation by using its measurement
data in combination with the Coulomb-Counting (CC) method to obtain the true
SoC. The second current sensor is a production-grade sensor (LEM DHAB S/133),
which is typically used for automotive applications (e.g., EVs) and is used for
validating the observers. The battery cell under test is a Lithium Nickel Cobalt
Aluminium Oxide (LiCoNAlO2 ) cell with a (measured) nominal capacity of C0 =
12.6Ah and a nominal voltage of 3.68V. The EMF-SoC curve, i.e., the function
V EMF (s) in (6.1), is shown in Fig. 6.1 and is characterised with a pulsed-current
test using data from the lab-grade current sensor.
In order to test the proposed observer and to compare the observer to existing
approaches, the battery needs to be excited with a certain current profile. In this
chapter, a test case has been created that is as close to a real application as possible.
Therefore, the test profiles are based on an EV application where a velocity profile is
taken in combination with a model of the longitudinal vehicle dynamics to obtain a
current profile for the battery pack of the vehicle. Subsequently, assuming a certain
capacity of the battery pack in combination with a typical nominal pack voltage
of 400 V, and an efficiency of the regenerative braking of ηr = 0.6, the current for
one battery cell is obtained. Subsequently, this current has been used to excite the
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Figure 6.1: EMF-SoC curve.
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(a) WLTP cycle velocity profile.

(b) MMD cycle velocity profile.

(c) WLTP cycle, I batt .

(d) MMD cycle, I batt .

(e) WLTP cycle, V batt .

(f ) MMD cycle, V batt .

Figure 6.2: Experimental EV drive cycles.
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battery. All tests have been conducted in the climate chamber at a temperature of
20◦ C. Still, the methodology proposed in this chapter is valid for any temperature
since the model parameters are estimated online as opposed to offline parameter
estimation, where temperature-dependent parameters would be needed.
The velocity profiles selected for the experiment are the class-3 cycle of the Worldwide harmonized Light vehicles Test Procedure (WLTP) and a number of velocity
profiles that were measured on the road in the Netherlands, with both city and
highway driving. Using these velocity profiles, two experimental drive cycles have
been constructed with the aim of achieving a significant discharge of the battery in
order to test the observers in a substantial part of the SoC range. Therefore, the
first drive cycle consists of a repetition of six WLTP cycles on a 40-kWh battery
pack as shown in the left column of Fig. 6.2, where the battery is discharged from
SoC = 97% to SoC = 28%. In Fig. 6.2a, the velocity profile of the drive cycle
is shown and in Fig. 6.2c and Fig. 6.2e, the measured battery current (using the
production-grade sensor) and battery voltage, respectively, are depicted.
The second drive cycle is the MMD cycle2 and is shown in the right column of
Fig. 6.2 and consists of three trips of city and highway driving on a single charge
of a 80-kWh battery pack, where the battery is discharged from SoC = 85% to
SoC = 14%. Observe the changing voltage behaviour at the end of the MMD cycle
in Fig. 6.2f, after approximately t = 9000s, where the SoC is dropping below 20%.
This behaviour indicates a slower rate of diffusion, implying that the model parameters have changed, i.e., larger internal resistance causing a larger overpotential

Figure 6.3: WLTP cycle, zoom of I batt with production-grade sensor (blue) and
lab-grade sensor (red).
2 The MMD cycle consists of three separate trips starting in Eindhoven and ending in different
places in the Netherlands, combined in one cycle with a total length of 232km. Trip 1: Eindhoven
to Mijdrecht (M), 119km. Trip 2: Eindhoven to Meterik (M), 51km. Trip 3: Eindhoven to Demen
(D), 62km. All trips consist of both highway and city driving.
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and thus a larger voltage drop as observed in Fig. 6.2f. In other words, the nonlinear behaviour of the battery becomes more dominant, which clearly motivates the
necessity of estimating model parameters online as opposed to offline estimation,
which will be further substantiated through the results in this section.
Lastly, comparing the measurements of the lab-grade current sensor with the
production-grade current sensor motivates the need for SoC estimation in general.
In Fig. 6.3, a short section of the measured current with the production-grade
sensor from Fig. 6.2c is shown, which now also includes the data from the labgrade current sensor. It can be seen that the production-grade sensor in blue is
biased and can be characterised by a significantly higher standard deviation than
the lab-grade current sensor. Moreover, this bias is time-varying (i.e., sensor drift)
and is therefore calculated as the absolute average of the difference between the two
current signals, which is found to be 26 mA for the WLTP drive cycle and 33 mA
over the MMD cycle. Although this might seem small, a bias of 33 mA over a time
of 4 hours will result in an SoC error of 1.3% using the production-grade sensor in
combination with the CC method for the battery cell used in this chapter.
Remark 6.3 At low SoC, e.g., SoC ≤ 20%, the nonlinear behaviour of the battery
seems to be significantly more pronounced. In order to properly assess this nonlinearity, the degree of nonlinearity of the battery can be analysed through a so-called
nonlinear distortion analysis, see, e.g., [115].

6.4.2

Results of EKF with Correlated Noise and Forgetting

As mentioned in Section 6.3, the joint EKF CF is characterised by only one tuning
parameter, i.e., γ, and two pre-tuning choices, i.e., model structure and model order
of the overpotential model. In this chapter, a first-order model is chosen as denoted
in (6.3) and (6.5) for the ARX model and OE model, respectively. Consequently,
observer synthesis of the joint EKF CF depends on γ and the choice for either an OE
or ARX model structure. The effect of these choices is analysed by synthesising
different observers for these different choices and applying the observers to the
measured WLTP data in Fig. 6.2. In order to verify convergence of the estimation
error and thus the effect of γ, the initial conditions are taken as SoC = 92% (i.e.,
5% deviation with respect to the true SoC) and θ01 = 0.95, θ02 = 0 and θ03 = 0.01. It
should be noted that the initial parameter values θ0 are taken close to the parameter
values that have been found through offline characterisation of the parameters using
the WLTP cycle. Furthermore, recall that the measured current used for estimation
is taken from the less-accurate production-grade sensor in Fig. 6.2c.
The results of this study in terms of parameter estimation and SoC estimation are
shown in Fig. 6.4 and Fig. 6.5, respectively. In Fig. 6.4, the left column depicts the
results for an ARX model structure and the right column depicts the results for an
OE model structure. The estimates of the parameters θk1 , θk2 and θk3 are depicted
from top to bottom, respectively. For every plot, the dashed black line shows the
parameter values that have been estimated offline and the coloured dashed lines
depict the estimated parameters using the joint EKF CF for a range of γ values.
The offline identification of the battery model was performed by taking a different
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Figure 6.4: Estimated model parameters with ARX and OE model for different
settings of γ.
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Figure 6.5: SoC error with ARX and OE model for different settings of γ.
section of the WLTP data such that the validation data do not overlap entirely
with the identification data. Moreover, the black dashed lines show that there is
a significant difference between the offline parameters of the OE model and the
ARX model. For the online estimation with the joint EKF CF, it can be seen from
the plots in Fig. 6.4 that increasing γ results in more “aggressive” adaptation of
the parameter, which can be explained by the fact that a larger γ results in faster
“forgetting” of older data and thus faster adaptation. Interestingly, in case of an
ARX model structure, θk1 and θk2 do not seem to converge to the offline parameters,
whereas for the OE model structure, θk1 and θk2 seem to converge to the offline
parameter values (i.e., the dashed black line). In Fig. 6.5a and Fig. 6.5b, the SoC
estimation errors are shown for the ARX model structure and OE model structure,
respectively. Similar to the parameter-estimation results, it can be seen that increasing γ results in faster and more “aggressive” adaptation. Moreover, it can be
seen that the SoC error in Fig. 6.5b with the OE model structure is significantly
smaller than the SoC error in Fig. 6.5a using the ARX model structure. Therefore,
we will take the OE model structure for the joint EKF CF and subsequently, only
γ is a tuning parameter for the algorithm, where, based on the results with WLTP
data in Fig. 6.4 and Fig. 6.5, 1.0001 ≤ γ ≤ 1.001 is preferred.

6.4.3

Comparison with Existing Approaches

The proposed joint EKF CF will be compared to existing model-based estimation
methods, using the model in (6.1). First, the need for online estimation of parameters will be shown. Second, it will be shown that the estimation accuracy of
the joint EKF CF, which has only one tuning parameter, is comparable to other
state-of-the-art estimation techniques, which typically have a multitude of tuning parameters. The latter will demonstrate the main contribution of this work:
an accurate joint-estimation method with only a single tuning parameter γ with
straightforward tuning.
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For the comparison, a number of commonly-used estimation methods are selected. First, to show the necessity of online parameter estimation, the proposed
observer will be compared to the (regular) EKF for which the parameters have
been identified offline. For online parameter estimation (or frequently referred to
as parameter adaptation), a wide variety of approaches exists in the literature,
see [18, 33, 37] and references therein. These approaches can roughly be divided
into two categories. The first category consists of approaches that solve the highly
coupled joint-estimation problem in one step, for which the joint EKF and related
extensions (e.g., sigma-point KF, unscented KF, etcetera) are well-established in
the literature and are widely applied, see, e.g., [18, 37, 87]. The second category
consists of approaches that solve the estimation problem in two steps, a parameterestimation step and an SoC-estimation step. Typically, the model parameters are
estimated using a recursive least-squares (RLS) approach and in the other step, a
model (based on the estimated parameters) is used in combination with an EKF
for model-based SoC estimation. see, e.g., [116–118]. In summary, the following
estimation methods will be compared.
• Offline EKF
SoC estimation only, with tuning of covariances Q and R. No parameter
adaptation is employed; the parameters have been identified offline with a
separate identification experiment.
• RLS+EKF
Two-step approach: parameter estimation using RLS with forgetting factor
γ rls and SoC estimation using an EKF with tuning of covariances Q and R.
• Joint EKF
Solving the joint-estimation problem using the joint EKF with regular tuning
of covariances Q and R (i.e., without correlated noise and forgetting).
• Joint EKF CF
The approach developed in this chapter based on the joint EKF, with a single
tuning parameter γ.
The comparison is performed as follows. The estimation accuracy of the observers
is analysed in terms of the SoC estimation error, for which the measured or “true”
SoC is calculated with the CC method in combination with the measured current
from the lab-grade sensor. The SoC error is then given by subtracting the estimated
SoC from the true SoC. The performance of the estimation methods is evaluated for
both drive cycles (WLTP and MMD cycle) in Fig. 6.2 and all observers have been
tuned adequately so as to yield good performance (in terms of the SoC estimation
error). The offline model parameters (used for the offline EKF and for the initial
conditions of the other observers) have been identified with both the MMD and
the WLTP cycle. Note that the parameters identified with the MMD cycle are
used for the SoC estimation in the WLTP cycle and vice versa, in order to ensure
proper cross validation. The initial conditions for the observers are taken as close
as possible to the true values, since convergence has already been shown previously
in Fig. 6.4 and Fig. 6.5. This means that the initial SoC estimate is taken to
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Table 6.1: Tuning and initial conditions of the observers.
offline EKF
RLS+EKF

Q = I2×2 × 10−4 , R = 1, P0 = I2×2
γ rls = 0.998, P0rls = I3×3

Q = I2×2 × 10−4 , R = 1, P0 = I2×2

joint EKF
joint EKF CF

Q = I5×5 × 10−4 , R = 1, P0 = I5×5
γ = 1.0001, P0 = I5×5

be the true SoC and for joint EKF and the joint EKF CF, the initial conditions
for the parameters are taken as the offline identified OE parameters, since in this
case, the proposed joint EKF CF uses an OE model structure as discussed in the
previous section. Consequently, the other KF-based observers (including the offline
EKF) are also initialised with these parameters so as to make a fair comparison.
For the two-step scheme with RLS and EKF (RLS+EKF), the initial parameter
estimates are the offline identified ARX parameters since an ARX model structure
is assumed in the RLS scheme (i.e., only ARX yields a linear least-squares problem).
Consequently, the offline parameters have been estimated for both the OE model
structure as well as the ARX model structure for both drive cycles. The initial
conditions as well as the tuning of the observers are given in Table 6.1.
The results of the comparison can be found in Fig. 6.6, Fig. 6.7 and Table 6.2.
Fig. 6.6a and the left column of Fig. 6.7 depict the estimation results for the WLTP
cycle. Fig. 6.6a shows the SoC estimation error and the estimated parameters θk1 ,
θk2 and θk3 are shown in Fig. 6.7 from top to bottom, respectively. As mentioned
previously, note that the offline parameters have been identified with an OE model
structure. Similarly, the estimation results for the MMD cycle are depicted in
Fig. 6.6b and in the right column of Fig. 6.7. Subsequently, the SoC estimation
errors in Fig. 6.6a and Fig. 6.6b in terms of the root-mean-square error (RMSE)
over the entire drive cycle can be found in the third and fourth column of Table 6.2,
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Figure 6.6: SoC error for different observers in case of the WLTP cycle and MMD
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Figure 6.7: Model parameters for different observers with in the left column, the
results for the WLTP cycle and in the right column, results for the MMD cycle.
The offline model parameters have been identified using an OE model structure.
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Table 6.2: Comparison of the estimation methods in terms of the RMSE of the
SoC estimation in [%], including CC (using the production-grade current sensor)
as baseline.
WLTP (initial error)

