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Abstract

The performance of the battery is not invariable throughout its lifetime.
Degradation causes a persistent decay in performance that increases over
time leading to the end of its useful life. The impact of the degradation
will depend on the application and performance requirements. Stationary
batteries are generally oversized and can provide the required performance
until very advanced states of degradation. However, this is an especially crit-
ical aspect in electric vehicles since a loss of capacity will directly affect the
driving range. Similar vehicles may be exposed to very different operating
conditions, i.e. frequent use of a work or shared vehicle versus light use of
a car intended for commuting; fast charges vs. slow overnight charges; or
large temperature differences between countries or seasons during the year.
Therefore, in this thesis, a thorough set of tests is developed considering the
different factors that affect battery degradation. These tests include both cy-
cling and calendar profiles, at different temperatures and charge/discharge
currents. To analyze the degradation, the cells are subjected to periodic per-
formance tests in order to evaluate parameters such as capacity and resis-
tance, as well as changes in the open circuit voltage (OCV) curves.

The state estimation is a fundamental task in most applications based
on battery storage. The voltage, current and temperature measurements are
essential to delimit the zone of safe operation of the batteries. However, infor-
mation about the remaining capacity or battery degradation cannot always
be measured directly during normal battery operation. State of charge (SOC)
and state of health (SOH) are very useful parameters for the user and are
relatively easy to obtain through specific tests. Although, when this is not
possible, it is necessary to estimate them indirectly by using a model of the
battery. For further improvement of the SOC estimation, the impact of dif-
ferent operating conditions on the estimate accuracy is analyzed. With the
knowledge acquired, a robust method of SOC and SOH estimation is pro-
posed, allowing to estimate the state of the battery accurately under variable
working conditions.

Although SOH estimation of electric vehicle is highly relevant, it also has
great limitations. The data from the previous history of the vehicle is not
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usually known, in addition the access to the battery and the tests that can be
carried out are limited. To deal with these handicaps, different techniques
based on impedance measurement, such as the electrochemical impedance
spectroscopy (EIS) or the hybrid pulse power characterization (HPPC); and
the analysis of the voltage curve as the incremental capacity analysis (ICA)
are analyzed. Moreover, the impact of charging rate and battery temperature
are studied through an extensive set of tests in which the cells are subjected
to different aging conditions as well as on real vehicles, providing evidence
that it is possible to improve accuracy when these factors are considered.

Therefore, throughout this dissertation, the impact of different aging con-
ditions is analyzed, as well as the influence of the operating conditions dur-
ing the tests on the battery state estimation, which is especially focused on
electric vehicles.



Resumé

Et batteris egenskaber forandrer sig i løbet af dets levetid. Degradering
forårsager et vedvarende fald i ydeevnen, hvilket bevirker, at batteriet på
et tidspunkt ikke kan opfylde sin primære funktion længere. Virkningen
af degraderingen afhænger af anvendelsen og kravene til ydeevnen. Sta-
tionære batterier er generelt overdimensionerede og kan levere den nød-
vendige ydeevne selv ved stor slitage. Dette er et særligt kritisk aspekt i
elektriske køretøjer, da et tab af kapaciteten direkte vil påvirke rækkevid-
den. Lignende køretøjer kan blive udsat for meget forskellige driftsforhold,
f.eks. hyppig brug af arbejdskøretøjer eller delebiler i forhold til let brug
af en bil beregnet til pendling; hurtige opladninger i forhold til langsomme
opladninger natten over; eller store temperaturforskelle mellem lande eller
årstider i løbet af året. Derfor er der i denne afhandling udviklet omfat-
tende test, der tager højde for de forskellige faktorer, som påvirker batteride-
graderingen. Disse test omfatter både cykliske profiler og kalenderprofiler,
ved forskellige temperaturer og op- og afladningsstrømme. For at analy-
sere degraderingen udsattes cellerne for periodiske ydelsestest til at evaluere
parametre som kapacitet og modstand, samt ændringer i kurven for åben-
kredsløbsspændingen (OCV).

Tilstandsestimering er en grundlæggende nødvendighed i de fleste ap-
plikationer, hvor der indgår batterier. Måling af spænding, strøm og tem-
peratur er afgørende for at afgrænse området for sikker brug af batterierne.
Oplysninger om den resterende kapacitet eller batteridegradering kan dog
ikke altid måles direkte under normal batteridrift. Ladningstilstand (SOC)
og sundhedstilstand (SOH) er meget nyttige parametre for brugeren og er
relativt nemme at opnå gennem specifikke tests. Selvom det ikke er muligt,
er det nødvendigt at estimere dem indirekte ved at bruge en model af bat-
teriet. For yderligere forbedring af SOC-estimatet, analyseres indvirkningen
af forskellige driftsforhold For nøjagtigheden af estimereingen. Med den op-
nåede viden foreslås en robust metode til SOC- og SOH-estimering.

Selvom SOH-estimering af elektriske køretøjer er yderst relevant, har den
også store begrænsninger. Dataene fra køretøjets tidligere historie er normalt
ikke kendt, desuden er adgangen til batteriet og de test, der kan udføres,
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begrænset. For at håndtere disse handicap analyseres forskellige teknikker
såsom impedansmåling, elektrokemisk impedansspektroskopi (EIS), hybrid
pulse power characterization (HPPC) samt incremental capacity analysis (ICA).
Desuden studeres virkningen af opladningshastighed og batteritemperatur
gennem et omfattende sæt af test, hvor cellerne udsattes for forskellige æld-
ningsforhold såvel som på rigtige køretøjer, hvilket viser, at det er muligt at
forbedre nøjagtigheden, når disse faktorer tages i betragtning.

Derfor, i denne afhandling analyseres påvirkningen af forskellige æld-
ningsforhold, samt påvirkningen af driftsbetingelserne under testene på bat-
teritilstandsestimeringen, som især er rettet mod elektriske køretøjer.
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Chapter 1

Introduction

1.1 Background

In the last decade, concern about global warming and emissions has in-
creased, compelling governments to reach agreements with increasingly de-
manding goals. In the context of the European Green Deal, the European
Commission has set the goal of achieving climate neutrality by 2050. To this
end, other mid-term goals have been set, such as reducing emissions by at
least 55% compared to 1990 by the year 2030 [1]. The transport sector has a
great impact on greenhouse gas emissions. In Europe, transport in general
accounts for 27% of the emissions and 22% are caused by road transport.
These emissions are mainly due to the type of energy used during the use
phase, which in the EU more than 90% corresponds to fossil fuels [2].

In addition, road transport is responsible for more than a third of NOx
emissions, which have a high negative impact on the health of population, es-
pecially in urban areas, and is responsible for thousands of premature deaths
every year [3]. Due to the relevance of road transport emissions, new propos-
als have been launched suggesting to accelerate the transition towards clean
mobility to a 100% reduction in new passenger and light commercial vehicles
by 2035 [4].

To meet these quotas, a strong growth in electric vehicle sales is expected,
with estimates of 60% of new car sales [5]. In the following decades, the
recycling industry will have to expand accordingly in order to absorb a large
number of batteries from vehicles at the end of their useful life. In [6], the
authors forecast recycling needs within 12 and 138 GWh annually from 2030.
However, before this occurs, there will be a great potential for second-hand
or repurposing as stationary storage for grid and buildings [7].

Currently in the EU countries, the used car market is considerably larger
than the new car market in terms of number of vehicles. Despite the differ-
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Chapter 1. Introduction

ences among EU countries, on average a vehicle has 3-4 owners throughout
its life, estimating a used/new car ratio for the EU greater than 3 [8].

Unlike combustion vehicles, the second-hand market for electric vehicles
is not yet established. In contrast to internal combustion engine vehicles
(ICEVs), the cost structure is different in battery electric vehicles (BEVs). The
battery is the most expensive element of the vehicle, it accounts for a third
of the total cost and, although the cost of batteries is expected to decrease,
it will continue to account for a large part of the total cost of the vehicle in
2030 [9].

The lack of means to reliably diagnose the state of the batteries can gen-
erate uncertainty to potential buyers of a used EV since the driving range
and useful life are the aspects that most concern people when purchasing
an electric vehicle [10, 11]. Therefore, due to the special conditions of the
electric vehicles market, the development of accurate tools to evaluate the
performance and degradation of the batteries is essential.

Battery Management Systems (BMS) are responsible for controlling and
monitoring the state of the battery and play an important role in guarantee-
ing safety and avoiding the hazards related to lithium-ion technology when
operated outside of the limits set by the manufacturer [12].

The BMS is also in charge of estimating the short-term capabilities of
the battery, depending on the operation of the battery and external condi-
tions. The main parameter is the State of Charge (SOC), which represents
the amount of energy available in the battery compared to when it is fully
charged and its knowledge is particularly important in EV applications as it
indicates the driving range of the vehicle.

The definition of SOC refers to the actual capacity of the battery which
is likely to change with degradation, therefore, for certain applications it is
necessary to use models that also provide information about the long-term
capabilities of the battery.

The State of Health (SOH) indicates the battery degradation and perfor-
mance capabilities compared to a fresh battery. There is no absolute defini-
tion of the SOH and it depends on the variables used to estimate it, being the
two most common the capacity and the internal resistance.

There are numerous methods to estimate the battery SOH that can be
classified according to the way data is processed and what data is required
for the estimation.

These methods are divided into online or offline methods depending on
whether the data is processed in real time or retroactively. The offline ap-
proaches generally provide large sets of data gathered in the laboratory from
different pre-established test conditions. On the other hand, online methods
use measurements obtained in real time and are often embedded in the BMS
thus, with a more limited amount of data and processing capacity [13, 14].
Depending on the data used, the methods can be classified as experimental
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1.2. Research Objectives and limitations

methods or adaptive methods [15]. Experimental methods use previously
stored data and relate certain parameters to battery degradation such as in-
ternal resistance [16, 17], partial capacity [18, 19] or parameters derived from
the open circuit voltage (OCV) curve [20, 21]. On the other side, adaptive
methods use equivalent circuit models or black box approaches to monitor
battery degradation. The Kalman filter is the most widespread method that
allows updating the parameters of the equivalent circuit through measure-
ments observed over time [22, 23].

The scientific literature on battery SOH estimation methods is very exten-
sive, however, its actual application in electric vehicles is very limited. Most
of the proposed methods require a large amount of vehicle usage data, which
is often not available or accessible by third parties. Therefore, the purpose of
this work is to investigate how to improve and apply the existing methods to
the specific application of electric vehicles.

1.2 Research Objectives and limitations

1.2.1 Objectives

The electrification of transport and the implementation of renewable ener-
gies are introducing a large number of batteries into the market and their
useful life is one of the greatest concerns of users. There is a great potential
in the second hand or second life of EVs or their batteries, but this must
be supported by certain guarantees. To achieve satisfactory performance
throughout the entire battery life and towards the ecological transition, re-
liable methods must be developed in order to allow users to know what they
can expect from their batteries at any time during their useful life. The aim
of this thesis is to investigate how to improve the current estimation methods
by evaluating the operating conditions during the tests. Therefore, the work
focuses on the following objectives:

O1. Evaluate the degradation of the cells under different conditions to
subsequently identify path independent estimators.

The degradation performance of the cells studied will be analyzed. The
cells will be subjected to calendar and cycling aging tests under differ-
ent conditions of temperature, SOC and current profiles. The degrada-
tion behavior of the different cells should be studied in depth to identify
possible trends and relations.
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Chapter 1. Introduction

O2. Analyze the impact of different operating conditions on the online
battery state estimation and propose a robust estimation method for
electric vehicles.

The OCV curves and the impact of aging, temperature and the methods
used to obtain them will be compared. The effect that OCV curves and
the different working conditions have on the SOC estimation accuracy
will be discussed and, according to the results obtained, a reliable SOC
and SOH estimation method for electric vehicles should be proposed.

O3. Analyze the performance of different methods to assess the degra-
dation of electric vehicles with data collected from similar cells or
vehicles.

Different methods of SOH estimation for electric vehicles based on dif-
ferent parameters will be evaluated. Two techniques to obtain impedance
such as EIS and HPPC will be compared, analyzing their performance
to estimate capacity fade from the variation of the internal resistance.
The use of vehicle chargers to estimate the batteries SOH during charg-
ing will be also discussed. The ICA technique will be applied to both
cells and vehicles to verify its feasibility and the main factors that affect
its performance will be studied.

1.2.2 Limitations

This Ph.D. project has several limitations as described below:

• All vehicles and cells analyzed are NMC-based with the exception of
cell D which is NCA. Other chemistries are not investigated and, there-
fore, the results may not be applicable to other types of cells.

• The study of degradation is limited to capacity and resistance. Different
operating conditions can lead to different aging modes, however this
will not be investigated in this PhD project.

• Due to the difficulty of access to real vehicles, the data obtained is lim-
ited and, unlike the cells analyzed in the laboratory, it is not possible to
control or monitor the aging conditions.

