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ABSTRACT

The lithium-ion battery has become an important energy source for many
applications due to its numerous advantages such as high energy density, lack of
memory effect, low self-discharging rate, and long cycle life. This also makes it a very
promising candidate for pico- and nanosatellites that have space and weight constraint.
For high performance and reliability, it is necessary to have accurate knowledge of the
present condition of the battery and the remaining battery life. Among the many ways
to monitor the battery conditions, estimation of battery’s state-of-charge (SOC) is one
of the critical tasks in battery management of the satellite power subsystem. Since the
satellite operates at different temperatures throughout the orbit, its operating
temperature, which is the most significant factor that affects the SOC estimation, must
be taken into consideration. In this thesis, four different SOC estimation methods for a
satellite have been progressively proposed and developed.

Under different orbital periods, the satellite operates with different subsystems.
Taking advantage of different operational scenarios of satellites in different orbits, a
SOC estimation method using ampere-hour counting with impulse response reset is
proposed and developed. The impulse response is obtained from turning on/off of
satellite subsystems and payloads that occur by the satellite operations rather than using
an artificial injected pulse. The charging and discharging dependency on current have
been considered and taken into account as the charge and discharge rate factors in the
method. Moreover, integral resets can be conducted at all SOC levels instead of the
traditional fully charged/discharged state. It eliminates the risk of increasing the number

of fully charged and discharged cycles thus extending the battery life span. For this

Vil



approach, it requires a lookup table to store the various impulse responses which vary
at different operating temperatures.

To further improve the performance, a SOC estimation method using the square
root unscented Kalman filter (Sqrt-UKFST) with unit-sphere spherical transform has
been developed. The Sqrt-UKFST takes advantage of Jacobian-free linearization, which
is one of the major drawbacks of extended Kalman filter (EKF) based methods used in
SOC estimation. It has a higher error order (second order) than EKF (first order). When
it is compared with the unscented transform, fewer sigma points are needed for
estimation of sample mean and covariance by using the spherical unscented transform.
This results in 32% lower computational requirements. The satellite’s operating
temperature varies across the orbit and it is one of the critical factors that affect the
battery parameters. To include the temperature factor, the SOC estimation with a dual
square root unscented Kalman filter (DUKFST) has been developed. In this approach, a
dual unscented Kalman filter is used to update battery parameters at different
temperature through adaptive covariance matching. The temperature effect on open-
circuit voltage (OCV) has been modelled in the DUFKST. All Kalman filter (KF) based
methods require the knowledge of measurement and process noise. If not determined
properly, it can lead to poor performance in terms of filter divergence and instability. A
SOC estimation based on particle swarm optimization (PSO) with inverse barrier
constraint is proposed to overcome these drawbacks. This method neither needs to

linearize the model nor requires the information on measurement and process noise.
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CHAPTER 1: INTRODUCTION

CHAPTER 1

1. INTRODUCTION
1.1 Background

Miniaturized satellites such as cubesats and nanosatellites are becoming important
tools to carry out space science and technology research for educational institutions [1-
5]. They are attractive for several reasons. One of which is the much reduced cost as
compared to that of the conventional satellites. Among the many subsystems of satellite,
an electrical power subsystem is one of the key systems [6, 7]. With advanced battery
chemistries such as lithium-ion, electrical power systems can be developed with smaller
form factor and lighter weight without compromising its performance [8, 9]. For a
satellite, its battery must be reliable and capable of delivering the required power when
needed. Once it is launched into space, maintenance or repair work is no longer feasible.

The battery state-of-charge (SOC) is the amount of energy remained as compared
to its rated-energy. It provides an indication of current charge left in a battery before it
has to be charged. SOC estimation is similar to the “fuel gauge” function. It has become
an important issue in battery technology in terms of optimizing the battery performance
by indicating the usable charge before recharging. Many types of batteries such as
lithium-ion are sensitive to deep discharge or overcharge because it can lead to
irreversible damage to the battery. SOC plays an important role in regulating charging
and discharging process thus extending the battery life, which is vital to the power
supply system used in miniaturized satellites. Reliable and accurate SOC estimation is
important in managing a battery to its optimal performance level. There are many

approaches to predict the SOC [10-22]. These include battery impedance based methods
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(electro impedance spectroscopy), current-based (ampere-hour) methods, voltage-based
methods and techniques involving Kalman filter (KF), artificial neural networks (ANN)

and state observers.

1.2 Motivations

Many methods have been presented in the literature to perform SOC estimation.
Most of these methods are designed for commercial usages and need to be modified for
space applications. The traditional ampere-hour counting method is the simplest in terms
of computational requirements and ease of implementation. It requires proper resets
points in the long run to maintain the accuracy due to the nature of the open loop
estimator. The ampere-hour counting method provides fairly accurate SOC estimation
with proper reset points. The typical reset points are the fully charged and discharged
states of the battery. This requires the battery to go through the complete charge and
discharge cycle which severely affects the battery life span and shorten the satellite life
span as a result. To overcome the shortcomings, it will be advantageous to have a
method that can reset the SOC at any charge or discharge state. This will improve the
battery life span as it will reduce the battery charge and discharge full cycle usage. The
possibility of taking advantage of the satellite operating environment to help resetting
the ampere-hour counting method will be investigated.

Even with the proper reset points, the ampere-hour counting method still lacks the
dynamic and close loop features of model based estimation. Among the model based
SOC estimation, the extended Kalman filter (EKF) is the most common. However, it
has the drawbacks of linearization accuracy and Jacobian matrix derivation. A new
model based SOC estimation that overcomes these shortcomings is required. Miniature

satellites such as nanosatellites have limited computational power as compared to that
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of the large scale satellite. It will be advantageous if a new method has reduced
computational load. Most of the traditional SOC estimation methods have been
performed at room temperature. For satellite applications, the temperature varies across
the orbit which will affect the SOC estimation. With this consideration, temperature
dependent SOC estimation is needed for satellite application.

All Kalman filter (KF) based methods are affected by measurement and process
noise. In addition, they require the noise to be Gaussian in nature for optimal results. If
the process and measurement noise information is not determined properly, it can lead
to poor performance and affect the filter stability. Since it uses the model based approach
in the estimation, battery model parameters need to be identified through experiments
using a customized load profile such as pulse identification to model the battery
response. To overcome these shortcomings, a method to estimate SOC without the need
to identify the battery parameters and any process and measurement noise is required.

After considering these drawbacks and issues, the aim of this thesis is to propose
and investigate the most suitable SOC estimation methods for a nanosatellite, using real
time state estimator algorithms. This will enable the nanosatellite to operate its battery
to full potential, which is vital to a satellite power supply system and its operating

lifespan.
1.3 Objectives

The objectives of this thesis are as follows:
s To study different lithium-ion equivalent circuit models and select a suitable
battery model for satellite applications.
+« To investigate and propose new algorithms to estimate SOC of battery used

in a nanosatellite.
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% To investigate the temperature effect on SOC estimation and propose a new

approach to include the temperature effect in the estimation.

1.4 Main contribution

The main contributions of the thesis are as follows:

% A SOC estimation method using ampere-hour counting with impulse response

R/

reset is proposed and developed in chapter 3. For this proposed approach, the
impulse response is obtained from the turning on/off of satellite subsystems
and payloads that occur by the satellite operations rather than using an artificial
injected pulse. The charging and discharging dependency on the current have
been considered and taken into account as the charge and discharge rate factor
in the method. Moreover, the impulse response resets can be conducted at all
SOC levels instead of the traditional fully charged and discharged state. It
eliminates the risk of increasing the number of fully charged and discharged
cycles thus extending the battery life span.

A SOC estimation method using square root unscented Kalman filter (Sqrt-
UKFST) with unit hyper sphere spherical transform is proposed and developed
in chapter 4. The Sqrt-UKFST does not require linearization of the system. The
square root characteristics improve the numerical properties of state
covariances. It is also less sensitive to parameter variation than that of EKF.
Spherical transform uses fewer sigma points, which reduces the computational
requirement of traditional unscented transform. Besides the computational
reduction, spherical transform requires only one weighting parameter instead
of three required by the regular unscented Kalman filter (UKF) and the sigma

points are distributed on the unit sphere model for a better controllability of
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sigma point distribution. The experimental results show that the proposed
method has an absolute root mean square error (RMSE) of 1.42% and an
absolute maximum error of 4.96%, which are lower than those of other
methods such as the ampere-hour counting, fuel gauge IC and EKF. In terms
of performance improvement, it represents 37% and 44% improvement in
RMSE and maximum error respectively when compared against EKF. For
computational comparison, it has 32% less requirement than that of the regular

UKEF.

X/

% Based on Sqrt-UKFST, a dual square root spherical unscented Kalman filter
(DUKFST) SOC estimation approach with parameters update is developed to
take into account of the temperature effect on battery SOC and parameters in
chapter 5. The use of dual filter allows the parameter update to occur at various
temperatures. The Voc and SOC temperature dependency have been included
in the proposed method. The noise covariance update using the scaling factor
has been implemented as well. From the experimental results, the proposed
DUKEFST has a better performance than the Sqrt-UKFST and EKF with the

lowest RMSE and the lowest maximum errors.

X/

% A SOC estimation method based on particle swarm optimization (PSO) with
an inverse barrier constraint is proposed and developed in chapter 6 to
overcome the shortfalls of EKF and UKF. The PSO-based method does not

require the information on the noise covariance.

1.5 Outline of Thesis

The thesis is organized as follows:
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Chapter 2 gives a literature review of lithium-ion battery chemistry, modelling of
the lithium-ion battery and SOC estimations methods. The electrochemical models and
equivalent circuit models of the lithium-ion battery are discussed in details. The
challenges and limitations of existing SOC estimation methods have been explained.

Chapter 3 presents the proposed opportunistic state-of-charge (SOC) estimation for
a nanosatellite. The opportunistic SOC method makes use of satellite’s operational
scenarios for resetting the ampere-hour counting method and has been experimentally
benchmarked against the ampere-hour counting method without resetting.

Chapter 4 proposes the Sqrt-UKFST to improve the performance of the
opportunistic method in Chapter 3 and overcome the shortfalls of commonly used EKF.
It also reduces the computational requirement of traditional unscented transform
method. The Sqrt-UKFST has been experimentally benchmarked against the EKF,
ampere-hour counting method and a commercial fuel gauge integrated circuit.

Chapter 5 presents the dual square root spherical unscented Kalman filter
(DUKFST). It is proposed to take into account of the temperature factor when the
satellite is in the orbit. Its experimental results are presented and compared against Sqrt-
UKFST and EKF methods.

Chapter 6 presents the proposed SOC estimation method using PSO with an inverse
barrier constraint. As all the KF based methods require the knowledge of measurement
and process noise, this new method overcomes the shortfalls of KF as it does not require
information on the process and measurement noise. For comparison, DUKFST, Sqrt-
UKFST and EKF methods are used and the experimental results are presented.

Chapter 7 concludes on the research findings and discusses the future research

works on new SOC estimation methods in satellites.
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CHAPTER 2

2. LITERATURE REVIEW
2.1 Lithium-ion Battery Chemistry

Electrical energy plays an important part in our everyday life. Devices such as
capacitors allow direct energy storage but the amount is small and its usage is limited to
few applications [23, 24]. To store large amount of energy more efficiently, the
conversion of energy in different forms is generally required. Electrochemical power
sources such as batteries use the chemical compounds energy as storage medium and
generates electrical energy back in the form of electric current through the chemical
process [25, 26]. Different battery systems allow these processes to be reversed by
means of charge and discharge. In general, batteries are classified as primary and
secondary batteries [27, 28]. Primary batteries can convert the chemical energy into
electrical once only whereas secondary battery is designed to perform the processes
repeatedly.