WLTP

MMD

CC

5.4

0.5

0.6

offline EKF

0.7

0.4

2.7

RLS+EKF

0.9

0.7

1.7

joint EKF

0.6

0.6

0.8

joint EKF CF

0.6

0.5

0.5

respectively. The second column of Table 6.2 shows the RMSE of WLTP cycle with
the incorrect initial conditions as used in Fig. 6.4 and Fig. 6.5. Furthermore, the
baseline for the SoC estimation is shown in Table 6.2 by means of the RMSE of the
CC method using the production-grade sensor, where the error is mainly caused
by the time-varying bias of the production-grade sensor.
In Fig. 6.6 and Fig. 6.7, it can be seen that for the WLTP cycle, the performance
of the observers is similar and relatively accurate in terms of the SoC estimation
error. Table 6.2 confirms this as the RMSEs are well below SoC = 1%. For
the parameter estimation with the WLTP cycle, the observers behave differently,
although the differences in estimated parameters are relatively small. Moreover,
the parameter estimates are close to the offline OE model parameters depicted
with the dashed magenta line. The results for the MMD cycle in Fig. 6.6b and
the right column of Fig. 6.7 are quite similar to those of the WLTP cycle up to
k ≈ 9000s. As mentioned previously, from this point in time (i.e., low SoC range)
the nonlinear behaviour of the battery becomes more dominant, see, e.g., [115].
Therefore, the underlying parameters of the system change, which is clearly visible
in the voltage behaviour in Fig. 6.2f. To deal with this phenomenon, the parameters
of the battery model need to be adapted as can be seen in Fig. 6.7b, Fig. 6.7d and
Fig. 6.7f, where all observers perform this parameter adaptation differently. The
resulting SoC estimation error as well as its RMSE can be found in Fig. 6.6b and
Table 6.2, where it is quite clear that not adapting the parameters, i.e., using the
offline EKF, yields the worst performance with an RMSE of 2.7%. This motivates
the need to make the parameters of the overpotential model time-varying (e.g.,
SoC-dependent), thus motivating the need for online parameter estimation. The
other observers yield higher accuracy, where the RMSEs for the joint EKF and
the proposed joint EKF CF are relatively similar. Note that the offline EKF has
been validated with both OE parameters as well as ARX parameters (the results
for the OE parameters are shown in Fig. 6.6, Fig. 6.7 and Table 6.2). Although
the parameter values are slightly different, the estimation accuracy is the same for
both model structures.

154

6.5

Joint Estimation of Parameters and SoC using an EKF

Discussion

The results of the application of the proposed observer and the comparison of estimation methods provide interesting insights that are discussed further in this
section. First, the proposed joint EKF CF and the (regular) joint EKF achieve
similar performance, which is as expected. It is interesting to note that the parameter estimation with the joint EKF seems to be more “aggressive” than with the
joint EKF CF, especially for parameters θk2 and θk3 in Fig. 6.7 as can be seen from
the relatively fast parameter variations. In general, the joint EKF works well, but
tuning of the observer has been a major issue.
In this chapter, the joint EKF has been adapted to make it tuning-friendly with a
particular emphasis on disturbance attenuation and convergence properties for SoC
estimation. Furthermore, both the joint EKF and the joint EKF CF were able to
achieve accurate SoC estimation at the end of the MMD cycle in Fig. 6.6b, where
the nonlinear behaviour of the battery is more pronounced, causing changes in the
battery parameters. This demonstrates the advantage of jointly performing SoC
and parameter estimation. Interestingly, the RLS+EKF scheme with the tuning
as shown in Table 6.1, which is also a joint-estimation scheme, is significantly less
accurate at the end of the MMD cycle. It should be noted that different tuning
settings have been analysed for this observer, however, the settings as presented in
Table 6.1 yielded the most accurate results as shown in Table 6.2 and Fig. 6.6b. It
would therefore be interesting to further investigate this difference in performance,
which might be due to the fact that the joint EKF solves the joint-estimation
problem in a strongly coupled fashion, where both the SoC and the parameters are
estimated simultaneously, whereas the RLS+EKF scheme uses a more decoupled
two-step approach.
Another important aspect is the interpretation of the SoC-estimation results as
presented in Table 6.2, Fig. 6.6a and Fig. 6.6b. Namely, the RMSEs of the proposed
joint EKF CF and the joint EKF are well below 1% SoC error for both drive cycles.
However, what does this number tell us and should we aim for an even smaller error,
and if so, would that be a significant result? One could argue that an uncertainty
interval for the SoC estimation error should be used since the final result, the
SoC estimate, consists of a number of steps and each single step introduces some
uncertainty. For example, in this chapter, the nonlinear EMF-SoC function of
the battery model has been characterised at 20◦ C using a pulsed-current test,
which is based on relaxation of the battery voltage. The experimental validation
has also been conducted at this temperature. However, the EMF-SoC function
is temperature-dependent, see, e.g., [119], which suggests that, depending on the
characterisation of the EMF-SoC function, an error in the SoC estimation will
be introduced. For example, the function can be characterised as a temperaturedependent function, see, e.g., [12, Chapter 2] or simply as one single curve at one
temperature, which is typically used in the literature.
Furthermore, the EMF-SoC relation will (slowly) change over time due the battery ageing. The experiments in this thesis are conducted over a short period
of time and, therefore, it is assumed that the ageing does not significantly affect
the EMF-SoC relation. However, over a longer period of time, the change in the
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EMF-SoC relation may introduce an additional error in the SoC estimation. Consequently, it is preferable to calibrate or adapt the EMF-SoC relation over time, for
which approaches have been proposed, see, e.g., [120, 121]. Moreover, the method
of obtaining the EMF voltage can also introduce an error. For example, using
the voltage relaxation method (with the pulsed-current test) is more accurate than
using a method where the EMF-SoC curve is determined based on averaging a
small discharge current and a small charge current, see [119]. In conclusion, an
uncertainty interval around the SoC error of approximately ±1% could very well
be reasonable. This would imply that all SoC errors in this interval can be interpreted as equally accurate and we cannot quantitatively compare methods with
SoC errors that lie within this interval.
Lastly, one could argue that the RMSE of CC in Table 6.2 is relatively small and it
could be argued that using an observer for SoC estimation is not necessary. Indeed,
for the relatively short drive cycles in this chapter, this may be true. However, the
problem of the CC method is that it is based on integrating current and therefore
the error will accumulate over time. Moreover, and this may be an even bigger
issue, the CC method is based on exact knowledge of the initial condition. For
instance, using the experimental setup, an experiment of a return trip with the
MMD cycle has been performed (i.e., two times 232km) with constant-current
charging in between. Then, the accumulated SoC error of the correctly initialised
CC method (using the production-grade current sensor) was already 4.9% at the
end of the cycle, demonstrating the need for SoC estimation. Finally, further drift
of the CC accuracy may be caused by battery ageing and self discharge (which are
both temperature-dependent phenomena).

6.6

Conclusions

Battery State-of-Charge (SoC) estimation is often performed using an nonlinear
extension of the Kalman filter such as the Extended Kalman filter (EKF) in combination with an Equivalent-Circuit Model (ECM). However, the convergence of
the SoC estimation error and the robustness with respect to model uncertainty
are not addressed explicitly, making tuning of these filters a tedious task without
clear instructions on the tuning procedure. In the literature, robust-observer design
procedures have been proposed that show promising results. However, in order to
ensure accurate SoC estimation under all circumstances, joint estimation of SoC
and ECM parameters is necessary.
In this chapter, it has been shown that extending the robust-observer approaches
towards the joint estimation of SoC and ECM parameters is not feasible. Therefore,
we have proposed to combine a nonlinear observer with the structured representation of model uncertainty and disturbance from the robust-observer design of
Chapter 5. To do so, the standard joint EKF has been adapted to accommodate correlated noise and forgetting, which resulted in an observer with a specific
structure for model uncertainty and disturbance with a single tuning parameter,
allowing for straightforward observer tuning. The experimental results on realistic
drive-cycle data have shown that the performance of the proposed observer is sim-
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ilar to the widely-used (and close-to-optimal) joint EKF with a root-mean-square
SoC error of 0.5%, resulting in an easy-to-tune alternative to the joint EKF.

6.A
6.A.1

Appendix
Implementation of the Forgetting Factor

Using the approach in [113, Chapter 7.4] as a starting point, we will add a forgetting
factor to (6.14) by redefining the covariance matrices in (6.14) to Rk = γ −k Rk ,
Qk = γ −k Qk and Sk = γ −k Sk and by taking
P̃k+ = γ k−1 Pk+
−
−
P̃k+1
= γ k Pk+1

⇔

⇔

γγ −k P̃k+ = Pk+
−
−
γ −k P̃k+1
= Pk+1

(6.29)

where γ ≥ 1 is the forgetting factor.
The measurement update of the observer is then given by
+
+
x̂−
k+1 = x̂k + Lk (yk − C x̂k − Duk )

(6.30)

and
Lk = Pk+ C > CPk+ C > + γ −k Rk

−1

= γγ k−1 Pk+ C > γγ k−1 CPk+ C > + Rk

−1
= γ P̃k+ C > γC P̃k+ C > + Rk
,

−1
(6.31)

and
−
Pk+1
= (I − Lk C) Pk+

−
γ −k P̃k+1
= (I − Lk C) γγ −k P̃k+
−
P̃k+1
= γ (I − Lk C) P̃k+ .

(6.32)

For the time update, we find
−
−k
x̂+
Sk γ k Rk−1 yk − C x̂−
k+1 = Ax̂k+1 + Buk + γ
k+1 − Duk

−1
= Ax̂−
yk − C x̂−
k+1 + Buk + Sk Rk
k+1 − Duk


(6.33)

and
 −
>
+
Pk+1
= A − γ −k Sk γ k Rk−1 C Pk+1
A − γ −k Sk γ k Rk−1 C + γ −k Qk

− γ −k Sk γ k Rk−1 γ −k Sk>

 −
>
+
γ k Pk+1
= γ k A − Sk Rk−1 C Pk+1
A − Sk Rk−1 C + Qk − Sk Rk−1 Sk>
 −
>
+
P̃k+1
= A − Sk Rk−1 C P̃k+1
A − Sk Rk−1 C + Qk − Sk Rk−1 Sk>

(6.34)
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+
+
where P̃k+1
= γ k Pk+1
.

In summary, the two-step KF with cross-correlated noise and forgetting is given
by the measurement update

−1
Lk = γ P̃k+ C > γC P̃k+ C > + Rk
+
+
x̂−
k+1 = x̂k + Lk (yk − C x̂k − Duk )

−
P̃k+1

= γ (I −

Lk C) P̃k+

(6.35a)
(6.35b)
(6.35c)

and the time update

−
−1
x̂+
yk − C x̂−
k+1 = Ax̂k+1 + Buk + Sk Rk
k+1 − Duk
 −
>
+
P̃k+1
= A − Sk Rk−1 C P̃k+1
A − Sk Rk−1 C + Qk − Sk Rk−1 Sk> ,

(6.35d)
(6.35e)

which completes the implementation of the forgetting factor γ.

6.A.2

Rearranging the KF with Correlated Noise and Forgetting

In order to rearrange the two-step KF with correlated noise and forgetting to its
one-step form, (6.15b) is substituted in (6.15d), which yields
x̂k+1 = A (x̂k + Lk (yk − C x̂k − Duk )) + Buk + Sk Rk−1

× (yk − C (x̂k + Lk (yk − C x̂k − Duk )) − Duk )

= Ax̂k + Buk + ALk + Sk Rk−1 − Rk−1 CLk (yk − C x̂k − Duk )

and substituting with Lk from (6.15a) yields


−1
x̂k+1 = Ax̂k + Buk + γAP̃k C > + Sk γC P̃k C > + Rk
(yk − C x̂k − Duk )
= Ax̂k + Buk + L̃k (yk − C x̂k − Duk )
where L̃k =



γAP̃k C > + Sk

(6.36)


−1
γC P̃k C > + Rk
. To arrive at the final step of

(6.36), we used the fact that

Rk−1 − Rk−1 CLk


−1 
−1
−1
>
>
γC P̃k C + Rk
= Rk − γRk C P̃k C



−1
= Rk−1 γC P̃k C > + Rk − γRk−1 C P̃k C > γC P̃k C > + Rk

−1
= γC P̃k C > + Rk
,

(6.37)
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where Lk is taken from (6.15a). Subsequently, substituting (6.15c) in (6.15e) and
using (6.15a) yields

>
P̃k+1 = A − Sk Rk−1 C γ (I − Lk C) P̃k A − Sk Rk−1 C + Qk − Sk Rk−1 Sk>
= γAP̃k A> − γALk C P̃k A> − γSk Rk−1 C (I − Lk C) P̃k A>

− γA (I − Lk C) P̃k C > Rk−1 Sk> + γSk Rk−1 C (I − Lk C) P̃k C > Rk−1 Sk>

+ Qk − Sk Rk−1 Sk>


−1
= γAP̃k A> − γAP̃k C > γC P̃k C > + Rk
γCPk A>

−1

−1
− Sk γC P̃k C > + Rk
γC P̃k A> − γAP̃k C > γC P̃k C > + Rk
Sk>


−1 
−1
>
>
− Sk Rk
I − γC P̃k C
γC P̃k C + Rk
Sk> + Qk



−1 
>
= γAP̃k A> − γAP̃k C > + Sk γC P̃k C > + Rk
γAP̃k C > + Sk
+ Qk ,
(6.38)

where we used the following identities in which Lk is taken from (6.15a):
I − Lk C = (γ P̃k C > Rk−1 C + I)−1

(I − Lk C)P̃k C > Rk−1 = P̃ C > (γC P̃k C > + Rk )−1
Rk−1 C(I

>

− Lk C)P̃k = (γC P̃k C + Rk )

−1

C P̃k .

