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General introduction

The energy crisis and environmental issues bring the greatest challenge for automobile
industry and urge the necessity to develop alternative fuel-driven vehicles [1]. Hence,
electric vehicles (EVs), including battery-driven EVs (BEVs), hybrid electric vehicles
(HEVs) and plug-in HEVs(PHEVs), gain the ever booming development in recent
years [2].

In view of their high energy/power density and extended life cycle, lithium-ion
batteries (LIBs) are currently the state-of-the-art power sources for electrified pow-
ertrain systems [3]. Doubtlessly, the safety operation of LIBs is of vital importance
for the development of EVs. However, LIBs have some potential safety issues that
threat the reliable vehicle operation, and accidents happen occasionally due to battery
faults.

As a typical type of electrochemical power source, LIBs undergo degradation in
both energy capacity and internal resistance during their irreversible aging process [4].
Besides, according to the existing literature, overcharge, overdischarge, internal short
circuit and external short circuit are four common electrical abuse conditions that
may lead to battery thermal runaway [5-7]. And thermal runaway is a catastrophic
failure of on-board batteries [8]. Although researchers have never ceased to explore
the mechanisms of thermal runaway, deep insight is still premature [9-11].

From the perspective of automation, the reliable, efficient, and safe operation of
on-board lithium-ion batteries requires monitoring, control and management. Moni-
toring refers to a continuous determination of battery states during operation. Con-
trol maintains the battery states within the safety ranges. Management, generalized
from energy management and health management, means a health-conscious energy
distribution strategy that decides the battery power flow. Instead of being indepen-
dent from each other,these three parts are closely correlated. Among others, battery
monitoring plays a primary role, because its output triggers the operating conditions.

Objective of this thesis

Since the aforementioned irreversible aging process and four common electrical abuse
conditions can cause serious security problems for the embedded application, fault
diagnosis around LIB is the main topic of this thesis. Although various research
efforts have been invested for the LIBs because of their wide application, battery
fault diagnosis remains challenging and problematic. The main reason is that the
battery critical indicators, such as state of charge, state of health, cannot be measured
directly. However, the energy management strategy, battery energy control and even
battery useful life prediction are closely related to these unmeasurable indicators.
Hence, battery fault diagnosis, namely the battery on-line monitoring, is of great
importance for the follow-up works.



Therefore, this thesis tries to discuss and extend the battery on-line monitor-
ing work from the perspective of control. Namely, taking advantage of the existing
literature, including the experimentally validated battery model and published ex-
perimental information [12-14], we would like to make some new contributions for
the battery state and parameter estimation and battery incipient short circuit fault
diagnosis. The obtained results can become important supports for future work such
as battery fault detection, fault tolerant control and the design of a health conscious
energy management/battery charging strategy.

Outline of this thesis
This thesis is mainly structured in 3 chapters:

- Chapter 1: Research background

The research background starts with a general review of different energy storage
technologies, where proprieties of different energy storage systems are pointed
out. Furthermore, considering the limitation of single energy storage technol-
ogy for the EV application, hybrid energy storage system and its hybridization
architecture are introduced. Besides, energy management strategy, as the high
level supervisory control of hybrid energy storage systems, is also discussed.
Moreover, as the main studied system in this thesis, the basics of LIB including
its inevitable aging process and unforeseeable abuse conditions are presented
in detail. Finally, this chapter ends with a real hybrid EV simulation example
whose the main aim is to show the importance of battery state estimation and
battery fault diagnosis.

- Chapter 2: Battery state and parameter estimation

This chapter is dedicated to the battery aging monitoring based on the equiv-
alent circuit model. In fact, the so-called battery monitoring process can be
eventually converted to a classical state and parameter estimation problem. A
usual method for estimating slowly varying unmeasureable parameters is to in-
clude them as the state variables with zero-time derivative condition. We can
obtain the extended battery model. Hence, after deducing the necessary ob-
servability conditions for the nonlinear extended battery model, a new battery
monitoring framework is proposed in this chapter. This extends the traditional
battery monitoring frameworks, namely joint and dual estimation methods. The
obtained results in this chapter provide an important theoretical support for the
battery charge control design and battery on-line monitoring work.

- Chapter 3: Battery incipient short circuit diagnosis

The problem of battery incipient short circuit diagnosis is discussed in this
chapter. The slightly modified battery equivalent circuit model provides a new



direction of battery fault diagnosis. Namely, the battery short circuit problem
is addressed from the perspective of fault estimation. Considering the non-
linear characteristic of the battery OCV (open circuit voltage)-SOC(state of
charge) curve, a Takagi-Sugeno fuzzy non-linear observer that specialized for
the battery short circuit estimation is proposed. Genetic algorithm has been
used for the membership function tuning. In order to complete and improve the
battery short circuit diagnosis work, the model-based short circuit estimation
is combined with a statistical technique, namely Cumulative Sum, to detect
the tiny change of the signal due to the incipient fault. Intensive simulation
studies using real experimental data [13-15] have verified the effectiveness of
the proposed diagnosis method.

Last but not least, the general conclusion and several perspectives will end this
thesis. This PhD work has led to 3 journal papers and 5 international conference
papers.
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CHAPTER 1
Research background

1.1 Introduction

Conventional energy sources, namely the fossil fuels like coal, oil and nature gas, have
played an important role in the modernization and economic development of human
society. However, the rapid depletion of fossil fuels and the global warming induced
by greenhouse gases become the two main ecological threats for this century. Total
global annual emissions of fossil COq in gigatons (Gt) by sector from 1970 until 2018
are shown in Fig. 1.1. Since the beginning of the 21st century, global CO2 emissions
have grown in comparison to the three previous decades.

Power Industry Ml Other industrial combustion [ Buildings Ml Transport Bl Other sectors

[

25 | | | | | | | | | | | | | | | |
N | | | | | | | | il

15

Gt CO;y /year
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2018

Figure 1.1: Global annual emissions of fossil CO2 from 1970 until 2018 [16].

Nowadays, due to the enhancement of public environmental protection conscious-
ness and the desire for COq-emission free power generation, more sustainable, eco-
friendly, renewable-based energy sources are exploited. These energy sources, also
named as distributed (renewable) energy sources, include solar, wind, ocean wave,

17



Introduction 18

tides, etc. And the corresponding electric power generation is termed as distributed
generation [29]. Hence, the obtained electrical energy can be utilized, delivered, or
stored into another form and converted back to electrical energy when needed.

1.1.1 Energy storage system

Energy storage system (ESS), which refers to an equipment that can perform both
functions of storing and releasing energy at an adequate time, safely, efficiently and
conveniently, plays a crucial role in the field of renewable energy technologies. Because
electrical energy storage is indispensable and required in various applications:

e Renewable power generation

As mentioned previously, researchers resort to renewable energy resources to
tackle the climate change that international community is currently facing.
However, the intermittent nature of many renewable energy resources, namely
their dependency on environmental conditions like wind speed and solar irradi-
ance, prevents a continuous power supply to the load. Therefore, their integra-
tion into power systems brings inherent variability and uncertainty. The power
variation can even degrade the grid voltage stability due to the surplus or short-
age of power [30]. Hence, these highly promising power generation technologies
are always applied along with an ESS to constitute a hybrid energy system,
whose aggregated output can be regulated to match the loads. The function of
ESS is to smooth out the fluctuations and improve supply continuity and power
quality [31].

¢ Energy efficient buildings

The building sector is the largest energy consumer in the world [32]. Heating,
lighting, ventilation and air conditioning are necessary for large residential or
commercial buildings, such as office buildings, apartment buildings, supermar-
kets and hospitals. In order to reduce the greenhouse gas emissions in the build-
ing sector to a sustainable level, efforts to increase both energy efficiency and the
share of renewable energies are required. Hence, reconstruction with better insu-
lation and fenestration can doubtlessly reduce the energy losses from buildings.
Additionally, application of combined heat and power (micro-cogeneration) sys-
tems, namely microgrid framework based on photovoltaic panels, micro-turbine
and ESS, can also alleviate the situation by cutting the non-renewable energy
demand [33]. The so-called microgrid can be connected to or islanded from the
main electric grid. And ESS is an important element for microgrid in both of
these two operation modes. In the connected mode, ESS can shave the load
peaks, which make the microgrid has less harmful effect on the main electric
grid. In the islanded mode, ESS should stabilize the microgrid [34].

e Electrified transport
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The energy crisis, environmental issues and even political concerns bring the
greatest challenge for automobile industry and urge the necessity to develop
alternative fuel-driven vehicles [1]. Hence, electric vehicles (EVs), including
battery-driven EVs (BEVs), hybrid electric vehicles (HEVs) and plug-in HEVs
(PHEVS), gain the ever booming development in recent years [2]. All these alter-
natives have in common that an internal combustion engine (ICE) is replaced or
augmented by electric propulsion, because transportation electrification is seen
as an effective way to substantially reduce the overall use of hydrocarbons [35].
ESS is one of the main elements in the powertrain. It should provide the power
supply to the propulsion system, which determines both the driving mileage and
the dynamic performance. Besides, energy efficiency also benefits from ESS.
Considering the actual applications where vehicles operate frequently between
static states and dynamic states, the braking energy is considerable during driv-
ing process. Instead of dissipating the braking energy in form of heat during
driving process, ESS makes the reuse of regenerative energy from vehicle brak-
ing become feasible. Namely, during the deceleration process, the kinetic energy
is converted into electric energy and stored; inversely, ESS can also send back
the stored energy to the power system when the power demand is high such
as hill climbing and accelerating. Except for the road transport, ESS is also
applied in rail transport [36], maritime transport [37] and air transport [38].

In addition to the three specific examples above, ESS can also be used in uninter-
rupted power supply systems [39], aerospace engineering [40], military services [41],
ocean engineering lifting system [42], etc. The main functions of ESS can be resumed
in Fig. 1.2

Stabilizing the
microgrid

Smoothing power
fluctuation

Improving power
supply quality
Improving power
supply continuity

ESS

Efficiency
improvement

Shaving load peaks

Back up supply

Fuel saving

Figure 1.2: The main functions of ESS.
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Electricity cannot be stored in electrical form in large-scale capacities. On the
contrary, it can be easily stored in other forms [18,34]. Fig. 1.3 classifies different ESS
technologies based on their primary source of energy, namely storage technologies for
electricity can be classified in three categories regarding the type of the stored energy,
including electrical, mechanical and chemical [43]. Although the electrical energy can
also be stored in the form of thermal energy, it is technically developed but still not
widely used [31]. Description of different ESSs in Fig. 1.3 is given briefly as follows.

ESSs

¥ ¥ ¥

Electrical Mechanical Chemical
energy storage energy storage energy storage
v v v v v v
Electrostatic Magnetic Kinetic Potential Electrochemical Chemical
v v . v Y Y v
) ] Superconductin _ Pumped hydro
Capacitor magnetic energy Flywheel . Battery Fuel cell
- Supercapacitor storage - Compressed air|

Figure 1.3: Energy storage technologies classification.

1.1.1.1 Capacitor/Supercapacitor

Conventional capacitors consist of two metal plates separated by a nonconducting
layer which is termed as dielectric. When one plate is charged by a direct-current
source, the other plate will be induced with charges of the opposite sign. Although
capacitors can be charged quickly and cycled tens of thousands of times with a high
efficiency, the main problem is the low energy density [18]. If a large capacity is
required, the area of the dielectric must be very large, which prevents the application
of the conventional capacitors.

Recently, great progress has been achieved in the capacitor storage technologies.
Instead of the common arrangement of a solid dielectric between electrodes, an elec-
trolyte solution is applied [31]. This is the so-called supercapacitor (SC) , which is also
termed as ultracapacitor. A SC cell consists of two electrodes separated by an ion-
permeable separator which is soaked in electrolyte [17]. The separator prevents the
electrical contact between the electrodes. Fig. 1.4 illustrates the schematic diagram
of SC’s symmetric structure.

Depending on the different storage mechanisms or cell configuration, the SCs can
be generally divided into three categories, namely electric double-layer capacitors,
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Figure 1.4: Schematic diagram of SC’s symmetric structure [17].

pseudocapacitors and hybrid capacitors [17]. The electric double-layer capacitors
are non-faradaic (electrostatic) because there are no chemical reactions, while the
operation of pseudocapacitors is a faradaic process which involves the transfer of
charge between electrodes and electrolyte such as oxidation-reduction reactions [44].
The hybrid capacitors, such as lithium-ion capacitors, are a combination of the two,
including both faradaic and electrostatic processes [17,44].

The SCs possess high specific power typically above 10 kW /kg but low specific
energy, typically below 10 Wh/kg, also they are ESSs with very high life cycle typically
above 500000 cycles [43]. Although they have greater energy storage capabilities than
the conventional capacitors, short duration and high energy dissipation due to self-
discharge losses are still the main concerns [44].

1.1.1.2 Superconducting magnetic energy storage

Superconducting magnetic energy storage (SMES) consists of superconductive coil,
power conversion system and a cryostat which contains a refrigeration system and a
vacuum-insulated vessel [18]. Schematic diagram of SMES is shown in Fig. 1.5. The
operation principle of an SMES unit is that when a direct current voltage is applied
across the terminals of a superconductive coil, energy will be stored in the magnetic
field generated by direct electric current circulating through the superconductive coil
[45]. Because of the extreme low resistance of the superconductor, the current in the
coil can continue to flow even if the voltage source is interrupted.

SMES is the only known technology to store electrical energy into electric cur-
rent [46]. The energy stored in the coil can be calculated by E = 0.5LI?%, where L is
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Figure 1.5: Schematic diagram of SMES [18].

the coil inductance and I the current [18]. In addition, the coil is maintained at low
temperature considering the critical temperature of superconducting phenomenon.
Therefore, SMESs are generally categorized in two main types, namely low tempera-
ture (around 5 Kelvin degree) and high temperature (around 70 Kelvin degree) [34].

Although it exhibits excellent characteristics in high energy storage efficiency (typ-
ically >~ 97% ), high power density and high cycle life, necessity of the refrigeration
mechanism is very costly and requires complex maintenance [18]. Besides, the super-
conductive coil is very sensitive to temperature changes. Up to now, only a few of
them with small capacity are available for commercial use [31].

1.1.1.3 Flywheel energy storage

Flywheel is an ESS that stores the electrical energy in mechanical form. As shown in
Fig. 1.6, a typical flywheel energy storage (FES) device consists of four main elements.
Namely, a flywheel that spins at a very high velocity to achieve maximum storage
of rotational kinetic energy within the given constraints, a containment system that
provides a high vacuum environment to minimise windage losses and to protect the
rotor assembly from external disturbance, a bearing assembly providing a very low
loss support mechanism for the flywheel rotor, and a power conversion and control
system for operating the flywheel for energy store or release [18,19,47].

During the charging process, the flywheel is accelerated to a very high speed by a
motor. The energy is stored in the flywheel by keeping it at a constant speed. During
the discharging process, the same motor acts as a generator in order to convert the
rotational energy of the flywheel to electrical energy [31]. The total energy of a
flywheel system is dependent on the size and speed of the rotor, and the power
rating is dependent on the motor-generator [18]. The most utilized electrical machines
in flywheel ESS are usually induction machine, doubly fed induction machine or
permanent magnet synchronous machine [34].

Flywheel ESS can provide full charge-discharge cycles with little maintenance cost.
Besides, high power density and high energy storage efficiency are also the advantages
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Figure 1.6: Schematic diagram of FES [19].

of this ESS. But compared with other ESSs, the relatively short duration, high fric-
tional loss (high self-discharge loss) and low energy density restrain the flywheel ESS
from the energy management application [18,31,47].

1.1.1.4 Pumped hydro storage

Pumped hydro storage (PHS) is the most widely implemented large-scale energy
storage technology, which is technically mature and has been utilized worldwide for
more than 70 years [43]. An example of modern conceptual PHS system with wind
turbines is shown in Fig. 1.7.

A typical pumped hydraulic ESS normally consists of two reservoirs located at
different elevations, a unit to pump water to the high elevation and a turbine to
generate electricity with the water returning to the low elevation [20]. During off-
peak hours, it pumps water to a reservoir at a higher altitude than the original
one. This can be considered as a charging process, where the produced electrical
energy is stored as the potential energy. Then, during peak periods, water from the
upper reservoir is released and flows through hydro turbines that are connected to
generators. Therefore, electrical energy is produced during this discharging process
[20, 31]. To be short, the stored water is transferred between the two reservoirs,
when electrical energy is required, the water flows to a lower height reservoir and the
potential energy is converted to electrical energy. Clearly, the amount of stored energy
is proportional to the height difference between the two reservoirs and the volume of
water stored. Moreover, taking into account the evaporation and conversion losses,
~ T70% to ~ 85% of the electrical energy used to pump the water into the elevated
reservoir can be regained [18].