Among the different battery chemistries, the lithium-ion battery is becoming one of
the most promising energy storage technology. It has been widely used in many
applications such as portable electronics, electric vehicles (EVs) and satellite [29-32].
The main reason behind such a rapid growth is the outstanding high energy density and
long cycling performance. The high energy density makes it attractive for applications
where weight or volume are important (e.g., EVs and satellites) [29, 33]. Lithium-ion
battery also has a long cycle life of more than 500 cycles and low self-discharge rate of
less than 10% per month [34, 35]. It does not suffer the memory effect likes nickel-

cadmium (NiCd) and nickel metal hydride (NiMH) batteries. Recent demands on energy
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and environmental sustainability have even further spurred great interest in a larger scale

lithium-ion battery system as complimentary energy storage for renewable energy

resources, such as solar and wind power [36, 37]. The comparison between different

chemistries in terms of energy density is shown in Fig. 2.1 [38]. The advantages and

disadvantages of lithium-ion are summarized in Table 2-1 [27].

250 1 1 1
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=
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& 50 . Lithium-ion :
S 2 ;
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small

Fig. 2.1 Comparison with different battery chemistries in terms of gravimetric and volumetric energy

densities [38]

Table 2-1 Advantages and disadvantages of lithium-ion [27]

Advantages

Disadvantages

e Sealed cells: no maintenance required

¢ Long cycle and shelf life

¢ Broad temperature range of operation

e Low self-discharge rate

¢ Rapid charge capability

¢ High rate and high power discharge
capability

¢ High coulombic and energy efficiency

 High specific energy and energy density

e No memory effect

e Moderate initial cost

o Degrades at high temperature

o Need for protective circuitry

o Capacity loss or thermal runaway when over-charged

¢ VVenting and possible thermal runaway when crushed

¢ Cylindrical designs typically offer lower power
density than NiCd or NiMH

The energy storage mechanism of lithium-ion batteries comprises the negative

(anode) and positive (cathode) electrodes with the electrolyte providing a conductive

medium for lithium-ions to move between the electrodes. Both electrodes allow lithium-

8
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ions to move in and out of their interiors. Fig. 2.2 shows the electrochemical process of

a lithium-ion battery during charging and discharging process.

L.. /?’/'\\ i. Discharge
Anode (-) "e—_' = T Charge Cathode (+)

- < U.
‘ L \ 5
Current collect P ® L o nt collector
Copper ® Li* o Aluminum
- Discharge = e
®
jt . T, / I
e og &
: 3 e
Graphite Li* conducting Lithium cobalt oxide
Li,Cq electrolyte Li;,Co0,

Fig. 2.2 Schematic of electrochemical process of lithium-ion cell [39]

In Fig. 2.2, lithium cobalt oxide (Li1-xC00O2) and graphite (LixCs) are the cathode
and anode active materials respectively. Liquid or gel-polymer electrolytes allows
lithium-ions (Li*) to move between the positive and negative electrodes. On charging,
Li* ions are de-intercalated from the layered LiCoO2 cathode host, transferred across the
electrolyte, and intercalated between the graphite layers in the anode. In the positive

electrode during charge, the active material is oxidized as follows:

. h . . R
LiCoO, % Li, CoO,+xLi* +xe @.1)

In the negative electrode during charge, the active material is reduced. Lithium-ions
that migrate from the positive electrode and through the electrolyte and separator are

intercalated in the reaction as

CHxLi* +xe — === L C (2.2)

discharge

The overall chemical reaction can be written as
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charge

LiCoO,+C ——— Li,C+Li, ,CoO, (2.3)

discharge

The discharge reverses this process where the electrons pass around the external

circuit to power the connected circuitry. These reactions produce a theoretical cell

voltage of 4.1V, and is much higher than Ni-MH or Pb—acid cells [40]. The favourable

electrochemical performance in energy and power densities have made the early

lithium-ion battery a great success for various applications in spite of the remaining

challenges. Depending on the materials used for the anode and cathode, various types

of lithium-ion batteries with different electrical and energy properties can further be

obtained as well. Table 2-2 summarizes the common positive electrode materials [41]

and Table 2-3 shows the resultant electrical and energy properties of the various lithium-

ion chemistries [42].

Table 2-2 Properties of common positive electrode materials [41]

Material

Chemical formula

Description

Lithium cobalt oxide (LCO)

LiCoO;

Original commercial type;
expensive raw materials

Nickel cobalt aluminium

LiNiogC00.15Al0.0s02

Highest energy density per unit

(NCA) mass
Nickel m(allllwic\jﬂago;se cobalt LiNizeyMnC0,0 Safer and IesLs gépenswe than
Lithium manganese oxide _ Safer and less expens_ive that
(LMO) LiMn204 LCO, but poor high
temperature stability
Very safe, high power, but
Lithium-ion phosphate (LFP) LiFePO, lower energy density. Best

high-temperature stability

10
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Table 2-3 Electrical and energy properties of various lithium-ion chemistries [42]

Positive LCOand .
electrode NCA NMC LMO LiFePO4
Negative . . . - . .
electrode Graphite Graphite Graphite Lithium titanate Graphite
Optimized Energy or .
for Energy Power Power Cycle life Power
. 2.5-4.2
Operating (rarely 2542 | 5549 15-2.8 2.0-3.6
voltage range (rarely 4.35)
4.35)
Nominal 3.6-3.7 3637 | 37-38 2.2 33
voltage
175-240
Specific energy cyl ) ) )
(Whikg) 130-200 100-240 100-150 70 60-110
polymer
400-640
Energy density cyl ) ) )
(WhiL) 950-450 250-640 250-350 120 125-250
polymer
Discharge rate 2-3C
(continuous) 2-3C (power cells >30C 10C 10-25C
> 30C)
Cycle life
(100% DOD to 80% 500+ 500+ 500+ 4000+ 1000+
capacity)
Amb_lent temper%ture 0-45 0-45 0-45 65 0-45
during charge (°C)
Ambient temperature
during discharge (°C) -80 -80 -0 90 -90

2.2 Modelling of Lithium-ion Battery

When describing a battery cell reaction, two groups of thermodynamic and Kinetic
parameters are used. Thermodynamic parameters describe the system when the
chemical reactions are balanced. In other words, there is no current flow and the battery
is in equilibrium state. When chemical reactions occur in the battery, kinetic parameters
are used. The parameters include mass transport via migration or diffusion and voltage
drop caused by the current flow in electrons. They are required in order to move the
chemical reactants to the electrodes surface. Through the use of thermodynamic and

kinetic parameters, various battery models have been proposed in literature. The two

11



CHAPTER 2: LITERATURE REVIEW

most commonly used techniques for modelling batteries are electrochemical modelling
and equivalent electric circuit. Electrochemical modelling is mainly based on highly
nonlinear equations to describe the battery electrochemical aspects. As such, they can
describe battery systems in great details and are considered the most accurate.
Equivalent circuit models describe the battery using electrical components only. They
are much simpler than the electrochemical models but lack the details. Using non-linear
components such as diode in equivalent circuit models [43] or a combination of
electrochemical and equivalent circuit modelling [44, 45] have been used to model the
battery as well. A summary of different battery model categories under electrochemical

and equivalent circuit categories are listed in Table 2-4.

12
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Table 2-4 Summary of different battery models

Category Models Advantages Disadvantages
Time consuming.
Nernst, Butler- Describe Comple_x
Volmer. Peukert battery mathematical
Electrochemical Model Lo electrochemical equations. Not
Equation, Shepherd . :
. operations suitable for
Model Equation etc. S
accurately. estimation and
control purposes.
Requires AC
impedance. Linear
model assumption of
batteries.
Computationally
complex.
Electrochemical
State-of-health s ecltr;:)ZiganC?EIS)
Impedance Models (SOH) P Py
estimation is dependent on
temperature, SOC,
current and SOH.
Lacks of run time
information on
battery. Limited
modelling accuracy
on transient
response.
Models Simplest battery dynamic
Resistive (Rint ) Model P responses. Lack of
model.
temperature and
cycle usage effects.
Suitable for Lack of temperature
control and
. . and cycle usage
simulation.
effects.
Able to capture .
Computational
. battery o
Thevenin Models dvnamic complexity increases
) %raﬁons with additional RC
P networks. Lacks of
more L .
run time information
accurately than
on battery.
Rint-
Run Time Based Bat:?r%run Computationally
Model . . complex.
information

2.2.1 Electrochemical models

Unlike equivalent circuit models, the electrochemical models are able to accurately
represent the chemical processes that take place in the battery. The electrochemical

model describes the battery internal process in details and is considered the most
13
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accurate among the different modelling methods [46]. However, it comes with heavy
computational requirements. Among different electrochemical battery models, the
lumped parameter model and porous electrode theory model are two of the most popular
methods.

In the lumped parameter model, the battery internal operations are described by a
set of differential algebraic equations (DAEs) using Nernst’s theory and the Butler-
Volmer equation while assuming a uniform spatial distribution of chemical products.
Nernst’s theory describes the open-circuit potential of the battery using the relationship
between the electric potential of electrode and electrical charge [47]. Thus, the electrical

potential ¢(t) of an electrode using the Nernst’s equation can be described as

40 =¢° - 2 In(T1m, 02" 29

where ¢° is the electromotive force at standard conditions, R is the universal gas
constant, T is the absolute temperature, n is the number of electrons, F is the Faraday’s
constant, k subscript represents the k™ reactants, m is the molality, y is the activity
coefficient and v is the stoichiometric coefficient. The Butler-VVolmer equation describes
the relationship between battery current density J(t) and over-potential or polarization
n(t) as [40]

0= Jo{exp(g—in(oj—exp[%}na)} 29
where « is the charge transfer coefficient, and Jo is the exchange current density. The
advantage of the lumped battery model is that the resultant equations are simple and
easy to integrate yet still gives a fast and accurate battery models for automotive and
control applications. Although the approach of using simple DAEs gives good accuracy

for the early primary and secondary battery models of Pb-acid [48] and NiMH [49, 50]
14



CHAPTER 2: LITERATURE REVIEW

cells, it is insufficient to describe the most modern batteries such as lithium-ion. Usage
of new electrode materials and battery design results in more complex electrochemical
processes requiring more complex models to describe modern batteries. For example,
the spatial distribution of lithium-ion between the electrodes needs to be modelled for
lithium-ion batteries and this is one area where lumped parameter falls short.

In [51-54], the porous electrode theory based model has been used to describe
lithium-ion batteries. Porous electrode theory is able to describe a battery system in
much more details than the lumped battery models as it takes into account of most of
the electrochemical processes such as mass diffusion, side reactions, temperature effects
and battery ageing. As such, porous electrode based models have become the standard
for most of the modern battery modelling technique. It has even been used for generating
of data required to validate battery models [46]. Unlike the lumped parameter based
approach, partial differential equations (PDESs) are used in porous electrode theory. The
porous electrode approach uses the Nernst and Butler-Volmer equations. Its PDES use
Fick’s and Ohm’s laws for diffusion of active materials concentration and electric
potentials distributions. The PDEs are derived using a simplified one-dimensional

spatial cell structure as shown in Fig. 2.3.

15
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L >
- —>— [ —><— ] —>
Positive Negative
current current
collector collector
NN
Electrolyte

\Anode Electrolyte

Fig. 2.3 Anatomy of 1D lithium-ion cell [46]

Specifically, the PDEs that describe the electrochemical processes of Li* ions are

given! in Table 2-5.