• The use of heavy-computational methods, such as neural networks, has
a growing interest in academia, however these methods are outside the
scope of this project.
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1.3. Battery cells used in this research

1.3 Battery cells used in this research

The lithium batteries used in this work come from new battery packs of
electric vehicles or are intended for them. Three of these batteries are lithium
nickel manganese cobalt oxide (LiNiMnCoO2) cathode based, also referred
as NMC. Figure 1.1 shows some of the cells during the tests. This type of
batteries has a great specific energy and provide high power, thus it is at
present the preferred chemistry for electric vehicles, although manufacturers
are starting to move towards lower cobalt configurations due to its high price.

The first battery is a cylindrical cell of the Samsung brand with 3.4 Ah
capacity. This battery was studied for its application in light vehicles for in-
dustrial use with V2G capabilities. The second cell comes from a new spare
module belonging to the first generation BMW i3. The pack was purchased
and disassembled to analyze the individual cells separately. The third cell
comes from second generation Nissan Leaf modules. The last cell chemistry
is lithium nickel cobalt aluminum oxide (LiNiCoAlO2) cathode based, also
referred as NCA. It offers similar characteristics to NMC, moderately improv-
ing specific energy and lifespan, although it is a more hazardous chemistry
in the event of thermal runaway [24]. The specifications of the cells are listed
in detail in Table 1.1.

a) b) c)

Fig. 1.1: The cells under study being tested in a climatic chamber. a) Cylindrical A-cell. b)
Prismatic B-cell. c) Pouch C-cell mounted on a test fixture.

Table 1.1: Main specifications of the batteries used in the research.

Cells Specifications
Item A B C D

Format Cylindrical Prismatic Pouch Cylindrical
Cathode NMC LMO/NMC NMC NCA
Nominal capacity 3.4 Ah 63 Ah 57.5 Ah 4.0 Ah
Max voltage 4.2 V 4.125 V 4.2 V 4.2 V
Cut-off voltage 2.65 V 3 V 2.6 V 2.6 V
Corresp. vehicle Prototype BMW-I3 2013 Nissan Leaf 2020 -
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Chapter 1. Introduction

1.4 Thesis Outline

This Ph.D. thesis summarizes the outcomes and findings from the research
of the Ph.D. project, including a report and a collection of publications. The
structure of the thesis is presented in Figure 1.2, relating the chapters of the
report with the corresponding outcomes, and is distributed as follows:

Chapter 1:
Introduction

Extended Summary

O1

O2

Publications

Electric Vehicle Batteries State Estimation Under
a Wide Range of Test and Aging Conditions

Online Battery State Estimation
Chapter 3:

Offline State of Health Estimation
Chapter 4:

Conclusions and Future Work
Chapter 5:

Chapter 2:
Degradation Analysis of Electric
Vehicle Lithium-Ion Batteries

Outcomes:
J1, J2, J3, C1

Outcomes:
J1, C2

Outcomes:
J2, J3, C1

O3

Fig. 1.2: Thesis structure with related project objectives (O1-O3) and outcomes.

Chapter 1 introduces the background, objectives and limitations of the
project. Chapter 2 describes the methodology used for the aging tests and
discusses the degradation results obtained from the analyzed cells when ex-
posed to different conditions. Chapter 3 considers the influence of current
and temperature on the online battery state estimation and proposes an esti-
mation method to improve the estimate accuracy under variable conditions.
Chapter 4 investigates the performance of different state of health estimation
methods applied to both single cells and commercial vehicles. Chapter 5 con-
cludes the outcomes and findings of the Ph.D. project and summarizes the
main contributions and future research opportunities.
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Degradation Analysis of
Electric Vehicle Lithium-Ion
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Chapter 2. Degradation Analysis of Electric Vehicle Lithium-Ion Batteries

2.1 Introduction

The operation of batteries involves reversible chemical reactions, which allow
energy to be stored during charging and released during discharge. Elec-
trolyte instability also causes side reactions with the electrodes that can re-
sult in the formation of solid electrolyte interphase (SEI). These side reactions
lead to the progressive degradation of the battery performance, reducing the
capacity and increasing its internal resistance [25]. Therefore, the battery life-
time is given by the number of cycles that the battery can withstand while
maintaining adequate performance. However, in many applications the bat-
tery is subjected to prolonged idle times compared to when it is in use. In
these cases, it is also necessary to know the lifetime in years.

Capacity decay during rest (idling or storage) and cycling is one of the
major concerns related to the real life use of lithium batteries. Therefore,
the prediction of the lifetime is usually based on the present capacity of the
battery in relation to its original capacity. In general, it is considered that
a battery is at the end of its useful life when it reaches 80% of the original
capacity [26, 27] although batteries can continue functional far beyond that
limit [7].

The knowledge about the expected batteries lifetime is mandatory in or-
der to ensure the techno-economic feasibility of the application, however bat-
tery manufacturers are providing limited information about the lifetime and
degradation performance of the battery. Also, the test needed at normal op-
erating conditions are time demanding due to the relatively long life of the
battery. Therefore, it is essential the development of accelerated aging test
and battery lifetime models that provide reliable predictions.

2.2 Methodology

Throughout this work, three types of fresh batteries for electric vehicles have
been used. In this type of application, the batteries are subjected to a combi-
nation of use (cycling) and rest times (idling). In order to design models that
accurately predict the lifetime of the batteries, it is necessary to analyze both
situations.

Battery degradation does not only depend on usage but it is the result of
a combination of different physical and chemical mechanisms. These mecha-
nisms produce different effects in the cell that can be summarized as loss of
lithium inventory (LLI), loss of active material (LAM) of the positive and the
negative electrodes and ohmic resistance increase (ORI) [28]. These modes of
degradation depend on the stress factors to which the battery is subjected, so
it is necessary to identify these factors correctly.
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2.2. Methodology

In the case of calendar aging, the most significant are the temperature and
the storing SOC [29]. While for cycling aging, in addition to temperature and
average SOC, is also affected by the number of equivalent cycles, as well as
by the cycle depth and C-rate of these cycles [30].

The effects of stress factors on the lifetime of batteries can be non-linear.
For this reason, it is advisable to apply sufficient levels of the stress factor in
order to interpolate correctly and obtain an accurate lifetime model [31].

The tests were carried out following the procedure shown in Figure 2.1.

BOL

Characterization

Capacity

OCV

HPPT

Capacity

EIS

HPPT

RPT

Cycling

Calendar

Aging Test End of Testing

Fig. 2.1: Procedure for testing and aging assessment.

Firstly, the pristine cells at beginning of life (BOL) are subjected to pre-
conditioning through the application of five successive cycles of charge and
discharge. This allows checking that the cell performance corresponds to that
indicated by the manufacturer, detect discrepancies between cells of the same
batch and homogenize the capacity measurements after prolonged storage
times.

Next, a characterization of the cells is carried out, in which the capacity
at different temperatures and C-rates is measured, the open circuit voltage
(OCV) recorded and the internal resistance measured.

Once the preliminary tests are finished, the aging tests are carried out.
In the case of calendar aging tests, the cells are stored for a specific period
of time at a specific temperature and SOC. Meanwhile the cycling aging cells
are subjected to a charge/discharge profile for an equivalent number of cycles
and at a controlled temperature. Once completed, a reference performance
test is carried out and the procedure is repeated until the End of Life (EOL) or
until the tests are concluded. Details about the RPT are described in Section
2.2.3.

2.2.1 Calendar Aging Tests

As previously explained, temperature and voltage have an important influ-
ence on degradation due to calendar aging. Depending on the application,
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Chapter 2. Degradation Analysis of Electric Vehicle Lithium-Ion Batteries

calendar aging may be the main contributor to degradation.
To evaluate the effect that these conditions have on the lifetime of the cells,

the matrix test exposed in Table 2.1 was adopted. This procedure consists of
the combination of at least three temperatures and three SOC levels designed
to broadly cover the operating conditions. The cells are charged up to the
established SOC level and stored in temperature-controlled chambers until
the next RPT.

Table 2.1: Calendar aging test matrix.

Cell Type Cell ID
Calendar aging test conditions

T [ºC] SOC [%]
A - - -

B

Cal-01 35 50
Cal-02 40 50
Cal-03 45 50
Cal-04 45 10
Cal-05 45 90
Cal-06 05 50

C & D

Cal-01 05 90
Cal-02 25 90
Cal-03 35 10
Cal-04 35 50
Cal-05 35 90
Cal-06 45 90
Cal-07 45 50

2.2.2 Cycling Aging Tests

In addition to the calendar aging tests, cycling aging tests were also per-
formed to determine the behavior of the cells studied when operated under
different conditions. As in the case of calendar aging, environmental condi-
tions such as temperature as well as different charge and discharge profiles
were analyzed. Also, the effect of different charging currents as well as differ-
ent discharge profiles, some based on constant current (CC) and others based
on driving profiles (DRV), were studied. The cells were tested in temperature-
controlled chambers and the temperature of the cells was monitored through
thermocouples located on their surface.

The test conditions used for the different cells are summarized in Table
2.2.
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2.2. Methodology

Table 2.2: Cycling aging test matrix.

Cell Type Cell ID
Cycling aging test conditions

T [ºC] C-rate (Cha/Dis) DOD [%]

A
Cyc 01-03 35

0.5 / 0.5 DRV 20Cyc 04-06 25
Cyc 07-09 15

B

Cyc-01 10 1.5 / 1.5 CC

70
Cyc-02 25 1.5 / 1.5 CC
Cyc-03 45 0.5 / 1.5 CC
Cyc-04 45 1.0 / 1.5 CC
Cyc-05 45 1.5 / 1.5 CC

C & D

Cyc-01 10 0.3-1 / 0.5 DRV

65
Cyc-02 25 0.3-1 / 0.5 DRV
Cyc-03 25 0.3-1 / 0.5 CC
Cyc-04 35 0.3-1 / 0.5 DRV
Cyc-05 35 0.3-1 / 0.5 DRV

2.2.3 Reference Performance Test

The aging tests can take months or even years depending on the applied
conditions. To study the incremental degradation of the battery performance
parameters, periodic RPTs are performed. The test intervals depend on the
applied conditions and the resolution requirements during the experiment.
In some cases, shorter intervals were used at the beginning of the experiments
to achieve higher resolution in the first battery life and were extended at the
end to save resources. Table 2.3 shows the temperatures and test interval
used for the four batteries analyzed. The test interval is given in days for the
calendar aging tests and in full equivalent cycles (FEC) for the cycling aging
tests.

Table 2.3: RPT, frequency and test temperatures.

Cell Type
Test interval

Test Temperature [ºC]
Calendar Cycling

A

30 days

20 / 60 FEC 25 35
B 100 / 200 FEC 25
C 150 FEC 10 17.5 25 35
D 150 FEC 10 17.5 25 35
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Not all the batteries in this work were subjected to the same RPT due
to different test purposes. Cell A is intended to be used in a fleet vehicle
with V2G capabilities and therefore the cycling performance takes relevance.
Shorter test frequencies were initially planned and changed during the ag-
ing test due to the low degradation measured. Cell B was used to develop a
method for vehicle SOH estimation based on the voltage curve analysis and
Cells C and D to verify the robustness of this method under different test
conditions, and therefore the RPT was performed at a wide range of temper-
atures. The general procedure is presented in Figure 2.2 and described as
follows:

Capacity Measurement HPPC Test
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Fig. 2.2: RPT current profile and voltage response.

The RPT consists of two stages, in the first one, the capacity is measured.
After a full discharge, the cell is charged and discharged at different rates
to measure the capacity. The discharge is performed at constant current un-
til reaching the cut-off voltage. The charging is performed following the
constant current - constant voltage (CC-CV) procedure, while the cell is con-
sidered fully discharged by applying a constant current of 1C (or lower) until
the cut-off voltage is reached. Each step is followed by a 1-hour rest period.

In the second stage, the impedance is determined by applying a Hybrid
Pulse Power Characterization (HPPC) test as described in [32] and detailed
in Chapter 3. Electrochemical Impedance Spectroscopy (EIS) is also used for
cell B. These tests are applied at different SOCs to evaluate the impedance in
the whole working range. A thermal chamber is used to ensure a constant
ambient temperature during the test. The influence of the temperature is

16



2.2. Methodology

investigated by repeating the same test multiple times. Table 2.3 shows the
different temperatures considered during the RPTs.

Table 2.4 shows the capacity values measured in the first RPT for each
of the analyzed cells and the mean and standard deviation of these values.
Similarly, Table 2.5 shows the resistance values measured at the first RPT. The
values were obtained by applying a one-second C/2 charging pulse. Except
for cell D-Cyc-02 that shows an unusual high resistance value, the values ob-
tained within each group are rather homogeneous. The differences between
similar cells subjected to calendar or cycling aging are mainly due to the use
of different measurement equipment. The graphs presented in the rest of the
chapter show values obtained under the same conditions, relative to these
first measurements of capacity and resistance.

Table 2.4: BOL capacity [Ah] of the tested cells measured at 25ºC and C/5.