However, geographical dependence of installation, high cost and environmental
concerns (e.g. removing trees and vegetation from the large amounts of land prior
to the reservoir being flooded) are the main drawbacks of the pumped hydraulic
ESS [18,43].
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Figure 1.7: Conceptual PHS system with wind turbines [20].

1.1.1.5 Compressed air energy storage (CAES)

Except for the pumped hydraulic ESS, compressed air ESS is also a commercially
available technology which is capable of providing very large energy storage capacity
[18]. The idea of storing electrical energy by means of compressed air dates back to
the early 1940s [21]. The world’s first CAES plant was put into operation in 1978
near the northern German village of Huntorf with an output power of 290 MW [21].
An example of the machine hall of the Huntorf CAES plant is shown in Fig. 1.8.

The basic concept of CAES is simple, namely the storage is charged by the use
of electrically-driven compressors which convert the electric energy into potential
energy [21]. Generally, it consumes off-peak energy to compress air into underground
cavities or surface vessel. To extract the stored energy, the compressed air is released
and mixed with one of the conventional fuels, burned and expanded to drive a turbine
generator to produce electricity [43].

CAES has a relatively long storage period due to very small self-discharge losses,
which can be over a year [31]. However, the requirement of fossil fuels, the related
contaminating emission, and the reliance on favourable geography render the CAES
less attractive [18].
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Figure 1.8: Example of the machine hall of the Huntorf CAES plant [21].

1.1.1.6 Battery

Battery, here refers to the rechargeable/secondary battery, is the most widely used
ESS worldwide. It stores electricity in the form of chemical energy, and can be
designed as high-power or high-energy ESS [48]. Each battery cell is made of a liquid,
paste or solid electrolyte together with a positive electrode and a negative electrode
[31]. During discharge process, electrochemical reactions occur at the two electrodes
which generate a flow of electrons through an external circuit. The reactions are
reversible, allowing the battery to be recharged by applying an external voltage across
the electrodes [18]. Various types of secondary batteries have been developed for
commercial use.

e Lead-acid battery

Lead acid batteries, invented in 1859, are the oldest and most developed battery
[18,49]. They are popular storage choice for power quality, uninterruptible power
supply and some spinning reserve applications. However, their application for
energy management is very limited due to their short life cycle and low energy
density [18]. A typical lead-acid battery cell is composed of a sponge metallic
lead anode, a lead-dioxide cathode and a sulfuric acid solution electrolyte [49].
It is by far the cheapest energy storage technology with regard to the cost of
raw materials [50]. However, the use of heavy metal component is the main
concern for this battery type as it makes them toxic and hazardous to the
environment [49].
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e Nickel battery

Rechargeable nickel batteries are made of active material-nickelous hydroxide
as the positive electrode [49]. Although there are various types of nickel based
secondary battery, nickel-cadmium (Ni—Cd) battery and nickel-metal hydride
(Ni-MH) battery are the most developed [50]. Ni-Cd batteries show a slightly
higher energy density and a significantly higher power density than lead—acid
batteries. However, Ni-Cd batteries have been banned because of their toxic-
ity. Ni-MH batteries are the further development of Ni—Cd batteries, with the
aim of creating a battery without toxic cadmium but with the advantages of
nickel-cadmium batteries [50]. Even though Ni—Cd battery and Ni-MH battery
are widely used in the market, they offer the lowest energy efficiency compared
to others [49]. Besides, they also suffer form the memory effect and the strong
lifespan dependence on cycle depth [31].

e Sodium sulphur battery

Sodium sulfur (NaS) battery consists of liquid (molten) sulphur at the positive
electrode and liquid (molten) sodium at the negative electrode as active mate-
rials separated by a solid beta alumina ceramic electrolyte [18]. It is the most
developed type of high temperature battery. The battery should be maintained
at 300~350 °C [18,49]. While NaS batteries not only have outstanding energy
and power density, but also they have long life cycle of up to 15 years [18,49].
These attributes made them attractive for large scale storage devices [49]. How-
ever, except for the high cost, the major drawback is that a heat source is re-
quired which uses the battery’s own stored energy, partially reducing the battery
performance [18].

e Lithium battery

Lithium batteries, composed from lithium metal or lithium compounds at the
anode, have the advantages such as light weight, high energy density and high
power density [50]. Also the efficiency of lithium battery is almost 100%, which
is another important advantage compared to other batteries [18]. The presence
of lithium in its ionic rather than metallic state, in principle, overcomes the
inherent drawback of lithium-metal cells, namely explosion hazards led by the
uneven (dendritic) lithium growth [51]. Thus, various intercalation compounds,
mostly studied and applied for the positive electrode, have spawned the diversity
of lithium-ion battery family. Because of the increasing interest in EVs, the
development of lithium-ion battery has received a significant boost in recent
years.

e Metal-air battery

Metal-air battery is the most compact and potentially the cheapest battery
available in the market [18,49]. Instead of an aqueous solution for electrolyte;
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the battery uses ionic liquids [49]. Although other metal electrodes have higher
theoretical energy density, the most advanced metal-air systems developed to
date are the zinc-air and lithium-air batteries [49]. The high energy density
and low cost of metal-air batteries make them ideal for many primary battery
applications. However, the rechargeable metal-air batteries still need further
development, because the current rechargeable metal-air batteries can only op-
erate for a few hundred cycles and the efficiency is below 50% [18].

Flow battery

Furthermore, a promising capacity-oriented energy storage technology is the
flow battery. The chemical energy is stored with the electrolyte solutions in
two tanks outside the battery cell stacks [49]. Hence, the energy rating is
determined by the quantity of electrolyte, while the power rating is dependent
on the active area of the cell stack [18]. Compared to conventional batteries,
the main advantage of flow battery is that it is possible to design the battery
to have optimal power acceptance and delivery properties without needing to
maximize the energy density [49]. The typical flow batteries are vanadium redox
battery (VRB) and zinc bromine (ZnBr) battery [48]. The main studies on flow
battery have focused on stationary applications [18].

Principle characteristics of the different battery technologies, namely energy den-
sity, power density, operating temperature and durability, are listed in table 1.1

[35,52-54].

Table 1.1: Principle characteristics of different battery technologies

Battery §:§;1§§ Power density | Operating | Durability Cost
technology (Wh/ke) (W/kg) temperature | (years) ($/kWh)
Lead-acid 30~50 75~300 -20~50°C 10 200~400

Ni-MH 30~110 250~2000 -20~65°C 3~15 800~1500

Lithium-ion | 75~250 100~5000 -20~60°C 5~20 600~2500
NaS 150~240 150~230 300~350°C 15 300~500
VRB 10~75 80~150 -5~50°C 10~20 150~1000
ZnBr 60~85 50~150 20~50°C 5~20 150~1000

Zinc-air 110~3000 ~100 0~60°C - 10~60

1.1.1.7 Fuel cell

Fuel cell (FC) is an electrochemical energy conversion device that can generate elec-
tricity via oxidation-reduction reactions. It is actually a reversed electrolysis reac-
tion [55]. The FC efficiently converts the chemical fuel into electrical energy at a



Introduction 28

continuous steady rate to provide extremely high energy density [43]. A schematic
diagram of FC is shown in Fig. 1.9.
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Figure 1.9: Schematic diagram of FC [1].

Although there are different types of FCs, they all operate with the same basic
principles. Namely, they produce electricity from external supplies of fuel (anode
side) and oxidant (cathode side), and the by-products are water and heat. Generally,
a FC consists of four main parts, namely anode, cathode, electrolyte and the external
circuit. The reactants flow in and reaction products flow out, while electrolyte remains
in the cell [18]. Hydrogen is oxidized into protons and electrons at the anode, while
oxygen is reduced to oxide species and reacts to form water at the cathode.

The main difference in various FC designs is the chemical characteristics of the
electrolyte. Depending on the electrolyte, either protons or oxide ions are transported
through an ion-conductor electron-insulating electrolyte while electrons travel through
an external circuit to deliver electrical power [55]. Currently, six major different types
of available fuel cells are polymer electrolyte membrane fuel cell (PEMFC), alkaline
fuel cell (AFC), phosphoric acid fuel cell (PAFC), molten carbonate fuel cell (MCFC),
solid oxide fuel cell (SOFC) and direct methanol fuel cell (DMFC) [56]. Comparison
of these different FC technologies is shown in table 1.2.

1.1.1.8 Summary

In summary, ESS technologies have complementary characteristics in terms of power
and energy density, life cycle, response rate, etc. The ideal ESS should offer fast access
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to power whenever needed, provides high energy capacity, has a long life expectancy
and be available at a competitive cost. However, there is no energy storage technology
currently available that can meet all these desirable characteristics simultaneously
[48]. Furthermore, power density and energy density are two main characteristics of
ESS, which are usually plotted in the same figure in order to compare the performance
of different energy storage techniques. The obtained figure, as shown in Fig. 1.10, is
the so-called Ragone plot. High power density means that the ESS can supply energy
at very high rates, but characteristically for short time periods; alternatively, high
energy density means that the ESS can supply energy for longer time periods. Besides,
high power ESSs possess fast response rate, while high energy ESSs have slow response
rate [43]. Hence, in analogy to data storage in computer engineering, a classification
in terms of access and capacity orientation can be considered for ESS [48]. Table 1.3
categorizes ESS technologies based on this classification.

5
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Figure 1.10: Ragone plot with different ESSs.

1.1.2 Hybrid energy storage system

Several ESS applications require a combination of energy and power rating, life cycle,
and other specifications that cannot be fulfilled by a single ESS technology [43].
Hence, the idea of hybrid ESS lies on the fact that electronically combining the power
output of two or more devices with complementary characteristics can increase the
advantages that a single ESS technology can offer without fundamental development
of the storage mechanism [43]. After coupling two or more ESS technologies together,
namely combining the appropriate features of different technologies, the hybridization
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Table 1.3: High power and high energy ESS technologies classification

High power devices
(access-oriented)

High energy devices
(capacity-oriented)

SC Pumped hydro
SMES CAES
Flywheel FC

High-power battery

High-energy battery

can provide excellent characteristics not offered by a single ESS unit [57].

As it is shown in Fig. 1.11, the basic idea of hybrid ESS is to combine high energy
devices with high power devices in order to yield a more functional ESS. The high
power device should supply short term power needs, while the high energy device
should meet long term energy needs. In other words, the access-oriented storage
absorbs or delivers the transient and peak power, and the capacity-oriented storage
fulfills the slowly varying and steady-state power demand [48]. Hence, based on this
idea, the currently proposed hybrid ESS configurations are listed in table 1.4. Note
that although a pumped hydro ESS is used as an energy supplier ESS unit, the
relevant hybridization has not yet been proposed [43].

[. id ESS
. ? o

High power devices
(access-oriented)

High energy devices
(capacity-oriented)

UoI02UU0D Sng
Power density

»

Energy density

Figure 1.11: Basic idea of hybrid ESS.

Except for enhancing the dynamic performance of the energy storage, lifespan im-
provement is also a significant benefit of ESS hybridization. Especially in embedded
application, where reliability is of vital importance. Embedded applications, such
as EV, have strong requirement on reliability, energy efficiency and dynamic perfor-
mance. Hence, EV is intended to be powered by a hybridized source. As our main
topic is EV, in the following, we will focus on ESS suitable for this application.

Battery, SC and FC are the most studied energy storage devices in the elec-
trified vehicle power train [58]. Especially the hybridization based on the PEMFC
has received considerable research attention in recent years. Because PEMFC has
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Table 1.4: Currently proposed hybrid ESS configurations

Energy supplier | Power supplier
SC
Battery SMES
Flywheel
SC
Flywheel
SC
FC SMES
Battery

CAES

high power density, appropriate operating temperature and low corrosion compared
to other types of FCs [3]. Thus, the vehicle all-electric range can be guaranteed by
PEMFC. Additionally, one of the main concerns about EV application, namely the
long charging time, can also be eliminated by the fast hydrogen filling process. Hence,
hybrid ESS based on PEMFC and battery/SC is very promising for the next EV gen-
eration [1]. However, the lifetime of current PEMFC vehicle, evaluated only at 3900
hours in 2015, cannot satisfy the commercial use [22]. Because a 5000-hour’s PEMFC
lifetime requirement is requested for the light-duty EV market [3]. Owing to this,
the advantage of using a hybrid ESS can be highlighted. The presence of battery/SC
can meet the instantaneous power demand of the vehicle, which tries to improve the
PEMFC power leveling. The less fluctuating power demanded from PEMFC will con-
sequently prolong its lifespan. In turn, PEMFC will maintain the energy stored in the
battery/SC at an adequate level, which will avoid frequent cyclic charging and dis-
charging of battery/SC. Hence, the hybridization can prevent premature degradation
of each component [1].

Moreover, reducing the weight, cost and fuel consumption are also relevant ob-
jectives for using hybrid ESS in EV application [59]. Results displayed in Fig. 1.12
shows that FC/battery-based hybrid ESS can achieve longer mileage with less weight,
cost and fuel consumption compared with the corresponding single ESS system.

1.1.3 Hybridization architecture

Conditioning circuitry is required when combining two or more energy storage devices
acting as a single power source. Numerous hybridization architectures have been
proposed to achieve this aim ranging from simple to very flexible [35]. The presence
of power electronic interfacing circuits brings more flexibility and scalability to the
hybrid ESS. Thus, more choices in implementing control and energy management
strategies have been proposed [48]. Besides, the complexity and cost of hybrid ESS
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Figure 1.12: Example of hybrid ESS’ interests in reducing weight, cost and fuel
consumption (BATT refers to single battery ESS, FC refers to single FC ESS, HYB
refers to hybrid ESS of FC/battery) [22].

have also increased. Generally, the connection principle between two energy storage
devices can be grouped into three categories as shown in Fig. 1.13.

Fig. 1.13(a) shows direct parallel connection of two energy storage devices, which
is also named as passive parallel architecture. It simply connects two ESS technologies
together without any power electronic interfacing circuit. This kind of hybridization
architecture is simple, but the output voltage of the two ESSs should be equal. Fur-
thermore, the absence of power converter makes this architecture become the least
expensive one. However, the major problem with this topology is that it cannot effec-
tively utilize the energy stored in the ESSs, because the current distribution between
ESSs is uncontrolled [60]. Namely, the range of power that is used from either en-
ergy source is limited by the voltage swing of the other, where individual maximum
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Figure 1.13: Hybridization architectures of hybrid ESS.

power point tracking is not possible for each source [35]. Besides, due to the direct
connection of the two ESSs, this architecture has no fault tolerant ability. The faults
occurring in one ESS will affect the other one, and will eventually induce malfunction
at the system level [43].

Fig. 1.13(b) shows a more complex but flexible solution by combining two energy
storage devices. A power converter is used to decouple the two power sources. Hence,
it provides more flexibility for active energy management. The power converter con-
trols the power output of ESS1, allowing its voltage to vary, while ESS2 delivers the
remaining power requirement to the load [35]. Usually, the more sensitive ESS is op-
erated as ESS1, because the power conditioning can protect it by adapting its power
output. Hence, the lifetime of the overall system can be prolonged [43].

Fig. 1.13(c) shows the active parallel architecture. It has the highest level of
flexibility, where each ESS unit has its own power converter. The converters are
connected to the common output bus. Each power source can be controlled according
to its specific voltage and power. Hence, this hybridization architecture not only
allows to developing various energy management strategies, but also it makes the
implementation of maximum power point tracking for each ESS possible [35]. In
addition, this architecture has the highest level of fault tolerant ability, since the
failure of one source does not affect the function of the other one [43,60].

1.1.4 Energy management strategy

Energy management strategy (EMS) plays an important role for hybrid ESS. Because
the basic objective of EMS is to meet the load power demand by determining the power
reference for each ESS unit. In other words, EMS can be regarded as the high level
supervisory control of hybrid ESS. However, a good EMS not only allows the hybrid
ESS to delivering the load’s power demand, but it can also increase the durability and
reliability of the ESSs, maintain the global efficiency at its high level. Consequently,
designing EMS comes with multiple objectives [1]. Generally, as shown in Fig. 1.14,
EMSs can be categorized into rule-based and optimization-based strategies. In this
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Figure 1.14: Classification of EMSs [1, 3].

sub-section, different types of EMSs will be briefly presented without the details of
design and implementation.

e Rule-based EMSs

The rule-based EMSs can be further divided into deterministic and fuzzy rules.
They are usually designed based on human intelligence and experience and generally
without prior knowledge of the drive cycle [1]. More advanced rule-based health-
conscious EMSs are designed to find efficient operation points that mitigate the energy
source degradation [3].