Changes in

Table 2-5 Governing equations of lithium-ion by porous electrode theory [46]

lithium-ion
concentration

in solid and

ot r’ or

oc, (x,rt) D, & (

ot

e oc, (x,r,t)]

o, (xt) o ac, , (x,t)
g ———>=—| D, ———= |+a (1-1,)J (xt
R v L L vl AL NG
liquid phase
Solid phase
o’ (Xt
charge Ot % =a FJ, (xt)
conservation
0@, 0@,
—O z —
eff,p 8X ) eff ,n aX )
Boundary x=0 X
conditions acDS’p agbs i 0
—O = — ! =
e aX x=L e aX x=L,+Lg

! The similar notations of the equation in [45] are used here.
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Effective Oeit k = O (1_5k _gf,k)
electronic 0o ( t) 0w ( t) ok ( t)RT ol
2 (X 2 (X ot & (X nc,,
conductivity | ~Oeff k J(T_keﬁ,k gx +— = (1-t) x =1
Butler- ‘]k (X!t) = 2Kk (Cs,k,max _Cs,k,surf )0.5 (Cs,k,surf )0'5 Cg,‘lf (X’t)
Volmer 05F j ( 05E ﬂ
x| exp| —— X)) [—exXp| ——— (X1
equation [55] { p( RT lus'k( ) P RT a 'k( )

These partial differential algebraic equations (PDAEs) are defined for each
electrode and electrolyte region individually and are coupled with each other by the
continuity in the boundary conditions. Using the diffusion law, the changes in lithium-
ion concentration PDAE is able to describe battery dynamics response more accurately
than the traditional RC network in the equivalent circuit model. Battery operational
usage is greatly affected by temperature variation and it is beneficial if it is able to
incorporate temperature effect accurately in order to improve the battery capability. The
porous electrode model is able to capture the temperature effect accurately by including
temperature T in the equations. With the detailed electrochemical model, accurate
prediction of power and behaviour from a battery is possible. This allows the battery to
be operated more aggressively while ensuring the battery safety conditions. However,
solving these equations in real time for control purposes is nontrivial and it requires
complex methods with high computational requirement. As such, the electrochemical
models are time consuming and computationally complex in terms of simulation and
real time purposes. In order to reduce the computational load and complexity, different
model reduction methods such as reducing the model order or number of unknowns

have been implemented [56, 57]. These still require substantial computational
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requirement when compared against equivalent circuit models and they are not suitable

for real time systems.

2.2.2 Equivalent circuit models

Unlike the electrochemical models presented in section 2.2.1, the equivalent circuit
models use only electrical components to describe the battery internal dynamics of the
electrochemical processes. Although they do not provide as much details as the
electrochemical models, they are still able to capture basic characteristics of battery
chemistry and can be easily incorporated for real time applications due to its relatively
simple computational requirement. Thus they are more suited to control and circuit
simulation environments [58, 59].

The simplest equivalent circuit model is the resistive model [60] as shown in Fig.

2.4 and its electrical equations can be written as (2.6).

Ro
MN
Vi
Voc(SOC)
lg
4—
Fig. 2.4 Resistive Rjn model
V, =V, - I R, (2.6)

where Vt is the battery terminal voltage and Ig is the battery current. The model consists
of only one resistor and one ideal voltage source. The ideal voltage source Voc
represents the battery open-circuit voltage (OCV) and it is a function of battery state-of-

charge (SOC). Ry is the ohmic resistance of the battery. Although it is the simplest

18
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among the equivalent circuit battery models, it lacks the ability to model the battery
transient (relaxation effects) and dynamic operations during charging and discharging.

To improve the accuracy of resistive model, more electrical components such as
resistors and capacitors networks can be added. These improved models can be divided
into two categories: impedance and Thevenin models. For impedance models,
electrochemical impedance spectroscopy (EIS) is used to describe the battery operations
[61, 62]. Injecting an AC current into the battery, its responses are modelled by the
battery complex impedance function in frequency domain. Fig. 2.5 presents a battery
half-cell describing the chemical reactions at one of the electrodes using a Randles
circuit. The electrical components used in the circuit include electrode inductance L,
internal resistance Ri, charge transfer resistance Rc: and double layer capacitance Ca.
The component Zy is a constant-phase Warburg element which represents the diffusion
effects. However, the need of AC current and the dependency of EIS on SOC, current,
temperature and battery usage increases the computational complexity of impedance

based models.

W{ \\é\v/v/

Ret

Fig. 2.5 Half-cell EIS circuit

For Thevenin models, a series of resistor and capacitors networks are added to
model the transient response in terms of charge depletion and recovery during charging
and discharging. Charge depletion occurs when the battery starts to discharge. Due to
the highly concentrated chemical reactants near the anode and cathode at the start, the

initial voltage drop is subdued. Then it gradually decreases as time increases [63]. The
19
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charge recovery occurs in the opposite manner of charge depletion when the battery
starts to charge or discharging stops. This is from diffusion effects within the cathode
and anode in the battery [63]. The charge depletion and recovery effects from a
discharge current pulse is shown in Fig. 2.6. Fig. 2.7 shows the Thevenin models with
n number of RC networks. Depending on the required accuracy and complexity, one can

choose how many RC networks to be included in the model [59, 64].
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Fig. 2.6 Battery charge depletion and recovery effect during a discharge pulse [46]
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Fig. 2.7 Dynamic Thevenin RC models

Currently, the most commonly used Thevenin models are Thevenin and improved
Thevenin models [65]. The Thevenin model is shown in Fig. 2.8 with only one RC

network. It can model the transient effects during charging and discharging better than
20
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the resistive model. However, it falls short in modelling the responses at the end of fully

charged/discharged stage. The electrical characteristic equation can be written as

_Vl IB
=t 2.7)
R1cl Cl
V, =V, -V, - IR, 2.8)

where V1 is the voltage across the RC network and Ry and Cs represent the RC circuit

components in the model.

>VOC(SOC) v

Fig. 2.8 Thevenin model

To further improve the accuracy of Thevenin model, an additional RC network can
be added resulting in improved Thevenin or a double polarization model as shown in
Fig. 2.9. With an additional RC network, it is able to capture the transient responses

more accurately than the Thevenin model at the fully charged/discharged state.
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Fig. 2.9 Improved Thevenin or double polarization model

The electrical characteristics of the model can be written as

Vl IB

V,=——1 +-B 2.9

' Rlcl Cl ( )

V, =— Vo 1o (2.10)
RZCZ C2

V, =V =V, -V, = I5R, (2.11)

where V1 and V> represent the voltages across the two RC networks and Ry, C1, R2 and
Ca represent the two RC circuit components.

Although Thevenin based models can accurately capture the battery dynamic
operations, it lacks information on battery run time such as capacity which can be
affected by ageing and charge and discharge current. In order to include this
information, the run time based model has been proposed in [66-68].

Fig. 2.10 shows the runtime based electrical model of the lithium-ion battery. It
uses an additional complex circuit network combined with dynamic Thevenin models
to include additional variable components such as battery self-discharge, Rseit-pischarge

and capacity, Ccapacity-
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Battery Runtime Voltage-Current Characteristics

( ! f c, C,

Rz

JL
LB

Qe

I:zself-discharge
AAA
\A A4
CCapacity

|
PV

)}

SV

Cy
v
Ve V}S‘Q/Ra‘e)( SOC = 0~1) —e F
v AAA. ) .
:

Vi

- -
Fig. 2.10 Runtime based electrical model

The electrical characteristics can be written as

. V. |
VSOC —_ SOCC _ c B
self —discharge ~’Capacity Capacity
_ Vi
l I:\)iCi CI
V.=V =V, =V, —..... V. —1.R,

where i=/,...., n.

(2.12)

(2.13)

(2.14)

The voltage-current characteristic modelling is the same as the dynamic Thevenin

model as seen in (2.13) and (2.14). One added feature is that the battery SOC is now a
function of self-discharge and capacity which can also be updated to estimate the battery
life time. However, it comes with increased computational complexity and the
modelling of the relationship between capacity and SOC is no easy task. The manner in
which the battery capacity varies is also dependent on many factors such as the battery

operating environment, depth of discharge level and charge/discharge current rate [69].

In this thesis, the Thevenin based equivalent circuit modelling method is used due

23
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and more suited for control and simulation purposes over the electrochemical modelling

method. The details of the model will be explained further in chapter 3.
2.3 State-of-Charge (SOC) Estimation Methods

In chapter 1, it has been mentioned that high energy density, low self-discharge and
lack of memory effects have made lithium-ion batteries the preferred choice over other
battery chemistries such as NiMH and Pb-acid for many applications. However, they
require high safety requirement during operation. Overcharging or over discharging a
lithium-ion battery can cause permanent damage to the battery. A battery management
system (BMS) is an important part in any battery operated system. It ensures an optimal
and reliable battery operation through monitoring different aspects of batteries such as
state-of-charge (SOC) and state-of-health (SOH). SOC can simply be defined as the
remaining capacity or charge of the battery in percentage with respect to total capacity
of the battery. SOC estimation is one of the most important aspects of the modern battery
management system. For satellite applications, it is important to have accurate
knowledge of present condition of the battery. Accurate and reliable SOC estimation
provides the current state of the battery and enables batteries to be safely charged and
discharged. It also prevents uninterrupted system shutdown of the satellite. Since the
battery is an electrochemical energy storage system, SOC cannot be measured directly
and it needs to be estimated from the battery voltage and current measurements. Many
SOC estimation approaches have been presented in the literature [10-22]. They can be
classified into different categories such as ampere-hour counting and model-based

estimations. The summary of different SOC estimation methods is shown in Table 2-6.
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Table 2-6 Summary of SOC estimation methods

Category Methods Advantages Disadvantages
Ampere-hour Current [21, 70- Simple c_omputatlonal Opgn Ipop estlmatlor_L Needs
. complexity. Ease of periodic resets and highly accurate
counting 72] . .
implementation. Sensors.
- Sensitive to battery and operation
Open-circuit Simple computational conditions. Needs long rest time
voltage-based Voltage [73-79] P . P . g
S complexity. (current = 0). Temperature
estimation
dependent.
Kalman filter [80- | Dynamic. Accurate Negds acc.urgte battery model.
. Noise statistics needed for Kalman
98] battery electrochemical | _. . -
. . filters. Linearization accuracy.
Observers [67, 99- | processes if used with . -
. Time consuming in both
117] electrochemical .
e algorithms and models. Needs
Artificial neural models. Temperature .
Model-based . large training data. Dependent on
N networks [118- and ageing factor . .
estimation A . quality of training data sets and
129] update is possible. . . .
. membership functions are highly
Fuzzy logic [22, Improved battery - . )
L subjective for machine learning
127-131] and nonlinearity when .
. . methods. Heavy computational
support vector using computational .
. . . burden for computational
machine [132-136] | intelligence methods. o
intelligence methods.
Electrochemical
Impedance- impedance L . Dependent on temperature and
Gives information on . . .
based spectroscopy SOH ageing. More suited for offline and
estimation (EIS)[14, 43, 137- ' laboratory. Cost sensitive.
144]

o More measurement Additional sensor is expensive.
Estimation . . .
using special Battery magnetic | available than Moderate accuracy compared with
meagurzment characteristics traditional current, other model-based methods. No
techniaues [145-147] voltage and proof of battery effect on battery
a temperature. magnetic characteristics

For ampere-hour counting method, it simply measures the current flowing in and

out of the battery. The ampere-hour counting can be expressed as:

t+1
) _

SOC, =SOC, , — 2.15
‘ o }[ Capacity (219)

where 7 is the Coulomb efficiency and At is the sampling time. When the battery
capacity is known and the battery current can be measured accurately, it can provide
accurate SOC estimation. However, this requires information on initial SOC and highly

accurate sensors which can be costly. With no feedback loop involved, ampere-hour
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counting is considered an open loop estimator and the accumulated measurement errors
can give erroneous SOC estimation if it is operated in the long term. Additional
calibration or reset points are needed to maintain its accuracy [70-72]. One example is
the use of end of charge and discharge voltage, which is highly dependent on battery
current and parameters [21]. The requirement of end of charge and discharge voltage
increases battery fully charge and discharge cycle and it can severely shorten the battery
life span.