(6.39)
(6.40)
(6.41)

In summary, the one-step KF with correlated noise and forgetting is then given
by
x̂k+1 = Ax̂k + Buk + L̃k (yk − ŷk )

(6.42a)

ŷk = C x̂k + Duk
(6.42b)


−1
L̃k = γAP̃k C > + Sk γC P̃k C > + Rk
(6.42c)


−1 
>
P̃k+1 = γAP̃k A> − γAP̃k C > + Sk γC P̃k C > + Rk
γAP̃k C > + Sk
+ Qk ,
(6.42d)

which completes this derivation.

6.A.3

Rewriting the LMI

In order to obtain the equation for the error-covariance matrix P from the LMI
that has been used to synthesise the observer gain L of the H2 -norm observer in
Chapter 5, recall that the LMI is given by


ρP
?
?
?

0
µv I
?
?

  0,
(6.43)

0
0
µw I
?
P (A − LC) P (B − LD) P (E − LF ) P
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A B
where for brevity, ? is used to write symmetric matrices of the form
as
B> A


A ?
. Note that, in order to obtain an actual LMI the substitution P L = W
B> A
should be used. Subsequently, applying a congruence transformation to (6.43) by
post-multiplying the matrix in (6.43) with transformation matrix
 −1

P
0
0
0
 0
I
0
0 

T =
(6.44)
 0
0
I
0 
−1
0
0
0 P
and pre-multiplying it with the T > = T yields

ρP −1
?
?

0
µ
I
?
w


0
0
µv I
(A − LC)P −1 B − LD E − LF


?
? 
  0.
? 
P

(6.45)

−1

Subsequently, taking the Schur complement of (6.45) gives
P −1 −

>

(A − LC) P −1 (A − LC)
 


+ L µ1v DB > + µ1w F E > + µ1v BD> + µ1w EF > L>




− L µ1v DD> + µ1w F F > L> − µ1v EE > + µ1w BB >  0.
1
ρ

and using ρ =

1
γ

(6.46)

and µv = µw = 1 in (6.46) yields
>

P −1 − γ (A − LC) P −1 (A − LC)


+ L DB > + F E > + BD> + EF > L>


− L DD> + F F > L> − EE > + BB >  0.




Subsequently, substituting G = E B , M = F D in (6.13) yields


 
Q S
EE > + BB > EF > + BD>
=
S> R
F E > + DB > F F > + DD>

(6.47)

(6.48)

and using this in the inequality in (6.47) gives
>

P̂ − γ (A − LC) P̂ (A − LC) + LS > + SL> − LRL> − Q  0
with P̂ = P −1 , which completes this derivation.

(6.49)
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7

Experimental Validation of Model-Based
Temperature and State-of-Charge
Estimation

K

eeping track of the battery temperature and State-of-Charge (SoC) are
important functions of a battery management system. In this thesis,
estimation methods for estimating these quantities have been investigated and
experimentally validated in each chapter. However, the estimation methods for
temperature and SoC estimation as presented in Part I and Part II, respectively,
have not been validated simultaneously in a single experiment under realistic
conditions. In this chapter, temperature and SoC estimation will be combined
in one validation experiment, based on a realistic drive cycle of an electric
vehicle, in which the estimation methods are coupled as we use the impedancebased temperature estimates in the SoC estimation. Furthermore, the test
environment used for this experiment as well as for the experiments in Part II
of this thesis, will be introduced in detail in this chapter. The results show that
both estimation methods achieve satisfactory results with a root-mean-square
error of 0.8% of the SoC estimation in case of using the temperature estimate
as an input for the SoC estimation. A root-mean-square error of 1.1% is found
in case of assuming a constant temperature of 20◦ C.
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Experimental Validation

Introduction

Battery temperature and State-of-Charge (SoC) are two key quantities in battery
management systems (BMSs) for Lithium-ion (Li-ion) batteries. In Part I of this
thesis, a framework for impedance-based temperature estimation has been developed and in Part II, a modified joint Extended Kalman Filter (EKF) has been
proposed for the joint estimation of the SoC and the parameters of the EquivalentCircuit Model (ECM) of the battery. In each separate chapter, the estimation
methods have been validated with experimental data, where the experimental data
in Chapter 4 (in case of Cell-Type B) and Chapter 6 have been obtained with the
setup at the laboratory of the Control Systems Group, which has been constructed
to support the research related to battery management, including the research
presented in this thesis.
In this chapter, the aforementioned laboratory test environment (as depicted in
Fig. 7.1) will be introduced in detail, presenting the components and functionalities
of the experimental setup. Moreover, Part I and Part II (i.e., temperature and SoC
estimation, respectively) will be brought together in this chapter by performing a
validation experiment based on a realistic drive cycle of an Electric Vehicle (EV).
As mentioned in Chapter 1, the estimation problems of temperature and SoC estimation are coupled, while this coupling has not yet been shown in this thesis, since
the methods have been investigated separately in Part I and Part II. Therefore,
in the validation experiment, temperature and SoC estimation will be performed

Figure 7.1: Battery test setup: inside of the temperature chamber with the cell
that has been used in Chapter 3. The Single-Cell Supervisor (SCS) is mounted on
top of the cell. Photo: Bart van Overbeeke.
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simultaneously. The coupling between temperature and SoC estimation is implemented by using the temperature estimates from the impedance-based temperature
estimation as an input for the SoC-estimation algorithm1 , in order to increase the
accuracy of the SoC estimation with real-time temperature information.
The research and experimental validation throughout this thesis has been performed with different Li-ion cell types and chemical compositions. For the validation experiment in this chapter, a Lithium Nickel Cobalt Aluminium Oxide
(LiCoNAlO2 ) cell with a rated capacity of 12Ah has been selected, which has also
been used in Chapter 4 (i.e., Cell-Type B) and Chapter 6. Using the design methods and procedures presented in both parts of the thesis, we will arrive at settings
and models for the estimation methods that are suitable for this particular battery
cell. Since the battery cell for the validation experiment is the same battery cell
as used in Chapter 6, setting up the estimation method for joint estimation of
SoC and ECM parameters will be discussed briefly, whereas the analysis, models
and settings for impedance-based temperature estimation will be discussed in more
detail, since this battery cell has not been used in Chapter 2 and Chapter 3.
The outline of this chapter is as follows. In Section 7.2, the test environment for
Li-ion batteries will be introduced and in Section 7.3, the procedure for characterising the EMF-SoC relation of batteries will be discussed briefly. Furthermore, the
extensive analysis and modelling procedure of the battery impedance as presented
in Chapter 2 will be repeated in Section 7.4 for the particular battery cell considered
in this chapter. Subsequently, the setup and results of the validation experiment
will be presented in Section 7.5 and Section 7.6, respectively. In Section 7.7, the
results presented in this chapter will be discussed and finally, conclusions are drawn
in Section 7.8.

7.2

Test Environment for Li-ion Batteries

A dedicated test environment has been constructed at the laboratory of the Control
Systems Group in order to test and validate BMS-related research in a real-world
(and well-conditioned) environment. The experimental setup allows for conducting
experiments for battery modelling as well as testing new BMS algorithms. In this
section, the experimental setup will be introduced by giving an overview of its key
components and functionalities.
In Fig. 7.1, an impression of the test environment can be found by means of a
photograph of the inside of the temperature chamber of the setup. The photograph
shows a battery cell (used in Chapter 3) that is connected to the setup. The
measurement device for impedance measurements, i.e., the Single-Cell Supervisor
(SCS), is placed on top of the battery, directly connected to the battery terminals.
It can be seen that thermocouples are connected to the surface of the battery in
order to measure the battery surface temperature. A basic schematic overview of
1 Conversely, the coupling can be implemented by using the estimated SoC as an input for the
impedance-based temperature estimation. However, we will see that, for the estimation settings
in this chapter (i.e., the excitation frequency and the value of the selector variable), the influence
of the SoC on the impedance-based temperature estimation is expected to be relatively small.
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the entire experimental setup is depicted in Fig. 7.2. The test environment consists
of the following components (including components not shown in Fig. 7.2).
• Temperature Chamber including Safety-Control Unit
The temperature chamber (ESPEC SU-642) has been designed specifically
for Li-ion battery testing and has been fitted with a control unit, safety
sensors, a fire extinguisher and an explosion vent. The safety sensors include
sensors for gas and smoke detection, as well as thermocouples for thermalrunaway detection and an explosion-vent sensor. Furthermore, the chamber
setup features an emergency switch for emergency shutdown and a manual
switch for activating the fire extinguisher. Temperature range of the chamber:
−40◦ C to 150◦ C.
• Programmable Power Supply
The power supply has been configured in parallel with the programmable
load, see Fig. 7.2, and has a current limit of 200A.
• Programmable Load
Electronic load with a maximum current of 100A, configured in parallel with
the programmable power supply.
• Power Switch
To physically disconnect the battery cell from the programmable load and
power supply, a power switch has been included in the setup.
• Single-Cell Supervisor (SCS)
The SCS that has been included in the setup is a prototype device for monitoring battery cells, designed by NXP semiconductors. Amongst other functions,
the device is capable of conducting impedance measurements in galvanostatic
mode. In order to measure the battery impedance at a certain frequency f ,
the SCS
√ draws a sinusoidal current with frequency f and a peak amplitude
of 100 2mA from the battery cell and subsequently measures the induced
voltage at the selected frequency f . The impedance is then obtained by using
Z(f ) = V (f )/I(f ). The SCS uses a four-point probe technique to perform
the measurements (i.e., separate wires for drawing the sinusoidal current and
measuring the induced voltage). Furthermore, note that the SCS is a passive
device in the sense that it draws a current from the battery and thus causes
a slight discharge of the battery when performing impedance measurements.
√
The DC-component of this discharge current is approximately −200 2mA.
Since the current sensors installed in the setup do not register this current,
we will apply a correction for this discharge current when performing experiments that involve impedance measurements.
• Power Resistor
The adjustable power resistor (with a range of approximately 0Ω to 1Ω) can
be used in order to simulate the impedance of a string of batteries connected
in series with the battery under test. This is necessary to avoid measurement
artefacts in the impedance measurements caused by the programmable load
and supply. See Section 7.5 for more details.

7.2
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• Current, Voltage and Temperature Sensors
The test environment includes two current sensors, a voltage sensor and two
temperature sensors. The current sensors measure the battery current I batt
in Fig. 7.2. The first current sensor is a highly accurate laboratory-grade
(lab-grade) sensor (LEM IT 60-S ULTRASTAB) and the second sensor is
a production-grade sensor (LEM DHAB S/133), which is typically used for
automotive applications (e.g., EVs). The battery voltage V batt in Fig. 7.2 is
measured by connecting the battery terminals directly to the (highly accurate) analogue voltage input of the experiment-control unit. The temperature
sensors are two identical thermocouples which can be placed on the battery
surface at different positions.
• Experiment-Control Unit
The test environment is controlled by a CompactRIO System (National Instruments), which has been programmed using LabVIEW software. The
CompactRIO is used for controlling the instruments (e.g., power supply and
load) and for interfacing the experiment-related sensors in order to capture
measurement data. The CompactRIO is connected to a desktop computer
that runs the user interface.
• User Interface
In order to control and monitor the test environment, a user interface has
been created on a desktop computer using LabVIEW software. The user
interface allows the system operator to set up and perform experiments using
the test environment. The user interface relays all experiment parameters to
the CompactRIO and receives the desired measurement data, which is then
stored on the desktop computer.
Via the user interface, the functionalities of the test environment can be accessed
by the system operator. In essence, there are only a few experiment parameters
that can be set: the battery current I batt , the temperature setpoint of the tem-
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+

V
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Power Supply
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Power Switch

I
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Figure 7.2: Schematic overview of the experimental setup.
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perature chamber and, if desired, the parameters for the impedance measurement
(i.e., frequency f and number of impedance measurements). The functionalities of
the setup can be given as follows.
• Manual Control
The system operator can set battery current and temperature manually via
the user interface. Also, impedance measurements can be performed manually by selecting a frequency f and the desired number of measurements.
• Standard Experiments
A number of standard battery experiments have been pre-programmed in
the user interface and only require setting some specific experiment parameters. This experiment library includes common battery experiments such as
a Pulsed-Current Test (PCT) and the CCCV (dis)charging protocol. In this
chapter, CCCV charging is performed as follows. First, the battery is charged
using a Constant Current (CC) at a C-rate of 0.5C until a voltage of 4.2V has
been reached. Then, the charging process continues at a Constant Voltage
(CV) of 4.2V until reaching the cut-off current of 0.1A. Then the battery is
defined to be fully charged (i.e., SoC = 100%). In standard test situations,
charging the battery is always performed at a controlled temperature of 20◦ C.
• Custom Experiments
In a custom experiment, the system operator can define a completely custom experiment by designing a certain current and temperature profile as a
function of (experiment) time. Also, it is possible to define impedance measurements as a function of time. The custom experiment can be defined in a
CSV data format and uploaded to the user interface.
• Experiment Queue
For efficient testing and data collection, the system operator can add all the
desired experiments (e.g., custom experiments, standard experiments, or a
combination of both) to the user-friendly experiment queue.
Now, using the functionalities of the test environment, battery characterisation
experiments as well as validation experiments can be performed.