Deterministic rule-based strategies are mainly developed through look-up tables
(not real-time data) and among which, thermostat (on/off) strategy, frequency split
strategy and state machine strategy are mostly used [3]. Thermostat control strategy
is a simple deterministic rule, which tries to operate the energy supplier at highest
efficiency point to charge the power supplier when its energy is under the lower thresh-
old. This EMS leads to frequent on and off (charging and discharging) on the energy
storage devices, which results in the reduction of their lifetime [1]. Frequency split
strategy divides power demand into low and high frequency components by low-pass
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filtering combined with load-leveling. Compared with the thermostat strategy, it can
prevent the premature aging of the energy storage devices [61]. State machine strat-
egy divides the hybrid ESS into several functional states according to the different
energy state levels of power supplier. For every state, the energy supplier has it own
power output decided by the load power. With this strategy, the overall efficiency and
lifetime of energy storage devices can be improved [62]. To be short, deterministic
rule-based strategies are simple and can be easily implemented in practice. Although
optimal results are hardly reached, they are regarded as the most practical way to
achieve multiple objectives [1].

Fuzzy rule-based EMSs can be considered as an extension of the deterministic
rule-based EMSs. The basic idea is to formulate a collection of fuzzy ”if-then” rules
from human knowledge and reasoning, which offers a qualitative description of con-
trolled system [61]. Contrary to the deterministic rule-based EMSs, fuzzy rule-based
EMSs do not rely on precise system model. Hence, they are particularly suitable for
nonlinear, uncertain and time varying systems [3]. Moreover, other advantages of
fuzzy rule-based EMS are its robustness to measurement noise and component vari-
ability as well as its flexibility [61]. Fuzzy rule-based EMSs use fuzzy inference to
transfer the deterministic inputs and outputs into linguistic ones. The fuzzy outputs
are then defuzzyfied into precise control signals for the system. The ”if-then” rules
can be experience-based, which belongs to the conventional fuzzy logic [41]. While
the membership functions can also be tuned by intelligent methods such as neural
network algorithm, genetic algorithm. This constitutes the so-called adaptive fuzzy
logic. The fuzzy inference technique solves the multi-objective problem by adding
multiple inputs and designing proper rules [3].

e Optimization-based EMSs

Optimization-based EMSs, which can be further divided into local optimization
and global optimization categories, have received more research interests recently
because of their ability to reach optimal results [1]. Fuel economy, durability of
power sources, energy cost can be included in an objective function, then the optimal
results can be calculated after solving the optimization problem.

Global optimization strategies are carried out based on the overall driving cycle
information, which cannot be applied in real-time applications unless the driving cycle
could be predicted [61]. Dynamical programming, genetic algorithm, particle swarm
optimization are widely used to cope with the global optimization problem. Although
they cannot be implemented in real-time control, they can be a good benchmark
for other EMSs and give insights for the development of simple and implementable
strategies [1].

On the contrary, local optimization based strategy replaces the optimization pe-
riod of the whole drive cycle for global optimization strategy into the instantaneous
sampling time to calculate instantaneous optimal power split scheme among different
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power sources. Equivalent consumption minimization strategy, Pontryagin’s mini-
mum principle and model predictive control are usual [1,59]. Especially the model
predictive control, which can be regarded as a “look-ahead” strategy, is an attractive
solution for multi-objective EMS design problem [63]. Because it can foresee dynamic
changes before they happen and efficiently compute step-wise optimal input control
to achieve a defined quadratic performance objective [64].

1.1.5 Summary

Hybrid ESS, combining the advantages of single ESS through power electronic inter-
facing circuits, can meet both static and dynamic power demand. In the meanwhile,
EMS, as the high level supervisory control, is an essential topic for the hybrid ESS.
Hence, fruitful research results about EMS have been made in recent years. However,
information of the lower level, namely the real-time operating status of the single ESS,
is the basis for designing the EMS. The detailed discussion about the monitoring task
for the single ESS can not be ignored.

Therefore, in this thesis, the research efforts are focused on the battery monitoring
and diagnosis. Because battery, especially the lithium-ion battery, is the most used
ESS in EV application. The following sections are dedicated to lithium-ion battery.

1.2 Lithium-ion battery basics

Although the origin of the term “battery” dates back to 1749, the first real battery
has been invented half a century later [65]. Since then, attempts to improve battery’s
energy density, power density, reliability, etc. have never ceased. Especially, resorting
to lithium is suddenly making the news though it has been discovered for almost
two centuries [66]. Features such as high energy/power density and extended life
cycle, make lithium-ion batteries become currently the state-of-the-art energy stor-
age devices [67]. In particular, lithium-ion batteries are widely used for electrified
powertrain systems.

A lithium-ion battery cell mainly consists of four components, namely cathode
(positive electrode), anode (negative electrode), electrolyte and a separator that pre-
vents contact between cathode and anode [51,68]. From a chemical point of view,
lithium-ion batteries operate through reversible (and usually topotactic) insertion
of lithium ions in the electrode materials structure while the electrolyte is ideally
chemically inert and impregnates both electrodes and separator to enable ionic trans-
port [69]. Fig. 1.15 illustrates the working principle of a lithium-ion battery cell.
In brief, lithium ions (Li+) flow from the anode (negative electrode) to the cathode
(positive electrode) via the electrolyte and separator diaphragm during a discharge
process, and in opposite direction during charging process [23,68].

The current main lithium-ion technologies for electrified powertrain are listed
in table 1.5. The choice of electrode materials will determine the potential and
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Figure 1.15: Working principle of a lithium-ion battery cell. (Redrawn with [23])

energy density of the cell [70]. As listed in table 1.5, the cathode is a lithium
containing compound such as NMC (LiNi;Mn,Coi_;_,O2), LFP (LiFePO4), NCA
(LiNio.chQ,lg)Alolog,OQ), LMO (LiMn204) and LTO (Li4Ti5012) [71*73]; while the an-
ode is of porous carbon, and the most commercially popular material is graphite [68].
Besides, as shown in Fig. 1.16, lithium-ion is expected to remain the technology of

choice for the next decade. Other technology options are expected to become available
after 2030 [2].

1.2.1 Glossary and technical terms

There are many important terms associated with lithium-ion battery. Hence, for the
sake of having a better understanding on the follow-up discussion, the related glossary
and technical terms will be explained firstly.

e Capacity

Battery capacity, usually expressed using ampere-hour (Ah) as unit, corresponds
to the amount of charge that can be withdrawn from a battery until cut-off discharge
voltage limit is reached when starting from a fully charged state [74].

However, a difference should be done between battery nominal capacity and bat-
tery actual capacity. The battery nominal capacity, usually indicated on the battery
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Table 1.5: Current main lithium-ion technologies for electrified powertrain

Eneregy Thermal
Anode\Cathode Cell 'nomlnal density runaway Cost Cycle life
tension (V) temperature | ($/kWh)
(Wh/kg) |
Graphite\NMC 3.8~4.0 150~220 210 ~420 1000~2000
Graphite\LFP 3.2~3.3 90~130 270 ~580 1000~2000
Graphite\NCA 3.6~3.65 200~260 150 ~350 500
LTO\LMO 2.3~2.5 50~85 safest ~1005 2000~25,000
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Figure 1.16: Expected battery technology commercialisation timeline [2].
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itself, is given by the battery manufacturer and measured under certain conditions
when it is new. This value is obtained with the specified standard discharge current
under specified temperature [75]. Hence, the actual battery capacity varies signif-
icantly from the nominal one, since it not only depends strongly on the operating
conditions such as temperature, discharging and charging current etc., but also it
decays over the battery’s lifetime due to aging processes [76].

e C-rate

C-rate is a measure of battery charge or discharge current rate, which is normal-
ized against battery nominal capacity [72]. For instance, for a battery with nominal
capacity of 20 Ah, 1 C’s current is equal to 20 A, 2 C’s current is equal to 40 A, 0.5
C’s current is equal to 10 A.

e State of charge

State of charge (SOC) indicates the residual energy inside a battery cell. It is
usually expressed by the ratio of the remaining capacity to the nominal capacity of
the cell. The remaining capacity is the number of ampere-hours that can be drawn
from the cell before it is fully discharged [24]. 100% means the battery is full charged,
and 0% means the battery is empty. Fig. 1.17 shows the schematic diagram of SOC
definition.

Initial SOC: SOC definition:
SOC,,=SOC(0) SOC(t)=SOC(0)+Ah,,/C
1 /|
Discharge/Charge

SOC(0) '

t
Ah,, = L nl, (Hdt |soc()

Figure 1.17: Schematic diagram of SOC definition for a single battery cell [24].

Generally, SOC is calculated based on current integration over charging/discharging
time. Namely, the battery SOC € [0%, 100%] can be modeled by the classical Coulomb
counting method:

Ibatt (T)
Cn

soc(t) = soc(toy) — n/t

to

dr (1.1)
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where, the variable soc is the operator of SOC; 7 is the Columbic efficiency which is
usually approximated to 1 for LIBs [72]; C, (Ah) is the battery nominal capacity;
soc(t) is the required SOC at time point ¢ based on its initial value soc(tp).

e Depth of discharge

Depth of discharge (DOD) is opposite to SOC (DOD=1-SOC). It describes how
much a battery has been discharged [75]. For example, SOC of 20% means the DOD
is up to 80%.

e Internal resistance

Internal resistance of a battery is defined as the opposition to the current flow
within a battery [75]. It includes the resistance of contacts, electrodes, electrolyte
as well as the related electrochemical reactions. The internal resistance of a battery
depends on many factors such as C-rate of discharging/charging, battery temperature,
SOC, etc. In general, due to the aging processes, the internal resistance tends to
increase over the battery’s lifetime [4].

e State of health

State of health (SOH), representing the health state of a battery, is an indicator
that evaluates the battery performance reduction. Although there is still no consensus
in the industry on what SOH is and how SOH should be determined, SOH is usually
quantified by estimating the power fading or/and the capacity loss of a battery [75,77].
However, it can also be derived by other battery parameters like alternating current
impedance, self-discharge rate and power density [77].

Although the assessment of SOH is arbitrary and may vary from one application
to another, 80% decrease of battery actual capacity is commonly used as the threshold
of end-of-lifetime (EOL) for the LIBs in BEVs and PHEVSs due to the requirement of
battery energy capability. Doubling of battery internal resistance is often defined as
the EOL indicator for HEVs, where battery power capability plays the most important
role [74].

e Open circuit voltage

Open circuit voltage (OCV) refers to the equilibrium state when battery enters
the open circuit condition after charged or discharged. However, an accurate mea-
surement of the OCV requires battery to stay in open-circuit condition for a sufficient
long period of time which usually takes several hours [78]. In fact, this is because
the so-called OCV relaxation process after the current interruption. To be short,
when the battery is charging or discharging, its internal states (micro level) will be
disturbed by the external excitation; while after the external current is interrupted, it
will consequently take time for the battery to rebuild a new equilibrium state, which
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Figure 1.18: Example of battery OCV.

is fixed as electromotive force (EMF) [79]. In other words, the OCV that usually
appears in the literature is approximately the EMF in the equilibrium state after the
OCYV relaxation process.

Furthermore, the aforementioned relaxation process strongly depends on the short
time previous usage history including the current value and the current direction, and
the latter can cause the well-known OCV hysteresis phenomenon. Specifically, the
OCYV relaxation process is under the EMF if the battery is previously discharged;
on the contrary, it is above the EMF if the battery is previously charged. However,
even through there exist the relevant hysteresis models for the OCV, the battery will
never operate along these two hysteresis curves in reality due to the more complicated
hysteresis “eye” phenomenon (also called “minor loop”) [80]. Example of battery
OCV curve is shown in Fig. 1.18. Moreover, other factors such as temperature,
initial SOC and battery technology (e.g. the LIB with LFP cathode has serious
hysteresis phenomenon) will also affect the OCV relaxation process [81].

e Battery pack

Different cell configurations such as cylindrical, prismatic or pouch, can be adopted
considering the heat dissipation, production maturity, cost [68]. However, the capacity
and voltage of a single lithium-ion battery cell are usually relatively small. Hence,
cells are electrically connected in parallel to satisfy high capacity requirements and
in series to provide the desired system voltage. In other words, a battery pack used
in the electrical powertrain is a collection of modules, which are in turn made up of
series/parallel combinations of individual cells [82].
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1.2.2 Inevitable aging process

Aging is inevitable and ultimately rooted in chemical process over battery lifetime,
which starts to emerge as soon as the cells are assembled [69,83]. In fact, lithium-ion
cells degrade as a result of their usage and exposure to environmental conditions [25].
Namely, cycling aging and calendar aging constitute the battery aging process, which
exhibits a gradual effect on the cells’ ability to store energy, meet power demands
and, eventually, leads to their end of life [25,69].

For automotive application, the battery aging extent is mostly determined by
charge and discharge protocols, environment temperature and DOD [84]. Hence, in
order to prevent the premature aging, lithium-ion batteries are usually requested to
be used in a safe operating area. It is restricted by current, voltage and temperature
ranges. The most significant boundaries are formed by maximum discharge current
and maximum charge current, maximal and minimal voltages for each individual cell,
and maximum and minimum operating temperature [4].

In addition, the degradation process of lithium-ion battery involves a large number
of physical and chemical mechanisms and their interactions. Fig. 1.19 illustrates the
degradation mechanisms in LIB cells. Moreover, most of these processes cannot be
studied independently and occur at similar timescales, complicating the investigation
of aging mechanisms [85]. Continuous and constant academic research on explor-
ing their degradation mechanisms is triggered from a long time ago, nevertheless, a
complete understanding of these synergistic effects is still lacking [69, 76].
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Figure 1.19: Degradation mechanisms in LIB cells [25].

However, one consensus has been reached recently, namely the most dominant
aging mechanism is the formation and the growth of the solid electrolyte interphase
(SEI) that take place on the electrode/electrolyte interface. It eventually results
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in three degradation modes, namely loss of lithium inventory, loss of active positive
electrode material and loss of active negative electrode material [3,25,69,73,76,85,86].
Fig. 1.20 resumes the cause and effect of degradation mechanisms and associated
degradation modes.

Cause Degradation Mechanism Degradation Mode Effect

SEI growth

SEI decomposition
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Figure 1.20: Cause and effect of degradation mechanisms and associated degradation
modes [25].

1.2.3 Unforeseeable abuse conditions

Along with the battery slow aging process during the regular operation, lithium-ion
batteries also have some potential safety issues that threat their reliability. Safety
issue associated to the risk of thermal runaway is known to be a major problem of
lithium-ion batteries [71].

Thermal runaway, which can induce serious safety problems such as smoke, fire
and even explosion, is a catastrophic failure of on-board batteries [87]. Although the
battery cells have to go through several compulsory test standards before their ap-
plication in EV, accidents induced by thermal runaway happen occasionally [87]. It
is mainly because of the unforeseeable abuse conditions, including mechanical abuse,
electrical abuse, and thermal abuse [87,88]. Deep insight of the mechanisms of bat-
tery thermal runaway is still premature [9-11]. However, as show in figure 1.21, a
simple chain reaction-like relationship among the aforementioned three abuses can be
deduced before the thermal hazard.

e Mechanical abuse
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Figure 1.21: Chain reaction-like relationship among mechanical/electrical /thermal
abuses.

Typical mechanical abuse conditions, such as vehicle collision and consequent
crush or penetration of the battery pack, may result in the deformation of battery
cell [87]. The electrode contact due to the cell separator failure will cause local internal
short circuit and current flow, consequently, temperature increase induced by the heat
generation will lead to spontaneous reactions and thermal runaway [73]. Worse still,
the potential leakage of flammable electrolyte will deteriorate this bad situation.

e Electrical abuse

Overcharge, overdischarge, internal short circuit and external short circuit are four
common electrical abuses that can cause irreversible battery damages, or even lead to
battery thermal runaway [89]. Furthermore, as shown in figure 1.22, a general causal
relationship among these four common battery electrical abuses can be concluded
according to the literature.