The OCV-based SOC estimation takes advantage of the intrinsic relationship
between OCV and SOC of the battery. For the OCV to be measured accurately, the
battery needs to be relaxed for a long time. Nonetheless, there are methods for the
estimation of OCV under a limited amount of time. In [73], it uses an empirical formula
to estimate OCV using the parameters obtained from laboratory experiment. These
parameters extraction is conducted using a new battery only and the accuracy diminishes
once battery ages. To overcome the decline in conjunction with battery ageing, OCV
estimation using adaptive methods have been reported in [74-76] with OCV relaxation
model. Using the model, the OCV parameters are identified through curve fitting
whenever the current is interrupted each time. One example of the voltage relaxation

model is as follows [76]:

Vooy () = EMF —(EMF —Vq, (t =0))e (2.16)

where EMF represents the equilibrium battery voltage at the end of the relaxation period,
Vocv represents any battery voltage measured under open-circuit condition (battery
current is zero) and z represents the time constant of the relaxation model. The advantage
of the function is the required EMF and z can be identified easily. However, the resultant

approximation is very inaccurate [76]. Moreover, these methods need the battery to be
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rested at one stage and this is not possible for applications such as satellite where
batteries are used constantly [77, 78]. Furthermore, the OCV and SOC relationship is
affected by the operating temperature which varies across the orbit of a satellite.

For model-based estimation methods, the approach is to make use of battery
measurements such as voltage, current and temperature for SOC estimation using the
OCV-SOC relationship or direct estimation with the battery model. The models could
be electrochemical or equivalent circuit models. Equivalent circuit models are more
popular for model based estimation due to its simplicity. The main shortfall of the
equivalent circuit model is the requirement of model parameters update to deal with
ageing batteries. The most commonly used model technique is the Kalman filter based
method such as extended Kalman filter (EKF) [80-91]. The main disadvantage of EKF
is the linearization of battery nonlinearity. Although unscented Kalman filter (UKF) and
central difference Kalman filter have been used to reduce the linearization error [92-96,
148], all Kalman filter based methods require information on measurement and process
noise. Inaccurate information might lead to poor performance in convergence or filter
stability. The assumption of the Gaussian noise in nature might affect convergence and
accuracy as it may not be valid in real applications. Instead of Kalman filter, H.. and
particle filter have been used in SOC estimation to overcome those shortfalls [99-104].
However, computational requirement of these filters are high, and they can be up to a
factor of 50 when compared with UKF [103]. The improvement in performance is rather
modest as compared to EKF.

Various observer based methods such as sliding mode observers, Luenberger
observer and adaptive observer have been presented in [67, 105-116]. Although the
sliding mode observer can handle the nonlinearity effects well, its performance

deteriorates when there is noise in the output. Adaptive feature is added in these
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observers to tackle battery ageing but it comes with increased computational
complexity. Moreover, observers combined with ampere-hour counting and recursive
least-square-based filters such as windows least square [79, 149-151] have been
implemented in model-based SOC estimations as well. These methods are simpler yet
they can give significant divergence problems when the battery model accuracy
deteriorates.

The electrochemical models can be used to improve the accuracy in battery
modelling for the model-based methods of EKF, sigma-point Kalman filter and partial
differential equation (PDE) observer and multi-rate particle filter but they come with
higher computational complexity, which also limits the parameters available to improve
the battery ageing factor [152-160]. As some battery parameters are dependent on SOC,
impedance spectroscopy has been used in SOC estimation [14, 43, 137-143]. However,
it requires the battery impedance to be measured with AC voltage and current, which
makes it more suited for laboratory tests [43, 141]. Battery parameters vary greatly when
battery ages and is dependent on temperature, which can affect the estimation accuracy.

Computational intelligence and machine learning methods such as artificial neural
networks (ANN), fuzzy logic and support vector machines (SVM) have been
implemented in SOC estimations. The ANN methods can be further divided into the
ANN based SOC estimation and the ANN method combined with the previously
mentioned methods such as EKF and observer [118-129]. It has even been used in
conjunction with ampere-hour counting. An ANN based SOC estimation is similar to
the model-based SOC estimation. Instead of using an electrical model to model SOC, it
uses ANNSs to describe the relationship of SOC. Its advantage is that it does not require
the detailed knowledge of battery behaviour. However, large training data sets are

required to train these ANN and the ANN estimation method trained using the new
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battery cannot give a reliable SOC estimation of the aged battery. Due to the open loop
nature of this approach, the online training or updating of ANN is not feasible. To make
closed loop estimation, ANNs based methods have been combined with neuro-controller
[121] and Kalman filter methods [122-125]. One of the major advantages from these
over ANNs based methods is that theoretically it allows online training of ANNSs during
battery operations. Its main drawback is the need of large training data sets for over
fitting the model. Fuzzy based neural networks such as radial basis function neural
networks (RBFNN) [22, 127-131] and support vector machines (SVM) [132-136] based
approaches are similar to ANNSs and have the same disadvantages mentioned previously.
Overall, computational intelligence and machine learning methods can capture battery
nonlinearity feature better but the computational complexity is higher. The accuracy is
highly dependent on the quality and amount of training data. Most battery management
systems make use of three available measurements, namely voltage, current and
temperature. In [145-147], SOC estimation is conducted with the additional battery
magnetic sensors measurement. It models the magnetic characteristic as the SOC
indicator. However, it is unclear if the battery magnetic characteristics is affected by
ageing. Similar to ampere-hour counting, it needs an expensive sensor and achieves only

moderate accuracy.

2.4 Summary

In this chapter, a literature review of battery modelling and various SOC estimation
methods have been presented. Lithium-ion battery chemistry was first presented for
better understanding the battery intrinsic operations. Based on these chemical reactions,
two most common modelling methods namely the electrochemical and equivalent

circuit methods have been introduced. As the equivalent circuit models are able to
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provide the required accuracy and details with relatively simpler computational
requirements than those of electrochemical based methods, it is adopted in this thesis.
Among the SOC estimation methods, ampere-hour counting is the simplest but
suffers from accumulated errors. Moreover, it needs the battery to be fully charged and
discharged for reset points. VVoltage based methods such as OCV requires the battery to
be rested at certain stage which is not possible for satellite applications. Kalman filters
such as EKF requires linearization and Gaussian noise information for optimal results.
Ampere-hour counting could achieve good estimation provided accurate periodic
calibration or resetting points are conducted regularly. Since the traditional reset points
are detrimental to battery lifespan, resetting of ampere-hour counting method at all SOC
level should be performed. A new approach named opportunistic SOC estimation has
been investigated and will be presented in chapter 3. To improve the shortfalls of EKF
and computational cost of traditional unscented transform, the UKF and spherical
unscented transform with unit sphere will be studied and presented in chapter 4. Most
of the reported SOC estimation methods assume that the battery is operating at room
temperature with constant battery parameters. Since satellite operating temperature
varies across the orbit, temperature effect on SOC estimation needs to be considered.

This is discussed in chapter 5.
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CHAPTER 3

3. OPPORTUNISTIC STATE-OF-CHARGE ESTIMATION
3.1 Introduction

A new SOC estimation method using ampere-hour counting with impulse response
reset from different satellite’s operating scenarios is presented in this chapter. Due to
the advantages as mentioned in chapter 2, lithium-ion batteries have been used widely
as the energy source for satellite applications [8, 32]. Unlike the consumer electronics
applications, servicing of satellite hardware is infeasible once it is launched.
Consequently, the safety and reliability is of paramount important in satellite
applications. Estimation of battery state-of-charge (SOC) is one of the critical tasks in
battery management and control of the satellite power subsystem. Lithium-ion batteries
are sensitive to overcharge and/or deep discharge. This can lead to permanent damage
to the batteries, which compromises its performance and life span of the satellite
mission. Accurate and reliable SOC estimation provides the current state of the battery
and enables it to be safely charged and discharged. It also prevents system shutdown,
which can severely affect the satellite operation.

Among the SOC estimation methods presented in chapter 2, the ampere-hour
counting method is the most popular due to its simplicity and low computational cost.
However, its performance depends on the sensor accuracy, the initial error and the
accumulated measurement errors. Due to its reliance of integration and open loop nature,
errors in terminal measurements due to noise, resolution, and rounding are
accumulative. The accumulated measurement errors can give erroneous estimation as

high as 25% [148]. These drawbacks can be overcome by a proper removal of integral
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errors. Many researchers have used voltage measurements at fully charged/discharged
state to remove the accumulated errors [21, 70]. However, it is not an easy task to
determine if the voltage is at fully charged and discharged state as it is highly dependent
on current magnitude. The need for frequent fully charge and discharge of the battery
would severely affect its battery lifespan. The proposed method performs the resetting
at different SOCs via impulse response obtained from the opportunity when the satellite
subsystems are turned on/off instead of artificially injecting a pulse. The resetting can

be conducted at all SOC levels instead of fully charged/discharged state.
3.2 Modelling of Lithium-ion Batteries

Different modelling methods to describe the internal characteristics of battery have
been presented in chapter 2. A summary of different battery models can be found in
Table 2-4. In the sequel, the double polarization equivalent circuit model is used. Fig.

2.9 in section 2.2.2 shows the equivalent circuit model of the battery and is shown here

as Fig. 3.1.
Co Ck
Il Il
Ig ] ] R,
—> 4\, + Vg -e—ANN—e
+
—MA\— —AMN\—
Ro Rk

<+> Voc(SOC) Vi

Fig. 3.1 Equivalent circuit model of lithium-ion battery

In Fig. 3.1, Voc, Viand Ig represent the battery open-circuit voltage, battery output
voltage and battery current respectively. The resistor R, represents the instantaneous
voltage drop during the battery charge and discharge process. The two RC networks

describe the transient response (also known as relaxation effect) during the discharge
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and charge process. Rp and Cp represent the diffusion process whereas Rk and Ck
represent the kinetic reaction. As presented in section 2.2.2, the voltage relationship
equations can be obtained by using Kirchhoff’s voltage law as follows:

VD

. |
Vy=—2—+-E 3.1
0 RDCD CD ( )
V, = ST (3.2)
RKCK CK
V, =V =V, =V — IR, (3.3)

The identification of the battery parameters in Fig. 3.1 will be discussed in the next

section.