7.3

Determining the EMF-SoC Relation

As an important element of the Equivalent-Circuit Model (ECM) of the battery,
the relation between the SoC and the electromotive force (EMF), i.e., the EMF-SoC
relation, has been used throughout Part II of this thesis. In order to determine the
EMF-SoC relation, which we will denote by V EMF (s), where s denotes the SoC,
a Pulsed-Current Test (PCT) is used in this thesis. Using a PCT for determining
the EMF-SoC relation is more accurate than using a method where the EMF-SoC
relation is based on averaging the battery voltage caused by a small discharge
current and charge current, see, e.g., [119], or methods based on extrapolating a
set of discharge curves to the curve with “zero” current (i.e., the EMF). Namely, in
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case of the PCT, the EMF voltage V EMF is based on voltage relaxation, which is
less sensitive to measurement errors of the current sensor than the averaging-based
methods. It is also less sensitive to extrapolation errors, depending on the PCT
step size.
In Chapter 4, the PCT for determining the EMF-SoC relation of the battery
that is also considered in this chapter is depicted in Fig. 4.2a and Fig. 4.2b for
the measured battery current I batt and the battery voltage V batt , respectively.
Subsequently, the EMF-SoC relation in Fig. 4.2e has been determined by combining
the relaxed battery voltages from Fig. 4.2b (i.e., the V batt just before a new current
pulse) with the battery SoC, which can be obtained by integrating and normalising
the battery current in Fig. 4.2a. It should be noted that the EMF-SoC relation
in Fig. 4.2e has been determined at 20◦ C. However, as mentioned in Section 6.5,
the EMF-SoC relation is temperature dependent2 , see, e.g., [15, 22, 119]. Ignoring
this fact may lead to errors in the SoC estimation and therefore, in this chapter,
the procedure for determining the EMF-SoC relation used in Chapter 4 (in case of
20◦ C) has been repeated for two additional temperatures, i.e., 5◦ C and 40◦ C. The
EMF-SoC relations for these three temperatures are depicted in Fig. 7.3a.
Subsequently, the resulting three separate EMF-SoC relations at three different temperatures as shown in Fig. 7.3a have been combined into a temperaturedependent EMF-SoC relation V EMF (s, T ) by defining an EMF of 3.14V as SoC =
0% and using linear interpolation. In addition to the temperature-dependent EMFSoC relation, the battery capacity C0 that has been used for normalising the extracted current to an SoC value between 0% and 100%, is also slightly temperature
dependent. Namely, at a temperature of 5◦ C, the overpotential of the battery is
larger than at a temperature of 20◦ C, meaning that less charge can be extracted at
5◦ C since the lower limit of the battery voltage will be reached faster at 5◦ C than at
20◦ C. Using linear interpolation in between the measured temperatures, this leads
1
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Figure 7.3: Comparison of the EMF-SoC relation at different temperatures.
2 The EMF-SoC relation also (slowly) changes over time due to battery ageing, as mentioned
in Section 6.5. Whilst this is not taken into account in this thesis, methods for adapting the
EMF-SoC relation for ageing have been proposed in the literature, see, e.g., [120, 121].
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to a temperature dependent capacity C0 (T ), where it should be noted that the differences in capacity are relatively small. For example, C0 (5◦ C) = 12.2Ah, whereas
C0 (20◦ C) = 12.3Ah. Finally, in Fig. 7.3b, the absolute difference in terms of SoC
between the EMF-SoC relations at 5◦ C and 20◦ C is shown as a function of V EMF .
This figure supports the fact that using the wrong relation in a given circumstance
will lead to an (additional) error in the SoC estimation. For instance, using the
EMF-SoC relation determined at 20◦ C whilst the actual battery temperature is
5◦ C will lead to an absolute maximum SoC error of approximately 0.9%.

7.4

Battery Impedance Modelling and Analysis

In order to perform impedance-based temperature estimation with the particular
battery cell in this chapter, it is necessary to follow the procedure for analysing
and modelling the battery impedance as presented in Chapter 2 and Chapter 3.
Using this procedure, in this section, a model of the battery impedance will be
obtained. Furthermore, a sensitivity analysis of the battery impedance will be performed, similar to the analysis in Section 2.4. Finally, the method for temperature
estimation can be synthesised.

7.4.1

Impedance Modelling

For the battery impedance model, the modelling procedure as outlined in Section 2.3.1 will be followed since a single battery cell is used for the validation
experiment. The EIS-measurement settings for analysing the battery impedance

Figure 7.4: Nyquist plot of the measured battery impedance Z at SoC = 80% for
the range of temperatures denoted in Table 7.1.
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Table 7.1: EIS-measurement settings for battery-impedance analysis.
Temperature T

0, 10, 20, 30, 40, 50 ◦ C

Frequency f

30 log-spaced f : 10 Hz ≤ f ≤ 5 kHz

SoC values

20, 40, 60, 80, 100%

can be found in Table 7.1. For every operating point in the table, 64 measurements
have been conducted in order to average out the measurement noise and to obtain
an accurate measurement. It should be noted that all measurements for this analysis have been conducted with the battery disconnected from the programmable
power supply and load (i.e., the power switch in Fig. 7.2 is in the “open” position),
in order to avoid any external disturbances. Moreover, all measurements have been
performed at thermal equilibrium, i.e., a sufficiently long period of rest at a certain
temperature has been applied before conducting the measurements.
In Fig. 7.4, a Nyquist plot of the measured impedance at SoC = 80% is shown for
the range of temperatures and frequencies as denoted in Table 7.1. For this figure
and for all other figures in this chapter, the circles depict the actual measured
values (averaged over 64 measurements) and the solid (or in some cases dashed)
lines are obtained by interpolation. It is interesting to note the difference between
the measured impedance of this particular LiCoNAlO2 cell with a rated capacity
of 12Ah and the cell used in Chapter 2 as depicted in Fig. 2.3, which is a 90Ah
LiFePO4 cell. Although the trend in the temperature dependency of both cells
is similar, the real part of the battery impedance of the 12Ah cell is significantly
larger, which is to be expected for a cell with a smaller capacity.

7.4.2

Sensitivity Analysis

Now, let us repeat the sensitivity analysis of Section 2.4, where the sensitivity of
the battery impedance was analysed with respect to temperature and SoC, for both
the real part of the battery impedance Re(Z), as well as the imaginary part of the
battery impedance Im(Z). The resulting analyses are depicted in Fig. 7.5.
In Fig. 7.5a and Fig. 7.5b, the sensitivity of the battery impedance with respect
to temperature at SoC = 80% is shown and for Re(Z) and Im(Z), respectively.
These analyses show a similar trend as observed in Chapter 2 in Fig. 2.2. Namely,
towards lower frequencies the battery impedance has a higher sensitivity with respect to temperature. Moreover, this effect is more pronounced for lower battery
temperatures. Furthermore, it can be seen that Re(Z) has a higher sensitivity with
respect to temperature than Im(Z). In Fig. 7.5c and Fig. 7.5d, the sensitivity of
the battery impedance with respect to SoC at T = 20◦ C is shown for Re(Z) and
Im(Z), respectively. The sensitivity with respect to SoC is different from the trend
observed in Fig. 2.2. For Re(Z), there seems to be a relatively high sensitivity in
the entire range of SoC and f that has been measured, although this higher sensitivity is significantly less pronounced for low SoC. For Im(Z), a higher sensitivity
can be seen in case of low frequencies and towards both ends of the SoC spectrum
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(i.e., 0% and 100%), whilst in Fig. 2.2 this higher sensitivity could only be seen
towards the lower end of the SoC spectrum, i.e., SoC = 0%.
In general it can be stated that the sensitivity analysis of the battery impedance
shows similar trends as the trends observed in the sensitivity analysis of Section 2.4,
except for the sensitivity of Re(Z) with respect to SoC, which shows a striking
difference from the trend in Fig. 2.2. Further investigation shows the reason for
this difference. Namely, in order to obtain the sensitivity analyses of the impedance
with respect to SoC in Fig. 7.5c and Fig. 7.5d, the battery has been cycled in
between the SoC setpoints as denoted in Table 7.1. For the sensitivity analyses
of the impedance with respect to temperature in Fig. 7.5a and Fig. 7.5b, cycling
has not been applied as it was only necessary to change the temperature setpoint
to obtain these results. Therefore, it is hypothesised that the cycling-dependent
behaviour of especially Re(Z) may explain the unexpected results of the sensitivity
analysis in Fig. 7.5c.
To investigate this hypothesis, the impedance measurement at SoC = 80% has
been repeated several times for the range of temperatures and frequencies as denoted in Table 7.1 (with cycling in between the measurements). The measured
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Figure 7.5: Sensitivity analysis of Z. Subfigures (a) and (b) show partial derivatives of Z with respect to T at SoC = 80% in [µΩ K−1 ]; subfigures (c) and (d)
show partial derivatives of Z with respect to SoC at T = 20◦ C in [µΩ].
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impedance of the cell used in this chapter (i.e., cell 2) is depicted in a Nyquist plot
in Fig. 7.6a, where NC denotes the cycle count of the battery cell. It can be seen
that the cell used in this chapter is a relatively new cell since the impedance of this
cell has been measured after approximately NC = 5 and NC = 10 cycles as shown
in Fig. 7.6a3 . For reference, the measured impedance of a different cell of exactly
the same type, i.e., cell 1, is also depicted in Fig. 7.6a. Although the exact cycle
count of cell 1 is unknown, the cycle count of this cell is substantially larger than
the cycle count of cell 2. Fig. 7.6a shows a clear shift of the battery impedance as a
function of the cycle count or age of the battery. Now, analysing the measured impedance of cell 2 in Fig. 7.6a provides a convincing explanation for the unexpected
result of the sensitivity analysis of Re(Z) with respect to temperature in Fig. 7.5c.
Since the cell has been cycled in between the measured SoC values as denoted in
Table 7.1, the battery impedance has changed. Therefore, the sensitivity analysis is
heavily influenced by the change in impedance and thus presents quite misleading
information as it predominantly shows the effect of the shift of the impedance as
shown in Fig. 7.6a.
Using two additional repetitions of the impedance measurements of cell 2 on top
of the ones shown in Fig. 7.6a (i.e., NC = 5, NC = 10 and two measurements
in between), the observed shift of the impedance is investigated in more detail.
Fig. 7.6b shows the variance of the impedance (divided into Re(Z) in blue and
Im(Z) in red) over these four measurements as a function of frequency. Since the
impedance has been measured at several temperatures as denoted in Table 7.1,
the variance over the four measurements has been computed for each temperature.
The variance depicted in Fig. 7.6b has been averaged over these temperatures.
Consequently, this figure presents an explicit insight into the shift or change of
the impedance, most likely caused by the (rapid) ageing behaviour of the battery
cell, see, e.g., [63, 76]. Therefore, it also provides a measure of the consistency
of the impedance measurements. It can be seen in Fig. 7.6b that there is clear
change in Re(Z) of approximately 15 × 10−3 mΩ2 on average, whilst the change in
Im(Z) is close to zero compared to the change in Re(Z). In short, due to the shift
in Re(Z), the results of the sensitivity analysis with respect to SoC in Fig. 7.5c
should be ignored, whereas the sensitivity analysis of Im(Z) with respect to SoC
can be relied on for the particular time window in this chapter. Moreover, the
shift of the impedance, which is predominantly present in Re(Z), suggests that
the impedance-based temperature estimation as presented in Chapter 2 should not
be based on Re(Z), since in Fig. 7.6b, it has been observed that Re(Z) changes
under the influence of the cycle count for the entire frequency range. This implies
that α = 0, i.e., only taking into account Im(Z), in the estimator (2.9) (in case of
Cartesian coordinates) should be chosen. Nevertheless, we will validate the method
3 Before conducting the measurements as shown in Fig. 7.6a, similar measurements have been
conducted with cell 1 in order to investigate the shift of the impedance. The results obtained
from these measurements showed similar trends as the trends observed in Fig. 7.6a in terms of the
shift of the impedance. At that point, it was believed that the problem might be caused by the
connection between the electrode tabs of the battery cell and the measurement wire of the SCS.
More precisely, it was believed that the shift of the impedance, predominantly present in Re(Z),
was due to an increase in contact resistance between the aluminium tab of the positive electrode
and the copper measurement wire. To rule out this problem, the aluminium cell tab has been
galvanised with a thin copper layer and the measurement wire was soldered to the electrode tab.
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for both α = 0 as α = 1 in this chapter. It should be noted that in Part I of this
thesis, α = 0.5 has been used, since this yields the most accurate results as we use
all available measurement data, i.e., both Re(Z) and Im(Z). Unfortunately, due to
the behaviour of Re(Z), this is not a suitable setting for the validation experiment.

7.4.3

Method for Temperature Estimation

In order to perform impedance-based temperature estimation using (2.9), an excitation frequency f should to be selected in addition to choosing the selector variable
α. The choice of the excitation frequency f depends on the sensitivity analyses in
Fig. 7.5 as well as possible disturbances that may act on the impedance measurements as investigated in Chapter 3 of this thesis. Since the validation experiment
in Section 7.5 of this chapter is a drive-cycle experiment with a single battery cell
(i.e., cell 2), crosstalk interference (as investigated in Chapter 3) will not be present
during impedance measurements and is therefore not taken into account. However,

(a) Impedance at T = 10◦ C and SoC = 80%. (b) Variance of impedance measurements
at SoC = 80%, averaged over all T .

(c) Re(Z) as a function of T at f = 587Hz.

(d) Im(Z) as a function of T at f = 587Hz.