Overcharge Overdischarge
External Short Circuit Internal Short Circuit

\/

Thermal Runaway

Figure 1.22: General causal relationship among the common battery electrical abuses

External short circuit, as indicated by its name, appears when the positive and
negative electrodes are connected by conductors. Car collision, water immersion,
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contamination with conductors, electric shock during maintenance, etc., can lead to
external short circuit [87]. The internal short circuit has been mentioned in the
mechanical abuse, namely it mainly occurs when the battery cathode and anode
contact with each other caused by the failure of the separator. Under the electrical
abuse, dendrite growth induced by overcharge or overdischarge can pierce the battery
separator [9,10,73,77,87,90]. Besides, charging the battery at the low temperature
has also been reported as one of the sources of internal short circuit [91]. Moreover,
both external short circuit and internal short circuit can trigger thermal runaway if
they are not treated correctly in time.

e Thermal abuse

Thermal abuse is the direct cause of battery thermal runaway. Except for the
local overheat induced by mechanical or electrical abuse, loose contact of the metal
cell connector is the main reason of thermal abuse [87]. The cells are connected
through metal current connectors in the battery pack. However, the unavoidable
vehicle vibration during its usage will lead to the connection loose, which will make
the contact resistance increase [92]. As a result, intensive heat generation occurs
when high current flows through the particular area, resulting in local overheat and
consequent thermal runaway [87,92].

1.2.4 Summary

Based on the former two subsections, it is necessary to point out that the main
concerns regarding battery reliability and safety come from the following two as-
pects. Firstly, as a typical type of electrochemical power source, lithium-ion batteries
undergo degradation in both energy capacity and internal resistance during their ir-
reversible aging process. Secondly, thermal runaway, caused by the unforeseeable
mechanical, electrical or thermal abuses, threats the confidence of applying lithium-
ion batteries in the automotive industry.

Therefore, the reliable, efficient, and safe operation of on-board lithium-ion bat-
teries require monitoring, control and management [93]. Monitoring refers to a con-
tinuous determination of battery states during operation [4]. Control maintains the
battery states with the safety ranges. Management, generalized from energy manage-
ment and health management, means a health-conscious energy distribution strategy
that decides the battery power flow. Instead of being independent from each other,
these three parts are closely correlated as shown in figure 1.23. Among others, battery
monitoring plays a primary role, because its output triggers the operating conditions.

1.3 Battery management system

For automotive application, the aforementioned battery monitoring task is integrated
in the so-called battery management system (BMS). BMS is not only composed of
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Figure 1.23: Schema of battery monitoring, control and management.

hardware, software also plays an important role. Namely for a battery pack, although
there are electronic control circuits ranging from high and low voltages that are built
around the battery cells, most of them are simple control units that only monitor
current and voltage. Hence, they can be considered as protection units rather than
BMS [94].

There is no doubt that data acquisition is the primary function of BMS, which
collects the cell current, voltage and temperature at proper sampling frequency and
precision [77]. While a smart BMS can not only control the operational conditions
of the battery to guarantee its safety, but also it should possess the following main
functions [77,86,94].

e Accurate state estimation

From the perspective of control, one essential means for ensuring a reliable
operation and prolonging the battery lifetime is to estimate the battery states
continuously during the operation [95]. Here, the battery states mainly refers
to the SOC and SOH. Although there are also battery states like state of power
(SOP) and state of function (SOF), they can be easily retrieved from the SOC
and SOH. Hence, an accurate determination of SOC and a reasonable assessment
of SOH can make batteries work closer to their physical limits, and in turn
guarantees their safety and lifetime with the more appropriate control input.

However, the previously mentioned two crucial indicators cannot be measured
directly during the battery operation, because only battery current, voltage and
temperature are accessible for low-cost measurement [4]. Hence, indicators like
SOC and SOH need to be inferred from these limited available measurements,
which forms a challenging but interesting research topic. Especially for the
battery SOC, because the SOC can be regarded as a replacement of the fuel
gauge used in traditional vehicles. Therefore, the determination of the battery
SOC is always a part of the BMS.
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e On-board diagnosis

Battery safety is not only guaranteed by an accurate state estimation module,
on-board diagnosis is also important. As shown in section 1.2.3, the unfore-
seeable abuse conditions do have some potential safety issues that threat the
reliable battery operation. Furthermore, from the chain reaction-like relation-
ship among mechanical /electrical /thermal abuses in Fig. 1.21, how to diagnosis
the electrical and thermal abuses is more meaningful. Because the mechani-
cal abuse conditions are uncontrollable. On the contrary, an efficient on-board
diagnosis for the electrical and thermal abuses can prevent further deterioration.

Hence, BMS should detect the operating conditions that are harmful to both the
battery and the users. Namely, overcharge, overdischarge, internal short circuit,
external short circuit and abnormal abuse conditions are hazardous conditions
that should be avoided as much as possible. Once the battery works under
these conditions, the BMS should quickly make an on-line diagnosis. Especially
for the four common electrical abuse conditions, on-board diagnosis is of great
significance. Because this can interrupt their development and prevent from
thermal runaway in time.

e Cell balancing

The battery pack is made up of series and parallel combinations of individual
cells. Hence, the imbalance of cells in battery systems is very usual. The sources
of cell imbalance fall into two major categories, namely manufacturing variabil-
ity and inhomogeneous working environment [24]. Manufacturing variability
includes physical volume, internal impedance and capacity variance, and the
consequent difference in self-discharge rate. While the inhomogeneous working
environment is mainly caused by the uneven temperature distribution of the
battery pack, namely the so-called thermal imbalance [77]. These small varia-
tions are inevitable and will further deteriorate with time due to non-uniform
ageing of cells. In other words, this situation will deteriorate because of the tight
coupling between cell imbalance and non-uniform aging, where a vicious cycle
is formed: cell imbalance causes cell non-uniform ageing which in turn causes
even more imbalance and so on. Hence, the weakest cell tends to have large
voltage swings when charging and discharging. Namely, the cell with reduced
capacity and high internal impedance has the potential to be over-discharged
and over-charged. Furthermore, the performance of the battery pack may be
severely affected due to the weakest cell, regardless of the SOH of other cells.

Evidently, in order to prevent the potential electrical abuse conditions, the BMS
should have effective equalization methods to make the SOC between cells as
consistent as possible. Moreover, except for the electrical balancing, thermal
balancing can also be considered as the task of cell balancing.

e Thermal management
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As presented previously, improper temperature will induce the battery unex-
pected performance degradation and may even lead to the thermal runaway.
Research works imply that either low (< 15°C ) or high temperature (> 50°C)
will progressively reduce the cycle life, and the threat of thermal runaway at a
temperature higher than 70°C leads to cell thermal hazards [96]. The function
of thermal management is therefore required in the BMS, which will maintain
the batteries in the optimum operating temperature range.

Cooling and preheating are two primary aims of the thermal management. Bat-
tery cooling is used because of two major thermal problems. Firstly, the cell
temperature can exceed the permissible levels during charge or discharge [97].
Secondly, uneven temperature distribution within the battery pack will lead to
a localized deterioration [96]. As for the battery preheating, it is mainly used for
the sub-zero climates. Hence, according to the temperature distribution within
the battery pack and the requirements of charge or discharge, BMS decides
whether to start preheating or cooling as well as heating power and cooling
power [77].

e Charge control

According to the applied batteries and the power level of the charger, BMS has
the ability to control the charger to charge the batteries [77]. Furthermore, the
used battery charging strategies largely affect the battery degradation. Nor-
mally, traditional but popular charging approaches integrated in the BMS are
model-free. Namely, the charging profiles are determined by some predefined
current and voltage limits irrespective of battery’s actual internal states and
chemical characteristics [98]. For example, constant current charging strategy,
constant-voltage charging strategy, and constant current constant voltage charg-
ing strategy. Besides, these strategies are usually too conservative. Because the
lifetime is a competing factor to the charging time [99].

Hence, with the accurate estimation of battery SOC, SOH and temperature,
optimal fast battery charging control is also one of the necessary features of
BMS [94]. The battery can be charged from initial state to final SOC target
value as fast as possible. Meanwhile, the optimal charging approaches can
also protect batteries from overheating, prolong its durability and improve the
capacity utilization [99].

In summary, the BMS is to lithium-ion batteries what medical care center is to

human beings [69]. Online, real-time and reliable are the basic requirements for
BMS [86].
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1.4 Fault detection and diagnosis

The battery monitoring task is essentially supervisory control process, where fault
detection and diagnosis (FDD) is the most important sub-component. Because EMS
or the relevant control decisions cannot be designed without this module.

Generally, any unexpected behavior of a controlled process is termed as “fault”
[100]. It can happen in actuator, sensor and process (component) itself. Furthermore,
faults can also be classified according to their time-varying behavior. Namely, as
shown in Fig. 1.24, a fault can be abrupt, intermittent or gradual [101].
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Figure 1.24: Classification of different faults.

Furthermore, if we suppose that the system performance can be simply projected
into a 2D space as shown in Fig. 1.25, the difference between the terms fault and fail-
ure can be clearly illustrated. Namely, a fault causes a small process plant deviation,
while a failure will induce undesired consequences such as functionality loss [100].
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Figure 1.25: Ilustration of the difference between fault and failure.
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Faults in actuators, sensors and dynamic system itself are inevitable because of
aging process, abuse operating conditions and many other causes. As illustrated
in Fig. 1.25, faults can at least induce the malfunction of the dynamic system,
and at worst threat the safety [100]. Hence, FDD is an important topic in process
engineering [102], which will prevent further deterioration. It can even avoid the
failing of the overall process by applying reconfiguration control mechanism, which
forms the research direction of fault tolerant control [101]. Besides, it is also an
important tool for system monitoring.

Comparing the consistency between the system’s actual behavior and its nominal
one is the main working principle of FDD [102]. In other words, FDD is executed
by generating and analyzing the residual between the system’s actual behavior and
its nominal one. Hence, a redundancy of the system’s nominal behavior is naturally
required in order to check the consistency. Currently, the redundancy can be created
through two ways, namely hardware redundancy or analytical redundancy [101]. The
hardware redundancy directly uses a replication of hardware in order to compare the
outputs of identical components. Although it is extremely reliable, this approach is
expensive and cumbersome. Hence, its application is restricted to safety-critical pro-
cess such as nuclear reactors and aeroplanes. On the contrary, analytical redundancy
is more popular considering the cost, volumetric and gravimetric limitations. It has
been a major area of research since three decades or more [100].

Additionally, as its name suggests, there are two main steps in a FDD process.
Namely, the fault detection step alerts the existence of a fault, while fault diagnosis
provides information about the fault such as location and amplitude. Furthermore,
fault diagnosis is sometimes denoted as fault isolation and identification [103]. How-
ever, except for the actuator, sensor and process faults, there are also some unknown
inputs in the control scheme such as measurement noises, unknown disturbances and
model incertitude. These unknown factors can cause the deviation from the nominal
behavior, and may further induce the inappropriate functioning of the FDD block
which manifests itself by: “false alarms” and “missed faults” [103]. Hence, the chal-
lenge for any FDD module is to achieve high sensitivity with respect to incipient
faults while being robust against the unknown inputs [100].

In general, FDD techniques can be classified into two categories, namely model-
based methods and data-based methods [103]. Model-based methods, including quan-
titative (mathematical) and qualitative (knowledge based) model-based methods, use
the concept of residual generation to perform FDD [101]. While data-based meth-
ods rely on feature extraction, where the features carry symptoms characterising the
faults [100]. Comprehensive surveys of FDD methods are given in [102, 104-106].
Here, only the classification of the current main available FDD approaches is shown
in Fig. 1.26. The main contributions of the present thesis for the battery monitoring
work focus on the blue branch of the graphic.
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1.5 Problem statement

The problem will be presented with extensive simulation examples in this section.

1.5.1 Example of FC/battery traction system

The considered example of FC/battery traction system is taken from the “IEEE
VTS Motor Vehicles Challenge 2017 — Energy Management of a Fuel Cell/Battery
Vehicle”!, where a two driven-wheels HEV with maximum speed up to 85 km/h is
studied.

The information about the studied HEV is given briefly as follows. As shown in
Fig. 1.27, the traction subsystem is composed by a three-phase bidirectional converter
connected to a 15 kW induction machine which is coupled to the driving wheels [26].
As for the energy storage subsystem, a 80 V- 40 Ah LFP battery pack is directly
connected to the DC bus. While a 16 kW, 40-60 V, PEMFC is connected trough
unidirectional DC-DC boost converter. Furthermore, the FC current and the vehicle
speed are controlled by two PI controllers respectively [14]. The deterministic model
of each subsystem of the vehicle is explained in detail in [14], so it will not be repeated
here. The main advantage of this topology is the limited number of power converters,
and then the weight, size and even the cost of the vehicle is reduced [14,26].

Energy Storage Subsystem Traction Subsystem
—_— I . <>
FC . TS
Proton Exchange . —> 3 _> ~
Membrane D( . . Dc Traction
Fuel Cell -~ : : -~ Méror
(PEMFC) DC - Ac i
Converter . Converter

T,
BAT

Batteries
Pack

Figure 1.27: Considered example of FC/battery traction system [26].

Before discussing the simulation results,two key assumptions related to the battery
pack should be pointed out as follows.

e The cell difference is not considered. Namely, the battery pack can be regarded
as a huge battery cell with the corresponding electrical characteristics. Hence,
difference in cell parameters, temperature distribution, cell aging process are
not considered.

"http:/ /www.uqtr.ca/VTSMotorVehiclesChallengel7
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e The temperature is assumed to be constant and optimal for the battery working
condition.

In fact, the aforementioned two points become true if the cell balancing and ther-
mal management functions of BMS are supposed to be effective.

Furthermore, the following simulation is discussed with 10 cycles of class 2 world-
wide harmonized light vehicles test procedures (WLTC2), which has been used since
2015 to harmonize the worldwide driving behavior [14]. One cycle’s speed profile of
WLTC2 is shown in Fig. 1.28 as an example.
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Figure 1.28: One cycle’s speed profile of WLTC2.

In addition, a simple EMS (thermostat (on/off)) strategy is applied for the pre-
sented FC/battery hybrid system. Namely, the sum of output of FC and battery
will meet the vehicle’s power demand, while at the same time, the battery SOC is
maintained by the FC within 40% ~ 70% range.

1.5.1.1 Healthy case

Healthy case refers to the situation in which battery capacity equals its nominal value,
40 Ah, during the 10 test cycles. Hence, simulation results are discussed as follows.

The simulated vehicle velocity and the reference one are shown in Fig. 1.29, where
the lower sub-figure indicates their difference. Undoubtedly, the FC/battery hybrid
energy source can meet the vehicle dynamic performance.

The power demand and supply are shown in Fig. 1.30. The sum of the power
output of battery and FC is used to meet the load demand. The dynamic behavior
is mainly guaranteed by the battery, while the FC is applied to extend the driving
range as well as charge the battery when needed.
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Figure 1.29: Vehicle velocity in the healthy case.
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Figure 1.30: Power demand and supply in the healthy case.
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The voltage of the FC/battery and the corresponding SOC in the healthy case
are shown in Fig. 1.31 and Fig. 1.32 respectively. The initial value of battery
SOC is 70%. As it can be seen from Fig. 1.32, the FC can effectively maintain the
battery SOC within the required range thanks to the thermostat (on/off) strategy.
In addition, analogous to the battery SOC, the SOC of the on-board hydrogen tank

is also expressed [14].
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Figure 1.31: Voltage of FC/battery in the healthy case.
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Figure 1.32: SOC of FC/battery in the healthy case..

1.5.1.2 Aging case

Aging refers to the case when battery capacity decreases to 70% of its nominal value
in the middle of the simulation test. Note that in the reality, the battery capacity



Problem statement 57

cannot decrease suddenly, it is a gradual fading process. However, in order to show
the aging effect, a sudden change of the battery capacity is introduced from the 5th
test cycle. The same simulation procedure can be found in [75]. Hence, simulation
results are discussed as follows.

As shown in Fig. 1.33, the simulated vehicle velocity can still track the reference
value. The decrease of the battery capacity does not emerge at the system level,
namely the power demand of the battery does not change before and after the capacity
fading as shown in Fig. 1.34. The sum of the FC and battery power output can still
meet the load demand, however, the battery capacity decrease does exist.
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Figure 1.33: Vehicle velocity in the aging case.
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Figure 1.34: Power demand and supply in the aging case.