3.2.1 Battery parameters identification

The battery parameters (Ro, Rp, Rk, Cp and Ck) can be obtained by using the pulse
charging and discharging method and they are used to calculate the battery rate factor
[161, 162]. In this method, the charge and discharge pulses are injected into the battery
at various SOCs and the battery parameters are extracted from their voltage responses.
In this study, a lithium-ion battery (NCR18650) with a nominal capacity of 2.9Ah is
used. It has a maximum charge voltage of 4.2V and a discharge voltage of 2.5V. The
battery is first fully charged by the constant current and constant voltage (i.e. CC-CV)
method till the battery charging current drops below 50mA. It is rested for 30 minutes
to reach the steady state. The battery is then discharged at every 10% SOC interval with
30 minute rest interval as shown in Fig. 3.2. The low discharge current of 0.58A (0.2C)

is used to avoid excessive internal heat and improve the discharging efficiency.
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Fig. 3.2 Battery discharging profile for parameters identification

At the end of each rest period, discharge current pulses of different capacity rate of
0.58A (0.2C), 1.45A (0.5C), 2.175A (0.75C) and 2.9A (1C) and charge current pulses
0f 0.29A (0.1C), 0.58A (0.2C), 1.16A (0.4C) and 1.45A (0.5C) are applied for 5 seconds
and their voltage responses are recorded. As the current pulses are injected at 10% SOC
every interval, a total of 10 measurements are performed. Fig. 3.3 shows the discharge
current pulse profile applied at the 60% SOC case and Fig. 3.4 shows their

corresponding voltage responses.
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Voltage (V)

Time (5)

Fig. 3.5 Voltage response at 60% SOC by 0.58A (0.2C)

Fig. 3.5 shows the voltage response under the condition of 0.58A discharge pulse
at 60% SOC. The battery voltage response can be divided into three parts to obtain the
battery model parameters. The voltage drop Vr during the first period is caused by the
ohmic resistance Ro (Vr = IgRo). For the short and long term transient periods, the

voltage responses are expressed as

L

V. —axe ° (3.4)

Transient

where a = Iz X Rp, b = 7p = (Rp % Cp) in the short term transient and a = Ig X Rk, b =
wx = (Rk % Ck) in the long term transient. Using Fig. 3.5, the battery parameters (Ro, Rp,
Rk, Cp and Ck) can be calculated using (3.4) and the total battery internal resistance Rint
= Ro + Rp + Rk can then be obtained. The calculated charging and discharging resistance
at different SOCs is plotted in Fig. 3.6. From the figure, it is observed that the battery
internal resistance remains constant between 20% and 90% SOC range. However, there

is a sharp increase in the fully charged/discharged state. These average resistances of
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Rint Will be used in the charge and discharge rate factor calculation in the following

section.

Resistance (Chms)

Fig. 3.6 Charge and discharge resistance versus SOC

3.2.2 Charge and discharge rate factor

The available charged and discharged battery capacity is dependent on temperature
and current [162]. As the operating temperature of the satellite’s battery is kept constant
by a built-in heater, the temperature factor can be neglected. The dependency of
charged/discharged capacity on the current rate is included through a rate factor. To
determine the charge and discharge rate factor, the battery voltage under various
discharge curves are measured and plotted in Fig. 3.7. First, one discharge curve is
chosen as reference curve. The reference curve can be chosen arbitrarily but it is
recommended to choose at the expected operating current range to improve the accuracy
[162]. In our case, 1.375A is the expected operating range for discharge current and is
chosen as the reference curve. From the discharge curves associated with different
currents (0.55A, 2.0625A and 2.75A) and the reference discharge curve, the discharge

rate factor o for any current Ig is calculated as follows:
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oa=— (3.5)

where c is the x-axis intersection point by shifting the reference curve Iret With (Iref — 1)

and d is the x-axis intersection point of Ig.
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' : : = = = Shifted Ref Curve []
e | 375A(Ref)
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Voltage (V)
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................................................................

Capacity Released (Ah)
Fig. 3.7 Battery voltage curves under 0.55A, 1.375A, 2.0625A and 2.75A constant current discharge

The discharge rate factor for other discharge currents are calculated similarly and
the results are plotted in Fig. 3.8. Similarly, the charge rate factor can be calculated with

the same approach and is plotted in Fig. 3.10.

Rate factor

0.5 1 1.5 2 25 3
Current (A)

Fig. 3.8 Discharge rate factors with reference to 1.375A (Irer)
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Fig. 3.9 Battery voltage curves under 0.29A, 0.58A, 1.16A and 1.375A constant current charge
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Fig. 3.10 Charge rate factors with reference to 1.375A (Iref)
3.3 Opportunistic State-of-Charge Estimation
A new SOC estimation using ampere-hour counting with impulse response is
introduced in this section. The conventional approach suffers from accumulated errors
due to its reliance on integration and open loop nature. Using the opportunity arises from
the turning on and off of satellite subsystems, the battery impulse response can be used

to recalibrate the battery SOC at all levels of SOC instead of fully charged and
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discharged states. Given the discharge and charge rate factor, the SOC can be estimated

as

SOC, =SOC, , — [ Rate Factor x I,At (3.6)

-1

In any linear time invariant (i.e. LTI) system, the output of LTI system to an

arbitrary input can be obtained by using its impulse response as [163]

y[s]=uls]*h[s] @7

where s is the Laplace operator, y[s] is the battery output voltage, u[s] is the battery
current and h[s] represents its impulse response in the frequency domain. In order to
determine the impulse response of a battery, a narrow pulse of current is applied to the
battery and the output voltage is measured. It is important to note that the pulse width
should be sufficiently smaller than the shortest time constant of the system [138, 144].
In fact, knowing the smallest time constant of the system (i.e., battery) will allow us to
select the pulse current such that a good approximation of the impulse response is
achieved [138, 144]. Assuming a linear time invariant behaviour within the reasonable
window of time, the impulse response of a battery can be used as a battery model. This
model can then be used, along with the real time measurement of the current, to calculate
the output voltage. Having the impulse response of the battery and convolving it with
measured input current to the battery the output voltage can be calculated. The impulse
response can be obtained by the turning on and off of the satellite subsystem. Battery

impulse responses at 50%, 75% and 95% of SOC are plotted in Fig. 3.11.
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Fig. 3.11 Battery impulse response (IR) at 95%, 75% and 50% SOC
In general, the battery impulse response can be modelled by the ARMAX

(autoregressive moving average) method [163]:

yO+ayt-D+..+a, ytt-n,)=u(t)+but-1)+...+b ut—n,)

(3.8)
+e(t)+ce(t-1)+....+ cnce(t -n,)

where y(t) represents the output voltage at time t, u(t) represents the input current at time

t, e(t) is the white noise disturbance and na , np and nc represent the polynomial orders.

Thea---a,, b---b,andc,---c, are the coefficients of the respective na, no and nc

polynomial orders. Using the battery impulse responses as shown in Fig. 3.11, the
coefficients of impulse responses are calculated using the prediction-error method. With
the polynomial coefficients and input current pulse, the battery output voltage can be
estimated by (3.8). The estimated voltage response from 1.45A discharge current and

0.58A charge current with 10 seconds duration are plotted in Figs. 3.12 and 3.13.
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Fig. 3.12 Estimated voltage response from 1.45A discharge current
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Fig. 3.13 Estimated voltage response from 0.58A charge current

3.4 Experimental Setup and Evaluation

For the experimental setup, a virtual instrument based test and measurement system
similar to [161] is used. Fig. 3.14 shows the block diagram of the experimental setup.
As shown in Fig. 3.14, it consists of a power supply (Agilent E3631A) to simulate the
charging from solar power and a DC electronic load (Prodigit 3311F) to simulate the

loading effects of satellite subsystems. A data acquisition system (NI USSB-6255) is
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used to record the battery terminal voltage, terminal current and temperature for the
reference SOC calculation. The reference SOC is obtained by using the calibrated
ampere-hour counting via the high precision current sensor from the power supply and
the DC electronics load with the sensor accuracy of 0.2% and 0.1% respectively. All the
hardware equipment and components are controlled by the LABVIEW software. A
microcontroller (100MHz C8051F120) is used to process the acquired data as well as
the real-time experimental SOC for comparison. A thermal chamber (SE-300) is used
to maintain the battery temperature at 25°C to emulate the battery heater in maintaining
the satellite battery temperature. The setup is used to perform a satellite mission scenario
of a low earth orbit (LEO) profile. For the experiment, the satellite is operating at an
altitude of 650km and one orbit lasts for 97 minutes. Fig. 3.15 shows the two 97 minutes

LEO orbit scenario profile used in the experiment.

Agilent

Computer C8051F120 | E3631A DC

3l Power Supply
E o
GPIB Bus

| Power

Bus
Prodigit 3311F-03
DC Electronic

NI USB-6255 Load

e - =

Vs

Thermal Chamber
(SE-300)

<%

Fig. 3.14 Experimental setup block diagram
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Fig. 3.15 LEO orbital scenario solar and load power profile

For the actual test, a total of 18 orbits are run in the experiment. In Fig. 3.15, the
load spike represents the injected profile as described during the satellite operation
scenario. At every injected pulse by means of turning on/off the satellite subsystems,
the battery terminal voltages are estimated by different impulse response via discrete
convolution and compared with battery voltage measurements using (3.7) and (3.8). Fig.
3.16 shows the measured battery voltage from the injected current pulse at various SOC
levels. Comparison of the measurement and estimated voltage by different impulse

response equations are plotted in Fig. 3.17.
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Fig. 3.17 Comparison of measured voltage at 78% SOC and calculated voltage using impulse response

of 78% and 80% SOC

Each estimated voltage response at different SOCs is evaluated via the following

cost function using the reference battery voltage measurement V; and the estimated

battery voltage \7t

Cost Function = min i(‘vm -V, ) (3.9)

where m is the duration the satellite subsystem is turned on/off in seconds. The minimum
cost represents the voltage estimation with the smallest estimation error. Each SOC level

has the respective impulse response. Using the different impulse response, the voltage
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estimation is performed and compared it with the measured battery voltage. The voltage
response with minimal cost is then used to reset the ampere-hour method at the end of
injected pulse. With this, the ampere-hour method is able to reset at every SOC level.
The estimated SOC of the orbital test is plotted against reference SOC in Fig. 3.18. It
can be observed that the estimated SOC closely follows the reference SOC. The
corresponding error between the reference and estimated SOC of the orbital test is
shown in Fig. 3.19. From the results, the proposed method has a maximum error of

5.14% and a mean error of 1.83%.
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Fig. 3.18 Comparison between reference and estimated SOC
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Fig. 3.19 Estimation error between reference and estimated SOC
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3.5 Summary

In this chapter, the SOC estimation using ampere-hour counting with impulse
response reset has been presented. The proposed method takes advantage of turning
on/off of satellite subsystems instead of artificially injecting current pulses to extract
battery’s impulse response. The charging and discharging dependency on current have
been considered and taken into account as charge and discharge rate factor in the
method. The performance has been compared against that of the accurate ampere-hour
meter using power supply and electronic load current. From the experiment, it is
observed that the proposed approach has a maximum error of 5.14% and a mean error
of 1.83%. For this approach, there is a need to store all the different SOC impulse
responses in a look-up table. The impulse responses are different if the battery heater
fails to maintain the operating temperature. To further improve the estimation, SOC
estimation using the unscented Kalman filter with unit spherical transform is proposed

in the next chapter.
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CHAPTER 4

4. SQUARE ROOT SPHERICAL UNSCENTED KALMAN

FILTER BASED STATE-OF-CHARGE ESTIMATION
4.1 Introduction

The opportunistic state-of-charge (SOC) estimation via impulse response presented
in chapter 3 needs to store the impulse response in the look-up table. The impulse
responses are different at different temperatures as well as between new and aged cells.
In this chapter, a square root spherical unscented Kalman filter (Sqrt-UKFST) is
proposed to overcome the major shortfalls of the extended Kalman filter (EKF) such as
Jacobian matrix derivation and linearization accuracy as well as the opportunistic SOC
estimation. The linearized approximation of the nonlinear function (or Jacobian matrix)
in EKF increases the implementation complexity. In addition, its error convergence is
sensitive to the initial state estimation error, and the inaccurate Jacobian matrix
estimation could lead to filter divergence and affect its stability. The proposed method
does not require the linearization for a nonlinear model and have a higher error-order
(second order) than EKF (first order) [164]. In addition, it does not require
refactorization on state covariance as in the regular unscented Kalman filter (UKF). The
square root aspect of the filter improves the numerical stability by ensuring the state
covariance is always semi-positive definite [94, 164]. The spherical transform requires
fewer sigma points than the traditional unscented transform leading to lower
computational cost [165, 166]. Furthermore, the spherical transform requires only one
weighting parameter instead of three required by the regular UKF. To allow a better

controllability of sigma point distribution, a unit hyper sphere model is used such that
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the distribution is independent on the number of sigma points as in the standard spherical
transform method.