Cal- A B C D Cyc- A B C D
01 - 61.03 54.46 3.83 01 3.40 61.72 52.42 3.90
02 - 61.30 54.47 3.88 02 3.38 60.94 51.69 3.85
03 - 61.42 54.09 3.91 03 3.38 61.22 52.07 3.96
04 - 61.26 54.02 3.97 04 3.38 61.28 51.70 3.93
05 - 61.68 54.05 4.07 05 3.37 61.20 51.97 3.94
06 - 61.47 54.15 4.09 06 3.38 - - -
07 - - 54.34 4.02 07 3.38 - - -

- - - - 08 3.36 - - -
- - - - 09 3.35 - - -

µ 61.36 54.23 3.97 µ 3.376 61.27 51.97 3.92
σ 0.217 0.193 0.098 σ 0.013 0.282 0.299 0.042

Table 2.5: BOL resistance [mΩ] of the tested cells measured at 25ºC and 50% SOC.

Cal- A B C D Cyc- A B C D
01 - 0.823 1.131 23.20 01 46.27 0.599 0.964 44.26
02 - 0.857 1.032 23.27 02 48.44 0.615 1.022 66.70
03 - 0.890 0.986 24.61 03 47.51 0.607 0.955 38.66
04 - 0.891 1.090 23.35 04 46.87 0.607 1.004 36.09
05 - 0.856 0.990 22.99 05 47.25 0.581 1.022 46.77
06 - 0.861 0.954 22.90 06 47.06 - - -
07 - - 0.994 23.99 07 47.17 - - -

- - - - 08 46.50 - - -
- - - - 09 47.74 - - -

µ 0.863 1.025 23.47 µ 47.20 0.602 0.993 46.49
σ 0.025 0.064 0.612 σ 0.653 0.013 0.032 12.071
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2.3 Accelerated Aging Results

2.3.1 Cell A

Cycling Aging

Cell A was intended for usage in a vehicle with Vehicle to Grid (V2G) ca-
pabilities, so it would be active most of the time, therefore all efforts were
focused on the cycling aging test. In order to determine the degradation be-
havior, three different temperatures (15ºC, 25ºC and 35ºC) and a discharge
profile based on the WLTP driving cycle were used. For each aging condi-
tion, three identical cells were tested, making a total of nine cells. The cells
were subjected to a total of 800 FECs over a period of 18 months. The aging
procedure is detailed in [J1] and Chapter 3. Initially, an RPT was performed
every 20 FEC. As little degradation was observed during the first 300 FEC,
the separation between RPTs was increased. Cells Cyc-03, 06 and 09 were
removed from the aging tests after 300 FEC for further analysis.

Capacity Fade
The capacity measured in the RPTs is shown in Figure 2.3 as a function of

the cycles performed.
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Fig. 2.3: Capacity fade of "Cell A" under cycling aging conditions. Measured at 25ºC and C/5.

In the cells subjected to higher temperatures, a greater loss of capacity
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2.3. Accelerated Aging Results

is observed, approximately 15%, after 800 cycles. When the temperature
decreases, the loss of capacity is reduced, resulting in 12% for cells at 25ºC
and 8% for cells at 15ºC

It is also observed that at lower temperatures the loss of capacity seems
to slow down with time as expected. In the case of cells at 15ºC, most of the
capacity fade (7%) occurred in the first 400 cycles, while in the next 400 only
1% more was measured.

Internal Resistance
The results of the internal resistance measurements are shown in Figure

2.4. The cells cycled at 15ºC show a similar resistance increase, accumulating
a 10-15% increase after 800 cycles. Again, similar to capacity, the resistance
increase slows after 400 cycles.

On the contrary, the cells subjected to 25ºC and 35ºC show a greater dis-
persion in the results than the cells at lower temperature. The resistance in-
crements at the end of the test were between 25% and 45% and no significant
difference was observed between the two test conditions.
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Fig. 2.4: Internal resistance of "Cell A" under cycling aging conditions. Measured at 25ºC and
50% SOC.
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2.3.2 Cell B

Calendar Aging

To determine the calendar lifetime of cell B, six cells were subjected to calen-
dar aging under the conditions stated in Table 2.1. To observe the influence
of temperature, cells Cal-01 to Cal-03 were stored at 50% SOC and at three
different temperatures (35, 40 and 45ºC). A fourth cell was stored at 5°C to in-
vestigate low temperature behavior. On the other hand, to observe SOC level
influence Cal-03 to Cal-05 cells were stored at the same temperature (45ºC)
but at three different SOC levels (10%, 50% and 90%).

Capacity Fade
The results obtained from the capacity measurements are shown in Fig-

ure 2.5. Observing the data obtained from the cells stored at 50% SOC, the
influence of temperature can be analyzed. Taking the Cal-01 cell, stored at
35ºC, as a reference, it can be observed that after 20 months of testing, it has
lost more than 15% of its initial capacity. When the storage temperature is
increased by 5ºC, the loss of capacity almost doubles (Cal-02), reaching triple
if the temperature increase is 10ºC (Cal-03). On the other hand, reducing the
storage temperature to 5ºC allows the capacity loss during this time to be
kept below 5%. As expected, the results agree with previous studies on the
same type of battery. In [33] a similar degradation behaviour is reported for
the same aging conditions.
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Fig. 2.5: Capacity fade of "Cell B" under calendar aging conditions. Measured at 25ºC and C/5.
Source [J2].
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Regarding the influence of SOC, the analysis of the cells stored at 45ºC
(Cal-03, Cal-04 and Cal-05) shows that 50% SOC is the most harmful for the
cells, as reported in [20]. On the contrary, the cell stored at 10% SOC (Cal-04)
shows the least degradation, keeping 90% of its capacity. In general, a similar
behaviour is observed regardless of the aging conditions, a first stage where
the capacity fade slows down with the aging process and a second stage with
a linear dependency between the capacity fade and the storage time.

Therefore, the results indicate that high temperatures in addition to medium
levels of SOC would produce the most unfavorable conditions for battery
storage, causing a large loss of capacity in a short period of time. Similar
degradation behaviour is reported in [34].

Internal Resistance
During the RPTs the internal resistance was measured for various levels

of SOC. Figure 2.6 shows the results for 50% SOC.
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Fig. 2.6: Internal resistance of "Cell B" under calendar aging conditions. Measured at 25ºC and
50% SOC.

The results show two phases in the evolution of resistance. First, there
is a decrease in internal resistance of up to 10% compared to BOL, similar
behaviour is reported in [35]. After a few months of storage, the resistance
increases again and continues with a positive trend until the end of the tests.
In this second phase, the resistance returns to levels similar to those of BOL
when reaching approximately 85% of capacity fade. Cells Cal-04 and Cal-06,
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which did not reach such a degradation, maintained a negative resistance in-
crease for almost the entire duration of the tests. For the rest of the cells, the
increase in resistance in this second phase exhibits a similar trend to that ob-
served with the capacity fade. The Cal-03 cell, with the greatest degradation,
reaches an increase in internal resistance of 70%.

Cycling Aging

To determine the cycling lifetime of cell B, five cells were used and subjected
to different aging conditions as shown in Table 2.2. To analyze the influence
of the current used during charging, cells Cyc-03, Cyc-04 and Cyc-05 were
subjected to identical temperature conditions (45ºC) but different charging
rates (0.5C, 1C and 1.5 C). Furthermore, to compare the effect of temperature,
Cyc-01 and Cyc-02 cells were tested at 10ºC and 25ºC, respectively, and 1.5C.

Capacity Fade
Under these conditions, more than 2000 cycles were carried out in all

the cells. Figure 2.7 shows the capacity results as a function of the cycles
performed.
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Fig. 2.7: Capacity fade of "Cell B" under cycling aging conditions. Measured at 25ºC and C/5.
Source [J2].

First, a greater degradation is observed at high temperatures. After 2000
cycles, the cell cycled at 25ºC keeps approximately 80% of its initial capac-
ity, while cells tested at 45ºC have lost at least 40% of capacity compared to
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BOL, hence, the loss of capacity is almost doubled. Unlike the calendar aging
tests, it is observed that reducing the temperature from 25ºC to 10ºC does
not present benefits concerning degradation. After 2000 cycles, the loss of
capacity is similar to that observed at 25ºC, in addition, a more accelerated
loss of capacity is observed during the first 1000 cycles. Regarding the influ-
ence of the C-rate on the degradation, it is observed that the three cells tested
at different charging currents present similar shaped degradation curves. A
greater degradation is observed at lower rates, which seems counterintuitive,
however, the reason for this difference can probably be found in the way the
test was carried out. Lower currents imply longer charging times, and thus
longer test duration. Therefore, this greater degradation is probably due to a
longer exposure time to high temperatures.

Internal Resistance
The results of the internal resistance measurements at 50% SOC are shown

in Figure 2.8. As in the results of calendar aging, a first phase in which there
is a resistance drop is observed in all the cells, followed by a linear increase
with the cycles number. In cells subjected to medium temperatures (Cyc-01
and Cyc-02), the internal resistance barely increases with respect to their BOL
value after 2000 cycles. However, in cells aged at 45ºC there is a resistance
increase between 40% and 70%.
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Fig. 2.8: Internal resistance of "Cell B" under cycling aging conditions. Measured at 25ºC and
50% SOC.
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2.3.3 Cell C

Calendar Aging

To study the calendar lifetime of battery C, seven cells were exposed to dif-
ferent SOC and temperature conditions as explained in Table 2.1. The tests
lasted 13 months. In order to evaluate the effect of SOC, three cells (Cal-
03, Cal-04 and Cal-05) were subjected to the same temperature (35ºC) and
different SOC levels (10%, 50% and 90%). Similarly, the influence of temper-
ature was studied by exposing another three cells (Cal-02, Cal-05 and Cal-
07) to identical SOC conditions but different temperatures (25ºC, 35ºC and
45ºC). Additionally, one cell was tested at 5ºC as reference. Cell Cal-06 was
also added to investigate possible interactions between temperature and SOC
level conditions.

Capacity Fade
The results obtained from the capacity fade tests are shown in Figure 2.9.
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Fig. 2.9: Capacity fade of "Cell C" under calendar aging conditions. Measured at 25ºC and C/5.
Source [J3].

To evaluate the effect of temperature, cell Cal-02, stored at 25ºC and 90%
SOC, can be used as reference. Just over a year later, a loss of capacity of 10%
compared to the initial capacity is observed in this cell. When the tempera-
ture rises to 35ºC, the capacity fade increases by 50% (Cal-05) and by 150%
if temperature rises to 45ºC (Cal-07). When the influence of temperature in
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2.3. Accelerated Aging Results

cells stored at 50% SOC is analyzed, an increase in degradation with tem-
perature is also observed, although this is significantly lower. The Cal-04 cell
stored at 35ºC, has a capacity fade of 12% by the end of the tests while for
the Cal-06 cell at 45ºC, it is 15%. This represents a 25% capacity loss increase
when temperature rises from 35ºC to 45ºC with 50% SOC, while at 90% SOC
this temperature increase represents 65% more capacity lost.

Contrasting with cell B, in this case it is more damaging to store the bat-
teries at high SOC. Cell Cal-03, stored at 10% SOC, showed a capacity loss
of 7% at the end of the tests, while for the cells stored at 50% and 90%, the
capacity loss was 12% and 15% respectively.

Internal Resistance
Figure 2.10 shows the internal resistance trend of the cells tested with the

storage time.
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Fig. 2.10: Internal resistance of "Cell C" under calendar aging conditions. Measured at 25ºC and
50% SOC.

In this case only three of the cells show a slight resistance drop before it
starts to increase with storage time. Cells Cal-02, Cal-03 and Cal-04 do not
return to BOL levels until after 4-6 months of storage, while the resistance
of the other cells increases from the beginning of the tests. In general, the
resistance increase follows a similar trend to the capacity loss, however cells
Cal-03, stored at 10% SOC and Cal-01 stored at 5ºC, show a higher resistance
increase than expected, tripling that of cells with higher capacity loss.
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Cycling Aging

In addition to the calendar aging tests, another five cells were tested to inves-
tigate the cycling lifetime. Four of these cells were subjected to discharge cy-
cles following a WLTP-based driving profile with an average C-rate of 0.5C.
The other cell (Cyc-03) was charged and discharged at constant current at
0.5C as well. To evaluate the effect of temperature, the test matrix was set up
with three different working temperatures, 10ºC, 25ºC and 35ºC, as shown
in Table 2.2. All cells were tested until failure or until they were no longer
considered safe to operate.

Capacity Fade
The results of the capacity evolution of the cells tested are presented in

Figure 2.11. Except for cell Cyc-01, the rest of the cells present two different
stages during their aging. Firstly, a linear loss of capacity with the number of
cycles, which, depending on the aging conditions, lasts from BOL to between
600 and 950 cycles. This stage is followed by an abrupt capacity drop, in
which in a matter of a few tens of cycles the battery loses more than 50% of
its capacity.
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Fig. 2.11: Capacity fade of "Cell C" under cycling aging conditions. Measured at 25ºC and C/5.

The beginning of the nonlinear behavior, also known as “knee-point” in-
dicates a change in the dominating aging mechanism. The lithium inventory
loss due to SEI growth gives way to the loss of active material as the main
cause of battery degradation [28, 36].
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2.3. Accelerated Aging Results

The cells cycled at 25ºC (Cyc-02 and Cyc-03) show a similar degradation
trend, regardless of the discharge profile used, reaching 900 cycles before the
sudden capacity drop. On the other hand, the cells subjected to 35ºC show a
significantly faster loss of capacity, reaching the knee-point around 700 cycles.