However, the battery capacity decrease reflects on its voltage, where a more fluctu-
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ating voltage profile can be observed in Fig. 1.35. The battery SOC, as shown in Fig.
1.36, is still maintained within the predefined range regardless the aging occurrence.
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Figure 1.35: Voltage of FC/battery in the aging case.
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Figure 1.36: SOC of FC/battery in the aging case.

1.5.1.3 Soft short circuit case

Hard SC (m£) magnitude of short resistance) will directly induce serious thermal
hazard. Therefore, its detection results will be meaningless due to no time to take
corresponding reaction. On the contrary, soft SC (short resistances of 100/10/1 )
needs time to evolve into thermal accidents [8]. Evidently, SC detection for the soft
SC is more meaningful. Hence, the simulation test with 5 {2’s SC resistance is shown

as an example as following.
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The 5 ’s external SC resistance is introduced to the battery pack from the 5th
test cycle. As it can be seen from Fig. 1.37 and Fig. 1.38, the FC/battery hybrid
energy source can still meet the power demand. However, due to soft SC, the FC is
engaged earlier than in the healthy case.
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Figure 1.37: Vehicle velocity in the soft short circuit case.
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Figure 1.38: Power demand and supply in the soft short circuit case.
Fig. 1.39 and Fig. 1.40 show the voltage and SOC of FC/battery in the soft short

circuit case. The battery voltage decreases more quickly than in the healthy case,
while the FC tries to keep the battery SOC in the predefined range.
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Figure 1.39: Voltage of FC/battery in the soft short circuit case.
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1.6 Conclusion

Especially for embedded application, although lithium-ion battery has been regarded
as an efficient and eco-friendly ESS for power generation, low reliability and short
lifetime are still the main concerns. Therefore, various intelligent energy management
strategies that consider the battery health status have been proposed in recent years.
However, most of these research works lack a detailed discussion focused on battery
fault detection and diagnosis. In other words, easy-to-get assumptions about battery
health status cannot replace the in-depth discussions about battery fault detection
and diagnosis.

In this work, we focus on the fault related to battery cell. Specifically, battery
aging and battery short circuit are considered as the faults. Because as introduced
previously, the battery aging will induce the capacity decrease and power fading, and
battery short circuit is an important stage before thermal runaway. Hence, battery
aging diagnosis and short circuit detection are meaningful for preventing the serious
failures, which can in turn make the energy management strategy engage the right
mitigation strategies in the degraded mode.



CHAPTER 2
Battery state and parameter
estimation

2.1 Introduction

Lithium-Ion batteries (LIBs), which can be deployed as the principal energy source in
BEVs/ PHEVs or the auxiliary energy module in HEVs, have been massively used for
on-board ESSs because of their relatively high power and energy density, eco-friendly
characteristic and promising potential for cost reduction [4]. Various research works
around LIBs have been carried out on a large scale; while from the perspective of
control, LIB online monitoring, especially battery state and parameter estimation, is
fundamental and necessary for the follow-up works such as battery fault diagnosis,
battery health prognosis and energy management.

The battery state mainly refers to SOC. As a replacement for the fuel gauge used
in traditional vehicles, battery SOC is a key indicator that should be determined
during the operation. Because it will be used to design the battery EMS, and can
further avoid the emergence of overcharge and overdischarge problems in LIBs. As for
the other battery states such as SOH, SOP, SOF and even RUL, their determination
can be eventually regarded as battery parameter estimation [107-111]. Because all of
them are related to the battery parameters like actual capacity and internal resistance.
However, these mentioned indicators cannot be measured directly, which form an
interesting and independent research topic.

2.1.1 Battery SOC estimation

The traditional Ampere-Hour (AH) counting method, also named as Coulomb count-
ing method as shown in eq. (1.1), is a classical real-time SOC estimation technique,
where the required SOC can be determined by integrating the flowing current with
the known battery capacity and an accurate initial SOC value. However, the open-
loop mechanism will cause the AH counting method to have accumulated estimation
errors over a long period of time. Indeed, this method is inevitably affected by the
current noise, the uncertain initial SOC value as well as the rated actual battery ca-
pacity, which will change with various factors such as temperature, aging degree [72].
Therefore, in order to overcome this drawback, the AH counting method is usually

62
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combined with an OCV-based SOC estimation method, whose working principle is a
voltage-look-up process based on the one-to-one relationship between battery OCV
and SOC. The measured battery OCV can infer the corresponding SOC, which can be
used as a periodic calibration for the AH counting method. Hence, the combination
of these two methods constitutes an efficient approach for determining the battery
SOC in EV [78].

However, the previously mentioned two conventional methods, namely AH count-
ing method and OCV-based SOC estimation method, cannot satisfy the requirement
of SOC real-time estimation due to the accumulative estimation errors and the long
waiting time for battery OCV measurement. Hence, with the help of modern control
theory, model-based SOC estimation using observers and various adaptive filter algo-
rithms, has emerged and the real-time battery SOC determination through OCV-SOC
look-up table becomes possible [72]. In addition, compared with the electrochemi-
cal models which usually have complicated mathematical expressions and numerous
physical parameters, equivalent circuit models (ECMs) are more attractive because
of their accuracy despite their simplicity [107,112]. The common ECM composed of
an OCV source connected in series with a resistor and one or more RC network(s) is
widely used to reproduce the battery’s electrical behavior, and to further accomplish
the objective of SOC estimation. The SOC usually appears as a state variable derived
by the common Coulomb counting method. Representative research works about the
ECM-based battery SOC estimation are listed in table 2.1.

Furthermore, the artificial intelligence technology has become a hot topic in recent
years and has been applied successfully in many fields, and there is no exception in
the field of battery monitoring. Especially because of the improvement of embed-
ded hardware performance, researchers attempt to promote the development of SOC
estimation with the help of data-driven techniques such as artificial neural network,
Support Vector Machine (SVM) and even Deep Learning [124]. The black box mech-
anism of these data-driven approaches can provide convenience for modeling, namely
coping with the complex non-linear relationship between battery internal states and
numerous stress factors such as time and temperature. Hence, the monitoring result
could be very accurate depending on the training data [72]. For instance, in [125], a
novel approach using deep feedforward neural networks is used for battery SOC esti-
mation, where the intrinsic behavior of the battery at different ambient temperatures
can be considered. In [126], an optimized SVM for regression is used to estimate SOC
for EVs under diversified driving condition, where the proposed method can be scal-
able to integrate knowledge from indicators such as temperature, power, etc. In [127],
neuro-fuzzy inference system, a combination of neural networks learning method and
fuzzy inference system, is used to develop the SOC estimation model using six inputs
including current, temperature, actual power loss, available and requested power,
cooling air temperature and battery thermal factor. Besides, various optimization
algorithms, such as genetic algorithm and particle swarm optimization algorithm, are
applied in the data-driven methods in order to improve the accuracy and robustness
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Table 2.1: Resume of ECM-based battery SOC estimation

Algorithm

Reference

Comment

Luenberger observer

[113]

Low computational complexity
because of the off-line gain
calculation.

Proportational-integral
observer

An integral loop is introduced
to the traditional Luenberger
observer in order to cope

with the model uncertainties.

Sliding mode observer

Modeling errors and uncertainties
caused by the simple model

are compensated by sliding

mode approach.

Hoo observer

SOC estimation accuracy is
guaranteed by the robust
Hoo control theory.

Kalman filter

[118]

Optimal SOC estimation
technique for the linearized
model if the statistical
characteristics of the process
and measurement noises are
Gaussian and known.

Extended Kalman filter

[119]

Nonlinear version of the Kalman
filter based on local linearization
and Jacobian matrix.

It is mainly used to cope with the
nonlinearity of the OCV-SOC curve.

Unscented Kalman filter

[120]

Numerical approximation based on
sigma points, which improves the
nonlinear SOC estimation through a
deterministic sampling technique
known as the unscented transformation.

Improved Kalman filter

[121]
[122]

Variant of estimation algorithms in the
Kalman filter family. The main purpose

is to cope with the mismatch between the
statistical information of the process and
measurement noises.

Particle filter

[123]

Numerical approximation based on a set
of particles, which belongs to Monte
Carlo algorithm under the Bayesian
statistical inference framework.
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of SOC estimation [124]. However, a critical concern about the data-driven techniques
is that when the data availability is not satisfied, or the data is biased, the results
can be imprecise or even entirely incorrect. In other words, data-driven methods are
more sensitive to unexpected conditions and outliers [84].

2.1.2 Battery parameter estimation

Regarding the actual battery capacity and internal resistance estimation, especially
the on-board determination, the existing methods are limited. The basic principle
of almost all methods for on-board capacity estimation is based on the relationship
between the ampere-hours charged or discharged from the battery and the voltage
difference before and after the respective charging or discharging [4]. Namely, the
battery voltage varies when it is being charged or discharged. In addition, the dis-
charging or charging of a certain amount of ampere-hours creates a higher voltage
change for a battery with a lower capacity than that for a battery of the same type
but with a higher capacity [74]. The differences among the approaches consist in
how the voltage change is measured and correlated with the charged or discharged
ampere-hours.

For example, in [128], the voltage change is measured from the battery OCV
before and after charging or discharging. Hence, the battery capacity is calculated
based on the given OCV-SOC relationship. The advantage is that only the OCV-
SOC relationship is used as a parameter, whose variation is small over the battery
lifetime [4]. The disadvantage is that the OCV has to be measured at two very
different SOC levels for accurate capacity estimation, where the long waiting time for
OCV measurement is an obstacle. Therefore, in [129], the OCV is estimated based
on the measured battery voltage under load in order to shorten the waiting time.
Hence, the capacity can be estimated as long as the battery is sufficiently discharged
or charged. However, an accurate battery model with parameters adaptable to the
aging state of battery is required. Moreover, the online OCV estimation is further
improved through the on-line parameter update framework, where extended model
or auto regressive model is employed. Hence, adaptive estimation algorithms are
used to simultaneously estimate the battery SOC (directly or indirectly through the
estimation of the OCV) and model parameters [28,130].

As for the battery resistance estimation, it can be traditionally estimated with the
help of impedance spectroscopy in the frequency domain at various frequencies. In ad-
dition to academic publications, there are numbers of patents and patent applications
that claim basic ideas for determination of the battery resistance by considering the
change in the terminal current and voltage of the battery under load. However, the
majority of on-board resistance estimation methods is based on updating the model
parameters for the used electrical or electrochemical models [4].
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2.1.3 Kalman filtering

As mentioned previously, estimation algorithm is essential in the topic of battery
monitoring. Because the battery SOC and parameters cannot be directly measured,
an appropriate state reconstruction technique is therefore necessary. Kalman filtering
is an elegant and usual method for dynamic state estimation [131]. Except for the bat-
tery management domain, it has been applied in many fields such as target tracking,
dynamic systems control, fault diagnosis, navigation and communication [44,131,132].
Hence, Kalman filtering, as the main tool used in this chapter will be introduced at
first.

2.1.3.1 Linear Kalman Filter

Linear Kalman Filter (KF) has been recognized as an optimal state estimation tech-
nique for tracking the state of an uncertain dynamic system with Gaussian indepen-
dent white noises [78].
Considering a general discrete linear time invariant state space model as:
Tp41 = Az + Buy, + wy, (2.1)
Yr = Cxy, + Duy + vy, '

where: ® € R" is the dynamic system’s state vector; y € R™ is the output of the
system; u € RP is the system’s known input; the matrices A € R"*"™, B € R"*P,
C € R™" and D € R™*P describe the dynamics of the system; & is the time index
for the discrete time system; w € R™ and v € R™ are the stochastic process and
measurement noises respectively. Furthermore, both w and v are assumed to be
mutually uncorrelated white Gaussian random processes, which have zero mean and
covariance matrices with known values @ € R"*" and R € R™*" respectively [131].
Hence, the linear KF algorithm is summarized as follows:

1. Prediction: &, = A®j_1 + Bug_1
P =AP, 1A' +Q
2. Gain computation: Ky, = P, C'[CP;C'+ R]™'
3.Update: &, =&, + Ki[yr — (C;, + Duy)]
P, = (I - K,C)P;

where, &, and P,_ are respectively the priori state and error covariance estimates;
K, is the feedback gain for the KF, which is recursively calculated at each time step
forcing the estimator to converge faster; & is the estimated state value; Py is the
estimation error covariance matrix [78,131].

In fact, although there exist different explanations for the Kalman filtering pro-
cess such as Bayesian inference and geometric interpretation, the essence of Kalman
filtering process can be illustrated intuitively by the “prediction-correction” principle
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as shown in Fig. 2.1 [44,78]. In Fig. 2.1, the estimation process of a state variable is
given as an example, where the core is the sustained error correction mechanism that
is composed by a correction gain K multiplied by the error between measurement and
prediction, namely, y and . Then, broadly speaking, estimation algorithms differ in
how to calculate the gain K in order to guarantee the convergence of the estimated
state & knowing only the system input w and output y.

uk Measurement
> System: x; 5 Vi
e ————————— -
: Correction :
: vt
1
’ 5 f—®:
: o~ - I
: v Y, i
H > —~ L TP I
i Model: X, Prediction : ~
I - —> i
=- Estimation |

Figure 2.1: Schematic diagram of the “Prediction-correction” principle.

2.1.3.2 Extended Kalman Filter

As mentioned previously, the KF is the optimum state estimator for a linear system
with Gaussian additive white noises on the state and measurement equations [131].
However, the nonliearity problem is inevitable in reality, hence various nonlinear KFs
have been proposed. Extended Kalman Filter (EKF) is one of the most used nonlinear
KF version. Although EKF is not necessarily optimal, it often works very well and
has been used in many fields [131].

Considering a general nonlinear discrete system as:

(2.2)

i1 = f(xp, up) + wi
Y = g(xp, up) + vy

where: «, y, u, w v and k have the same definitions as before. While f(-) and g(-)
are the nonlinear functions that describe the system’s dynamic behavior.
Hence, the algorithm of EKF is summarized as follows:
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1. Prediction: &, = f(&r—1,ur_1)
P =A, 1P 1A +Q
2. Gain computation: K = P, C}[Cx P, Cj, + R]™*
3.Update: &, =&, + Ki[yr — 9(Z, , up)]
P, = (I - K;,Cy) P,

where, 2, P, Ky, 2, and Py have the same definitions as before. While Ay =
9 (@rur) and C), = 99(@k uk) are the Jacobian matrices obtained af-
Oy, TL==& Oy, Tp=&,
ter the first-order Taylor-series expansion for the nonlinear functions f(-) and g(-)
respectively [131].
The EKF is probably the best known and most widely used nonlinear KF [131].
Its basic idea is to linearize the nonlinear function around the current estimation with
the calculated Jacobian matrix at each time step. However, as the central and vital
operation performed in the KF is the propagation of a Gaussian random variable
through the system dynamics, the analytically approximation through the first-order
linearization of the nonlinear system will introduce large errors in the true posterior
mean and covariance [27].

2.1.3.3 Unscented Kalman filter

Unscented Kalman Filter (UKF) addresses the aforementioned problem through a
deterministic sampling approach. Hence, there is no analytical linearization process
for the nonlinear system. The state distribution is represented through a minimal set
of carefully selected sample points, which are named as sigma points. These sample
points completely capture the true mean and covariance of the Gaussian random
variable, and can capture the posterior mean and covariance accurately to the 3rd
order (Taylor series expansion) for any nonlinearity when propagated through the true
nonlinear system [27]. A schematic diagram showing the key point of UKF, namely
the unscented transformation (UT), is shown in Fig. 2.2. The superior performance
of UT is clear. In Fig. 2.2, a 2-dimensional system is given as an example, where
the left column illustrates the true mean and covariance propagation through Monte-
Carlo sampling; the middle column shows the linearization approach as mentioned in
EKF; the right column illustrates the UT where only 5 sigma points are required [27].

Hence, the algorithm of UKF is summarized as follows. Firstly, 2n+1 sigma points
and their weights w{, w!™ are respectively calculated by eq. (2.3) and eq. (2.4), where
wy represents the weight of the covariance and wj" stands for the weight of the mean.

&) = &j_1
(2n + 1) sigma points: 53}@ =& + ( (n+ )‘)Pkfl)ivi =12,..,n (2.3)
&) = &)1 — ( (n + )\)Pk—1>4 vdi=n+1,..2n
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Figure 2.2: Schematic diagram of the unscented transformation for mean and covari-
ance propagation [27]

W = A
0 (n+A)
weights: wh = (ni)\) +(1—-a?+p) (2.4)
w;n = wf = 72(77}’_)\),7; =1,...,2n

where n is the dimension of the state vector z; A = a?(n+k)—n is a scaling parameter;
a determines the spread of the sigma points around the mean and is usually set to
a small positive value (e.g. 1 x 1073);  is a secondary scaling parameter which is
usually set to 0; 3 is used to incorporate prior knowledge of the distribution of random

variable (for Gaussian distribution, 5 = 2 is optimal); (\/(n + A)Pk—l), is the ith
(2
row of the matrix square root; P has the same definition as before [27].