The proposed method has been experimentally evaluated. The results will be
compared with existing SOC estimation methods such as ampere-hour counting,

portable fuel gauge and EKF.
4.2 Square Root Spherical Unscented Kalman Filter SOC Estimation

4.2.1 Battery state space equations
To construct a battery state space equations for Sqrt-UKFST, the double
polarization model of a lithium-ion battery shown in Fig. 3.1 is used. Let  be the SOC,

and Vp and Vk be the voltages across the two RC networks. Define the battery state

.
variables x as x = [gm V, Vi } . The battery state process function, F, in discrete

k+1 k+1

time using (3.1), (3.2) and (3.6) can be written as:

nlgAt
$en =6~ QBb (4.1)
—At —At
Vo, =Vp €0% + 1R, (1-e™%) (4.2)
—At —At
Vi, =Vi 8% + IR, (1-e ) 4.3)
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§k+1
VDM =F (Voc (f (é/k )’VDk 7VKk )

Kk+1

_At ]
1 0 0 | Q, (44)
—At gk —At
=10 e®% 0 |V, |+|Ry—e®%)|[I,]

—At —At
R¢C VK R¢C

0 0 e b R (@—e™)

i 1

where V; is the battery terminal voltage, Is is the battery current, Qp is the battery
nominal capacity, At is the sampling time and # is the Coulomb efficiency. The Coulomb
efficiency is assumed to be 1 based on the charge and discharge rate factor in Figs. 3.8
and 3.10. From Fig. 3.1, taking V: as the system output and Ig as the system input, the Vi

measurement function H can be obtained as

f($)
Vt =H (Voc (f (;))’VD’VK) = [1 -1 _1] VD - IBRo (4.5)
VK
To estimate £, V,andV,, the battery parameters (Ro, Rp, Rk, Cp and Ck) and the
function f(¢) are required. These parameters will be experimentally identified in the
next sections by using the open-circuit voltage test for f(¢)and the transfer function

method for the battery parameters.

4.2.2 Open-circuit voltage (Voc) versus state-of-charge (SOC)

The open-circuit voltage of the battery Voc has a nonlinear relationship with SOC.
To obtain this nonlinear function, the open-circuit voltage test is conducted using the
Panasonic NCR 18650 lithium-ion battery with 2.9Ah capacity as a case study. In this

study, the hysteresis effect is neglected. The hysteresis effect can be included if an
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additional voltage source is placed in parallel to Voc in Fig. 3.1 at the expense of
increased complexity [167-169]. The battery is first fully charged through the constant-
current and constant voltage (CC-CV) method and is then rested for an hour to allow it
to reach the steady state voltage before Voc is measured. For the subsequent Voc
measured at different SOC levels, the battery is discharged at 0.29A for an hour, and
rested for another hour to reach the steady state before another test is conducted. Fig.

4.1 shows the SOC-Voc graph obtained from the experiment.

Voltage(V)

0 10 20 30 40 50 60 70 L0 o0 100
SOC(%)

Fig. 4.1 Voc versus SOC Graph

Table 4-1 Polynomial fit error of different polynomial order

Polynomial [ Polynomial Fit
order Error (RMSE)

4™ Degree 0.0219

51 Degree 0.0199

6™ Degree 0.0188

7" Degree 0.0036

8" Degree 0.0029

To describe the relationship between the Voc and the SOC (¢) in Fig. 4.1, a

polynomial curve fitting is used. From Table 4-1, the 7" order polynomial equation has
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the fitting error of 3.6mV. Although the higher polynomial order reduces the error, the
improvement is insignificant. Hence, the 7" order polynomial equation has been used

to express the Voc versus SOC relationship:

Voo = F(&)=ms+m,¢® +..4m$? +m g +my (4.6)

Based on the experimental data in Fig. 4.1, the coefficients are obtained as: m; = -
20.553, m2 = 80.694, m3=-120.81, ms = 83.352, ms = -22.502, meg = -1.542, m7 = 2.418
and mg = 3.124. This Voc and ¢ relationship is used in the estimation of battery terminal
voltage in the later section.

4.2.3 Battery parameters extraction

Battery parameters need to be identified to estimate the battery state variables. In
this study, the transfer function method is used to identify the required battery
parameters. Using (4.2)-(4.5), the V¢ in the frequency domain after taking the Laplace

transform can be written as

Rolg(s) _ Rels(s)

V,(5) =Vee (8) = 15 (S)R, -
1(8) =Voc (8) ~ 15 (S)R, 11sR,C. 1+SR.C,

4.7

By considering Vi — Voc as the output and the current Ig as the input, the transfer

function G(s) can be derived as

V,(5) Ve (s) a8’ +as+a,
NEO) s’ +bs+b,
R 1 1 R +R +R

R
RS +(——+—2—+—+—)s+2>—2—K (4.8)
RC RC C C RCRC

D™D K ~K D K D~D KK

G(s) =

To extract the battery parameters via the transfer function, various charge and
discharge pulses are injected into the battery at different SOC intervals and the

corresponding voltage responses are measured. To obtain the required voltage
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responses, the battery is first fully charged through the CC-CV method and is then
discharged using the load profile of Fig. 3.2 in section 3.2. The profile is repeated as
Fig. 4.2. At the end of each rest interval, different charge (0.29A, 0.58A, 1.16A, 1.45A)
and discharge (0.58A, 1.45A, 2.175A, 2.9A) current pulses with 5s duration are injected
into the battery, as shown in Fig. 4.3. Assuming Voc remains unchanged over the short
duration, the corresponding voltage responses with respect to each current pulse are
recorded. The cycle is repeated at every 10% SOC interval until the battery is fully
discharged. The voltage responses from the injected current pulses across different SOC
values are then used in identifying the transfer function and the parameter identification.

Fig. 4.4 shows one example of the voltage responses at 90% SOC.

0.7

Iﬁischaréing SCI'C by Itl% : ' Injection of Current Pulse

: : Rest f (End of Rest Pennﬂ)
0k &5 ; ......... L P ennd .................................... 4

Current (A)
= =
[} =

T T
i I

o243 | ..... . L

o1k 41 ..... R .

a

i i i i i i i
1 50 00 150 200 250 300 350 400 450 500
Time (minz)

Fig. 4.2 Battery parameters extraction discharge current profile
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Fig. 4.3 Injected discharge and charge pulses at the end of each rest period
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Fig. 4.4 Discharge and charge pulse voltage responses at 90% SOC

Using the voltage responses and the corresponding injected current pulses, the
transfer function coefficients (az, a1, ao, b1 and bo) of G(s) can be obtained using (4.8).
The battery parameters (Ro, Rp, Cp, Rk and Ck) can then be obtained by solving these
coefficients. Different sets of transfer functions and parameters are identified with

respect to the measured voltage at each SOC level.
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Fig. 4.5 R, at different SOC

Fig. 4.5 presents the identified parameter R, at different SOC levels. Although R,
changes with respect to the SOC level, the variation is negligible. This can be further
seen in Fig. 3.6. In Fig. 3.6, the total resistance remains constant between 20% and 90%
SOC range and increases only at the fully charged/discharged state. As the variations of
parameters with respect to SOC are insignificant, the average identified parameters are
used. Since the parameter identification is performed at 10% SOC interval, a total of 10
measurement are used to compute the average. Table 4-2 lists the minimum, average

and maximum values of the identified battery parameters.

Table 4-2 Identified battery parameters at 25°C

Minimum Average Maximum
Ro 50.21 mQ 54.28mQ 62.82 mQ
Rp 7 mQ 10.58 mQ 11 mQ
Rk 27.5 mQ 40.16 mQ 56.6 mQ
Co 110F 330 F 690F
Ck 743F 1020 F 1520F

To verify the identified battery parameters, a hybrid pulse power characterization

(HPPC) load profile as shown in Fig. 4.6 is used [88]. The comparison of experimental
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and estimated voltages as well as the estimation error are shown in Figs. 4.7 and 4.8

respectively.

Current (A%

1.5 | i i 1 1 i
0 50 1ao 150 200 250 300 330 400
Time (minz)

Fig. 4.6 Hybrid pulse power characterization (HPPC) load profile
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Fig. 4.7 Comparison of experimental and estimated voltages of discharge pulses
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Fig. 4.8 Voltage estimation error of discharge pulses

From Fig. 4.8, the results show that the state space model of the battery using the
identified battery parameters could accurately estimate the battery voltage. The mean
estimation error is 10mV and the maximum error is 50 mV at the time that the charge
and discharge pulses are applied.

4.2.4 Square root spherical unscented Kalman filter
1) Unit hyper sphere spherical unscented transform

The EKF has been extensively used in the SOC estimation in the literature [97,
170]. Although the EKF performs well by integrating with other estimation methods
including observers and neural network, it experiences limitation such as the filter
stability due to Jacobian matrices [171]. To achieve better stability and accuracy, the
unscented Kalman filter (UKF) has been introduced as it does not require the
computation of Jacobian matrices. The UKF uses a selection of weighted sigma points
to estimate the sample mean and covariance.

There are several sigma point transformation methods: unscented, simplex and

spherical transforms [172]. Due to the fact that the computation cost of UKF is
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proportional to the number of sigma points, it is beneficial to have fewer sigma points.
The unscented transform requires 2n + 1 sigma points selection, where n is the
dimension of the system. The simplex transform requires only n + 1 sigma points.

However, it suffers from numerical stability issues due to the fact that the sigma points

lie on the sphere with a radius of 2"2 [173].
The spherical transform considered in this paper for SOC estimation requires n + 2

sigma points. Its numerical stability is improved by reducing the sphere radius to
Jn / (1-W,) . In the spherical transform of a n-dimensional system, the initial weight

Wo is set first and the choice of Wy affects only the fourth and higher order moments of

the set of sigma points. Using Wo and n, the rest of the weights (W1 to Wy) are selected.
The three element vectors ( ;{é , yrand ;(%) are generated using Wi. To generate the

required n + 2 sets of sigma point vectors with n dimension, the element vectors are
recursively expanded.