Finally, cell Cyc-01, cycled at 10ºC, showed a rapid deterioration of its
performance since the beginning of the tests. Other authors have studied the
effect of low temperature on cycling aging lifetime [37, 38], but in general
this effect begins at subzero temperatures, so further tests would be needed
to determine the actual reasons behind the aging behavior of this cell.

Internal Resistance
The results of the internal resistance measurements at 50% SOC are shown

in Figure 2.12

0
10

0
20

0
30

0
40

0
50

0
60

0
70

0
80

0
90

0
10

00

Full Equivalent Cycles

0

20

40

60

80

100

In
te

rn
al

R
es

is
ta

nc
e

V
ar

ia
ti

on
[%

]

Cyc-01 (10°C)
Cyc-02 (25°C)
Cyc-03 (25°C)
Cyc-04 (35°C)
Cyc-05 (35°C)

Fig. 2.12: Internal resistance of "Cell C" under cycling aging conditions. Measured at 25ºC and
50% SOC.

Again, a smooth increase in resistance is observed up to 20-30%, at which
the knee-point occurs and the resistance shoots up. The growth of the resis-
tance is in agreement with the capacity fade, cells aged at 25ºC show a lower
growth rate than the cells at 35ºC.

The Cal-01 cell increases its resistance by more than 100% between 140
and 400 cycles, indicating some type of failure or accelerated aging mecha-
nism in this cell.
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2.3.4 Cell D

Calendar Aging

For cell D, the same test matrix was used as for cell C, as shown in Table 2.1.

Capacity Fade
Figure 2.13 shows the evolution of the cell capacity for different storage

conditions.
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Fig. 2.13: Capacity fade of "Cell D" under calendar aging conditions. Measured at 25ºC and C/5.

Despite having a different chemistry, the results from cell D show many
similarities with those from cell C. Again, the most harmful conditions for
calendar lifetime would be high SOC levels and high temperatures. Com-
pared to the type C battery, cells Cal-02 to Cal-04 show a slower degrada-
tion while in cells Cal-05 and Cal-06 it is more accelerated during the first 3
months of testing. However, after one year under the same conditions, cells
C and D show very similar levels of capacity fade. The only exception is the
cell Cal-01, stored at 10ºC, which suffered 4 times less degradation than its
analogous of type C.

Internal Resistance
The results of the internal resistance evolution at 50% SOC are shown in

Figure 2.14
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Fig. 2.14: Internal resistance of "Cell D" under calendar aging conditions. Measured at 25ºC and
50% SOC.

In the case of this cell type, a first stage with reduction of the internal
resistance is not observed. Cell Cal-01, stored at 5ºC, barely experiences a
resistance increase after one year storage. Cell Cal-07, which accumulates
the greatest degradation, increases its resistance by 65% after 13 months of
testing. Its resistance increases at a much higher rate than the other cells
since the beginning of the test. The rest of the cells show a trend, in general,
in agreement with their capacity lost.

Cycling Aging

For cell D, it was used the same test matrix as for cell C, as shown in table
2.2. The cells were tested until failure or until it was not safe to continue
operating them.

Capacity Fade
Figure 2.15 shows the capacity evolution of cell D during the cycling aging

tests.
The results show again two different stages in the lifetime of the cells as

in section 2.3.3. A first stage in which the capacity fade evolves linearly until
the knee-point is reached and where the capacity drops abruptly. In the case
of cells Cyc-01, Cyc-02 and Cyc-03, the knee-point is not visible because, after
it occurred, it was not possible to continue with the tests.
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Fig. 2.15: Capacity fade of "Cell D" under cycling aging conditions. Measured at 25ºC and C/5.

Cell Cal-01, tested at 10ºC, shows a faster capacity loss than the rest. The
rest of the cells reach the knee-point between 600 and 900 cycles. Cells sub-
jected to 35ºC show a similar capacity fade trend in the linear stage, but when
they reach the knee-point they begin to diverge. Cells Cal-02 and Cal-03 were
tested at the same temperature, however, the cell subjected to CC discharge
showed faster capacity loss than the one cycled by the WLTP profile.

Internal Resistance
The internal resistance results are shown in Figure 2.16.
The Cyc-03 cell with a CC profile shows the greatest resistance increase

during the tests, reaching up to 95% and then decreasing again. This non-
linear behavior, similar to what occurs in the case of capacity, could be a
possible indicator of the end of battery life [39].

Cells Cyc-04 and Cyc-05, aged under the same conditions, start out with
a similar trend, however, between 300 and 600 cycles, cell Cyc-05 maintains
a constant internal resistance, which may explain the differences in life-cycle.
In both cells, an increase in the slope prior to the knee-point in the capacity
fade is observed.
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Fig. 2.16: Internal resistance of "Cell D" under cycling aging conditions. Measured at 25ºC and
50% SOC.

2.4 Summary

In this section the degradation behavior of four different cells used in electric
vehicles has been investigated. The cells were exposed to different condi-
tions of temperature, SOC, charge current and discharge profiles. The results
show that the optimal conditions to store batteries would be low temperature
(<=10ºC) and low SOC, which lead to the minimum degradation over time
for all the cells, below 5% in the first year for the tested cells. However, for
other storage conditions, it is observed that the tested batteries show very dif-
ferent behaviors. In general, a more accelerated loss of capacity is observed at
higher temperatures; the results indicate that an increase of 10ºC can double
the loss of capacity in the same period of time, which is in good agreement
with Arrhenius law. Though, this is not always the determining factor, the
SOC also seems to have a key role on the degradation. Most results in the
literature show that calendar aging increases with the SOC [29, 40], although
this study has revealed that this may not be extended to all cells and aging
conditions. In the case of cell B, the analysis shows that elevated tempera-
tures in combination with medium SOCs results in a substantially accelerated
capacity fade. Regarding cycling aging, a moderate degradation rise is ob-
served at increasing temperatures, although there are significant differences
among the tested batteries. An accelerated capacity loss at low temperature
was also observed in two of the cells analyzed. The charging rate however
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does not seem to have a significant effect on cells performance, as very similar
results are obtained between 0.5C and 1.5C.
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Chapter 3

Online Battery State
Estimation

This chapter focuses on the analysis of different parameters that affect online
battery state estimation and its implementation on a simple and accurate ad-
hoc algorithm for electric vehicles. The results presented in this chapter are
extracted from the following outcomes:

J1. A. Gismero, E. Schaltz and D. -I. Stroe, "Recursive State of Charge
and State of Health Estimation Method for Lithium-Ion Batteries Based
on Coulomb Counting and Open Circuit Voltage," Energies, 2020, 1811,
13(7).

C2. A. Gismero, D. -I. Stroe and E. Schaltz, "Comparative Study of State
of Charge Estimation under Different Open Circuit Voltage Test Condi-
tions for Lithium-Ion Batteries," IECON Proceedings (Industrial Electron-
ics Conference), 2020-October, 1767–1772.
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3.1 Introduction

The state of charge of a cell indicates the ratio between the available capacity
and the actual full capacity so that a fully discharged battery corresponds to
0% SOC and a fully charged battery corresponds to 100% SOC.

There are basically three methods to estimate the SOC of a lithium-ion
battery: those based on direct current measurements, those based on direct
voltage measurements and those based on models.

SOC estimation based on battery current measurement is one of the most
used methods. In this method, the charge added to or removed from the cell
is measured and integrated over time to calculate the actual SOC [41]. This
method is commonly called coulomb counting and is expressed as indicated
in Equation 3.1.

SOCt = SOC0 +
1
Q

∫ t

0
ηt Itdt (3.1)

Where It is the incoming or outgoing current of the battery, Q is the
capacity and ηt is the coulombic efficiency, which depends, among others,
on the temperature of the battery and the applied current. This method is
accurate and simple to implement, however, it relies on the initial estimate
of SOC (SOC0) with no feedback mechanism, so it is very influenced by the
accuracy of the current sensors; even small errors, due to the integration will
result in high SOC deviations.

The battery voltage depends on the applied current and the impedance,
which in turn depends on factors such as temperature or aging. Therefore,
if the battery is considered at rest and the effect of hysteresis negligible, a
direct relationship between SOC and voltage (ut) can be established through
the OCV curve, as expressed in Equation 3.2:

SOCt = OCV−1(ut) (3.2)

This method allows good results when the battery is at rest providing a
sufficient relaxation time, although it leads to large errors when the cell is
under load [42]. Equation 3.2 can be modified to also model the dynamic
behavior of the cell by adding more or less complexity, as shown in Equation
3.3. When the ohmic drop (R0 I) and one or more impedances are included
to model the charge transfer resistance and the diffusion phenomena it is
possible to achieve acceptable estimates for reasonable values of current and
cell resistance.

SOCt = OCV−1(ut − R0 I) (3.3)

Model based methods are an alternative to the direct measurement meth-
ods in which the system input (current) is used to predict the system output
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(voltage). The measured and predicted outputs are compared and the differ-
ence can be used as a feedback to update the model estimate. In addition to
the system parameters, these methods also allow to estimate internal states
of the battery such as SOC and SOH. The Kalman filter (KF) is a widely used
algorithm when the objective is to analyze hidden variables [22, 23, 43].

In Paper C2 an extended Kalman filter (EKF) is implemented to analyze
the variations in the OCV curves obtained under different conditions and its
effect on SOC estimation. In the proposed method, the dynamics of the bat-
tery are modeled through a first-order RC circuit illustrated in Figure 3.1 and
described by the state Equations 3.4. The EKF allows a recursive estimation
of the parameters of the model as well as the state of the battery defined
by the OCV. Further details about the EKF implementation can be found in
Paper C2.

R0
Rp

Cp

Ip

OCV ut

I

Fig. 3.1: First order equivalent circuit. Source [C2].

{
İp = I

RpCp
− Ip

RpCp

ut = OCV + R0 I + Rp Ip
(3.4)

As an alternative to battery model based methods, data-driven methods
are gaining interest due to their flexibility and adaptability to non-linear sys-
tems. These methods consider the battery system as a black-box and allow
to estimate its state using large aging datasets. The performance and accu-
racy of the estimation greatly depend on the quality of these datasets. There
are numerous statistical and computational approaches, including artificial
neural network (ANN) [44, 45] and support vector machine (SVM) [46, 47].
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3.2 Methodology

The batteries used in this research are the A-cells of 3.4 Ah and cylindrical for-
mat 18650. These batteries were subjected to cycling aging at three different
temperatures, 15ºC, 25ºC and 35ºC. Both the test matrix and the degradation
results are detailed in Chapter 2.

The driving cycle adopted for this research, both to emulate a real aging
scenario and to verify the estimation methods developed was the World Har-
monized Light-duty Vehicle Test Procedure (WLTP) for class 2 vehicles. This
test consists of three parts for low, medium and high speed, with a duration
of 1477 seconds, i.e. 24.6 minutes [48]. The vehicle velocity is transformed
into a current test profile depending on the characteristics of the vehicle as
indicated in Equation 3.5.

I =
( 1

2 ρSCxv2 + Crmtg + mta)v
ηV

(3.5)

The current is determined by calculating the power needed by the electric
motor (VI) to overcome the drag force, rolling resistance and inertia (first,
second and third terms in the numerator). It is assumed that the drag force
is proportional to the square of the vehicle speed (v), being ρ the air density,
S the frontal area and Cx the aerodynamic coefficient. For the calculation of
the rolling resistance, the total mass of the vehicle (mt), the gravity (g) and
the rolling coefficient (Cr) are considered. Finally, a is the acceleration of the
vehicle and η is the efficiency of the powertrain.

After each driving cycle, the cells are recharged to 90% SOC at a constant
rate of 0.2C, leaving a rest period before the next cycle so that the entire
process takes two hours. Figure 3.2 shows the current profile of a complete
cycle and the voltage response of the cell.

In this research, two different methods were used to obtain the OCV
curves, incremental and continuous charge/discharge cycle.

In the incremental method, the battery is fully charged and discharged
by current pulses at regular SOC intervals allowing a fixed time for relax-
ation, OCV is measured at the end of this rest time. In the literature, SOC
increases between 1% and 5% and relaxation times between 1h and 5h are
recommended [49, 50]. Figure 3.3 illustrates the procedure followed to obtain
the charge and discharge OCV curves, using a ∆SOC of 5% and a rest time of
4h. The charge and discharge curves form a loop due to hysteresis [51]. The
voltage difference of both curves depends on the battery chemistry, SOC, and
battery degradation [52]. For the cells used in this work, it was considered the
average between charge and discharge curves as a reasonable approximation.
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Fig. 3.2: WLTP-based mission profile and voltage response. Source [J1].
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Fig. 3.3: Incremental OCV test profile and voltage response. Adapted from [C2].