Then, each sigma point propagates through the nonlinear state model f(+), leading
to the calculation of the mean and covariance of the state as in eq. (2.5):

f(fi}zfp up-1),1=0,1,2,...,2n

[
~.

2n
- m | s
Ly, Z;)(wz ) (2.5)
2n

P = ;) [we - (&, — 25) - (&) —#;,)] +Q

where 7, P~ and @ have the same definition as before.
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Similarly, each sigma point also propagates through the nonlinear measurement
function g¢(-), then the mean, covariance of measurement and the cross covariance of
the state and measurement are obtained by eq. (2.6):

,

g;c = g(','%}wuk)al - O, ]., 2, ,Qn

2n ]
Ui = Z%(w;n-g@

1=

2n ] . 9.
Py =5 [wf- (9, —9) - (9 —90)] + R (2:6)
P7 = 5 [wf- (& - &) (3 - 9

7=

where QZ is the measurement respect to the sigma point at time step k; g and PY
are the mean and covariance of §°; P79 is the cross covariance of the state &' and
measurement §°. R has the same definition as before.

Consequently, the Kalman gain, posterior mean and covariance are updated re-
spectively by eq. (2.7).

K, =P(P)""
=2, + Ky (yr — ) (2.7)
P, =P, + KkP]f(Kk)/

2.1.4 Summary

So far, the most effective approach for battery monitoring is to apply advanced esti-
mation algorithms based on ECMs [133]. Furthermore, a usual method for estimat-
ing slowly varying unmeasurable parameters is to include them in the state vector
with zero time derivative condition. We can obtain the so-called battery extended
ECM. Then, joint or dual estimation methods, mainly based on single or double ob-
server(s) [119], can be applied to the battery extended ECM. Apart from enhancing
the accuracy of state estimation, the estimated parameters can also be used to build
other battery indicators such as SOH, SOP, SOF and RUL [134,135].

On one hand, joint estimation method based on a single observer can cope with the
battery monitoring problem in high-dimensional state space directly. For instance,
single EKF is applied to the joint estimation structure for battery state and param-
eter estimation in [136]. Improvement of the battery monitoring performance with
joint estimation method using UKF can be found in [120]. Furthermore, simultaneous
battery OCV estimation is realized with adaptive EKF in the joint estimation frame-
work in [130]. Recently, considering the model uncertainties in [137], H infinity EKF
is introduced to the joint estimation structure in order to have a robust estimation of
battery SOC, ohmic and polarization resistance simultaneously.

On the other hand, a more flexible estimation framework based on two observers is
called dual estimation method. Double EKF [119], double UKF [120], double sliding
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mode observer [138], double Hoo observer [139] and double particle filter [140] are
introduced to the dual estimation framework, where battery parameters and states
can be estimated separately with different time scales. Additionally, merging the
advantages of different filtering techniques is another objective of the dual estimation
method. For example, UKF and Hoo observer are applied in the dual estimation
framework in [134], in which Hoo observer is used to have a robust battery parameter
estimation and more accurate SOC estimation is achieved with UKF.

Although various advanced estimation algorithms are applied to the joint estima-
tion and dual estimation frameworks, the essence of these estimation frameworks has
not been changed. Thus, the improvement of the battery monitoring result is limited.
Therefore, this chapter is dedicated to the discussion of battery monitoring based on
the battery extended ECM. The main contributions in this chapter are:

e An observability analysis for the battery extended model is conducted. It shows
that the necessary conditions for the observability depend on the battery cur-
rent, the initial value of the battery capacity and the square of the derivative
of the OCV with respect to the SOC.

e The obtained observability analysis result becomes an important theoretical
support to propose a new monitoring structure. Commonly used estimation
algorithms, namely the KF, EKF, and UKF, are selected and employed for it.
Apart from providing a simultaneous estimation of battery OCV, more rapid
and less fluctuating battery capacity estimation are the main advantages of the
new proposed monitoring structure.

2.2 Battery modelling

2.2.1 Overview of battery model

Several classifications about battery models can be found in the literature. Hence, an
overview of various types of battery models will be given at first.

e Electrochemical battery model

Electrochemistry-based model has been recognized as the most precise model that
can describe the physical phenomenon inside the battery [141]. However, it relies on
complicated mathematical expressions often including partial differential equations
along with required a priori knowledge [142]. Namely, a comprehensive understanding
of the chemical reactions and physical phenomenon inside the battery is necessary.
These two factors limit the application of electrochemical battery models for control-
oriented objective. This kind of model is mainly used for the battery design and
optimization [143].

e Empirical battery model
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Empirical battery model attracts more and more researchers because of its con-
ciseness and simplicity. Normally, several mathematical expressions, which usually
include the exponential functions and polynomial functions, can describe the ageing
process of the battery cell or the battery pack if necessary [144]. In fact, the employ-
ment of the exponential functions and polynomial functions is not casual. Considering
the temperature factor during the usage of battery, the result of ageing process is in
good accordance with Arrhenius law [145]. In other words, most of the aging model
is based on the Arrhenius law. The empirical battery model is experiment-based,
which means that the parameters should be obtained through ageing or accelerated
ageing test [146]. However, there are two main shortcomings. Firstly, it requires strin-
gent experimental conditions (representative environmental and operating conditions
along with accurate measurements of eg. current, temperature, voltage, humidity,
...). Moreover, the experiment should last for several months or even several years.
Secondly, the empirical model is built for a specific technology and a specific kind of
battery. This of course limits the generalizability of the empirical model [144-146].

e Data-driven or numerical battery model

The third kind of battery model is the so-called data-driven or numerical model
[143]. In fact, this kind of model is not a model in the traditional sense. With the
help of artificial intelligence and database, this kind of model represents the “future”
research methods and directions. The “future” means that the high performance
processors in the future will help the on-line development of this numerical model. As
mentioned previously, the black box mechanism can provide convenience for modeling
the complex non-linear relationship between battery internal states and the numerous
environmental stress factors. However, the data dependence is the main drawback of
this modelling approach.

e Equivalent electrical circuit battery model

Electrical circuit model (ECM) is the most popular model in the battery research
areas, especially for control-oriented research. Simplicity, flexibility, reliability, com-
posability and practicability are the main advantages of this model.

1) Simplicity: the basic ECM is composed of several ideal components, namely,
resistor, capacitor, inductor and RC networks [112]. The obtained electrical
circuit can simulate the battery output voltage with the current as input. In fact,
the ECM has been widely used in the field of ESS (Fuel Cell and supercapacitor)
[3,14,44,147] because of its simplicity.

2) Flexibility: according to the requirements of the researchers, the complexity of
the ECM can be adjusted, which is mainly based on the specific application and
the required accuracy of the model. Namely, the specific application will decide
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“which kind of components will be used in the ECM 7”. The battery is often
used in the intermediate frequency range [44,148], which means that the EMC
is usually composed of a resistor in series connection with several RC networks
[112]. However, if needed, the inductor which represents the performance in the
low frequency and the constant phase element which simulates the phenomenon
in the high frequency could be added to the basic ECM [143]. Furthermore,
the required accuracy of the model will also answer to the question “how much
components will be used in the ECM ?7: For example, increasing the number of
RC networks in the ECM will increase the precision of the model; however, the
computational burden will also be augmented at the same time [112]. Briefly,
one more RC network will bring in one more state in the state-space equation,
which means the observer’s or controller’s design will be more difficult.

3) Reliability: ECM has been used to study the battery for a long time, and
many experimental validations have been carried out based on the battery ECM
including optimization problem, controller design, state evaluation, etc. [12,75,
80, 147] Therefore, we can reasonably consider that battery ECM has been
validated.

4) Composability: different from the flexibility, which means the ECM can be
altered in its own structure and number of components, the ECM can also be
expanded by other models. The most common example of the composability
is the battery multi-physical model [143]. Compared with the electrochemical
battery models, the main drawback of the ECM is that the parameters of the
ECM are usually constant. In other words, these parameters do not take into
account the real use conditions such as current direction, temperature change,
aging process. Therefore, in order to keep and take advantage of the ECM,
thermal model or aging model can be merged with the basic ECM to simulate
the parameter change as in real battery. As a result, the combined model
constitutes the so-called battery multi-physics model. The composability allows
the simulation of the battery electrical behaviour while including temperature
and ageing effects [149, 150].

5) Practicability: this kind of model is suitable for online EMS calculation. Es-
pecially, when the OCV can be linearized, the ECM will degrade to a linear
model, which can simplify the calculation process greatly. The practicability
makes the ECM become a valuable tool for many engineers, researchers and
even companies [80].

Based on the above analysis, the ECM is adopted in this thesis. Details will be
presented later.
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2.2.2 Dynamic equations of battery ECM

The considered battery ECM is shown in Fig. 2.3. It is one of the most widely
used ECMs [13], and it includes a double RC-network which is a good trade-off

between the error and the complexity of the model compared with single and triple-RC
structures [149].

R M A
A A e Rl e R e

1+
— Vo C C
/hﬂl t

4k
h

Figure 2.3: Battery ECM with double-RC network.

The resistor Ry stands for Ohmic resistance which includes the resistance of con-
tacts, electrodes as well as electrolytes [151]. The double pair RC captures the tran-
sient battery dynamics such as the charge transfer kinetics, the Lithium Ion diffusion,
and solid/electrolyte interface dynamics [152].

The voltage source V¢ represents the OCV which mainly depends on the battery
SOC [152]. As an example shown in Fig. 2.4, its average value, Voo (soc), is usually
a monotonically increasing function of SOC [153]. In each SOC interval, it can be
approximated by Voc;(soc) = a; - soc + b; (a; and b; are constant in the i-th SOC
interval). The nonlinearity of this curve is inevitable.

Furthermore, the battery SOC € [0%,100%] can be modeled by the classical
Coulomb counting method as given in eq. (1.1).

Therefore, the battery dynamic behavior can be described by the following state-
space representation:

dV; (t)

at Vi(t)

d‘gt(t) =M | Va(t) + N Ihatt (t)

dsoc(t) SOC(t) (28)
dt

Vbatt (t) = VOC(SOC) - Vl(t) - Vv2(t) — Rolbatt (t)
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Figure 2.4: General shape of average OCV curve.

where: . .
R1Cy 0 0 C1

-1 1
M = 0 05 0|, N= s
0 0 0 %Z

and Vpaet is the battery output voltage, V; and Vs are the voltages across the capaci-
tors Cy and Cy respectively, Ihatt is battery input current, according to its reference
direction in the Fig. 2.3, “4” means discharging process, while “-” means charging
process.

2.2.3 Dynamic equations of extended battery ECM

The battery monitoring framework not only refers to the battery SOC estimation,
but the evolution of the physical parameters due to the aging process should also
be tracked. Hence, as shown in Fig. 2.5, the battery parameters’ dynamic behavior
should be described and integrated into eq. (2.8) to constitute the so-called extended
battery model.

To take into account the parametric variation due to the aging process, the re-
lationship % ~ 0 will be considered to build an extended battery ECM, where P
is a general representation of the parameters such as Ry, Ri, Ro, Cy, Co and C,,.
Considering the parameters P will change with temperature Temp, SOC and usage
history H, the relationship P = p(Temp, soc, H) can be analyzed, where p(-) is a
nonlinear function [154]. Then, the differential of P with respect to time ¢ is:

ar dp ‘ 0T emp Op . dsoc @ ' 87H
dt  OTemp ot Osoc Ot 0H Ot

(2.9)
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Figure 2.5: Schematic diagram of extended model based battery monitoring work

Equation (2.9) equals zero with the following assumptions [154]:

e Due to the battery cooling system, the LIBs’ temperature changes slowly to

avoid heavy thermal stress, then aTgtmp ~ 0 becomes true consequently;

e A general example of city-EV given in [154] shows that ‘93?0 ~ —0.00028, which

; 9soc (-
means the battery energy is balanced, hence <5 ~ 0;

° %—? ~ 0 definitely holds since the long usage history of LIB is considered.

It has been shown that the parameter variation of the second RC network dur-
ing the aging process can be neglected [137]. Therefore, Ry and Cy are considered
as constant. Hence, only the four parameters Ry, R, C; and C, are considered as
additional state variables and will be estimated with the SOC. The updating of these
variables will cancel or at least mitigate the battery aging effect or temperature vari-
ation on the monitoring [134]. Finally, the extended battery model is shown in eq.
(2.10).

Obviously, the obtained extended battery ECM is nonlinear with seven states.
The concept of observability is useful in reconstructing the unmeasurable state vari-
ables from the measurable signals. Therefore, assessing the observability for the used
model before executing the state and parameter estimation is necessary. However,
due to the numerous states and nonlinearity, observability analysis for the extended
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battery model (2.10) is challenging and usually overlooked by most of the research
works. In [13], linear and nonlinear observability analysis methods are compared
for battery SOC estimation with ECM. It is pointed out that the observability of a
nonlinear dynamic system at a certain point is not the same as the observability of
the system linearized around the point. The conclusion that constant input current
cannot guarantee the observability for the extended battery ECM is given in [155].
However, a reference of private communication is presented as the proof for this con-
clusion. In [44], an additional pseudo random binary signal (PRBS) is added to the
input current to ensure the observability of the extended model. Recently, the ob-
servability analysis for the extended ECM without extending the battery capacity is
done in [137], where non-zero input battery current is deduced as the observability
condition. However, the observability analysis for the extended battery model needs
further discussion, which will be presented later.

¢ dVi(t -1 1
dlt() = mponm V1) + gy oac (t)
dv: —
jt(t) = R2é2 Va(t) + C%Ibatt(t)
dsoc(t) _ —nlpats(t)
dt .~ Calt)

dRo(t)
at  ~

(2.10)

= Voa(soc) = Vi(t) = Va(t) — Ro(t) - Tbatt(t)

2.3 Observability analysis

At first, the characteristic of the battery ECM is used to decompose the original ECM
into two sub-models. Then, the nonlinear observability analysis method is applied for
each extended sub-model. A schematic diagram of the proposed analysis method is
shown in Fig. 2.6, where the arrows represent the analysis process.

2.3.1 Battery ECM decomposition

The previously presented modeling process shows that the SOC model (1.1) is inte-
grated directly into the battery ECM state space representation (2.8). In addition,
as it can be seen from the state transfer matrix M, the diagonal form clearly means
that there is no mutual coupling relationship between the battery states [116]. While
the three battery states, namely Vi, Vo and SOC, are only electrically coupled in
the output function Va4t Consequently, based on the output equation as shown in
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Figure 2.6: Schematic diagram of the analysis process.

eq. (2.8), the battery ECM can be mathematically decomposed into two sub-models
which have two different outputs y; and yo respectively as shown in (2.11).

Vbatt (t) = Voc(soc) + (=Vi(t) — Va(t) — Rolpatt (1)) (2.11)

As given in eq. (2.12) and eq. (2.13), the sub-model 1 with output y; has two
states, namely V7 and Va; while sub-model 2 has only one state. Besides, the consis-
tency of the output between the original model and the sum of these two sub-models
can be regarded as a reference to evaluate whether the decomposition is effective.

av; -
[ dlt(t) ] = [ Rlél ’ Vi) + [ C% ] Tyate ()
= -1 1 a
Sub-model 1 : dva(t) 0 wma || V) o (2.12)
y1(t) = =Vi(t) — Va(t) — Ro - Tpatt(t)
S = G2 Toau (1)
Sub-model 2 : (2.13)

y2(t) = Voc(soc)

Therefore, the same constant discharge current Iy, is introduced in the original
battery ECM and the two sub-models. Simulation results with the same initial condi-
tions are shown in Fig. 2.7. The output Vit of the original model equals the sum of
the two outputs y; and yo of the two sub-models. The battery SOC is also identical
before and after decomposition.
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Figure 2.7: Validation of the consistency for the model decomposition.