In this study, it was discovered that several stability issues remain in the spherical
transform UKF, such as negative battery parameters. This is due to the fact that the
sphere radius for sigma point distribution depends on the size of estimated state vector.
To ensure the sphere radius is independent on the estimated state vector size, and {

always fall within the range of the expected variance of f(¢), all sigma points are
normalized with respect to Jn / (1-W,) . Thus, all the sigma points are guaranteed to

be projected within a unit hyper sphere. The spherical transform is summarized in Table

4-3.
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Table 4-3 Proposed unit hyper sphere spherical unscented transform

Step 1: Choose the initial weight, Wo
0<w <1

Step 2: Compute the rest of the weights, W;
C1-W,

n+1
Step 3: Initialize the following element vectors,

(0] Z{; P

Step 4: Recursively expand the following vectors, for

=2,...,n,
_;(H
° fori=0
| 0
- i
X = 1 fori=1,...., j
JiG+yw,
0
j-1
j fori=j+1
_x/j(j+1)W1

Step 5: Arrange Zij vectors in a unit hyper sphere

i

Z
A
(1-w,))

2) Square root unscented Kalman filter (Sqrt-UKFST)

In a standard UKF, the state covariance Pxis recursively updated and propagated
by decomposing into matrix square root, Sk, for sigma point mapping at each time step
where Px = SkSk". Then, Px matrix is reconstructed from all the propagated sigma points
for updating purpose. On the other hand, the Sqrt-UKFST directly propagates and
updates the Sk without the needs of decomposing and reconstructing matrix Px. This
avoids the needs of refactorization on Py at each time step. Thus positive semi-
definiteness of the Py could be guaranteed [164]. The square root UKF makes use of

three linear algebra techniques for the square root covariance update and propagation.
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They are QR decomposition (qr), Cholesky factor updating (cholupdate) and efficient
least squares [164].
Given the state space model of the nonlinear battery system in (4.4) and the output

equations in (4.5), it can be expressed in the general form as

Xep = T (X%, U )+Q, (4.9)
Y, =h(x,u)+R, (4.10)

where the system input variable ukis I, X, is the system state variable of [( Vp VK]

and y, is the measured output Vi. Let Qx~ N(O, covg) and Rk~ N(O, covr) represent the
uncorrelated zero-mean white Gaussian process and measurement noise. The proposed
Sgrt-UKFST is as follows.
1) Initialization:

The initial state X, =[§ Vo Vi ]T and initial covariance So are initialized using

(4.11) and (4.12)

% =E[%] (4.12)
Sy = chol { E[(%, = %,)(% — %) 1} (4.12)

where chol represents the Cholesky factor calculation.
2) Computation of sigma points:

Through the proposed unit hyper sphere unscented transform in Table 4-3, the n
state variables can be transformed into n + 2 sigma points ;" with the corresponding

weight Wi with i ranges from 0 to n + 1. Using the state x and covariance S at k-1, the

sigma points y, ,_,are computed using (4.13)

60



CHAPTER 4: SQUARE ROOT SPHERICAL UNSCENTED KALMAN FILTER STATE-OF-CHARGE ESTIMATION

Xika1™ Xt Sk-llin (4.13)

3) Time update:
The sigma points are propagated through the state function f(xy,ux) in (4.4) and a

priori state estimate X, is calculated using the propagated sigma points z,, ,,

Hk-1 = F(Xa IB,k—l) (4.14)

n+1
A

% =[&0 Vo Ve | =2 Wiy (4.15)
i=0

A priori error covariance S, is computed using (4.16) and (4.17),
Se =ar {[\W (rawa %) R} (4.16)
S, =cholupdate{S, , 7o, — % - Wo} (4.17)

where gr and cholupdate represent the QR factorization and Cholesky factor update.

These propagated sigma points y,, ,are then used to calculatelfk‘kf1 through the

nonlinear measurement model H(x,ux) in (4.5) and estimate the system output y, using
(4.18) and (4.19) as follows

Yk|k—1 =H [Zku(_l' IB,k—l] (4.18)

9k7 :Vf = ZWiYi,Hk—l (4-19)
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4) Measurement update and correction:

The measurement covariance S; and the cross covariance matrix P, are then

computed based on the estimated Y, , ,-and the transformed sigma points y,, , using

(4.20)-(4.22) as

S, = qr{[\M(Yxnﬂ,mk_l -Y) JR1} (4.20)

Sy, =cholupdate{S, , Y, — Vi ,Wo} (4.21)
n+l . o

Py = Z\Ni (X = %X — Vi) (4.22)
i—0

The Kalman gain K is calculated using (4.23) as

K =P,S] S, (4.23)

XY Yk

The state estimate update & is computed through measurement (Y, =V,) and the
calculated K using (4.24) as

)A(; = *E + Kk(yk - 9;) (4-24)

Lastly, a posterior error covariance Sk is computed as

S, = cholupdate{S, , K, S; , -1} (4.25)

These steps are repeated till the end of the experiment. Fig. 4.9 shows the flowchart

of the Sqrt-UKFST algorithm.

62



CHAPTER 4: SQUARE ROOT SPHERICAL UNSCENTED KALMAN FILTER STATE-OF-CHARGE ESTIMATION

Initial State
X 1, S ¢
X1 Ox-10 ik
Battery
Parameters
R,R,C,R,C
ol b’ b’ k K
P  State Update
—> Zk“(—ll Xk ] Sk
IB
Y ’ A
Measurements klk-1 yk
Vt ) Measurement Update
o+
Sy, 1 Py K X Sy
|
é/'VD!VK

Fig. 4.9 Flowchart of Sqrt-UKFST

4.3 Simulation and Experimental Evaluation of Sqrt-UKFST

4.3.1 Simulation studies of Sqrt-UKFST

To verify the performance of the Sqrt-UKFST, a simulation study is first performed
using the lithium-ion battery model in Simulink. Fig. 4.10 shows the constructed
simulation testbed used in Simulink. The Sqrt-UKFST algorithm is performed using the
input data of Vi and Ig from the Simulink instead of using the actual experimental

measurements.
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Fig. 4.10 Sqrt-UKFST simulation testbed in Simulink

The lithium-ion battery in the simulation has a nominal voltage of 3.6V and a
nominal capacity of 2.9Ah as well. The following assumptions have been made to get
the battery model in Simulink [174]:

- The internal resistance is kept constant during the charge and discharge cycles and
does not vary with the amplitude of the current

- The battery capacity is the same for different current magnitudes

- Thermal effect is ignored.

Fig. 4.11 shows the current profile of the simulation to verify the Sqrt-UKFST. It
consists of 5 different pulse charge and discharge currents, i.e. 2.9A discharge, 1.45A
charge, 1.45A discharge, 0.58A charge and 0.58A discharge. Each charge and discharge
pulse have 30 seconds of rest time between them. The comparison between the estimated
and the reference SOC is plotted in Fig. 4.12 and its absolute estimation error is shown
in Fig. 4.13. Fig. 4.13 shows that the Sqrt-UKFST estimates the SOC accurately with a

maximum error bound of 1%.
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Fig. 4.12 SOC estimation comparison in simulation
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Fig. 4.13 Absolute SOC estimation error in simulation
To evaluate the performance of SOC estimation quantitatively, the absolute mean,

root mean square (RMSE) and absolute maximum errors of the SOC are calculated as
follows

138 .
Mean==>I¢, —gk‘ (4.26)
mia
RMSE = |1 i(g -¢ )2 (4.27)
- m — k k '
Maximum = Max‘cjk —cfk (4.28)

where £, is the reference SOC and g:k is the estimated SOC. Table 4-4 summarizes the

calculated error performance from the simulation study.

Table 4-4 SOC estimation error performance in simulation

Mean 1.00%
RMSE 1.00%

Maximum | 1.02%
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4.3.2 Experimental studies of Sqrt-UKFST

To validate the proposed method experimentally, the same battery test bench as
shown in Fig. 3.14 and the satellite mission scenario of Fig. 3.15 are used. Similarly, the
reference SOC is obtained by using the calibrated ampere-hour counting via the high
precision current sensor from the power supply and the DC electronics load. For
performance comparison, the EKF, a portable fuel gauge (MAX17058) with an expected

accuracy of 3~5% and the ampere-hour counting method are used for benchmarking.

1) SOC estimation with unknown initial state

The performance of SOC estimation using the proposed Sqrt-UKFST with
unknown initial SOC is performed. The true SOC is set as 100% and the two initial SOC
are set at 0% and 50%. Fig. 4.14 shows that the estimated SOC converges to the true
SOC within 250s when the initial SOC error is 50%. With the initial SOC error at 100%,
the proposed method converges to the true SOC after 300s. To further validate the
convergence performance of the proposed method, different reference SOC states are
used. Fig. 4.15 summarizes the SOC estimation errors after 300s of different initial
estimated SOC for four reference SOC values. The four reference SOC values are 30%,
50%, 75% and 100%. From Fig. 4.15, the Sqrt-UKFST is able to converge to the
reference SOC across the entire operating range with a maximum estimation error of
2.4%. The results show that the initial estimation error does not impact the convergence

of the SOC estimation using the proposed Sqrt-UKFST.
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Fig. 4.15 SOC estimation error under unknown initial SOC
2) SOC estimation with known initial state
The initial state of SOC is known whenever the battery is fully charged. Fig. 4.16
shows the experimental results of the battery current with 16 satellite orbits using the

load profile in Fig. 3.15. In this experiment, the battery is fully charged before the test

is commenced.

68



CHAPTER 4: SQUARE ROOT SPHERICAL UNSCENTED KALMAN FILTER STATE-OF-CHARGE ESTIMATION

L5 ; ! ! ' ; ;

Current (A%

sk r M IR N & BN LN 4 sl ..... i

1 | i i 1 ] |
0 250 500 750 1000 1250 1500
Time (minz)

Fig. 4.16 Battery current profile under orbital test experiment

Fig. 4.17 shows the corresponding SOC estimation using various approaches. From
the results, it is observed that the SOC based on the ampere-hour counting method
drifted away from the reference SOC due to the accumulated errors. Moreover, it is

noticed that both the EKF and Sqrt-UKFST perform better than the fuel gauge.
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Fig. 4.17 Comparison of SOC estimation

The percentage SOC estimation error is plotted in Fig. 4.18. From the results, it is
observed that the ampere-hour counting error increases linearly due to the accumulated

errors. For the fuel gauge circuit, its SOC estimation relies solely on the voltage
69



CHAPTER 4: SQUARE ROOT SPHERICAL UNSCENTED KALMAN FILTER STATE-OF-CHARGE ESTIMATION

readings. Since the battery voltage increases when it is being charged and vice versa,
the fuel gauge circuit experiences higher fluctuations in SOC estimation than EKF and
Sgrt-UKFST whenever a charge/discharge current is applied. Both EKF and Sqrt-
UKFST have similar SOC estimation error.

Table 4-5 summarizes the results. It shows that the Sqrt-UKFST has the lowest
RMSE of 1.42%, absolute mean error of 1.09% and maximum error of 4.96%. For the
EKF, its errors are about 40% higher than Sqrt-UKFST. Furthermore, the fuel gauge
estimation error is at least 100% higher than the Sqrt-UKFST. It is noted that the

ampere-hour counting mean error is almost ten times higher than the Sqrt-UKFST.
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Fig. 4.18 Comparison of SOC estimation error
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Table 4-5 Performance comparison

Sqrt- EKE Fuel Ampere-hour
UKFST Gauge Counting
Absolute Value 1.42% 1.95% 3.85% 15.48%
RMSE %i S
0 '”Crf)aé‘;gfr't art - 37.32% | 171.13% 990%
Absolute value 1.09% 1.54% 3.09% 13.73%
Mean Error % i S
0 '”Crfj‘f(elz‘g’#t art- ; 41.28% | 183% 1153%
Absolute value 4.96% 7.15% 11.47% 25.38%
Maximum
Error 0 i -
% '”Cr‘ij‘f(elz‘g’{'t Sart ; 44.15% | 131.30% 411.69%
3) Computational requirements

Table 4-6 compares the number of multiplication required in each operation for the
spherical unscented transform, regular unscented transform and EKF. In the table, “n”
denotes the number of states and “L” is the number of measurements. From the table, it
is observed that the spherical unscented transform requires less multiplication than the
regular unscented transform as a result of using fewer sigma points. For the SOC
estimation (n = 3 and L = 1), the total number of multiplication is 81 for the spherical
unscented transform and 107 for the unscented transform. Thus there is a 32% saving in

multiplication using the Sqrt-UKFST.
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Table 4-6 Multiplication required for each operation

Multiplication Required
Operation Spherical Unscented Unscented EKE
Transform transform
P (n+2)n? (2n + 1) n2 -
Pyy (n+2) (nL) (2n + 1) (nL) -
Py (n+2) L2 @n+1)L2 -
PHT(HPHT + R) - - L3+ 2nL2+ 2n°L
K(y - ) L3+ nL2+nL L3+ nL2+nL nL + Ln?
P - KPyK Ln? Ln? n’L + n®
Total Multiplication
Required 81 107 73
(n=3,L=1)