Figure 7.6: Analysis of the battery impedance and its behaviour with respect to
the cycle count.
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the impedance measurements will be disturbed by interference from (dis)charge
currents of an EV drive cycle during the validation experiment. In Fig. 3.7 of
Chapter 3, a (dis)charge current of an EV and the corresponding Power Spectral
Density (PSD) are shown, which are similar to the profile used in this chapter.
Therefore, we will not repeat the analysis of Chapter 3 and use the optimal setting for f as found in Section 3.6. In case of interference by (dis)charge currents,
f = 630Hz should be selected as denoted by Case C in Table 3.3 and shown in
Fig. 3.10. Subsequently, by selecting f and α, the impedance-based temperature
estimation can be expressed as a function relating the measured impedance to the
battery temperature T .
In Fig. 7.6c and Fig. 7.6d, this relation is shown for Re(Z) (i.e., α = 1) and Im(Z)
(i.e., α = 0), respectively, and for f = 587Hz. Note that f = 587Hz is shown for
this analysis since this frequency is the closest measured frequency to the selected
frequency of f = 630Hz. Furthermore, the dashed lines in Fig. 7.6c and Fig. 7.6d
have been obtained by applying a piecewise cubic interpolation to the measured
values depicted by the circles. As expected from the previous analysis results,
Fig. 7.6c shows that the relation between Re(Z) and T depends on cycle count
NC , making it a poor candidate for impedance-based temperature estimation since
it would lead to large errors in the temperature estimation. The relations between
Im(Z) and T in Fig. 7.6d confirm that Im(Z) does not change significantly as a
function of NC , making it a suitable choice for temperature estimation. In order to
perform impedance-based temperature estimation in the validation experiment of
this chapter, the relation between the impedance at f = 630Hz and the temperature
T will be obtained from impedance measurements that will be performed just
before the validation experiment. By doing so, the ageing effect of the impedance
is expected to be minimal, which is especially important for the impedance-based
temperature estimation based on Re(Z).

7.5

Setup of the Validation Experiment

In this section, the setup of the validation experiment will be presented that will
be used to bring the two parts of this thesis together. Using a realistic drive cycle
of an EV, impedance-based temperature estimation and SoC estimation will be
validated. Moreover, the estimated temperature T will be used as input for the
SoC-estimation algorithm in the experiment.

7.5.1

Setup of the Drive Cycle

To perform the validation experiment on the 12Ah LiCoNAlO2 cell, it is necessary
to define a drive-cycle profile and temperature profile. Moreover, the correct models
and/or settings for the temperature and SoC-estimation algorithms need to be
obtained. For the drive cycle, two recorded velocity profiles of road trips in the
Netherlands will be combined. These trips contain both highway and city driving
and the combination of these trips leads to the MD-cycle, which can be interpreted

176

Experimental Validation

as a variation on the MMD-cycle in Section 6.4. The velocity profile of the MDcycle (with a total length of 112km) is depicted in Fig. 7.7a. In order to apply the
velocity profile to the battery cell, the velocity profile is transformed to a current
profile and subsequently, the current profile is scaled to a current profile for a single
battery cell. To do this, similar to Section 6.4, a model of the longitudinal vehicle
dynamics is used to obtain a current profile for the battery pack of the EV from
the velocity profile. Assuming a 80kWh battery pack, a nominal pack voltage of
400V and an efficiency of the regenerative breaking of ηr = 0.6, the current profile
for a single battery cell is obtained.
The (environmental) temperature profile of the validation experiment is depicted
in Fig. 7.7b and can be conditioned perfectly using the temperature chamber of
the test environment. It should be noted that before starting the experiment, the
temperature has been kept at T = 5◦ C for a sufficiently long period in order to
reach a thermal equilibrium. The validation experiment is now defined by the
temperature profile in Fig. 7.7b and the current profile derived from the velocity
profile in Fig. 7.7a and shown (by means of the measured current) in Fig. 7.7c. Fi-

(a) MD-cycle velocity profile.

(b) MD-cycle temperature profile.

(c) MD-cycle, I batt .

(d) MD-cycle, V batt .

Figure 7.7: Experimental drive-cycle and temperature profile.
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nally, the battery impedance will be measured every second using the SCS4 , where
f = 630Hz is selected as discussed in Section 7.4.3. Now, based on the validation
experiment that has been defined, it will be interesting to analyse how well the
impedance-based temperature estimation can track the temperature profile. Note
that the temperature profile of Fig. 7.7b is not necessarily equal to the average
internal temperature of the impedance-based temperature estimation. Furthermore, due to the relatively large difference in temperature over the cycle, it will
also be interesting to analyse the results of the SoC (and parameter) estimation.
For instance, the temperature-dependent model parameters will most likely change
during the experiment and the temperature-dependent EMF-SoC relation may also
have an effect on the estimation performance.
Fig. 7.7c and Fig. 7.7d show the measured current I batt and the measured voltage V batt , respectively, of the validation experiment. The battery current shown in
Fig. 7.7c has been measured with the production-grade sensor of the test environment. In addition, I batt has also been measured with the highly-accurate lab-grade
sensor, which will be used to compute the SoC reference. The battery cell has been
discharged during this experiment from SoC ≈ 80% to SoC ≈ 40%. It is interesting to note that the measured battery voltage in Fig. 7.7d seems to be more
“noisy” than the measured voltage of the MMD-cycle in Fig. 6.2f. For instance,
compare the battery voltages in the parts of both figures where the current is 0A,
e.g., at the end of both cycles. It can be seen that the voltage of the MMD-cycle
is an almost noiseless line whilst the voltage at the end of the MD-cycle is relatively noisy. This effect is caused by performing an impedance measurement every
second, where the induced battery voltage of the sinusoidal measurement current
is the “noise” that can be seen. In short, the experimental data set contains the
measured current I batt (measured with two sensors and including compensation
for the current draws by the SCS for the impedance measurements), the measured
voltage V batt , the measured impedance Z and the measured surface temperature
of the battery T surf . The latter two measured quantities will be shown at a later
stage in this section.

7.5.2

Setup of the Estimation Methods

Using the experimental data set, model-based temperature and SoC estimation can
be performed using the estimation methods presented in Part I and Part II of this
thesis, respectively. Let us first consider the setup of the method for impedancebased temperature estimation and second, let us consider the setup of the SoCestimation method. Based on the selection of f = 630Hz for the temperatureestimation method, similar relations to those shown in Fig. 7.6c and Fig. 7.6d
have been determined for f = 630Hz. In essence, by selecting f , N and α in
(2.9), the impedance-based temperature estimation is now the function T̂ (Z meas )
as depicted in Fig. 7.6c and Fig. 7.6d for α = 1 and α = 0, respectively. Due
4 The SCS has a standard measurement time for one impedance measurement of approximately
one second, regardless of the measurement frequency f . Depending on the selected measurement
frequency, a certain number of periods of the sinusoidal measurement current will be applied
to the battery in one second. Since a fast and accurate temperature indication based on the
impedance is desired, the impedance is measured every second in the validation experiment.
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to the ageing behaviour of the battery impedance as discussed in the previous
section, which is predominantly present in Re(Z), the relation between Im(Z) and
T is the most promising candidate for temperature estimation. Nevertheless, to
test the relation between Re(Z) and T as well, the characterisation of the function
T̂ (Z meas ) has been performed once more just before the validation experiment in
order to minimise the influence of the ageing on the estimated temperature. Finally,
the characterisation5 of the aforementioned functions has been performed whilst
the battery was connected with the programmable power supply and load, i.e.,
the power switch in Fig. 7.2 was in the “closed” position. This was done in order
to capture any additional parasitic effects (e.g., impedance of wires, etcetera) in
the impedance model so as to minimise its effect on the temperature estimation.
Moreover, a power resistor has been included to the setup to simulate the impedance
of a string of battery cells in series with the actual cell under test (similar to an
EV)6 .
For the joint estimation of the SoC and the battery ECM parameters, the proposed joint EKF with Correlated noise and Forgetting (joint EKF CF) from Chapter 6 will be used. The settings for the Joint EKF CF are the same as the settings
in Chapter 6, since these settings work well for this particular type of battery cell.
More precisely, for the model structure and model order, a first-order Output Error
(OE) model has been selected. The only tuning parameter γ for the joint EKF
CF is set to γ = 1.0001. The initial conditions are taken as follows. For the SoC,
the correct initial condition is used as convergence of the estimation error has been
shown in Chapter 6. The initial values for the ECM parameters are set to the
offline identified OE parameters based on a section of the experimental data set
from 300s to 2500s.
Furthermore, the battery model (6.1) from Chapter 6 will be adjusted slightly
by taking into account the temperature-dependent behaviour of the EMF-SoC relation (see Section 7.3) by using V EMF (s, T ) and C0 (T ) in (6.1) instead of their
temperature-independent forms V EMF (s) and C0 . In other words, the static output
nonlinearity of the ECM becomes temperature-dependent. The temperature T that
is needed as an input for these functions is obtained from the impedance-based temperature estimation which results in a coupling between the estimation methods
investigated in this thesis. For reference, the joint EKF CF with temperaturedependent EMF-SoC relation will be compared to a version of the joint EKF CF
for which the EMF-SoC relation is independent of temperature and based on an
assumed temperature of T = 20◦ C. In this way, it will be possible to evaluate the
5 Note

that the function T̂ (Z meas ) has been obtained at SoC = 80% only, however, based on
the sensitivity analysis of Im(Z) in Section 7.4.2, it is expected that the influence of SoC on the
estimation is minimal at f = 630Hz. Therefore, characterisation at other SoC is not required.
6 It should be noted that without including the power resistor in the experimental setup as
depicted in Fig. 7.2, the programmable power supply and load will cause artefacts in the measured
impedance due to the fact that the measurement current of the SCS will not only be able to flow
in the inner loop between battery cell and SCS, but it will also flow in the outer loop of the supply
and load. By including a relatively large impedance (compared to the battery impedance), the
SCS will predominantly measure the impedance the battery cell (although the influence of the
supply and load cannot be mitigated completely). This is also expected to be the situation in
a real battery pack, since series-connected cells represent an additional impedance in the outer
current loop of the SCS.
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effect of the temperature-dependent EMF-SoC relation. It should be noted that
the dependency of the ECM parameters on temperature and other phenomena,
e.g., ageing or SOC, is taken into account implicitly by the fact that the joint EKF
CF performs online parameter estimation. Finally, using the experimental data
set and the aforementioned setup of both estimation methods, the results of the
validation experiment can be analysed.

7.6

Results

In this section, the results of the validation experiment with the estimation methods
will be discussed. As mentioned previously, the two estimation methods presented
in this thesis have been brought together in this chapter as we use the temperature
estimates as an input to the SoC estimation. First, the results of the impedancebased temperature estimation will be presented. Second, the results of the joint SoC
and parameter estimation with the joint EKF CF will be discussed, for which the

(a) Measured Re(Z) at f = 630Hz.

(b) Measured Im(Z) at f = 630Hz.

(c) Impedance-based temperature estimates. (d) Difference T surf − T̂ in impedance-based temperature estimation.

Figure 7.8: Results of impedance-based temperature estimation using the MDcycle with f = 630Hz.
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estimated temperature has been used in an attempt to improve the SoC-estimation
accuracy. As mentioned in Section 7.5.1, the impedance has been measured every
second at f = 630Hz by the SCS. The resulting measured impedance is shown
in Fig. 7.8a and Fig. 7.8b for Re(Z) and Im(Z), respectively. It can be seen
that the value of the impedance changes over time, mainly under the influence
of temperature. Using the measured impedance Z meas in combination with the
functions that describe the relation between T and Re(Z) or Im(Z), i.e., T̂ (Z meas )
with α = 1 and α = 0, respectively, the estimated temperature T̂ is found.
Fig. 7.8c shows the estimated temperature T̂ as a function of time for α = 1 and
α = 0. For reference, the measured surface temperature T surf of the pouch cell
is also depicted. Under dynamical conditions as encountered in the validation experiment (e.g., application of (dis)charge currents and a temperature profile), the
surface temperature is most likely not equal to the average internal battery temperature, although these two quantities will probably be close in value since the
maximum C-rate of the (dis)charge current that has been applied is ±1C. Therefore, the heat generated by the (dis)charge current will not significantly influence
the battery temperature. Still, since the actual internal battery temperature is
unknown, we can only give qualitative statements on the accuracy of the temperature estimation. Furthermore, a moving-average filter with a window of 10s has
been applied to the temperature estimates T̂ in Fig. 7.8c in order to average out
some of the noise on the temperature estimates. Of course, one has to carefully
consider the consequences of applying a moving-average filter as it introduces a
time delay, which will slightly increase the time needed to, e.g., detect thermal
runaway. Conversely, by introducing a moving-average filter, the variance on the
estimated temperature can be reduced. Therefore, using a moving-average filter
with a certain window length can be considered to be trade-off between variance
and delay of the temperature estimates.
The difference between the estimated (average) internal temperature of the battery and the measured surface temperature, i.e., T surf − T̂ , is depicted in Fig. 7.8d.
Although this is not the actual estimation error of the temperature estimation
(i.e., the actual internal battery temperature could not be measured), the difference between these temperatures can be used to analyse the performance of the
impedance-based temperature estimation. It can be seen in Fig. 7.8d that at the
start of the drive cycle, with a temperature of T = 5◦ C, the temperature estimates
are relatively accurate for both α = 1 and α = 0. Subsequently, from approximately 300s to 2100s, the temperature rises quickly from T = 5◦ C to T = 25◦ C.
The temperature estimates with α = 1 and α = 0 yield a delayed response as
depicted in Fig. 7.8c and as shown in Fig. 7.8d. This delayed response, leading to
a difference of approximately 1◦ C between the impedance-based temperature and
the surface temperature, can be explained partly by the fact that a moving-average
filter has been applied. However, this does not explain the full difference of 1◦ C.
Most likely, a large part of the difference can be explained by the fact that there is
an actual difference between the surface temperature and the internal temperature
during this fast rise of the temperature. This difference is smaller again when the
temperature rises at a slower rate from 2100s to 4200s, which can be seen for α = 0
in Fig. 7.8d.
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The estimated temperature for α = 1, i.e., based on Re(Z), seems to be unreliable from 2100s to the end of the cycle since, most probably, the shift in the
impedance, which predominantly affects Re(Z), causes the temperature-estimation
method based on α = 1 to be inaccurate, even though the method has been characterised just before the experiment. This has been discussed extensively in Section 7.4 and the fact that the temperature estimate based on Re(Z) is lower than
the actual temperature in Fig. 7.8c can be explained as follows. Due to the increase
of Re(Z) over time, presumably due to ageing effects, Re(Z) is larger at the end
of the cycle than expected from the characterised relation between Re(Z) and the
battery temperature. From the trend in Fig. 7.4, it can be seen that a larger Re(Z)
implies a lower temperature, which is what has been observed Fig. 7.8c. It can be
seen that the estimated temperature based on Im(Z) (α = 0) is on par with the
surface temperature as it is most likely not affected by the shift of the impedance.
Overall, it can be stated that the impedance-based temperature estimation based
on Im(Z) is relatively accurate. Therefore, this estimate will be used as an input
to the joint EKF CF for SoC and parameter estimation.