2.3.2 Observability analysis for the extended sub-models

The observability for the sub-model with output y; has already been studied in [44].
Firstly, the model is extended with the zero-time derivative condition for the param-
eters as discussed in eq. (2.9). Then the nonlinear observability study is executed
based on the obtained extended nonlinear model. However, the condition to deter-
mine the observability has a complex form depending on the states, the input current,
the output voltage and their derivatives. Therefore, it is rather difficult to check the
observability conditions for the obtained nonlinear extended model. Hence, a case-by-
case demonstration with constant input signal, exponential input signal and sinusoidal
input signal is proposed. The conclusion was that the time-varying behavior of cur-
rent Iy, 1S of utmost importance to guarantee good observability conditions for the
estimation of Rg, Ry, Cj.

Therefore, in our case, only the observability analysis for the the sub-model with
output yo will be developed in the following. This sub-model can be extended as
(2.14), where the battery capacity will be estimated along with the battery SOC.

dsoc(t) _ —nlpast(t)
dt T Ca(®)
dCy(t
() (2.14)

y2 = Voc(soc)

Besides, let us recall the theorem for the observability of a nonlinear model

, where x is an nx1 state vector; y is a scalar output; u is a scalar
Yy = h(wa u)
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system input; f(-) and h(-) are nonlinear functions, at point z° [44]:

Theorem 2.3.1. If the following Jacobian matrixz J has full rank, then the nonlinear
system is observable at x°.

h(x,u)
Ly(h)(,U)
J = ?; = 8(1 Lf(hl)'(x»U) (2.15)
L Lf(hn,g)(ac,U) ]

where Y = [y, 9/, ...,y DT, U = [u, o/, ...,u DT | and the i-th derivative of the
scalar output y can be represented by Lie operator L¢(h), which is the total differen-
tiation of h:

y? = Ly(hi-1) (@, U)
= P U ) +

/ d, Oh Oh, 1 /
e.g. Yy =G = 5o f + Gou = hi(x,u,u)

Ohi_1 dU (2.16)
ou @ U

Hence, according to Theorem 2.3.1, the Jacobian matrix J for the extended
sub-model (2.14) is:

: dvi
_ Oain) _ | e ! (2.17)
d(soc, Cy) e) % ) (Mé)git(‘;gt)) .

.. — QVoc(soc) _ dVoc | dsoc _ dVoc . ( =M bats(t)
Note 1: o = dt — dsoc dt — dsoc ( Cn(t) )

Note 2: Because of the zero in (2.17), © is just a symbol to represent the corre-
sponding term in the 2 x 2 matrix, and it will have no effect on the determinant of
J.

Therefore, the observability condition for extended model (2.14) is defined by
(2.18), where several interesting concluding remarks can be drawn.

dVoc\?  lbate(t)
120 (it o (2.18)

det(J) = < )

2
1. The term (%‘ggg) induces the inherent weaker observability environment for

the battery capacity C,. Because %‘;25 is smaller than one in most ranges of

SOC, which means its square is usually smaller than itself.
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2. The input I, appears in the numerator of det(J), which means the current
value will also affect the observability condition. It has been indicated in [24]
that a higher absolute value of the determinant will lead to a better observability.
Hence, the larger the current is, the better is the observability condition.

3. As C2? is in the denominator of det(J), then its impact cannot be ignored.
A practical conclusion based on this point is that smaller initial value of the
battery capacity will enhance the observability.

To summarize, a schematic resume of the obtained necessary observability condi-
tions for the extended battery ECM is shown in Fig. 2.8.

ECM parameters Ry, R; C,

° dlpare +0
dt

(time-varying behavior of I, ,,,)

Ly

av Observability
ds,(,)i #0 :> conditions <: Ipare # 0
(Extended ECM)

it

Battery capacity C,
e Higher [,

® Smaller initial value of C,

Figure 2.8: Schematic resume of the observability conditions for extended ECM.

Note that these observability conditions are necessary but not sufficient for battery
monitoring. Because the observability of the model (2.10) will definitely be weaker
than the observability of each sub-model. However, the proposed observability anal-
ysis method can avoid applying the nonlinear observability method directly to the
extended battery model, which would be tricky.

2.4 New structure for battery state and parameter esti-
mation
2.4.1 Battery model discretisation

Since the battery state and parameter estimation is usually carried out in discrete time
domain inside BMS [156], the battery model discretisation process will be presented in
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this section firstly. The zero-order hold approximation is used in this thesis, details are
shown as follows [157]. Consider a general expression of ordinary difference equations:
dz(t) dz(t)

ST ax(t) + bu(t) = R ax(t) = bu(t) (2.19)

therefore, multiplying both sides of eq. (2.19) by e~ the following expression can
be obtained:

e |45 - a(0)] = [e='a(t)] = e *%bu(r)

. (2.20)

td —e—at — = tefaTUT T
| 4 et ar =eta(t) —a(0) = [ e urya

Besides, we wish to evaluate z(t) at discrete times z[k] = z(kAt), where At is the
sampling period [157]. Hence:

(k+1)At
zlk+1] = z((k + 1)At) = e®*+DA () 4 / U EHDA=T) (A7 (2.21)
0
then, the integral in eq. (2.21) is split into two parts as following [157]:

kAt (k+1)At
Z‘[k‘—Fl] :eaAteakAtx(O)+/ ea((k+1)At_T)bu(T)dT+/ ea((k—i—l)At—T)bu(T)dT
0 kAt
kAt (k+1)At
:eaAteakAtx(O)_’_/ eaAtea(kAtfr)bu(T)dT_f_/ ea((kJrl)Ath)bu(T)dT
0 kAt
(k+1)At
= *Aly(kAt) + / e ((FHDAL=T) by, (1) d 7
kAt
(k+1)At
= Ay [k] +/ e“((k"’l)At_T)bu(T)dT
kAt

Furthermore, u(7) is assumed to be constant from kAt to (k + 1)At, and equals
to u(kAt) [157]. Hence:

(k+1)At
z[k 4 1] = Bty [k] 4 ealk+DAL / e~ 7dr | bulk]
kAt
1 (k+1)At
__ ,aAt a(k+1)At - —ar
=e*z[k] +e ——e bulk]
( PR A ) (2.22)

— oDl 4 1 atkinya (e—akAt _ e—a(k'+1)At) bulk]
a

1
_ eaAtm[k,] + =

; (e — 1) bulk]
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As a result, eq. (2.22) is used to deduce the discrete time model. For example, in
ou:case, z[k] = V1lk], a :_F;—él, b= C% and ulk] = Ipatt[k]. Therefore, Vi[k + 1] =
emicr 2y, [k] + Ry - (1 —eFiC AIt) - Inatt[k]. Finally, the discrete time version of model
(2.8) is

Vi(k+1) Vi(k)
Va(k+1) | =A| Va(k) | + Bloat(k)
soc(k + 1) soc(k) (2.23)
Viatt (k) = Voc(soc) — Vi(k) — Va(k) — Rolvatt (k)
where,
e =T
eR1C1 0 0 Ry - (1 —eRriCr)
A= 0 et 0|, B= Ib-ﬂ—e@%)
—nT
0 0 1 u
Note that we use “( )” to express the discrete time model instead of “[]” thereafter.

k is the time index. The sampling period is T'.

In addition, considering the uncertainty of the modeling and data acquisition
process, stochastic model is employed instead of a deterministic one. Hence, wy, ws, ws
are additive model errors. Using the common random walk model [137], w4, ws, wg, w7
are added to the slowly varying parameters and v is the measurement noise. It is
assumed that all noises are additive white gaussian (AWG). Finally the extended
discrete time model is given in eq. (2.24)

Vi(k 4 1) = eS0T Vi (k) + Ry (k) - (1= 50050 ) - Ty (k) + o1 (k)
Va(k + 1) = e Vo (k) + Ro - (1 - e%>  Toase () + wa (k)
soc(k 4+ 1) = soc(k) — C”—{k) Ipare (k) + w3 (k)

Ro(k +1) = Ro(k) + wa(k) (2.24)
Ri(k+1) = Ry (k) + ws(k)
Ci(k+1) = Cy(k) + we(k)
Cn(k +1) = Cyu(k) + wr(k)

Voatt (k) = Voc(soc) — Vi(k) — Va(k) — Ro(k) - Tnatt (k) + v(k)

By the way, the classical estimation methods will be reviewed rapidly based on the
discrete time model (2.24) before presenting the new cascaded estimation framework.
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Based on (2.24), one way to execute the state and parameter estimation is to use a sin-
gle observer, which is called joint estimation method. Another way that resorts to two
parallel observers is named as dual estimation method, where parameter estimation
can be isolated. Thus, it makes the multi-timescale estimation possible [120]. Al-
though employing more advanced observers can improve the monitoring result based
on these two classical estimation structures, the improvement is limited due to the
incorrect parameter grouping.

The necessary observability conditions have shown that the battery usable capac-
ity estimation has a higher demand for the observability condition. Especially, its

P
inherent weak observability caused by the term (%Zgg) is challenging. It is better

to estimate the battery usable capacity separately. Hence, the new proposed cascaded
framework for battery state and parameter estimation is shown in Fig. 2.9, where
X (X = SOC,Rg,Ry1,C1, Vo, Cy) stands for the estimated vector. Three estima-
tion modules can be clearly observed from this schematic representation, namely, the
battery capacity estimation, the battery OCV estimation and the battery SOC and
ECM parameter estimation. Besides, the aforementioned three parts are connected
together by some key state variables. Details for each part will be introduced in the
following sections:

»S0C

1 batt .
> R .
EKF R
»R |
, %
1
Vball 1
A4 \ 4 Y

7~
iy
o>

UKF

\ 4
»

Figure 2.9: New proposed structure.
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2.4.2 Battery actual capacity estimation

A novel method to separate and estimate the usable battery capacity C, is introduced
here, where the Coulomb counting model is reused. In addition, Voc(soc) is used as
the output model in this module because of its inherent relationship with SOC.

Hence, after adding C,, as an additional state, the on-line monitoring model pre-
pared for the battery capacity is given in (2.25).

soc(k + 1) = soc(k) —
Cu(k+1)=Cy(k )+’72(
yo(k) = Voc(soc) + 0(k)

where: the added noises 1 2 and ¢ are AWG.

Moreover, UKF, as a more powerful nonlinear observer, is selected for this two-
state nonlinear model. This choice cannot only guarantee the estimation performance
of Cy, but also limits the increase of on-line calculation burden due to the separation.

However, the output equation yo in (2.25) is the battery OCV, which cannot be
measured during the battery operation. Hence, the prediction step in the UKF will
be corrected by OCV estimation (introduced in the next section) used as an input for
the battery usable capacity estimation.

)Ibatt(k) + 71(’5)
) (2.25)

2.4.3 Battery OCYV estimation

The estimated battery OCV plays an important role in the new cascaded framework.
As it can be noticed in Fig. 2.9, this module makes the connection between the esti-
mated SOC and ECM parameters and the estimation of the battery usable capacity.

Broadly speaking, online OCV estimation techniques can be divided into two fam-
ilies, namely, observer-based and regression-based methods. For instance, in [130],
EKF is employed to execute online parameter identification as well as OCV estima-
tion. In [158], Hy filter is applied to obtain the OCV curve within 2s instead of using
the traditional OCV tests such as incremental OCV or low-current OCV test which
usually takes 3-5 days. On the other hand, the classical recursive least-squares (RLS)
algorithm and its numerous variations can also realize OCV estimation. For example,
n [133], multiple adaptive forgetting factors RLS, which can cope with the different
varying rates of different parameters is proposed in order to distribute a forgetting
factor to each parameter that needs to be estimated.

The models for observer-based and regression-based OCV estimation methods are
described in section 2.4.3.1 and 2.4.3.2 respectively!. Firstly, based on Fig. 2.3, the
battery model can be expressed as (2.26), which is obtained with the zero-order hold

!Detailed comparative study of OCV estimation methods has been published in: Jianwen MENG,
Moussa BOUKHNIFER and Demba DIALLO, Comparative study of lithium-ion battery open-circuit-
voltage online estimation methods, IET Electrical Systems in Transportation, vol. 10, pp. 162—-169,
2020.
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approximation introduced previously. However, at first, the Vpoc is regarded as a
constant term in order to deduce the desired model [78,133,158]

Vi(k + 1 Vi(k
A DR B VA
Vo(k +1) Va(k)
(2.26)
Voate(k) — Voo = C ik (k)
batt oC VQ (]{2) batt
where,
r -7
eR1C1 0 ap O
A= | =
0 e R2Cg 0 a2
N b
— 1+1
g | ull=e . - [ ! ]
| Ro(1 - eTe%2) b2
C =[-1,-1]
D= —Ry

2.4.3.1 Auto regressive exogenous model for OCV estimation

For the purpose of applying the regression-based method, z-transform pairs for the
discrete time model (2.26) between time-domain and frequency-domain is used to de-
duce the required auto regressive exogenous (ARX) model for estimating the battery
OCV.

&) _ce1- 4B+ D)
U(z) (2.27)
Voatt(2) = Voo _ [ba(as —2) +ba(ar —2) o '
Toate (2) (z —a1)(z — az) 0

where, A, B, C and D are the corresponding matrixes and scalar of model (2.26); I is
a unit matrix with corresponding dimension; Y (z) and U(z) are the output and input
of eq. (2.26) in the z-domain corresponding to Vhait (k) — Vo and Ipagt (k) respectively
in the time-domain; z is the z-transform operator. Note that Vo is regarded as a
constant during the transformation process.

Applying the inverse z-transform (z[n—k] < 27 *2(2)) for eq. (2.27), the following
recurrent equation can be obtained after simplification and recombination [78]:



New structure for battery state and parameter estimation 87

Vibatt (k) =(a1 + ag) Vpa (k — 1)
— a122Viatt (K — 2) — Rolpatt (K)
+ (Roa1 + Roag — by — ba)Ipate(k — 1) (2.28)
+ (b1az + bea; — Roaiag)lpate (b — 2)
+ (1 —a1 —az +aja2)Voc

Consequently, the ARX model of the battery can be obtained by rewriting eq.
(2.28) into the following form:

Viait (k) = ¢' (k)0 (2.29)

with ¢ = [Vipatt (kK — 1), Viatt (K — 2), Ipate (K), Ipatt (K — 1), Ipage (k — 2), 1]’; and
0 = [01,02,03,04,05,06), where:

01 = a1 + ag;

o = —ajag;
A3 = —Ry;
’ 0 (2.30)
4 = Roa; + Roag — by — bo;
5 = biag + boa; — Roajas;
Og = (1 —a] —ag + alag)Voc;
and the battery OCV can be deduced as [78]:
0 O¢
Voo = > = 0 (2.31)

(1—a; —ag+ajas) (1—0;—02)

In fact, eq. (2.29) is a simple linear mathematical model where Vit (k) and
Ivatt (k) are the measurable signal, @ is the parameter vector to be determined, the
known vector ¢ (k) is called regression variables or regressors [78].

2.4.3.2 Extended battery ECM for OCV estimation

Thanks to the zero-time derivative condition, namely d\g% ~ 0, the estimation of the
battery OCV can also be done similarly based on the model (2.32) which is extended
based on (2.26) [130,158]. Furthermore, because the estimation of OCV is integrated
in the new structure as shown in Fig. 2.9, the related parameters in the extended
model (2.32) will be updated by the battery SOC and ECM parameter estimation
module.
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Vi(k+1) Vi(k) e1(k)

Volk+1) | =F(k+1)| Va(k) |+ G(k+1)Ipae(k)+ | e2(k)
Voc(k+1) Voc(k) es(k)

oc -~ ocC 3 (2.32)

Vbatt(k) =H Va(k

where: the added noises €13 and ¢ are also AWG, and:

[ cFTe® 0 0
F(k) = 0 0 0 | H=[-1,-1,1]
i 0 0 1
r —-T
Ri(k) - (1 — eR1(RICi(R))
Gk)=| Ry.(1-emtz) |.J(k) = —Ro(k)
0

Obviously, the extended battery model (2.32) is linear, where the battery OCV
could be estimated along with the other two battery states V; and Vo during the
operation. Note that there is no assumption on the linearity of the OCV-SOC curve
during the battery modeling process. The linear model (2.32) is obtained with the
assumption d\é(t)c ~ 0.

The comparative study between the observer-based and regression-based OCV es-
timation methods can be found in [78]. Although the regression-based OCV estima-
tion algorithms can provide an independent OCV estimation, observer-based method
exhibits better OCV estimation performance from the perspective of accuracy. Hence,
observer-based OCV estimation is employed here in order to connect the other two
modules.

Obviously, the full rank characteristic of the observability matrix of this linear
model can be easily verified. Therefore, the classical linear Kalman Filter(KF) is
used in this module as shown in Fig. 2.9.