On the other hand, in the continuous method, OCV curves are obtained
through charging and discharging at very slow rates. This procedure is an
alternative to the incremental method that allows to obtain the OCV faster,
though it is considered less reliable [53]. Figure 3.4 illustrates the test profile
used to measure the OCV at different charging rates, from 0.2C to 1C.
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Fig. 3.4: Continuous OCV test profile for different rates (0.2C, 0.25C, 0.5C, 0.75C and 1C) and
voltage response. Adapted from [C2].

As in the incremental method, the OCV curve is computed as the average
of the charge and discharge curves obtained. In Paper C2 the OCV curves
were obtained by both methods at five different temperatures (5ºC, 15ºC,
25ºC, 35ºC and 40ºC) for later comparison.

3.3 Temperature and Current Influence

The available capacity depends on the operating conditions. High currents
or low temperatures reduce the usable capacity of the battery leading to con-
siderable errors if not considered in the estimation. A compensation factor is
defined in Paper J1 as the ratio between the capacity measured under refer-
ence conditions and under actual conditions. Figure 3.5 shows the discharge
capacity at different temperature conditions and the corresponding values
assigned to the compensation factor.

The OCV curve can also have an impact on the SOC estimate. Paper
C2 analyzes how temperature, aging or even the method used to obtain the
curve affect the estimation.

Figure 3.6 shows the difference between the OCV obtained with the in-
cremental and continuous method at different charging rates. As expected,
when current increases, the error obtained using the incremental curve as a
reference increases, being greater in the areas of the curve with lower slope.
However, rates of 0.2C and 0.25C produce adequate results, with an error
below 3% between 5% and 85% SOC.
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Fig. 3.6: Comparative of the OCV curves obtained using the incremental and continuous meth-
ods at different rates. Source [C2].

The evolution of the curve after 350 equivalent cycles, corresponding to
a 7% capacity fade, was also analyzed. Figure 3.7 shows the comparison
between both curves obtained by the incremental method. It is observed that
the error between 5% and 100% SOC does not exceed 2%. Hence, using the
curve at BOL does not drastically affect the accuracy of the estimate, at least
in the SOH range analyzed.

The effect of different temperatures on the OCV curve is illustrated in
Figure 3.8. The SOC error obtained for various temperatures is compared to
the curve at 25ºC.

39



Chapter 3. Online Battery State Estimation

2.8
3

3.2
3.4
3.6
3.8

4
4.2

Vo
lt

ag
e

[V
]

BOL
Aged

0 10 20 30 40 50 60 70 80 90 100
SOC [%]

-6

-4

-2

0

2

4

6

SO
C

er
ro

r
[%

]

Fig. 3.7: Comparative of the OCV curves obtained at BOL and after aging (93% SOH) [C2].
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Fig. 3.8: Comparative of the OCV curves obtained using the incremental method at different
temperatures. The OCV at 25ºC is used as reference. Source [C2].

Although the largest differences in voltage are below 20% SOC, the great-
est SOC error occurs again above 80% because of the plateau in that area.
Temperatures above 25ºC maintain an error below 2% throughout the curve,
however, at lower temperatures the error increases, especially above 80%
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SOC.
Paper C1 also compares the resulting error when using the OCV curves

obtained under different conditions to estimate the SOC through an EKF.
The test consists in discharging a fully charged cell, with four WLTP cycles
separated by three hours rest periods, as shown in Figure 3.9.
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Fig. 3.9: SOC estimation of an aged cell (93% SOH) using the EKF and the OCV curves obtained
at BOL and after aging. Source [C2].

In conclusion, SOC estimation results are more accurate using the curves
obtained with the incremental method. However, for currents up to 0.25C,
the error obtained through the continuous method is acceptable, not exceed-
ing 2%. Regarding the effect of degradation, a cell with 7% capacity fade was
used to compare the SOC estimation performance of two OCV curves, one
corresponding to its current state of degradation and the other at BOL. Al-
though the SOC error remained below 3% in both cases, the use of the OCV
curve corresponding to the aging state of the cell achieved an estimation with
an RMSE and a MAE between 3 and 4 times lower. Therefore, for higher lev-
els of degradation it would be convenient to update the OCV curve used in
the SOC estimation. Finally, regarding temperature, the greatest variation
was observed at low temperatures below 15ºC, while at high temperatures,
the OCV curves present similar results. The largest variation of the curves
is also located below 20% SOC, a region with a high slope, hence, with no
significant effect on SOC.
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3.4 Proposed Method

Paper J1 proposes a SOC and SOH estimation method that combines the
current based estimation with an OCV lookup update. Figure 3.10 illustrates
the operation of this estimation method. While the battery is charging or
discharging, SOC is calculated by integrating the current flowing through it.
Depending on the temperature and C-rate, the correction factor is applied as
explained in Section 3.3. When the battery is at rest, after 25 minutes, the
OCV curve is used to estimate the SOC.

It, Vt, Tt

Start

SOC Update

Qest =
q

∆SOC∆SOC

OCV-SOC Update
q

Current integration

RLS SOH

SOC

State

Qact

SOC0

Idle

> ∆SOCmin

Data
Aquisition

Cha / Dis SOCt = SOC0 +
q

Qact
q =

∫ t
0 c f I,T Itdt

Fig. 3.10: Flowchart of the proposed SOC-SOH estimation algorithm. Adapted from [J1].

To estimate the SOC through current based methods, it is necessary to
know the current capacity of the battery. The proposed method applies the
partial capacity method [18, 19], by which the net capacity variation between
two rest periods is measured and divided by the SOC variation, obtaining an
estimate of the total capacity, as indicated in Equation 3.6.

Qest =
q

∆SOC
(3.6)

The accuracy of this estimate depends not only on the magnitude of the
∆SOC but also on the q measurement error, which in turn is influenced by
the operating conditions (current and temperature) and the self-discharging
effect [J1]. To minimize the error, multiple estimates are used to obtain the
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capacity value using a recursive least squares (RLS) filter with a forgetting
factor to give greater weight to the most recent estimates.

To verify the proposed method, a test consisting of multiple charges and
discharges was used, using WLTP driving cycles up to different SOC levels.
Overall, 58 cycles were carried out at different temperatures with one hour
of resting time between cycles and charge periods and a total duration of 140
hours. Figure 3.11 illustrates the current and temperature profiles of the test
and the estimated SOC.
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Fig. 3.11: Validation test. (Above) SOC estimation with the proposed method and with a tradi-
tional Coulomb counting method. (Below) Current and temperature profiles. Source [J1].

To evaluate the error in the estimation, the cell is fully charged to the
100% SOC several times during the test. The test is performed with three
cells (Cyc-03, Cyc-06 and Cyc-09), aged at 35ºC, 25ºC and 15ºC respectively
and with different degradation levels.

Figure 3.12 compares the SOC error of the traditional coulomb counting
and the proposed method when a 100% SOC is reached. It can be observed
that the coulomb counting error exceeds 7% due to cumulative errors. The
error before the OCV is also shown, both with and without the compensation
factor. It can be noted that when the current and temperature are compen-
sated, the error obtained is reduced by half. Finally, after the OCV update, as
expected, the error is similar in most of the estimates.

Finally, the system was fed with incorrect capacity values at the beginning
of the test to verify the accuracy of the SOH estimation. Figure 3.13 shows
the results for Cell-06. In all cases, the capacity converged to the real value,
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Fig. 3.12: SOC error during the validation test using the cell A-Cyc-06. Source [J1].

with a maximum error of 1.5%. The speed of convergence depends on the
value assigned to the forgetting factor. However, as the capacity of a cell used
under normal conditions varies gradually, a slower but stable convergence is
preferable.
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3.5 Summary

This chapter studies how different parameters such as the current or the tem-
perature affect the battery state estimation. Many estimation methods rely
on the OCV-SOC relationship to estimate the state of the batteries. However,
the OCV varies with aging, temperature or even the method used to obtain
it. As a result of the analysis performed in Paper C2, it can be concluded
that although the incremental method is the most accurate, the continuous
method at low rates of up to 0.25C allows to obtain practical results. Regard-
ing the aging, using the OCV curve obtained at BOL would be, in general, the
most straightforward way, however it has been observed that the SOC error
quadruples with aging before reaching 90% SOH. Although in the tests the
error remained around 2%, it could increase when higher degradation levels
are reached or when using another battery chemistry.

The temperature does not seem to have a big impact on the OCV as long
as it stays above 15ºC. Lower working temperatures would alter OCV more
drastically, so it would be advisable to know the OCV as a function of tem-
perature. The proposed method uses current, voltage and temperature mea-
surements to accurately estimate both SOC and SOH. The effect of different
working conditions on the charging and discharging efficiency was analyzed
enabling SOC estimation during battery operation under variable conditions.
The use of OCV allows to obtain a first estimate of the SOC. Hence avoiding
the characteristic cumulative errors of the Coulomb counting method and
achieving SOC errors of less than 3%. Furthermore, using partial capacity,
an estimate of the SOH is obtained each time the battery is at rest. The SOH
error obtained after testing three different batteries during 140 hours of op-
eration was below 1.5%.
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Chapter 4

Offline SOH Estimation

This chapter focuses on the application of different methods to assess the
degradation of electric vehicle batteries using data collected from cells or
batteries from similar vehicles. In addition, the factors that affect the accuracy
of the estimation during the tests are investigated. The results presented in
this chapter are extracted from the following outcomes:

J2. A. Gismero, K. Nørregaard, B. Johnsen, L. Stenhøj, D. -I. Stroe, E.
Schaltz. "Electric Vehicle Battery State of Health Estimation Using In-
cremental Capacity Analysis". Journal Of Energy Storage, under review,
2022.

J3. A. Gismero, M. Dubarry, J. Guo, D. -I. Stroe, E. Schaltz. "Influence of
Test Conditions in the Incremental Capacity Analysis for the State of
Health Estimation of Lithium-ion Batteries for Electric Vehicles". Ap-
plied Energy, under review, 2022.

C1. A. Gismero, D. -I. Stroe and E. Schaltz, "Calendar Aging Lifetime Model
for NMC-based Lithium-ion Batteries Based on EIS Measurements,"
2019 Fourteenth International Conference on Ecological Vehicles and Renew-
able Energies (EVER), 2019, pp. 1-8.
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4.1 Impedance Based SOH Estimation

The impedance is, in addition to the capacity, one of the most relevant pa-
rameters of a battery since it has a critical role in its performance. The
impedance determines the power capability of the cell, that is, the current
that it is capable of supplying continuously without exceeding the under-
voltage limits. Nevertheless, the resistance increase is also related to the
capacity fade and hence a widely used parameter to estimate the battery ca-
pacity [16, 17, 54, 55]. This section studies two of the main techniques used
to determine the impedance in electric batteries, electrochemical impedance
spectroscopy (EIS) and hybrid pulse power characterization (HPPC); and its
use to evaluate the SOH. The batteries used in this research are the B-cells of
63 Ah from the BMW i3. In order to evaluate the performance of this method,
several cells were subjected to different aging condition. The test matrix and
the results of the aging test are detailed in Chapter 2.

4.1.1 Electrochemical Impedance spectroscopy

EIS is a widely used non-destructive technique to characterize the electro-
chemical dynamics that occur in cells. The impedance spectrum obtained
through EIS is very useful not only to characterize the behavior and develop
cell models [56–59] but also to analyze the performance and identify the dif-
ferent processes and aging mechanisms occurring in the cell [60–62].

Methodology

To obtain the impedance spectrum, a small sinusoidal current of different
frequencies is applied to the cell and the voltage response is measured (gal-
vanostatic mode). This mode is more suitable for batteries as it provides
better control and fewer errors in data acquisition [63].

The impedance spectra of the cells are represented in a Nyquist diagram,
which shows the locus of the real and the imaginary parts of the impedance.
Figure 4.1 presents a typical Nyquist diagram of a lithium-ion battery, from
which the different electrochemical processes that occur in the cell can be
inferred [61, 62]. The frequency range used in this work spans from 10 kHz
to 10 mHz.

The highest frequencies capture the inductive behavior of the battery, re-
lated to the skin effect of the cell as well as the terminals and cables used in
the measurement. This is reflected in the quadrant with positive imaginary
part of the impedance in the Nyquist diagram.

At medium and low frequencies, one or several semicircles can be ob-
served in the negative imaginary part of the impedance quadrant, these corre-
spond to capacitive phenomena such as solid electrolyte interphase (SEI), the

48



4.1. Impedance Based SOH Estimation

double layer capacitances and the effect of the charge transfer resistance. The
lower frequencies capture diffusion phenomena which appear as a straight
line on the right of the spectrum [61, 62]. Finally, the ohmic resistance is
located at the intersection of the spectrum with the real impedance axis.

RS

ωL = RL/LP

ω2 = 1/(R2C2)

ω1 = 1/(R1C1)

LS → (−π/2)

ZW → (−π/4)

Re Z

-Im Z

R1 R2

RL

Fig. 4.1: Typical Nyquist diagram of Li-ion batteries. Adapted from [C1].

Cell Model Parametrization

To model the battery impedance, the obtained results are fitted into an electri-
cal equivalent circuit (EEC) as illustrated in Figure 4.2. The EEC parameters
are obtained through non-linear fitting of the real and imaginary parts of the
impedance for each RPT performed.