(a) SoC error.

(b) Estimated parameter θk1 .

(c) Estimated parameter θk2 .

(d) Estimated parameter θk3 .

Figure 7.9: Results of the SoC estimation with the joint EKF CF for the MDcycle.
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The results of the joint EKF CF for SoC and parameter estimation are shown in
Fig. 7.9. For all figures, the joint EKF CF with temperature-dependent EMF-SoC
function and temperature-dependent C0 is depicted with blue lines and the joint
EKF CF based on the EMF-SoC relation and C0 at T = 20◦ C is depicted with red
lines. In Fig. 7.9a the estimation error of the SoC estimation is depicted, where the
estimation error has been computed by subtracting the estimated SoC from the reference SoC. The reference SoC has been calculated by using the coulomb-counting
method with the measured current from the lab-grade current sensor (including
compensation for the measurement current of the impedance measurements), in
combination with the temperature-dependent C0 (T ). It can be seen that the SoC
estimation is relatively accurate for both observers, which can be supported by
calculating the root-mean-square error (RMSE) of the SoC estimation. For the
joint EKF CF with temperature-dependent EMF-SoC relation in blue, the RMSE
is 0.8%, whilst for the temperature-independent joint EKF CF in red, the RMSE
is 1.1%. The estimated ECM parameters θk1 , θk2 and θk3 are shown in Fig. 7.9b,
Fig. 7.9c and Fig. 7.9d, respectively. The offline estimated OE model parameters
are depicted with the dashed magenta lines. It can be seen that all parameters
adapt over time in order to minimise the simulation error of the estimated battery
voltage. As mentioned previously, the ECM parameters depend on SoC, temperature, ageing and other phenomena. Therefore, it was expected that the ECM
parameters would be adapted as shown in Fig. 7.9b, Fig. 7.9c and Fig. 7.9d. It
is interesting to note that, although there are differences between both versions of
the joint EKF CF, they behave in a similar fashion.
In short, it can be stated that both estimation methods that have been investigated in this thesis show satisfactory results for the validation experiment. In
terms of impedance-based temperature estimation, accurate results are obtained
by using f = 630Hz in combination with the temperature relation based on the
imaginary part of the battery impedance Im(Z). Furthermore, the SoC estimation
with the joint EKF CF yields accurate results. Moreover, using the temperature
information obtained from the impedance-based temperature estimation increases
the accuracy of the SoC estimation.

7.7

Discussion

The results of the validation experiment show that the (average) internal battery
temperature and the SoC (with ECM parameter estimation) can be estimated with
satisfactory accuracy. In terms of SoC and parameter estimation with the joint
EKF CF, an RMSE of 0.8% has been achieved in combination with a temperaturedependent EMF-SoC relation. Based on the discussion on the interpretation of the
SoC-estimation results in Section 6.5, it can be argued that this result lies within
the uncertainty bound of the estimation error for SoC estimation. Furthermore,
the accuracy of the joint EKF CF is comparable to the state-of-the-art methods
for SoC estimation as discussed in Chapter 1, with the added advantage of only a
single tuning parameter. Given the vast amount of literature on SoC estimation
(with simultaneous parameter estimation) it is questionable whether it is possible
to significantly improve the accuracy of SoC estimation any further when using an
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ECM and measurement data that comprises the battery voltage, battery current
and possibly, the battery temperature. In other words, higher accuracy may not
be found in improving the algorithms, but it may be found in changing the type of
model, the type of measurement data, or a combination of both.
In contradiction to the well-established work on SoC estimation, there are still
some challenges in impedance-based temperature estimation. The results of the
validation experiment in this chapter show that impedance-based temperature estimation is relatively accurate, however, there are still some open points that require
more attention before the method can be implemented successfully in a real-world
application. In Section 7.4, a sensitivity analysis of the battery impedance has been
performed and in addition, modelling the relation between the battery impedance
and the battery temperature has been discussed. It was found that there is a considerable influence of the cycle count on the impedance, and this effect is predominantly present in the real part of the battery impedance as shown in Fig. 7.6. Most
probably, this shift of the impedance is caused by battery-ageing effects, which can
cause problems for the estimation as shown for the impedance-based temperature
estimation based on Re(Z) in Fig. 7.6c and consequently, Fig. 7.8c. The long-term
effect of the ageing process on Im(Z) cannot be shown in this chapter, but it can
be expected that also Im(Z) will be affected over time, see, e.g., [122]. To solve
this problem, the ageing behaviour of the impedance should be taken into account
in the battery model, as was done for the crosstalk interference in Chapter 3. Of
course, the degree of these ageing effects and thus the influence on the quality of
the temperature estimation heavily depends on the cell type. For the particular
cell in this chapter, ageing has to taken into account, whilst for other cell types, it
might not be necessary.
Furthermore, one should realise that the impedance of the individual battery cells
in a battery pack will differ (slightly) from cell to cell, caused by slight differences
in the construction of the cells or caused by wiring and contact resistance of the
cells within the pack. To mitigate these effects, characterisation of the impedancetemperature relation for a single frequency as shown in Fig. 7.6c and Fig. 7.6d for
Re(Z) and Im(Z), respectively, should be performed for each individual cell at the
moment that the battery pack has been fully assembled, which may be a challenge
and may cause longer production times of the battery packs. Therefore, it would
be essential to find fast and accurate methods to perform these characterisations
in the production process.
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Conclusions

In Part I and Part II of this thesis, estimation methods have been proposed
for impedance-based temperature estimation and the joint estimation of Stateof-Charge (SoC) and battery-model parameters, respectively. In this chapter, the
experimental environment used for the validation experiments in the majority of
the chapters of Part II has been introduced in detail. Moreover, Part I and Part II
of the thesis have been brought together by performing a validation experiment
in which both estimation methods have been used simultaneously, which has been
based on a realistic drive-cycle profile of an electric vehicle. In this experiment,
the estimation methods have been combined in the sense that the temperature
estimate has been used as an input for the SoC-estimation method. The results
have shown that, in case of a realistic drive-cycle with a significant variation of the
temperature profile, both estimation methods achieve satisfactory results, with a
root-mean-square error of 0.8% for the SoC estimation when taking into account
the impedance-based temperature estimates. In case of assuming a constant temperature of 20◦ C, the RMSE of the SoC estimation has been found to be 1.1%.

8

Conclusions, Recommendations
and Implications

n this final chapter, the conclusions, recommendations and implications of

the research conducted in this thesis will be given. First, the main contriIbutions
of this thesis will be summarised. Second, the challenges and limi-

tations of the work presented in this thesis will be discussed by formulating
recommendations for future research. Finally, the possible implications of the
contributions of this thesis will be presented.
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Conclusions

As mentioned in the introduction of this thesis, Lithium-ion (Li-ion) battery technology plays an increasingly important role in enabling a more sustainable and
technologically advanced society. Batteries as energy-storage devices are essential
for a wide range of portable consumer electronics as well as for the transition towards more sustainable energy production and more sustainable transportation. In
order to allow Li-ion batteries to contribute to a more sustainable society, safety
and performance criteria for all battery-powered applications need to be met and,
therefore, a Battery Management System (BMS) is required. The field of battery
management has been investigated extensively and the state-of-the-art of battery
management can successfully be employed in applications such as Electric Vehicles
(EVs). However, batteries can be used even more efficiently in battery-powered
applications by advancing the state-of-the-art of battery management, potentially
accelerating the use of Li-ion batteries for sustainable applications. As stated in
Chapter 1, a BMS is employed for a number of purposes, leading to a broad variety
of algorithms implemented in a BMS. In this thesis, we focused on two key quantities that are typically monitored with a BMS: the State-of-Charge (SoC) and
the battery temperature. This resulted in the following main research question,
formulated in Chapter 1.
Main Research Question
How to systematically synthesise techniques for impedance-based
temperature-estimation and SoC estimation with state-of-the-art estimation accuracy for straightforward implementation in real applications?
Although the estimation of SoC and temperature are inherently coupled, it is
essential to first understand and investigate the separate estimation problems.
Therefore, the research in this thesis has been divided into two parts. In Part I,
impedance-based temperature estimation has been investigated by means of the
following sub-questions:
Sub-Questions Part I
Ia. What is the most accurate method of performing impedance-based
temperature estimation for a single battery cell?
Ib. How to accurately perform impedance-based temperature estimation
in case of a battery pack in a real application?
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In Part II, the problem of SoC estimation using an Equivalent-Circuit Model (ECM)
has been by the following sub-questions:
Sub-Questions Part II
IIa. Which experiment design and what model order should be chosen to
(offline) identify the ECM so as to achieve the most accurate SoC
estimation?
IIb. How to obtain an SoC estimator with straightforward tuning and
state-of-the-art estimation accuracy that is robust to typical disturbances and model uncertainty?
IIc. How to combine the robust-observer design with online parameter
estimation of the ECM?
Combining the answers to the sub-questions provides an answer to our main research question, which can be given by stating the main contributions of this work:
• A framework for a systematic comparison, analysis and synthesis of impedancebased temperature estimation in presence of crosstalk and (dis)charge-current
interference in Li-ion battery packs has been developed in Part I. This led
to an optimal impedance-based temperature-estimation method in case of
disturbances encountered in real applications with an accuracy of ±1◦ C in
case of a known SoC. Hence, the presented framework is an important and
practically relevant contribution to the state-of-the-art of impedance-based
temperature estimation.
• The research in Part II led to the synthesis of a nonlinear observer for the
joint estimation of SoC and ECM parameters by modifying the well-known
joint Extended Kalman Filter (EKF) based on concepts from robust-observer
design. These modifications have led to an observer with state-of-the-art
performance and straightforward tuning with one tuning parameter.
• The proposed temperature-estimation method and the proposed nonlinear
observer for the joint estimation of SoC and ECM parameters have been
validated experimentally under real-world conditions by using an EV drive
cycle. Moreover, a coupling between the estimation methods has been made
by using the temperature estimates as an input for the SoC estimation. The
results have shown the potential of the implementation of the estimation
methods that have been developed in Part I and Part II of this work.
These contributions are discussed in more detail in the next part of this chapter.
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Comparison and Accuracy Analysis of Temperature
Estimation (Chapter 2)

In Chapter 2 of this thesis, sub-question Ia has been answered: the most accurate method of performing impedance-based temperature estimation for a single
battery cell is to use a relatively low measurement frequency in combination with
information of both the real and imaginary part of the battery impedance. This
has been achieved by developing a general estimation framework for impedancebased temperature estimation, in which all existing methods can be considered
as special cases of this general framework. Using the framework in combination
with Monte-Carlo simulations, a systematic comparison has been performed of the
accuracy of all the existing methods for impedance-based temperature estimation.
It has been shown that, due to different settings in the existing estimation methods, significant differences in the accuracy of these methods exist. Moreover, the
framework has been used to systematically synthesise a new and more accurate
temperature-estimation method. It has been shown that, in case of an unknown
SoC, this newly synthesised method estimates the temperature with an average
absolute bias of 0.4◦ C and an average standard deviation of 0.7◦ C using a single
impedance measurement for the battery under consideration.

Ib.