2.4.4 Battery SOC and ECM parameter estimation

Due to the isolation of the battery usable capacity estimation, only the first six states
of the state model in eq. (2.24) and its measurement model will be kept and used to
estimate the battery SOC and ECM parameters. Hence, the battery SOC and ECM
parameter estimation module in Fig. 2.9 is executed based on the extended model
(2.33).
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VA(k 1) = eS0T Vi (k) + Ra (k) - (1 = 5709 ) - g (k) + w1 (k)
Va(k + 1) = €% Va(k) + Rz - (1= %% ) - Fyaus (k) + wa (k)

soc(k+ 1) = soc(k) — s - Tuen (k) + w3 (k)

Ro(k +1) = Ro(k) +wa(k)
Ri(k +1) = Ri(k) + ws(k)
Ci(k+1) = Cy(k) + wg(k)
Viatt (k) = Voc(soc) — Vi(k) — Va(k) — Ro(k) - Tvate (k) +v(k)

(2.33)

Note that repetition of the Coulomb counting model is inevitable, because the
measured battery terminal voltage is an integral term, which cannot be divided into
different components respectively.

Besides, EKF, as one of the most used observers, is selected for this module in order
to cope with the nonlinear and high-dimension hyperspace. It should be pointed out
that the battery capacity C,, is updated by the previously mentioned module. Thus,
the combination of linear and different nonlinear state tracking methods can make
the new structure maintain the on-line calculation burden as small as possible.

Moreover, for the battery OCV estimation module, the estimation of the polar-
ization voltages V7 and V5 cannot be simply considered as done two times, i.e. during
the estimation of SOC and parameters, as well as the estimation of OCV. Because in
the kth step, the battery SOC and parameter estimation module uses the information
of the (k-1)th step; while the state transfer matrix F(k) and the so-called control in-
put matrix G(k) of (2.32) are calculated with the latest information of the kth step,
namely the estimation is executed with the updated battery ECM parameters.

2.5 Numerical verification

2.5.1 Observability conditions’ assessment

All the battery parameters used in this section, including the coefficients of a seventh-
order polynomial OCV curve as shown in eq. (2.34), are taken from [12]. They are
identified through the pulsed charge and discharge tests of a pouch cell LIB. The
hardware-in-the-loop validation has been done in order to confirm the proposed model
and parameters [12].

Voc(soc) =ai- soc” + as - soc® + as - soc® + aq - soct...

2.34
..+a5'soc3+a6-8002+a7-socl+a8 ( )

Firstly, as shown in Fig. 2.10, three special periodic input currents Ij,i; are
considered. In one cycle (300s), the LIB is discharged and recharged by a dynamic
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current during a small time period at the beginning; then a constant discharge current
is applied to the battery; and finally the battery will be idle until the next period.
Besides, in order to verify whether the current value will affect the estimation of the
battery capacity, three constant discharge values are selected, namely 10 A, 15 A and
20 A.

80
60 20 A
/ /15A
/
— 4 / 4 410-A
< 0 ) )/ /,IUI-\
7
g 20 S, _ .
= 4 I
=
20
5
g
—-20
40
-60

0 100 200 300 400 500 600 700 800 900 1000
time (s)

Figure 2.10: Three different input currents for the battery.

Note that the 20 A discharge current is the default value. The EKF is initialised
with the vector xo=[V1, V2, SOC, Ry, R1, Cy1, Cy]=[0, 0, 0.8, 0.001 ©, 0.0035 €,
17000 F, 18 Ah] in the simulation test if there is no further indication.

o % # 0 (variable battery input current)

Although there are three estimated ECM parameters, the estimation result of Ry
will be discussed as an example. Because the estimation of R; and C; are executed
based on the same extended battery model with the same zero-time derivative condi-
tion. In order to verify the observability condition for the ECM parameter estimation,
a simulation test is conducted in which Ry will increase slowly in the battery model.

The estimation results are shown in Fig. 2.11, Fig. 2.12 and Fig. 2.13. In Fig.
2.11, the blue line is the estimation of Ry by EKF. Fig. 2.12 shows the corresponding
input current and Fig. 2.13 is the corresponding estimation error. From Fig. 2.11
and Fig. 2.13, we can deduce that the observer estimates efficiently the resistance
only when the input current is variable. Besides, even when Rg is constant in the
first 1500s, the fluctuating characteristic of the estimated Rg in Fig. 2.11 can be
found evidently. This can be explained from the perspective of observability. The
fluctuating characteristic of the estimated Ry is due to the input current dynamics.

e Battery input current level
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Figure 2.11: Verification of the time-varying behavior of It on the estimation of
ECM parameters.
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Figure 2.12: Corresponding input currents for the battery.
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Figure 2.13: Estimation error of Ryg.

On the other hand, three previously mentioned input currents are fed to the
battery ECM in order to verify whether the input current value will influence the
observability condition of battery capacity C, estimation. Considering the effect of
randomness in measurement noise, a simple quasi-Monte Carlo simulation test is
conducted with 100 estimations. The estimation result based on eq. (2.24) is shown
in Fig. 2.14. It confirms that a higher value of the battery input current improves
the convergence speed of the battery capacity C, estimation.

e Initial capacity value

In order to evaluate the effect of the battery capacity initial value, the estimator is
initialised with three sets of different values, namely 17 Ah and 23 Ah, 18 Ah and 22
Ah, 19 Ah and 21 Ah. To minimize the randomness effect, the estimator is executed
with 100 sets of synthetic data. The estimation result in Fig. 2.15 shows that a
smaller initial value of C, can guarantee a rapid convergence speed for tracking the
reference value. This confirms the experimental results from [28] as shown in Fig.
2.16, where usable battery capacity estimation is executed with the extended battery
model with joint/dual EKF estimation frameworks.

2.5.2 Evaluation of the new estimation structure

The effectiveness of the new structure will be verified in the following. Comparison
with estimation results from the joint estimation frameworks composed of EKF or
UKF respectively will be presented. Firstly, the characteristics of the noises are shown
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Figure 2.14: Battery input current level effect on battery capacity estimation.

in table 2.2, which are set according to the existing works and several tests. For the
joint estimation frameworks based on eq. (2.24), the vector ¢ will be used to initialise
the EKF or UKF. In the new structure, the initial value of battery OCV is set to 3.5
V, and the other initial values are the same as in the vector x.

First of all, as a specific term appeared in the new structure, the estimation result
of OCV is shown in Fig. 2.17 and Fig. 2.18. Firstly, as it is shown in Fig. 2.17, the
OCYV estimation converges rapidly to the reference value, and can track the dynamic
change of the battery OCV. Then, from the OCV estimation error in Fig. 2.18, KF is
capable of providing an accurate estimation, which is important to connect the other
two estimation modules based on EKF and UKF as shown in Fig. 2.9.

Then, the estimation results of the other parameters are shown in Fig. 2.19, Fig.
2.20, Fig. 2.21, Fig. 2.22 and Fig. 2.23. As it can be seen from Figs. 2.19, compared
to joint EKF or joint UKF the main improvement with the new structure comes from
the estimation of the battery capacity. Not only the convergence speed is more rapid,
but also the estimation is less fluctuating and more accurate.

Furthermore, as for the computational cost, ten simulation tests are executed for
these three monitoring algorithms. The current cycle duration for each test is 8500 s.
The simulation was performed by using discrete-time model with a sampling period
equal to 1 s, with Matlab/Simulink R2015b, on a desktop with an Intel Core i7-6700
CPU 3.4GHz and 8 Go RAM. The average calculation time of these ten simulation
tests for each monitoring algorithm is listed in table 2.3.

However, this is only a general discussion of the computation load of the new
proposed monitoring structure. Because the multi time-scale can also be introduced
into the new structure, which means the sampling time period for the battery capacity
can be extended to a larger value according to the application. For example, the
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Figure 2.15: Initial capacity value effect on battery capacity estimation.
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Figure 2.16: Experimental validation results of [28] for battery usable capacity estima-
tion with the joint/dual estimation frameworks. (a),(b) are the capacity estimation
result with dual estimation framework; (c),(d) are the capacity estimation result with
joint estimation result. Both of these two experimental validations are tested with
smaller (1 Ah) and larger (2 Ah) initial values in EKF than the true value of 1.5 Ah.

Table 2.2: Characteristics of the added noises

w1 ~ N(0,1 x 1078)

71 ~ N(0,1 x 1077)

wg ~ N(0,1 x 1078)

71 ~ N(0,1 x 10710)

w3 ~ N(0,1 x 1079)

§ ~N(0,1 x 107%)

wy ~ N(0,1 x 10712)

g1 ~ N(0,1 x 1078)

ws ~ N(0,1 x 10719)

g9 ~ N(0,1 x 1078)

we ~ N(0,1 x 10719)

g3 ~ N(0,1 x 1079)

wr ~ N(0,1 x 10719)

¥ ~ N(0,1 x 1079)

v~ N(0,1 x 1079)
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Figure 2.18: Estimation error of the battery OCV.
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structure (Ry).
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capacity estimation can even be performed quarterly or semiannually because of its
slow time-varying property [135]. Thus, the new structure has similar computational
loads than the traditional frameworks. Moreover, one potential advantage of the new
structure should be pointed out. That is, working with multi time-scale, namely the
usable battery capacity estimation part in Fig. 2.9 is executed with a longer sampling
time, the battery ECM parameters can still be estimated and updated even when the
battery capacity estimation is not activated.

Table 2.3: Computation efficiency of the new proposed monitoring structure.

Joint EKF  Joint UKF New structure
Average calculation time (s) 0.264 3.813 1.986

2.6 Conclusion

In this chapter, a new model-based battery monitoring framework is proposed. Firstly,
the battery internal characteristic is fully used for the theoretical observability anal-
ysis. Namely, the independent characteristics of the battery states lead to a model
decomposition. Thus, the original battery ECM has been decomposed into two sub-
models. Each sub-model contains different battery states and parameters, hence each
of them is extended in order to be analyzed. Therefore, after the nonlinear observabil-
ity analysis, the necessary observability conditions are clearly listed for the battery
ECM parameters and battery capacity.

Several key points for the battery state and parameter estimation based on the
extended battery ECM are as: Firstly, the battery capacity estimation based on the

2
extended ECM depends on (dd\;c0>5> , which induces the inherent weak observability.

Secondly, smaller initial value of the battery capacity will guarantee a better local
observability condition, which will consequently lead to a rapid convergence speed.
Thirdly, the battery state and parameter estimation based on the extended ECM
depend on the battery current, namely both the current amplitude and its time-
varying behavior will affect the observability.

The proposed battery state and parameter estimation is still based on the ex-
tended battery model and well established estimation algorithms. The new proposed
battery monitoring structure has extended the traditional battery diagnosis frame-
work, namely joint estimation and dual estimation method. A new direction for the
battery parameter grouping is proposed. Furthermore, the obtained battery param-
eter estimation conditions are important in practice, where a way of improving the
battery state and parameter estimation is provided.



CHAPTER 3
Battery incipient short circuit
diagnosis

3.1 Introduction

The safety operation of LIBs is of vital importance for the development of EVs.
However, LIBs do have some potential safety issues that threat the reliable vehicle
operation. As introduced previously, overcharge (OC), overdischarge (OD), internal
short circuit (ISC) and external short circuit (ESC) are four common electrical abuse
conditions that may lead to battery thermal runaway (TR) [5-7]. And TR is a
catastrophic failure of on-board batteries [8]. Although researchers have never ceased
to explore the mechanisms of TR, deep insight is still premature [9-11].

Therefore, the fault diagnosis and mitigation strategies for EVs’ battery play a
critical role. In other words, consistent effort is invested to prevent TR of on-board
batteries. To this end, the EVs’ battery, typically made with hundreds to thousands of
cells, is completely controlled by a smart BMS. Monitoring and assessing the battery
states such as SOC and SOH can not only essentially avoid the battery OC and OD,
but also they can indirectly prevent the occurrence of thermal hazard [116,135,159].

Moreover, directly detecting the battery electrical abuse faults at an early stage
can also prevent further deterioration. This is unfortunately challenging, because
during the incubation period of TR, neither electrical nor thermal symptoms of the
battery faulty conditions have significant difference from the normal one [5, 160].
Hence, the battery FDD has became a hotspot research topic in terms of BMS re-
cently. In fact, short circuit (SC) under electrical abuse conditions, including both
ESC and ISC, is an important stage before TR. While hard SC (m{2 magnitude of
short resistances) will directly induce serious thermal hazard. Therefore, its detection
results will be meaningless due to no time to take corresponding reaction [8]. On the
contrary, soft SC (the value of the SC resistance should be evaluated with respective
to the battery internal resistance, e.g. short resistances of 100/10/1 Q) needs time to
evolve into thermal accidents [8,87]. Evidently, SC detection for the soft SC is more
meaningful.

The SC detection can be, for instance, carried out by thermal analysis. In [161],
a 3D electrochemical-thermal model is built to simulate various ISC scenarios and
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ISC detection is addressed from a model parameterization and the parameter estima-
tion perspective. In [162], residual-based battery thermal fault detection is achieved
based on nonlinear observers and a two-state thermal model. However, from the
aspect of security, the temperature-aware level fault often means that TR has been
formed [160]. Hence, the battery SC diagnosis based on electrical signals, namely the
measured battery current and voltage, is more popular. In [89,163], model-based ESC
detection scheme is proposed using different models for faulty and healthy conditions,
which are obtained from their conducted abuse experiments. In [164], a model-based
switching model method is proposed to detect the ISC and quantitatively calculate
the ISC resistance. In [160], soft SC diagnosis is executed with the help of remaining
charging capacity variation inside battery pack. In [8], an ISC detection method for
battery pack is proposed by identifying the parameters of cell difference model, where
the voltage difference between each cell is described with a simplified ECM model.
Furthermore, soft SC quantitative analysis is developed with the cell difference model
and state estimation algorithm in [165].

Although the aforementioned research works have made remarkable progress in
battery soft SC diagnosis and detection recently, more general solutions from the
perspective of control-oriented work still need to be studied. That is, how to take
advantage of the existing literature, including validated model and experimental in-
formation, to propose a general method of soft SC diagnosis is challenging.

To this end, this chapter is dedicated to battery soft SC detection, which is mainly
carried out through a slightly modified battery ECM. The main contributions of this
chapter are:

e Firstly, the traditional battery ECM is modified slightly by adding an equivalent
SC resistance. Then, state-space representation for the battery SC model is
introduced and used as a basis for applying a robust fault estimator, which
is designed with linear-matrix-inequalities. Hence, the SC detection topic is
converted to an estimation of the SC current flowing into the equivalent SC
resistance.

e Furthermore, considering the nonlinear characteristic of the battery OCV curve,
the concept of Takagi-Sugeno fuzzy model is introduced to propose a weighting
function self-regulating observer for battery SC detection. The general idea is
to use the robust observer design result for several different independent linear-
time-invariant models. In addition, an optimization step for the membership
function tuning is mandatory. Hence, genetic algorithm has been used for this
optimization. The result is satisfying and the obtained membership functions
are able to provide an optimal combination of the independent linear robust
observers.

e Last but not least, considering the environment, modeling and measurement
noise, accuracy of the SC estimation is a challenge. In other words, the fault
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signal is usually corrupted with noise, especially when the SC fault is at its
earliest stage. For this typical challenge, the aforementioned model-based re-
search work is combined with a method using statistical information. Namely,
the obtained estimated SC current is treated as a time-series signal, and then,
the Cumulative Sum method is used to detect the tiny change of the signal due
to the incipient fault.

3.2 ECM with short circuit resistance

As shown in Fig. 3.1, both ISC and ESC can be described as a healthy battery ECM
connected in parallel with an equivalent short resistance Rg.. Therefore, for a battery
cell whose internal resistance is usually in the level of m{2 , when Rg. lies in the
following range 100/10/1 €2, both ISC and ESC can be regarded as soft SC [8]. In
fact, this modification is not baseless. In [166], it is proposed to simulate the battery
self-discharge phenomenon, where a very high value of 1 x 104 is used. Besides, this
kind of structure has already been used to analyze the battery SC in recent years,
including both ISC and ESC [8,164,167].
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Figure 3.1: Battery ECM with SC resistance.

3.2.1 Model description

1. The resistor Ry, double pair RC and voltage source Voc have been described in
the last chapter, and Vi, Vo and V4.1t have the same definition as before.

2. Ipatt is the battery known input current, according to i