RS LS

RL

LP C1 C2

R1 R2

ZW

Fig. 4.2: Equivalent electrical circuit used for fitting the Nyquist plot in paper [C1].
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The metric used to evaluate the accuracy of the non-linear fitting was the
normalized root mean square error (NRMSE) calculated as indicated in Equa-
tion 4.1. In this equation, Z refers to the real or imaginary part of impedance
as fitting is performed separately for both components. The maximum error
obtained using the EEC shown in Paper C1 for all Nyquist curves was below
1%.

NRMSE =
1

Zmax − Zmin

√
∑n

i=1(Ẑi − Zi)2

n
(4.1)

The EEC consists of different elements in series and parallel that repro-
duce the electrochemical processes that occur inside the cell. The impedance
of these elements is calculated as expressed in Equations 4.2 to 4.6.

ZL = (jω)Ls +
RL(jω)Lp

RL + (jω)Lp
(4.2)

ZRC1 =
R1

1 + R1(jω)C1
(4.3)

ZRC2 =
R2

1 + R2(jω)C2
(4.4)

ZW =
1

Yw
√
(jω)

(4.5)

ZEEC = Rs + ZL + ZRC1 + ZRC2 + ZW (4.6)

Rs represents the ohmic resistance of the electrolyte and the cell elec-
trodes. ZL models the inductive behavior of the battery and other elements
such as cables and connectors used in the measurement. The two semicircles
that represent the capacitive phenomena are modeled by two RC elements,
ZRC1 and ZRC2; while the diffusion phenomena are emulated with a Warbrug
impedance, where Yw is the Warbrug capacitance.

As an example of the curve fitting process, Figure 4.3 illustrates the mea-
sured frequency response and the corresponding fitting curve through both
Bode (magnitude and phase of impedance) and Nyquist diagrams.

Test SOC influence

To study the influence of the SOC of the cell during the measurement of the
impedance spectrum, the tests in Paper C1 were performed at three different
levels of SOC. Figure 4.4 shows the results for cell Cal-01. At BOL the SOC
does not have a noticeable effect on impedance. An increase in the radius
of the semicircles is observed when SOC decreases, which would indicate a
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Fig. 4.3: Measured frequency response and fitted curve of a B-cell at BOL. Adapted from [C1].

rise of the charge transfer resistance. As the battery ages, an ohmic resistance
increase with the SOC can be observed, while the radius of the semicircles
keeps increasing at low SOC levels.

SOH Estimation

To estimate the degradation of the batteries, the evolution of the impedance
spectra and the EEC parameters are analyzed, pursuing those that have a
monotonic relationship with capacity. Figure 4.5 shows the evolution of the
impedance spectrum for the five cells analyzed and compares the curves ob-
tained at BOL with those obtained after 12 months of calendar aging. In
general, a shift to the right is observed in all the curves, indicating an in-
crease of the internal resistance. However, this does not occur evenly for
all cells. Although the ohmic resistance increases in all cases, the radius of
the semicircles is considerably reduced in the case of batteries aged at 10%
and 90% SOC, which suggests a charge transfer resistance decrease for these
aging conditions.
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Fig. 4.4: Impedance spectrum of cell B-Cal-01 at three different SOC levels. BOL state (left) and
after 12 months of calendar aging (right). Adapted from [C1].
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Fig. 4.5: Impedance spectrum of the five cells analyzed at 50% SOC. BOL state (left) and after 12
months of calendar aging (right). Adapted from [C1].

According to the results obtained in Paper C1, ohmic resistance increases
progressively with time, showing a greater increase in cells subjected to high
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temperatures and average SOH values, as occurs with capacity fade. Figure
4.6 shows the RS evolution for the five cells tested.

Inductive elements generally show erratic values, without a clear trend
with storage time or capacity fade. This is probably due to the influence
that external elements such as cables used in the measurement have on these
parameters.

Regarding the RC elements, the parameter R2 shows a dependency with
the aging conditions. In cells stored at 50% SOC, R2 increases progressively
with storage time. On the contrary, in cells Cal-04 and Cal-05, this value is
reduced up to 50% of the initial value, which could indicate different degra-
dation mechanisms depending on storage conditions. Figure 4.7 shows the
different behaviours of R2 with the aging conditions.
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Fig. 4.6: Ohmic resistance (RS) variation for the five cells analyzed, measured at 50% SOC.
Adapted from [C1].
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Fig. 4.7: Variation of R1 for the five cells analyzed at 50% SOC. Adapted from [C1].

According to the results, RS is the only parameter that shows a linear
and monotonic dependence with the battery capacity regardless of the aging
condition. Figure 4.8 shows the relationship between the ohmic resistance
increase obtained for each SOC and the capacity of all the cells tested in
Paper C1.

To compare the accuracy of the linear model, the metrics R2, MAE and
RMSE are used, whose values are indicated in Table 4.1. A linear relationship
between ohmic resistance and capacity is observed for the three cases of SOC.
However, as SOC increases, Rs explains better the SOH variation, reaching an
R2 of 0.89 for 90% of SOC.

Table 4.1: Statistic metrics of RS as SOH estimator at different SOC levels.

SOC R2 MAE RMSE
10% 0.81 2.80 3.27
50% 0.86 2.38 2.85
90% 0.89 2.04 2.45
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Fig. 4.8: Variation of Rs with the capacity for the five cells analyzed at 50% SOC.

4.1.2 Hybrid Pulse Power Characterization

The HPPC test is a widely used alternative to determine the internal resis-
tance of the battery [64]. There are numerous works in the literature in which
HPPC is used to determine the resistance, either directly or through simple
EEC circuits [32, 65, 66]. This section studies the performance of this method
to estimate the SOH of EV batteries.

Methodology

The HPPC consists of a succession of short duration pulses followed by a re-
laxation time. Three different values of current 0.5C, 1C and 1.5C were used,
with a duration of 18 seconds. The minimum recommended relaxation time
between pulses is 10 minutes [64], in this experiment the time was extended
up to 30 minutes. Discharge pulses were alternated with charge pulses of
equal current value so as not to alter the SOC during the test, though this is
not always possible due to cell voltage limits. This procedure, illustrated in
Figure 4.9, was repeated at three different SOC levels, 10%, 50% and 90%.

Through this procedure the resistance is calculated after 1, 10 and 18 sec-
onds of pulse, as indicated in Equation 4.7.

Rt =
Ut − U0

∆I
, [t = 1, 10, 18]. (4.7)
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Fig. 4.9: HPPC procedure at 10% SOC with detail of the voltage measurements used for the
internal resistance determination.

Pulse Parameters Influence

Figure 4.10.a shows the evolution of the internal resistance with the degrada-
tion measured by pulses of different current. In general, a higher resistance
is observed when measured by lower current pulses. However, the variation
on the results obtained by pulses of different currents is not significant and
the trend in the three cases analyzed is very similar.

The influence of the pulse duration on the resistance measurement is il-
lustrated in Figure 4.10.b. It is clearly observed how the resistance increases
with the pulse duration. This is because, as time increases, the resistance
due to other phenomena such as solid electrolyte interphase (SEI), double
layer capacitances or the effect of charge transfer resistance is added to the
ohmic resistance. The difference between the three resistances obtained in-
creases as the battery ages due to the degradation caused by different aging
mechanisms [61, 62].

Figure 4.11 shows the evolution of the resistance obtained as a function
of the SOC. In the early stages of battery life, a higher resistance is observed
at low SOC levels, while the minimum resistance is obtained at 50% SOC.
However, this difference fades below 70% SOH.

56



4.1. Impedance Based SOH Estimation

50

60

70

80

90

100
C

ap
ac

it
y

[%
]

1.5C
1.0C
0.5C

0.6 0.8 1

(b)

(a)

1.2 1.4 1.6 1.8 2 2.2 2.4
Internal Resistance [mΩ]

50

60

70

80

90

100

C
ap

ac
it

y
[%

]

1 s
10 s
18 s
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Fig. 4.11: Variation of internal resistance of cell Cal-03 with the capacity for different SOC levels.

SOH Estimation

According to the results, it is observed that the resistance obtained by HPPC
is dependent on the capacity fade, as it occurred in the case of the ohmic re-
sistance obtained through EIS. However, the relationship between both vari-
ables fluctuates with the aging conditions. Figure 4.12 shows the results of
the evolution of the one-second resistance with the capacity of the cells sub-
jected to calendar aging. Cells Cal-01 to Cal-03, stored at 50% SOC, show
a similar trend in their resistance values. However, cells Cal-04 and Cal-05
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do not exhibit the same behaviour with degradation. This is more clearly
noticed by looking at the resistance results obtained at 90% SOC. In Figure
4.13 it is observed that cell Cal-05 has a parallel trend to the rest of the cells
though separated by an initial capacity drop of around 15% with a negative
resistance variation.
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Fig. 4.12: Variation of R1s with capacity for the calendar aged cells. Resistance obtained at 50%
SOC and 1C pulse rate.
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Fig. 4.13: Variation of R18s with capacity for the calendar aged cells. Resistance obtained at 90%
SOC and 1C pulse rate.

The results obtained by cycling aging also show discrepancies depending
on the aging conditions. Figure 4.14 illustrates the evolution of the one-
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second resistance for the five cells subjected to cycling aging. Cells Cyc-03 to
Cyc-05 follow a very similar trend, with an accelerated increase in resistance
with capacity fade. Cell Cyc-02 again shows a similar trend after an initial ca-
pacity drop, similar behavior as the cells subjected to calendar aging. Finally,
the resistance of the cell Cyc-01 does not reveal a clear relationship with the
capacity.

-20 -10 0 10 20 30 40 50 60 70 80 90

Internal Resistance Variation [%]

50

60

70

80

90

100

C
ap

ac
it

y
[%

]

R2
2−5 = 0.97

Cyc-01 (10°C / 1.5C)
Cyc-02 (25°C / 1.5C)
Cyc-03 (45°C / 0.5C)
Cyc-04 (45°C / 1C)
Cyc-05 (45°C / 1.5C)

Fig. 4.14: Variation of R1s with capacity for the cycling aged cells. Resistance obtained at 50%
SOC and 1C pulse rate.

The metrics R2, MAE and RMSE are compared to analyze the perfor-
mance of the resistances obtained by HPPC. Table 4.2 shows the values ob-
tained except for cells Cal-04, Cal-05, Cyc-01 and Cyc-02 which have been
omitted due to the different degradation path.

The resistance measured by HPPC shows a good relationship with SOH
in all the analyzed cases. No significant differences are observed between
measurements obtained at different SOC levels. However, an error decrease is
observed for longer pulse durations, obtaining RMSE below 3% for calendar
aging cells and below 4.5% in the case of cycling aging cells.

The accuracy of this method is similar to that obtained by EIS, however, in
the case of HPPC a resistance dependence on aging conditions is observed,
which makes SOH estimation more complex and less convenient when the
aging history is unknown.
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Table 4.2: Statistic metrics of R1s, R10s and R18s as SOH estimators at different SOC levels.

Calendar Aging Cycling Aging
SOC t R2 MAE RMSE SOC t R2 MAE RMSE

10%
1s 0.91 3.23 4.12

10%
1s 0.87 4.61 5.97

10s 0.95 2.45 3.16 10s 0.92 4.28 4.79
18s 0.96 2.16 2.71 18s 0.93 4.16 4.5

50%
1s 0.91 3.06 4.13

50%
1s 0.92 3.4 4.47

10s 0.95 2.29 3.03 10s 0.92 3.37 4.43
18s 0.96 2.34 2.96 18s 0.93 3.21 4.19

90%
1s 0.88 3.4 4.85

90%
1s 0.92 3.4 4.45

10s 0.97 1.95 2.56 10s 0.92 3.52 4.61
18s 0.95 2.24 2.93 18s 0.92 3.49 4.53

4.2 Open Circuit Voltage Based Estimation

The open circuit voltage (OCV) is another widely used parameter to deter-
mine battery degradation. The voltage response depends on the cathode
and the anode, as well as on the phase transformations they undergo dur-
ing charging and discharging. With aging, variations in the electrochemical
reactions occur, producing changes in the OCV curve.

The study of the voltage curves not only allows to estimate the state of
health but also provides information about the main degradation mecha-
nisms that occur in the cell. [67–70]. OCV variations are usually studied
through incremental capacity analysis (ICA) [20, 21] or differential voltage
analysis (DVA) [71, 72]. In the literature, different works have exposed that
test conditions such as temperature [73, 74] or charging rate [69, 75] are key
factors when implementing this method. Hence, these factors should be stud-
ied in order to obtain accurate and reliable estimates. The generalization from
cell to vehicle is another challenge, since in the vehicle battery pack there are
additional elements such as wiring or battery management system (BMS) that
may produce deviations in the obtained results [76].

Methodology

The batteries used in this research come from commercial electric vehicles,
more specifically the so-called B-cells from the BMW i3 with 63 Ah, the C-
cells from the second-generation Nissan Leaf with 57.5 Ah, and the D-cells
similar to the ones used in vehicles such as Tesla Model S [77], with 4 Ah
capacity.