Temperature Estimation for Li-ion Battery Packs
(Chapter 3)

In Chapter 3, we have investigated impedance-based temperature estimation for
battery packs in the combined presence of (dis)charge currents and crosstalk interference in order to answer sub-question Ib. Namely, performing impedance measurements simultaneously and at the same frequency on each cell in a battery pack
introduces crosstalk interference in surrounding cells, which may cause impedance
measurements in battery packs to be inaccurate. Also, currents flowing through the
pack (as caused by the load or charger) interfere with impedance measurements.
To answer the research question, first, we have extended the impedance-based
temperature-estimation framework from Chapter 2 towards estimating the temperature of each cell in a pack in the presence of crosstalk and (dis)charge currents.
Second, we have used this extended temperature-estimation framework to design
an optimal (in the mean-square-error sense) temperature-estimation method by
analysing the effects of certain design choices and subsequently, the optimal estimation method has been synthesised. Although the battery impedance is most
sensitive to temperature at low frequencies, we have arrived at a trade-off where a
higher frequency is selected, which is less sensitive to temperature, but where the
disturbances caused by (dis)charge currents are avoided. Overall, this yields the
most accurate temperature estimate. We have found that, even in the presence of
both (dis)charge currents and crosstalk interference, the optimal parameters yield
good results with an average absolute bias of 1◦ C for the temperature estimation
in case of a known SoC.
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Experiment Design for Parameter Estimation of ECMs
(Chapter 4)

In order to perform model-based SoC estimation, it is common to consider an
ECM. Accurate model parameters are necessary to ensure a certain quality of the
state estimate. The ECM parameters highly depend on the experiment used to
determine them and different choices of these experiments can be found in the literature. Therefore, in Chapter 4, we have sought to answer sub-question IIa. To
achieve this, we have investigated the experiment design for parameter estimation
of the ECM both quantitatively and qualitatively, as well as from the perspective of system identification. This has been done by using two data sets from an
experiment with an electric bicycle for two different battery types. It has been
shown that the most accurate SoC estimation can be achieved by an experiment
design that is representative for the normal operation of the intended application
of the estimator (in terms of amplitude and frequency content of the signals), in
combination with a relatively low model order. Namely, this experiment design
leads to model parameters which yield a smaller root-mean-square error of the SoC
estimation compared to using a typical pulsed-current test, especially for the more
nonlinear battery type in this study (i.e., the absolute improvement of the SoC
estimation accuracy depends on the specific characteristics of the battery cell).
Moreover, residual tests from the field of system identification have suggested that
it is difficult to capture the nonlinear dynamical behaviour of the battery accurately
with an ECM, irrespective of the experiment design. However, the results of the
SoC estimation have shown that the proper experiment design yields an ECM with
satisfactory results in terms of SoC estimation. This demonstrates that the proper
experiment design is an inherent aspect of the use of an ECM for state estimation.
In terms of the model order, we have seen that (in this case) using higher model
orders for the ECM does not improve the estimation accuracy significantly, whilst
using an SoC-dependent model structure may improve the estimation, depending
on the particular battery cell.

IIb.

LMI-based Robust Observer Design for SoC Estimation
(Chapter 5)

In Chapter 4, the SoC estimation has been performed with the widely-used EKF.
The EKF, and other nonlinear extensions of the Kalman filter, do not explicitly address convergence of the estimation error and robustness with respect to
model uncertainty, and make unrealistic assumptions on the sensor noise. Therefore, these filters require extensive tuning of the covariance matrices, which is a
tedious task without clear guidelines for this tuning procedure. To address these
issues, sub-question IIb has been answered in Chapter 5. Namely, a robust SoC
estimator with straightforward tuning has been obtained by using a robust Luenberger observer that explicitly addresses the requirements on estimation-error
convergence, robustness and noise attenuation and shows their inherent trade-off.
Different observers have been synthesised by using polytopic embeddings of the
nonlinear battery model and by using Linear Matrix Inequalities (LMIs) that pro-
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vide bounds on the `2,∞ -gain, the `∞,∞ -gain, or the `2,2 -gain between input and
output (to accommodate for model uncertainty and sensor noise). This guarantees
a robustly converging SoC observer and makes its design simpler. The proposed
observers have been validated and compared to an EKF using experimental data
from the road test with an electric bicycle that has been introduced in Chapter 4.
The results have shown that the performance of two out of three proposed robust
observers (i.e., the observers that bound the `2,∞ -gain and the `∞,∞ -gain) is similar to the EKF, while the implementation is simpler and tuning can be done with
a single tuning parameter. In short, it has been shown in Chapter 5 that, in terms
of accuracy of the SoC estimation, it does not matter whether the EKF or the
LMI-based observer is employed. However, the LMI-based observer significantly
reduces the tuning effort.

IIc.

Joint Estimation of Parameters and SoC using an EKF
(Chapter 6)

In order to guarantee an accurate battery model at all times, it is preferable to
use online parameter estimation since (1) the data used for parameter estimation
should be representative for the normal operation of the intended application as
shown in Chapter 4, and (2) the model parameters typically fluctuate due to the
fact that they depend on temperature, SoC, ageing and other phenomena. This led
to the sub-question IIc. To answer this question, in Chapter 6, we have attempted
to extend the robust-observer design from Chapter 5 with the online estimation of
the ECM parameters. However, it has been shown in Chapter 6 that extending the
robust-observer approaches of Chapter 5 towards the joint estimation of SoC and
ECM parameters is not feasible. Therefore, the sub-question has been answered
by combining a nonlinear observer with the structured representation of model
uncertainty and disturbance from the robust-observer design of Chapter 5. To
do this, the joint EKF for simultaneous estimation of SoC and model parameters
has been adapted to accommodate cross-correlated noises. Moreover, inspired by
the conditions for enforcing convergence of the SoC estimation error in Chapter 5,
a forgetting factor has been introduced to the joint EKF. Consequently, these
adaptations have led to an observer with a single tuning parameter that is easy-totune. The experimental results on realistic drive-cycle data have shown that the
performance of the proposed observer is similar to the widely-used (and close-tooptimal) joint EKF with a root-mean-square SoC error of 0.5%, resulting in an
easy-to-tune alternative to manual tuning of covariance matrices that are typically
chosen as diagonal matrices.

Experimental Validation (Chapter 7)
The estimation methods for temperature and SoC estimation as presented in Part I
and Part II, respectively, have been investigated and experimentally validated
in each separate chapter. In Chapter 7, Part I and Part II of the thesis have
been brought together by performing a validation experiment with both estimation methods simultaneously, which has been based on a realistic drive-cycle profile
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of an electric vehicle. In this experiment, the estimation methods have been combined in the sense that the temperature estimate has been used as an input for the
SoC-estimation method. Furthermore, the test environment that has been used for
this experiment, as well as for the experiments in Part II of this thesis, has been
introduced in detail in this chapter. The results have shown that both estimation
methods achieve satisfactory performance with a root-mean-square error of 0.8%
of the SoC estimation in case of using the temperature estimate as an input for
the SoC-estimation. A root-mean-square error of 1.1% has been found in case of
assuming a constant temperature of 20◦ C.

8.2

Recommendations for Future Research

In this thesis, several contributions have been made to the topics of impedancebased temperature estimation and SoC estimation. However, it has been stated on
multiple occasions that there are also limitations to the work presented in this thesis, or important remaining questions that need to be addressed in future research.
In this section, some of these open problems will be discussed.

8.2.1

Impedance-Based Temperature Estimation

Although an extensive estimation framework for impedance-based temperature estimation has been presented in Part I of this thesis, several extensions can be made
to this framework. Moreover, some of the more practically motivated limitations
of the temperature-estimation method need to be addressed in future research.
Extending the battery impedance model: As mentioned in Chapter 2, the
battery impedance depends on temperature, SoC, ageing and other phenomena.
Since the SoC-dependency has already been included in the impedance model in
Part I of this thesis, the first natural extension would be to include the ageing
phenomenon in the impedance model as well. Ageing can cause a considerable
change in the battery impedance, which has been shown for the particular cell
used in Chapter 7 (where mainly the real part of the battery impedance has been
affected). It should noted that the degree of battery ageing differs from cell to cell.
Still, the impedance will change over time, including the imaginary part of the
battery impedance. Therefore, including the ageing phenomenon in the impedance
model will be necessary in order to ensure accurate temperature estimation over
the entire lifetime of the battery. In a practical application, this may also be addressed by regular calibration of the impedance model. Another possible extension
of the impedance model would be to include the effect of large (dis)charge currents (in terms of C-rate) as mentioned in Section 3.4. Namely, large (dis)charge
currents may drive the battery out of the electrochemical equilibrium, causing the
impedance to change. However, most likely, this extension would only be necessary
if a battery is expected to experience relatively high C-rates.
Synchronisation of impedance measurements with (dis)charge-current
measurements: It has been shown in Chapter 3 that the effect of the disturbance
caused by the (dis)charge currents of the EV is significant for relatively low frequencies, i.e., up to approximately 630Hz for the particular drive profile in this thesis.
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Since it was not possible to synchronise the impedance measurements with the
measurements of the (dis)charge currents (due to limitations of the measurement
device), it was not possible to correct the impedance measurements for this disturbing effect. Consequently, the optimal frequency for temperature estimation in the
presence of (dis)charge currents has been selected at a higher frequency at which
there was no considerable influence of the disturbance. A possible extension would
be to include this synchronisation to compensate the impedance measurements for
the effect of the (dis)charge current. This will allow for selecting a lower frequency,
which yields a higher sensitivity of the impedance with respect to temperature
and will result in a smaller root-mean-square error of the temperature estimation.
Moreover, synchronisation would open up the possibility of using the (dis)charge
current of the battery as an excitation signal for the impedance measurement.
Choice of the excitation signal: In this thesis, a single-frequency (sinusoidal)
signal has been used to perform the impedance measurements (due to limitations
of the measurement device). However, using an excitation signal that covers a
range of frequencies may be more informative than using a single frequency. Moreover, this signal may be more robust against possible disturbances that occur at a
single frequency. Consequently, this excitation may improve the impedance-based
temperature estimation. Since the framework presented in this thesis accommodates multi-frequency excitation signals, using a different and more informative
excitation signal would be a natural extension of the work. Furthermore, if it is
possible to synchronise the impedance measurements with the measurement of the
(dis)charge current, this current could be a candidate signal for the aforementioned
multi-frequency excitation.
One-step battery-impedance characterisation: Applicability of impedancebased temperate estimation to real applications has come closer in this thesis.
However, in order to apply impedance-based temperature estimation to, e.g., battery packs of EVs, at this moment, it is necessary to characterise the impedancetemperature relation for each individual battery cell once the pack has been fully
assembled. Namely, the impedance of every cell in the battery pack will be slightly
different from cell to cell due to minor differences in cell construction or due to
wiring and contact resistance between cells in the pack. Characterisation of each
cell is needed to mitigate these effects and this will most likely cause longer production times, which may be a disadvantage of applying this method. Therefore,
it would be of interest to investigate whether it is possible to develop a method
for characterising cells in just one step. For instance, it could be worth investigating whether it is possible to perform a full characterisation of one particular (and
representative) cell and then adapt this characterisation (e.g., perform a linear
transformation) for all other cells by measuring one key parameter per cell.
Adding prior information to the estimation framework: As mentioned in
Chapter 1, the impedance-based temperature estimation may be combined with
a thermal model of the battery (and even with measurements of the surface temperature) in order to provide an accurate estimate of the temperature distribution
in a battery cell. Therefore, a natural extension to the work in this thesis would
be to use the impedance-based temperature estimate as an input for an Extended
Kalman filter with a thermal model, see, e.g., [25, 26].
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Joint estimation of SoC, SoH and temperature using impedance measurements: The optimisation problem for impedance-based temperature estimation in Part I has only one argument, i.e., the battery temperature. The phenomena
that may affect the temperature estimation, e.g., the SoC and SoH, are taken as
inputs to the battery model used in the optimisation problem. This requires that
the SoC and the SoH are known. A different approach would be to take not only
temperature, but also SoC and SoH as arguments in the optimisation problem
(i.e., not knowing SoC and SoH). In this way, it may be possible to jointly estimate
the SoC, SoH and temperature from impedance measurements. However, this will
probably lead to a more challenging optimisation problem in which the choice of
the excitation signal will most likely play an important role.

8.2.2

State-of-Charge Estimation

For the work on SoC estimation presented in this thesis, the following limitations
may be addressed in future research.
Including SoH in the SoC estimation: In Part II of this thesis, the ECM
parameters have been estimated online to accommodate the influence of SoC, temperature and SoH. However, is has been assumed that the nominal capacity C0 of
the battery does not change under the influence of battery ageing since the battery
experiments have been conducted in a short period of time in which no significant
change in nominal capacity is to be expected. However, in practice, the battery
will age over time and its capacity will fade, see, e.g., [107] and references therein.
In that case, C0 should be updated, for which various methods are suggested in
literature, see, e.g., [107]. Therefore, this would be a natural extension to the work
on SoC estimation presented in this thesis. Furthermore, the EMF-SoC relation of
the battery (slightly) changes under the influence of SoH. Depending on the particular type of battery cell, it may be worth including the variation of the EMF-SoC
relation in the SoC-estimation algorithm.
Capturing the nonlinear battery behaviour: As mentioned in Chapter 1, a
battery is a highly nonlinear system. Moreover, the degree of nonlinearity of the
battery behaviour may vary for different cell types as we have seen in Chapter 4.
In this thesis, an ECM (i.e., a linear model with a nonlinear output function)
has been used to capture the nonlinear battery behaviour. Typically, the ECM is
adequately accurate and, to a large extend, the nonlinearity can be accommodated
for by the online estimation of model parameters. However, the online adaptation
of parameters is typically a trade-off between the speed of adaptation and the
accuracy of the parameter estimates. In case of a highly nonlinear battery, this may
cause problems and online estimation of the parameters may not be sufficient to
accommodate the nonlinear behaviour. Therefore, a possible extension to the ECM
used in this work would be to investigate whether a more structured representation
of the nonlinear behaviour should be added to the ECM, depending on the degree
of nonlinearity of the battery.
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Using knowledge from electrochemical impedance spectroscopy for parameter and SoC estimation: The model parameters of the ECM have been
obtained using time-domain identification data in this thesis, both for the offline
estimation of the ECM parameters, as well as for the online estimation of the parameters. A different approach to modelling an ECM is to use frequency-domain
data by means of impedance measurements (i.e., electrochemical impedance spectroscopy), resulting in a small-signal model of the battery behaviour, see, e.g., [123].
Although the small-signal model will most likely not be suitable for model-based
SoC estimation directly, since it describes the small-signal behaviour of the battery,
it would be of interest to investigate if knowledge of the small-signal behaviour can
improve the battery ECM obtained with the identification approach based on the
time-domain data. Namely, the functionality for performing impedance measurements is already present on the prototype measurement board used in this thesis.
Therefore, no additional electronics are required to exploit a possible advantage
of using impedance measurements for improving the ECM. Furthermore, it could
be worth investigating whether it is possible to combine the data from the measurements of battery voltage, current and surface temperature with the data from
the impedance measurements in a different fashion (e.g., by using sensor- and/or
data-fusion concepts) so as to reduce the uncertainty is estimating battery parameters and states. For instance, the battery impedance mainly depends on SoC,
temperature and ageing effects. In this thesis, we have argued that the SoC and
ageing effects should be known in order to accurately estimate the temperature.
Conversely, by having knowledge of temperature and SoC, battery ageing can be
determined (and in a similar fashion, the SoC can be determined).