In order to evaluate the performance of this method, several cells were
subjected to different aging conditions. The test matrix and the results from
the aging tests are detailed in Chapter 2.
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The IC curves of cells and vehicles are obtained from the voltage curve
during charging. Figure 4.15 shows the typical vehicle charging process,
which consists of two phases, the first at constant current (CC) until the
voltage reaches its maximum and the second at constant voltage (CV) un-
til the current reaches the cut-off value. The IC curves are obtained from the
constant current phase.
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Fig. 4.15: Vehicle test procedure: (a) voltage response, (b) current profile (c) charge capacity
during the CC stage, (d) incremental capacity scaled down to cell level. Adapted from [J2].

In this work the current and voltage measurements were recorded at a
sampling frequency of 1 Hz ( fs). Raw data would produce a noisy IC curve,
making it difficult to identify the features of interest (FOIs) such as peaks and
valleys. Therefore, data is first smoothed using a moving average filter that
can be expressed as in Equation 4.8:

vma,j =
j+ m

2

∑
i=j− m

2

vi
m

; m = fstma. (4.8)

Where vi is the voltage measurement, vma is the filtered voltage and m is
the number of samples in the averaging window (tma). Hence each voltage
value is defined as the average of its m nearest neighbors. With the smoothed
data, the IC is calculated, which is defined as the derivative of the capacity
(dq) with respect to the voltage (dv), as described in Equation 4.9. A fixed
voltage interval (∆v) is used to make the calculation [78].
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IC =
dq
dv

≈ ∆q
∆v

. (4.9)

Both the averaging window and the interval voltage used to calculate
the IC have an influence on the shape of the curves obtained. Very low
values would produce noisy results, interfering with feature detection, while
values that are too high would lead to over-smoothed curves causing severe
deformations and loss of information. To determine the optimal values, in
Paper J2 different values for tma and ∆v are tested, as shown in Figure 4.16,
with the aim of reducing noise and minimizing the loss of information from
the IC curves. Hence, it was determined that the best results were obtained
with an averaging window of 200 s and an interval voltage of 40 mV.
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Fig. 4.16: Moving average window tma (top), and voltage increment ∆v (bottom) comparison for
IC processing. Adapted from [J2].

Temperature and Charging Rate Influence

The implementation of ICA in real-life applications such as the SOH esti-
mation of EVs implies to overcome several challenges such as the effect of
ambient temperature, temperature increase during charging or the need to
reduce testing time and thus increasing the charging rate. In order to face
this task, it is necessary to evaluate the impact of different test conditions on
the IC curve. Paper J3 analyzes the effect of six temperatures (10ºC, 15ºC,
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20ºC, 25ºC, 30ºC and 35ºC) and four charging rates (C/25, C/5, C/2 and
0.87C) on the shape of the curve and the position of the IC features of cell C.

With a charging rate of C/25, three peaks and two valleys can be observed
at BOL state for this battery.

According to the literature, the shape of the IC curve can be altered by
higher or lower rates and other parameters that affect battery kinetics and
can broaden or sharpen the peaks [69, 75]. In addition to the IC curve shape,
high currents and low temperatures affect the polarization, shifting the IC
curve gradually to higher voltages.

However, this does not necessarily occur evenly throughout the entire
voltage range. Figure 4.17 shows the IC variations as a function of charging
rate and temperature. In this battery, opposite behaviors are observed in
different features. The first peak (P1), is well defined at C/25, located at a
voltage of 3.50 V. As the current and temperature gradually increase, P1 shifts
to a voltage higher and flattens out being reduced to a shoulder.
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Fig. 4.17: IC curves obtained at BOL from cell C at different temperatures and charging rates; a)
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On the contrary, when the trajectory of P3 is analyzed, it is observed that
at C/25 it starts as the smallest of the three peaks, located at 3.85 V and at
a height of 60 Ah/V. However, it becomes the main peak when the current
is increased up to C/2, doubling its initial peak intensity. The peak can
not be clearly observed between C/25 and C/2, instead a shoulder can be
detected between 3.75 V and 3.85 V, at a lower voltage and increasing in size
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as temperature decreases
Hence, it can be concluded that although there is a general trend towards

a broadening and shifting of the curve with the increase of the charging rate
this may not occur to all the peaks or features of the IC signature. Despite
being under the same conditions, the different phase changes can diverge
and cause opposite movements in the features of the resulting curve.

The lack of knowledge about IC behavior can lead to a misidentification
of the features used for SOH estimation. Figures 4.17.b and 4.17.d show
the same number of peaks, however these do not correspond to the same
electrochemical processes. To support peaks identification, in Paper J3, half
cells were set up from the anode and cathode of a fresh C-cell using metallic
lithium as reference electrode.

Figure 4.18 shows the cathode, anode and full cell matching. The NMC
cathode is represented in red, the graphite anode in blue, and the full cell in
pink. There are some differences between the fresh full cell IC (solid pink)
and the full cell IC calculated from the anode and cathode (dotted pink). This
may be due to kinetic differences between full cell and half cells assembled
in the laboratory.
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Fig. 4.18: Voltage curves of the tested electrodes corresponding IC and DV curves. Negative
electrode (graphite) in blue, positive electrode (NMC) in red, full cell in pink (solid for the fresh
full cell and dotted for the calculated from the separate electrodes). Adapted from [J3].

Figure 4.18.b shows the charge/discharge curve of the anode, cathode
and full cell from which the IC and DV curves are derived and displayed in
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Figures 4.18.a and 4.18.c respectively. The voltage plateaus observed in the
voltage curves are produced by the phase transitions that occur during the
discharge of the battery. Their quantity and position are easier to identify
through ICA. In Figure 4.18.a, these phase transitions are observed as peaks,
whose area represents the capacity stored in this process.

ICA allows to easily observe the effect of resistance increase with aging or
due to charging current. However, the voltage difference between electrodes
does not allow a direct visualization of the electrodes influence in the full cell
curve.

The DV analysis allows to relate the phase transitions of both electrodes
and their effect on the shape of the full cell curve, which can be calculated
directly as the sum of the separate electrodes. In the DV curve, the peaks
identify the phase equilibrium, while the valleys represent the transition be-
tween phases.

As explained in Paper J3, for cell C, three IC peaks are identified in the an-
ode due to the interaction between different intercalation stages of Li+ in the
graphite and the NMC phase transitions [69, 79, 80]. No phase equilibria are
observed at the cathode, the transition between metal oxidation states occurs
forming a single IC peak [81, 82]. Therefore, it is observed that the two-phase
equilibria of the anode overlap with the voltage plateau of the cathode, form-
ing the IC signature with three peaks and two valleys characteristic of this
cell.

As already explained, the shape of the IC signature and therefore the
location of the potential features is affected by test conditions. Furthermore,
degradation also affects the IC curve unevenly, causing some FOIs to fade
before others. Therefore, it is essential to analyze the evolution of the peaks
and valleys as well as their behavior with test conditions to obtain a reliable
and accurate SOH estimation in the entire range of conditions required.

In Paper J3, the effect of the current on the ICA is analyzed. Figure 4.19
shows the evolution of the IC curve for cell B-Cal-03 at two different charging
rates, C/5 and C/2. At BOL, four peaks can be observed using C/5 while
only three of them are visible at C/2. During the first aging stages, features
P3 and P4 disappear when the upper voltage limit is reached due to the
resistance increase and progressive shift of the entire curve towards higher
voltages.

The first peak P1, initially located around 3.55 V, fades progressively with
battery degradation, not being visible beyond 80% SOH. Upon reaching 60%
SOH a new peak emerges in the path of the former P1, for practical reasons
it is considered a different feature and renamed as P5.

The second peak P2, located at BOL around 3.9 V, shifts towards higher
voltages with degradation. However, the height of this feature does not vary
linearly with capacity. It is possible to observe it beyond 60% SOH at C/5,
but at C/2 it shifts outside the voltage limits.
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Fig. 4.19: IC curves evolution at different charging rates for cell B-Cal-03. Adapted from [J2].

Paper J3 studies the effect of temperature and charging rate on the ICA
of cell C. Figure 4.20 shows the evolution of the IC signature of cell C-Cal-
07 at three different charging rates (C/5, C/2 and 0.87C) and three different
temperatures (10ºC, 25ºC and 35ºC).
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Fig. 4.20: IC curves evolution at different conditions of C-rate and temperature for cell C-Cal-07.
Adapted from [J3].
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In this case, contrary to the results shown at C/25 in Figure 4.17, a maxi-
mum of two peaks and one valley are observed simultaneously.

The results at 25ºC and 35ºC are very similar. P1 can only be clearly ob-
served at a rate of C/5 and its height remains constant with aging, besides
the shift towards higher voltages due to the internal resistance increase re-
mains practically unchanged after 25% degradation. Under these conditions
P2 is the main feature, however its size and shape become rather similar to P1
by the end of the test. Regarding P3 it can only be observed at BOL as a local-
ized shoulder at 3.8V and being practically not perceptible at C/5. However,
when the charging rate is increased up to C/2, P3 matches its height with P2,
though its height decreases at a faster rate with aging than P2. P3 becomes
the main feature at 0.87C and as the cell degrades it reaches the same peak
intensity as P2 until they converge into a single wide peak. Overall, it can
be observed that when temperature decreases or current increases features
P1 and P2 flatten and shift towards higher voltages, even fading under some
conditions. Nevertheless, P3 remains at almost the same voltage position at
C/5 and 0.87C becoming more visible as charging rate increases.

Figure 4.21 shows the IC signature evolution from D-cal-06 cell for the
nine combinations of charging rate and temperature.
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Fig. 4.21: IC curves evolution at different conditions of C-rate and temperature for cell D-Cal-06.

In this cell, it is possible to observe up to four peaks and three valleys, all
with a similar height and area. However, P4 peak can only be observed at a
low charging rate as it is close to the upper voltage limit.

On the other hand, P3 peak barely varies its voltage position or height
with capacity, so it is not a good feature to estimate the SOH either. Finally,
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both P1 and P2 are visible for all conditions analyzed. Both flatten and shift
towards higher voltages, although under conditions of high charging rate and
high degradation P1 begins to fade becoming a shoulder of P2.

The ICA of the three analyzed cells reveals the feasibility of this method to
estimate the SOH for different batteries. In all three cases there is at least one
feature that shows a relationship with the degradation in the test conditions
analyzed.

When selecting the most suitable features for SOH estimation, it is impor-
tant to consider their visibility under different conditions and their perfor-
mance. In the case of cells D, it is observed that P2 and P3 seem to be the
best features since they are present in most of the test conditions analyzed
and show a marked variation with aging.

Features dependence on test conditions

The different charging rate and temperature conditions not only modify the
position of the features but also their evolution with capacity, and conse-
quently their performance as SOH estimator. Therefore, to get an accurate
estimate it is necessary to select the appropriate features depending on the
conditions. In Paper J3, the performance of different visible features in cell C
is analyzed as a function of temperature and charging rate.

Figures 4.22 and 4.23 show the relationship between the peak intensity
of P2 and P3 and the capacity of the cells for different charging rates and
temperature conditions.

Figure 4.22 shows that P2 is a suitable feature at C/5 and C/2 for tem-
peratures of 25ºC and 35ºC, with R2 of 0.95 and 0.97, respectively. However,
at 10ºC and C/5 the behavior becomes slightly non-linear and as the current
increases to C/2, P2 ceases to be a good indicator. Figure 4.23 shows similar
results for feature P3. Although P3 is not present at C/5, it seems to have a
good relationship with capacity at C/2 and 0.87C. However, a limitation is
again observed at 10ºC, since at 0.87C P3 can not longer be used as an SOH
indicator.

It is hence concluded that the potential of a feature to estimate the SOH
depends indeed on the test conditions and that for each set of conditions
there may be different features that are the most suitable for estimation.
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Fig. 4.22: Relationship between capacity and P2 peak intensity at different charging rates and
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Fig. 4.23: Relationship between capacity and P3 peak intensity at different charging rates and
temperatures.

Table 4.3 summarizes the performance results, comparing the R2, Mean
Absolute Error (MAE) and RMSE of features P2, P3 and V2 for different
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Table 4.3: Statistic metrics of the analyzed FOIs at different conditions of current and tempera-
ture. Adapted from [J2].

10ºC 25ºC 35ºC
R2 MAE RMSE R2 MAE RMSE R2 MAE RMSE

P2
0.2C 0.79 1.56 2.01 0.95 0.71 0.98 0.97 0.65 0.84
0.5C 0.02 - - 0.94 0.86 1.12 0.94 0.83 1.08
0.87C X X X 0.43 - - 0.9 1.13 1.49

P3
0.2C X X X X X X X X X
0.5C 0.6 - - 0.95 0.44 0.49 0.76 0.81 0.83
0.87C 0.18 - - 0.86 0.95 1.17 0.97 0.49 0.64

V2
0.2C X X X X X X X X X
0.5C 0.25 - - 0.79 0.83 1.06 0.76 0.95 1.03
0.87C 0.73 0.8 1.09 0.69 - - 0.85 1.37 1.54

conditions of temperature and charging rate. The results in bold indicate the
best estimator for each condition.