8.3

Implications

The contributions of this thesis can be used as a basis for future research, possibly
inspired by the aforementioned recommendations. The contributions and possible future explorations with respect to the field of impedance-based temperature
estimation can provide a next step in the maturity of this method. The general estimation framework can be used as a tool for comparison, analysis and synthesis of
temperature-estimation methods and the presented analysis and inclusion of realworld conditions in the framework can be an important basis for implementing the
method in real applications. Using impedance-based temperature estimation could
therefore become a valuable addition to the use of thermal models and temperature
sensors, where the strength of future temperature management of batteries may be
found in the combination of these methods.
The main contribution to the field of SoC estimation is not the accuracy that has
been obtained by the proposed methods, since this is on par with the state-of-theart of SoC estimation, but it is the straightforward tuning of the observers which
has been inspired by the concepts for robust-observer design. This contribution
may therefore lead to a basis for fast and efficient implementation of accurate
SoC-estimation methods.
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Finally, we have set out to perform the research in this thesis with the global
objective of contributing to a more sustainable society through the advancement
of battery management. First, looking beyond the focus of this thesis, it should
be noted that it is important to consider the sustainability aspects of the production (and end-of-life) of Li-ion batteries, see, e.g., [124, 125]. Environmental and
social impacts of sourcing raw materials as well as the environmental impact of
these (possibly toxic) materials in case of end-of-life of batteries should be considered. Moreover, with increased production of batteries, availability of these raw
materials may be a concern. Consequently, the recycling of batteries may offer a
sustainable solution. Furthermore, it can be stated that the contributions of this
thesis, as well as the insights gained throughout this thesis, can form an important
contribution to the advancement of battery management in terms of optimising
the energy exchange of the battery over its lifetime. In particular, the contributions of this thesis provide a next step towards straightforward implementation of
SoC estimation and impedance-based temperature estimation with state-of-the-art
estimation accuracy in real applications. The implementation of these methods
can lead to using batteries more efficiently in numerous sustainable applications,
ranging from electric vehicles to applications in the smart grid. As a result, these
advancements in battery management can contribute to a society that is ready for
a more sustainable future.
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Publiekssamenvatting
Tegenwoordig zijn er overal om ons heen Lithium-ion (Li-ion) batterijen. Vaak
hebben we er zelfs één of meerdere bij ons. Deze Li-ion batterijen worden gebruikt
vanwege de hoge energiedichtheid en/of vermogensdichtheid en voorzien een breed
scala aan apparaten van energie (en vermogen). Daarbij kan men denken aan
smartphones, laptops/tablets, elektrische (of hybride) auto’s en fietsen, maar men
kan bijvoorbeeld ook denken aan pacemakers of een enorme hoeveelheid batterijen
in zeecontainers, welke duurzaam opgewekte energie voor een hele woonwijk kunnen
opslaan. Zonder Li-ion batterijen zou onze wereld er heel anders uitzien. Tevens
zijn deze batterijen uitermate belangrijk voor de energietransitie en daarmee voor
het halen van de klimaatdoelen van het akkoord van Parijs. Kortom, Li-ion batterijen worden meer en meer een essentieel onderdeel van onze hoog-technologische
samenleving en zijn enorm belangrijk voor het verduurzamen van die samenleving.
Om deze batterijen veilig te kunnen gebruiken, en om de batterij optimaal te
laten presteren over een langere periode, wordt de batterij beschermd met een zogenaamd Batterij Management Systeem, afgekort BMS. Het BMS bestaat uit zowel
hardware als software: sensoren, elektronica, en een veelvoud aan algoritmes om de
gehele functionele toestand van de batterij in kaart te kunnen brengen en de batterij te beschermen. In dit proefschrift is onderzoek gedaan naar twee belangrijke
variabelen die gemonitord worden door het BMS: de interne batterijtemperatuur
en de ladingstoestand van de batterij (welke aangeeft hoe ‘vol’ de batterij nog is).
Informatie over de interne batterijtemperatuur is onder andere belangrijk voor
veilig gebruik van de batterij. Hoge temperaturen kunnen namelijk leiden tot een
exotherme reactie, “thermal runaway” genoemd, met mogelijk brand of explosies
tot gevolg. Op dit moment is het gebruikelijk om de oppervlaktetemperatuur van
een batterij te meten om een indicatie te krijgen van het eventuele risico op zo’n
gebeurtenis, maar door gebruik te maken van kennis van de interne batterijtemperatuur wordt deze indicatie betrouwbaarder en sneller. Tevens kunnen hoge
temperaturen de verouderingsprocessen van de batterij versnellen, waardoor de
levensduur van de batterij wordt beperkt. Daarnaast is temperatuurinformatie
belangrijk voor het bepalen van de functionele toestand van de batterij, welke
aangeeft hoeveel energie een batterij (nog) kan leveren gegeven de omstandigheden
op een zeker moment. Bij lage temperaturen is de functionele capaciteit van de
batterij bijvoorbeeld kleiner dan bij kamertemperatuur.
De interne temperatuur van de batterij zou gemeten kunnen worden door een
temperatuursensor in de batterij te plaatsen, maar dat is kostbaar en complex.
Een alternatief hiervoor is een recent ontwikkelde techniek waarbij de interne batterijtemperatuur relatief snel en nauwkeurig kan worden vastgesteld (of eigenlijk
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geschat) door het gebruik van modellen op basis van het bestaan van een relatie
tussen de batterijtemperatuur en de impedantie (complexe weerstand) van de batterij. Deze impedantie is in dit onderzoek gemeten door een klein meetstroompje
door te batterij te sturen en vervolgens de verandering van de batterijspanning als
gevolg van dit stroompje te meten. Behalve dat deze methode snel is en de temperatuur binnenin de batterij schat in plaats van de temperatuur aan de oppervlakte,
heeft de methode ook het voordeel dat er geen externe temperatuursensor meer
nodig is. De techniek staat echter nog in de kinderschoenen. Zo zijn er op basis van deze techniek verschillende methoden ontwikkeld die nogal in aanpak en
nauwkeurigheid van de temperatuurschatting verschillen. Ook is er nog weinig onderzoek gedaan naar het daadwerkelijk toepassen van de techniek in bijvoorbeeld
een elektrische auto.
In het eerste deel van dit proefschrift hebben we daarom in eerste instantie onderzocht hoe we de nauwkeurigste methode op basis van deze techniek kunnen
ontwikkelen voor één batterijcel. Vervolgens hebben we gekeken hoe we deze methode zo nauwkeurig mogelijk kunnen houden wanneer deze daadwerkelijk wordt
toegepast in een batterijpakket (bestaande uit meerdere batterijcellen) van een
elektrische auto. Om een zo nauwkeurig mogelijke methode te vinden, hebben we
een raamwerk ontwikkeld waarbinnen we alle bestaande methoden kunnen beschrijven. Dit raamwerk hebben we tevens gebruikt om een nieuwe en nauwkeurigere
methode te ontwerpen. Daarnaast hebben we het ontwikkelde raamwerk uitgebreid met enkele factoren die een rol spelen als de techniek wordt toegepast in een
elektrische auto. In een elektrische auto kunnen er namelijk verstoringen optreden
welke de impedantiemetingen beı̈nvloeden. Deze worden onder andere veroorzaakt
door het tegelijkertijd meten van de impedantie van alle batterijcellen in het batterijpakket. Daardoor worden de metingen verstoord door overspraak tussen de
batterijcellen. Tevens zorgen de hoge stromen die door het batterijpakket lopen
als gevolg van het gebruik van de elektrische auto voor verstoringen. Ook in het
bijzijn van deze verstoringen hebben we wederom de nauwkeurigste methode voor
het schatten van de interne batterijtemperatuur kunnen ontwerpen.
Kennis van de ladingstoestand is niet alleen belangrijk om te weten hoeveel energie er nog in de batterij zit, maar ook voor het veilig gebruik van de batterij,
bijvoorbeeld om ervoor te zorgen dat de batterij niet te ver wordt ontladen of
opgeladen. In het tweede deel van dit proefschrift is onderzocht hoe nauwkeurig de
ladingstoestand van een batterij te bepalen is. De ladingstoestand van een batterij
kan niet direct worden gemeten en wordt daarom over het algemeen met zogenaamde schattingsmethoden bepaald. Typisch zijn dit modelgebaseerde methoden,
waarbij een model van het batterijgedrag wordt gebruikt in combinatie met meetdata (stroom, spanning en temperatuur) en een schattingsalgoritme. Dit algoritme
tracht de ladingstoestand van de batterij te schatten met behulp van het model
en de meetdata. In dit onderzoek is het model van de batterij gebaseerd op een
elektrisch circuit, het zogenaamde equivalente elektrische circuitmodel. Dit model
probeert het ingangs- en uitgangsgedrag van de batterij (respectievelijk stroom en
spanning) na te bootsen. Om het gedrag van het model zo nauwkeurig mogelijk
overeen te laten komen met het werkelijke gedrag van de batterij, is het bepalen
van de parameters van het model erg belangrijk. Daarbij is het van belang om
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te weten dat het gedrag van de batterij verandert door bijvoorbeeld veroudering
van de batterij. Door deze gedragsverandering zullen de parameters van het model
ook veranderen. Ondanks dat het onderzoeksveld dat zich richt op deze methoden
volwassen is, en de ontwikkelde methoden zeer nauwkeurig zijn, is het vaak nog
lastig om deze technieken snel en efficiënt te implementeren in een toepassing. Zo
is het lastig om het algoritme zo in te stellen dat de beoogde nauwkeurigheid ook
daadwerkelijk wordt behaald. Ook wordt er in de literatuur nog veelvuldig gebruikt
gemaakt van meetdata en -methoden om de parameters van het batterijmodel te
bepalen die niet leiden tot een model dat het werkelijke batterijgedrag nauwkeurig
beschrijft.
Betreffende dit laatste punt hebben we in ons onderzoek laten zien én bevestigd
dat het noodzakelijk is voor een nauwkeurige schatting van de ladingstoestand om
de parameters van het batterijmodel te updaten aan de hand van actuele meetdata; met andere woorden, de modelparameters dienen online geschat te worden.
Daarnaast hebben we onderzocht of het mogelijk is om de instelprocedure van deze
schattingsalgoritmen, welke de ladingstoestand én de modelparameters schatten,
sneller en makkelijker te maken. Dit onderzoek heeft geresulteerd in een belangrijke aanpassing aan een bestaand en nauwkeurig algoritme. Voorheen was het bij
dit algoritme gebruikelijk om zes of meer variabelen te moeten instellen, waarbij
het niet triviaal was hoe deze variabelen moesten worden gekozen. Met ons nieuwe
algoritme hoeft er nog maar één enkele variabele ingesteld te worden, op een relatief
makkelijke manier.
In deel drie van dit proefschrift zijn de ontwikkelde methoden gezamenlijk getest
in een speciaal daarvoor ontwikkelde proefopstelling. Hierbij is een batterijcel in
een klimaatkast geplaatst in combinatie met apparatuur om elk gewenst stroomprofiel aan te bieden aan de batterijcel. Bij bepaalde temperaturen zijn vervolgens
realistische rijcycli van elektrische auto’s getest waarbij de ladingstoestand en interne temperatuur van de batterij zijn geschat op basis van de ontwikkelde methoden beschreven in dit proefschrift. De resultaten van deze experimentele validatie
laten zien dat de ontwikkelde methoden naar behoren presteren en een nieuwe stap
vormen voor het doorontwikkelen van deze methoden.
Concluderend kunnen de resultaten van het onderzoek in dit proefschrift worden gezien als belangrijke stappen in het verbeteren van de nauwkeurigheid en
toepasbaarheid van methoden voor het schatten van zowel de interne batterijtemperatuur op basis van de impedantie, als voor het schatten van de ladingstoestand
van de batterij. Dit kan een wezenlijke bijdrage leveren aan het verbeteren van de
prestaties van Li-ion batterijen en zodoende nog meer mogelijkheden creëren voor
de toepassing van deze batterijen. Op die manier draagt dit onderzoek bij aan een
volgende stap richting een duurzamere toekomst voor onze samenleving en voor
onze wereld.
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