Vehicle tests

To validate if the ICA method can be generalized from cell level to vehicle
level, a series of tests have been carried out on a sample of several vehicles
with different mileage history.

Similarly to the cells, the batteries were discharged to the minimum volt-
age allowed by the vehicle and the tests were performed at a controlled tem-
perature of 25ºC. In the automotive industry, the use of restricted voltage
limits is more frequent for safety reasons and in order to extend battery life.
Therefore, the capacity of a single cell cannot be directly compared to the
capacity of an EV battery. Hence, to enable the comparison of results the
"window capacity" is defined as the capacity measured between the lower
and upper voltage limits of the vehicle during a constant current charge [78].
The scaled down voltage limits used in this dissertation are 3.60-4.08 V.

Figure 4.24 shows the IC curves of two BMW-i3 vehicles (cell B) with
different mileage. For a one-month period, five and nine consecutive tests
were carried out on each vehicle, respectively, obtaining maximum deviations
of 1% window capacity. The tests were performed at a charging rate of 0.4C,
obtaining an average window capacity of 41.1 Ah for the first vehicle and 39.2
Ah for the second, with higher mileage.

Due to more restrictive voltage limits, P1 is not visible in any of the ve-
hicles tested. In the first vehicle, P3/V3 are still visible, which probably
indicates, as discussed in Paper J2, that the battery experienced less than 5%
capacity fade.

Figure 4.25 shows the IC curves obtained from a single vehicle Nissan
Leaf (Cell C) over a 2-year time span.
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Fig. 4.24: IC curves obtained through multiple charges at 0.4C of two vehicles using cell-B.
Adapted from [J2].
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Fig. 4.25: IC curves obtained through multiple charges at 0.3C of a vehicle using cell-C.

The first test was carried out when the vehicle was practically new, with
just 2,161 km, while for the last test the mileage of the vehicle amounted to
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48,422 km. During this period, the window capacity was reduced from 39.1
Ah to 36.6 Ah, that is, 6.4% capacity fade. Two peaks can be observed in
all the tests performed, though in the tests at the beginning of the vehicle
life, it is also possible to observe a shoulder around 3.74 V corresponding
to P3, which progressively flattened out with the degradation until it faded
completely.

SOH Estimation

The features that best relate to capacity are selected to determine the SOH
for both cells and vehicles. In the case of cell B, the best features to estimate
the SOH are the voltage coordinates of P2/V2 and P5/V5. Figure 4.26 shows
the relationship of these features with the window capacity of all the cells
(calendar and cycling) and vehicles tested.
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Fig. 4.26: The relationship between the window capacity and voltage, corresponding to
Peak/Valley 2 (top) and Peak/Valley 5 (bottom). Adapted from [J2].

It is observed that P2 has a linear relationship with the window capac-
ity, with an R2 of 0.96 and without significant discrepancies between aging
conditions. V2 also shows a linear relationship, however, a different slope
is observed between the cells subjected to calendar and cycling aging. This
could indicate the existence of different aging mechanisms occurring for both
groups of cells and that this feature is aging path dependent.

Features P5 and V5 appear only after 70% SOH and therefore the number
of samples is lower, because just a few cells reached that degradation level
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during the tests. In the case of P5 it shows the same trend for the two groups
of cells but with an offset of 4 Ah.

The SOH is estimated through multiple lineal regression of the available
features. Figure 4.27 shows the SOH estimation results for cell B. The RMSE
obtained from the set of eleven cells and the two vehicles is 2% with a max-
imum error below 6%. The results obtained are similar for cells subjected to
calendar and cycling aging, although after 70% SOH the differences between
them increase, since only P5 and V5 are available for estimation.
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Fig. 4.27: SOH estimation from the IC measurements of cell-B by using FOIs P2,V2,P5,V5, at cell
and vehicle level (top). Estimation error (bottom). Adapted from [J2].

In the case of cell C, the peak intensity of P2 and P3 are the best features
for SOH estimation. Both are present at charging rates of C/2 or higher,
although as the current increases, the performance of P3 outstrips P2. Finally,
at C/5, P2 is the only valid feature.

Figure 4.28 shows the peak intensity relation of P2 and P3 with win-
dow capacity for different current conditions. Both features show a good
trend with capacity regardless of aging conditions. However, a slightly non-
linear behavior is observed in P2 during the first aging stage. The feature P3
achieves good results as SOH estimator with high charging rates, obtaining
an R2 of 0.95 for 0.87C.

The SOH estimation results from cell C are shown in Figure 4.29. The
RMSE obtained is 2.3% and the maximum error is 8%.
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The results are rather similar between cells and with no significant differ-
ences due to aging conditions. However, the results obtained at vehicle level
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are less accurate. The most probable reasons for the higher error could be
that the capacity at BOL is slightly higher in the vehicle and that P2 shows a
non-linear behavior just in that region.

4.3 Summary

This chapter studies the application of different SOH estimation methods on
electric vehicle batteries. Firstly, using two of the main techniques to obtain
impedance, EIS and HPPC, the relationship between the increase in internal
resistance and capacity fade has been analyzed.

On the one hand, the EIS technique allows to obtain the impedance spec-
trum and also provides information on the aging mechanisms that occur in
the cell. However, in this work, the only valid EEC parameter used was the
ohmic resistance. Depending on the SOC used, the RMSE obtained in the
SOH estimation through EIS ranged between 2.45% and 3.27%.

On the other hand, the HPPC also allows obtaining the internal resistance
and is simpler to implement than the EIS. However, significant differences
have been observed between cells at different aging conditions in which the
duration of the pulse has a relevant role. By using longer pulses a higher
internal resistance is obtained, since phenomena such as charge transfer re-
sistance or diffusion processes are also measured and can be affected in dif-
ferent ways due to aging conditions. Nevertheless, for similar degradation
paths, the pulse duration increase has a positive effect on the SOH estimation
accuracy, obtaining RMSE below 3% with R18s for cells subjected to calendar
aging and 4.5% for cells subjected to cycling aging.

The use of ICA to determine the SOH both at cell and vehicle level has
also been analyzed. Unlike impedance-based methods that require the injec-
tion of current pulses into the battery, ICA only requires the measurement
of voltage and current during charging, making it the least intrusive of the
investigated methods. Although this technique is usually used at very low
currents and at room temperature, its implementation in electric vehicles im-
plies variable working conditions. This work studied the effect of different
temperatures and charging rates during cell charging, concluding that, al-
though it is possible to raise the charging rate to values close to 1C, low
temperature can be a limitation for some types of batteries. The method was
applied to successfully estimate the SOH of two different cells subjected to
different aging conditions, as well as of the vehicles in which they are used.
Although some differences were found in the IC curves depending on the
aging conditions, in all the cases analyzed, at least one independent feature
with good qualities as SOH estimator was obtained. In this way, a combined
RMSE between cells and vehicles below 2.3% was achieved for both types of
cells analyzed.
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Chapter 5

Conclusions and Future Work

This chapter summarizes the outcomes and conclusions of the research work
carried out for the Ph.D. project "Electric Vehicle Batteries State Estimation
Under a Wide Range of Test and Aging Conditions". The main contributions
and future work are also detailed below.

5.1 Conclusions

First, the degradation performance of the four cells studied was analyzed
in Chapter 2. To accomplish this task, the cells were subjected to calen-
dar and cycling aging tests under different conditions of temperature, SOC
and current profiles for a period between one and two years. The results
showed an increasing capacity loss with storage temperature, in agreement
with similar studies in the literature. Nevertheless, two different behaviors
were detected depending on the SOC used in the calendar aging tests. Cells
C and D showed a greater capacity fade for higher SOCs while cell B showed
an unexpected accelerated capacity fade when combining high temperatures
with medium SOC levels. The resistance measured showed, in general, a
similar trend to the capacity loss. Cells C, however, presented a higher re-
sistance increase for low temperature conditions (5ºC) or 10% SOC. Cell D
despite showing similar capacity fade results to cell C, displayed an unusual
resistance increase for high temperature and SOC conditions, doubling the
resistance obtained in the same test of cell C. Regarding the cycling lifetime
tests, an accelerated capacity loss at low temperature was observed in the
tests performed at 10ºC, indicating that these conditions would be especially
harmful in the case of cells C and D, for which the cycle life did not reach 500
cycles. Temperatures above 10ºC resulted in a moderate degradation rise at
increasing temperatures, though substantial differences were found among
the tested batteries. No significant effect of the C-rate or the mission profile
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used was detected in the test performed.
In Chapter 3, the OCV curve was studied, analyzing the impact of aging,

temperature and also the method used to obtain it in the SOC estimation.
For this purpose, an extended Kalman filter was developed and implemented
to compare the estimates obtained using different OCV curves. The results
showed that, although the incremental method is the most accurate, at low
rates of up to 0.25C the continuous method can also provide suitable results.
The use of OCV obtained at BOL to estimate the SOC of a cell with a 7%
capacity fade showed estimation errors four times higher than when using
OCV corresponding with the current state of degradation. While the im-
pact of temperature is practically negligible above 15ºC, lower temperatures
severely alter the OCV. Therefore, it can be concluded that in order to main-
tain the same estimation accuracy at low temperatures or advanced degrada-
tion states, it is advisable to obtain the OCV as a function of these variables.
The voltage characterization was later used in the implementation of a SOC
and SOH estimation method based on Coulomb counting and OCV. Also,
the effect on the efficiency of charging and discharging of different working
conditions was studied in order to enable SOC estimation during battery op-
eration under variable conditions. The use of the OCV avoided cumulative
Coulomb counting errors regardless of the SOC, achieving estimate errors
below 3%. Moreover, the proposed method estimates the capacity every time
the vehicle is at rest, obtaining a SOH error below 1.5% during the 140-hour
test performed on three different cells.

Chapter 4 studied the application of different SOH estimation methods
for electric vehicles based on two different parameters, the impedance and
the open circuit voltage. Two different techniques to obtain the impedance,
EIS and HPPC, and their performance to estimate the capacity fade from
the variation of the internal resistance were compared. Through EIS, the
impedance spectrum was obtained and adjusted to an EEC model, achieving
a maximum fitting error below 1%. From the analysis of the evolution of the
different parameters of the equivalent circuit, it was concluded that the ohmic
resistance was the only variable that presented a consistent evolution with the
capacity fade. However, other parameters showed a relationship with the ag-
ing conditions and could therefore be used to identify different aging modes.
Depending on the SOC at which the EIS is performed, it was possible to es-
timate the SOH regardless of the aging conditions with an RMSE between
2.45% and 3.27%. HPPC is faster and easier to implement, however it offers
less information than EIS. The effect of SOC, rate and pulse length on the
results obtained was studied. While SOC and rate did not appear to have a
significant influence on the results, pulse duration did show a considerable
impact. Short pulses of 1 second (R1s) showed results close to the ohmic re-
sistance obtained through EIS. Nevertheless, as the pulse duration increased,
different trends were obtained depending on the aging conditions, although
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the estimation accuracy increased for cells with a similar degradation path.
Using R18s, an RMSE below 3% was obtained for cells subjected to calen-
dar aging, and 4.5% for cells subjected to cycling aging. Finally, ICA was
used to determine the SOH in both cells and vehicles. Of the three meth-
ods analyzed, this is the least intrusive as it only requires collecting current
and voltage measurements during charging. The effect of temperature and
charging rate on IC features was analyzed, obtaining accurate SOH estima-
tion with rates up to 0.87C. However, ICA showed a poor performance at low
temperatures for some of the analyzed cells. The SOH of two different cells
under different aging conditions and also of the corresponding vehicles was
successfully estimated through this method, finding at least one independent
feature as a strong indicator for SOC estimation in all the cases analyzed. For
both types of cells analyzed, the combined RMSE between cells and vehicles
achieved was below 2.3%.

5.2 Main Contributions

• Performance-degradation assessment of four different EV Li-ion cells
subjected to calendar and cycling aging.

• Evaluation of the capacity, internal resistance and voltage response of
the cells under a wide range of testing conditions.

• Assessment of the parameters affecting the open circuit voltage and
their impact on the accuracy of the SOC estimation.

• SOC and SOH estimation method using Coulomb counting and the
open circuit voltage.

• Assessment of the accuracy of impedance based methods for SOH esti-
mation considering different operating conditions.

• In-depth analysis of the origin and behavior of different IC features val-
idated through both experiments and simulation of the cell electrodes.

• SOH estimation method using incremental capacity analysis validated
through extensive cell and vehicle tests in a wide range of test condi-
tions.
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5.3 Future Work

This Ph.D. research project has investigated the application of different bat-
tery state estimation methods on EVs, however from its results other possible
lines of research have emerged that could improve this work, some of them
are described below:

• Validate online estimation algorithms with real operation profiles and
implement them in real vehicles.

• In-depth study of the degradation diagnosis to estimate not only the ca-
pacity but also the loss of lithium inventory and loss of active material,
allowing a comprehensive understanding of the state of the cell.

• Validate the proposed methods in a larger number of vehicles and with
a wider range of degradation.
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