4) Robustness study in terms of battery’s parameters variation

The accuracy of SOC estimation is affected by the battery model accuracy. The
battery parameters may vary depending on the battery’s state-of-health [175]. As the
battery usage increases, its parameters such as R, would change. The variation could be
as high as 60% of initial parameters [176]. To study the robustness of the proposed
approach and EKF with respect to parameters variation, different battery parameter sets
are used. Table 4-7 presents different sets of parameters in terms of 25%, 50%, 75%,
125%, 150%, 175% and 200% of the actual battery parameters. For groups 1 to 3, the

true battery parameters are higher than the estimated parameters, and groups 4 to 7

provide the cases that the true parameters are lower than the estimated parameters.
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Table 4-7 Different parameters sets used in sensitivity analysis

Ro Rp Rk Co Ck
(mQ) (mQ) | (mQ) (F) (F)
True P?S‘meters 5428 | 1058 | 40.16 | 330 1020
Group 1
1357 | 265 | 1004 | 825 255
(0.25p)
Group 2 2714 | 520 | 2008 | 165 510
(0.5p)
Group 3
4071 | 7.94 12 | 247, 7
0.750) 0 9 30 5 65
Group 4
67.85 | 1323 | 502 | 4125 | 1275
(1.25p)
Group 5
8142 | 1587 | 6024 | 495 1530
(1.5p)
Group 6
4, 1852 | 702 77. 17
(L750) 9499 | 185 028 | 5775 85
Gré‘;‘)’ ! 10856 | 21.06 | 80.32 | 660 2040

The parameters in each group are used by Sqrt-UKFST and EKF to estimate the
SOC. Figs. 4.19 and 4.20 show the RMSE and absolute maximum error. Both figures
show that Sgrt-UKFST has lower error than EKF. Fig. 4.19 shows that the highest
RMSE error for EKF and Sqrt-UKFST are 7.6% and 4.3% respectively. The absolute
maximum error for EKF can be as high as 29% while Sqrt-UKFST remains below 8%.

In summary, the Sqrt-UKFST is more robust to parameter variation than EKF.
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Fig. 4.19 RMSE comparison with different parameters set between EKF and Sqrt-UKFST
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Fig. 4.20 Absolute maximum SOC error comparison with different parameters set between EKF and

Sqrt-UKFST
4.4 Summary
Using the double polarization lithium-ion battery model, a new state-of-charge
(SOC) estimation method using square root spherical unscented Kalman filter (Sqrt-
UKEFST) is presented in this chapter. It takes advantage of Jacobian-free linearization

approach with unscented Kalman filter. The spherical transform with hyper unit sphere
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requires fewer sigma points than the standard UKF and provides a better controllability
of the sigma point distribution. In addition, the square root characteristic of the proposed
approach improves the numerical properties in state covariance. The experimental
results of the proposed approach have been compared with EKF, ampere-hour counting
and fuel gauge. The RMSE results have shown that those of EKF, ampere-hour counting
and fuel gauge are approximately 37%, 900% and 171% higher than the proposed
method respectively. In addition, the parameter variation study shows that the proposed
Sqgrt-UKFST is more robust than EKF. Furthermore, computational analysis shows that
the regular UKF requires 32% more multiplication than Sqrt-UKFST. For the proposed
Sgrt-UKFST method, the temperature effect is neglected as a heater for the battery is
assumed to be in use. In the next chapter, the temperature effect will be included for the

SOC estimation using a dual spherical unscented Kalman filter.
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CHAPTER S5

5. DUAL SPHERICAL UNSCENTED KALMAN FILTER

BASED STATE-OF-CHARGE ESTIMATION
5.1 Introduction

The square root spherical unscented Kalman filter (UKFST) method proposed in
chapter 4 does not consider the temperature effect. In this chapter, the variation of
temperature is considered for the SOC estimation using a dual spherical unscented
Kalman filter. Ambient temperature is one of the significant factors that affects SOC
estimation. Since the satellite operates at different temperatures throughout the orbit, it
must be taken care accordingly to safeguard the battery performance and reliability.
Moreover, SOC estimation depends on the battery model accuracy as well. The battery
parameters are affected by the charging and discharging rates, temperature and SOC.
The parameters need to be updated regularly to improve the battery model and the SOC
estimation accuracy. The opportunistic SOC estimation in chapter 3 requires a pre-
stored lookup table and the accuracy might suffer for the aged cells. The UKFST from
chapter 4 addresses all the short falls of the opportunistic SOC estimation but it still
lacks the temperature dependency factor in the estimation. This chapter proposes a SOC
estimation method and online parameter updating using a dual square root unscented
Kalman filter based on unit spherical unscented transform (DUKFST) to include the
temperature effect which is lacking in the UKFST.

For DUKFST, the results are compared with EKF and UKFST. Experimental
results have shown that it has better performance in terms of lower root mean square

error (RMSE) and absolute maximum error across different temperatures at 0°C, 25°C
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and 50°C. The improvement is more significant at 0°C and 50°C. The three temperatures
are selected based on the satellite operating temperature range in the orbit and the

thermal analysis performed by the satellite thermal management team.

5.2 Temperature Dependent Lithium-ion Battery Model

Based on the double polarization battery model in Fig. 3.1, battery parameters are
now assumed to be functions of SOC and temperature in DUKFST. Fig. 5.1 shows the
temperature dependent equivalent circuit model.

Rop Rk
(Vsoc, T) (Vsoc, T)

(vsfco, T) —NW!

i
=) o Co
8 L U * (Vsoc, T)
0s)
I F
2 Voc
> (Vsoc, T)

Fig. 5.1 Temperature dependent double polarization model

In Fig. 5.1, Voc is now a function of battery SOC and the temperature T. The battery
parameters are affected by ambient temperatures, SOC, current and ageing factors.
Among them, the ambient temperature affects the most [177]. In this study, the same
lithium-ion battery (NCR18650) as in chapter 3 is used.

Fig. 5.2 shows the experimental battery response at different temperatures when a
1.45A discharge pulse with 10 seconds duration is applied on the battery. Fig. 5.3
illustrates the performance of the battery having different released capacity at different

temperatures when the battery is discharged from the fully charged state to the fully
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discharged state at a constant 1.45A discharge current. From Figs. 5.2 and 5.3, it is
observed that the internal dynamic response of the battery varies at different
temperatures. As such, online identification and updating of battery parameters are
necessary to improve the battery model accuracy if it is expected to operate at different

temperatures.

412k L TUTRY T .............. ............... .......... 4
A b 4
= o
o e
gdlng ................................... k"‘ .................................. _
S ARt T O P 4
404 D ............. ............. ............... L]
4021
a4t
0 10 20 30 40 50
Time (s)

Fig. 5.2 1.45A (0.5C) discharge pulse response at different temperatures (0°C, 25°C and 50°C)

— [
- 250 ]
- 5

Woltage (V)

Feleased Capacity (Ah)

Fig. 5.3 1.45A constant current discharge curve at different temperatures (0°C, 25°C and 50°C)

78



CHAPTER 5: DUAL SPHERICAL UNSCENTED KALMAN FILTER STATE-OF-CHARGE ESTIMATION

5.2.1 Open-circuit voltage Voc versus SOC at 0°C, 25°C and 50°C

It is well-known that the Voc and SOC have a nonlinear relationship. The Voc is
also affected by ambient temperature as shown in Figs. 5.4 and 5.5. To illustrate the
temperature effect on Voc, the battery ambient temperature is varied from 25°C to 0°C
(cold temperature) and 25°C to 50°C (hot temperature). Figs. 5.4 and 5.5 show how the
Voc changes at different (cold and hot) temperatures. In Fig. 5.4, it is observed that Voc
of the battery with a 50% SOC dropped to a lower value when the temperature is
decreased from 25°C to 0°C. Moreover, the Voc returns to the original value when the

temperature rises to 25°C. Fig. 5.5 shows the case that the temperature is increased from

25°C to 50°C.
3.54 1 L | 4 T T TT
3.635 : 1
. s |
% 363 ] | 25°C 1
o . :
o 0°C
= la—>»]
-._.g 3.625 : g : g) v 1
= g |
3.62f B S 7
X & X g X
3 61 5 I i I I L I I L
’ 0 50 100 150 200
Time{mins)

Fig. 5.4 Voc at 50% SOC at 0°C
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50°C to 25°C

0 100 150 200
Time{mins)

Fig. 5.5 Vo at 50% SOC at 50°C

To study the relationship between Voc and SOC, the open-circuit test is performed
[178]. The hysteresis effect of battery is neglected in this test [167-169]. For this
experiment, the battery is first fully charged using the constant current and constant
voltage (CC-CV) method. It is then rested for an hour to allow Vi to reach the
equilibrium voltage and V: is recorded as Voc. The battery is subsequently discharged at
10% SOC level interval by a constant discharge current of 0.58A followed by 1 hour
rest period before Voc is measured. The experiment is repeated until the battery is fully
discharged. Voc at different temperatures (0°C and 50°C) are subsequently measured in
the same manner using a thermal chamber. Fig. 5.6 shows the Voc and SOC relationship
at 0°C, 25°C and 50°C. In Fig. 5.6, the Voc at the fully discharged stage is around 3.2V
and is different from the maximum discharge voltage of 2.5V. The maximum discharge
voltage is the minimal allowable voltage for a battery at any time. The fully discharged
Voc is obtained after resting the battery for an hour once it is discharged till the
maximum discharge voltage. Similar characteristics in terms of voltage difference

between the discharge curve and the OCV-SOC relationship can also be found in [178].
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Fig. 5.6 Voc versus SOC at 0°C, 25°C and 50°C

Using Fig. 5.6, the relationship of Voc and SOC () can be described by a 7" order

polynomial using a polynomial curve-fitting method as follows:

Ve (&, T)=md" +m, e+, +m&Z+m g +my (5.1)

where the coefficients are the same as (4.6) for the case of T = 25°C.
5.2.2 Battery state space model
Let 'be the battery SOC, Vp and Vk be the voltages across the two RC networks in

Fig. 5.1. The dynamics of the system are given by

é;(vsoc) = _(IQ_B (5.2)

V(& T)=— Vo + le 53
o TR CTC (T ¢ 3
Ve (£, T)= v | (5.4)

TRACTIC(ET) G T)

where Qp represents the battery nominal capacity from the battery datasheet after

ignoring the temperature and cycle dependencies and T is the battery temperature. Let
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the battery internal state variables, x, be defined as x :[g“ V, V. ]T and the battery

1 g
CD C:K

]
parameters be defined as z { R, R, } . Using Fig. 5.1 and (5.2)-

(5.4), the battery state process function, F, and measurement function, H, can then be

derived as

é’k+l
F(& Vo, Vi, T)= VDk+1

L Kk+l
At

1 0 0 Q (55)
—At gk —At
=10 e®® 0 ||V, |+|Ro@-e™%) [Ig]

—At —At

V
0 0 ef& |Ld IR (1-eR%)

V.=H(x,z1,,T)

A o n R (5.6)
= oc(f (Vsoc 'T)) _VD (Vsoc !T) _VK (Vsoc !T) - IBRO(VSOC’T)

where At represents the sampling time, Ig is the battery current and V: is the measured
terminal voltage. Battery parameters need to be known to estimate the battery state
variables. The identified parameters in Table 4-2 are taken as the initial battery
parameters. However, these battery parameters vary at different temperature and SOC.
They are updated through a spherical square root unscented Kalman filter, which will

be explained in the next section.
5.3 Dual Spherical Square Root Unscented Kalman Filter

For the proposed approach, the DUKFST uses two separate Kalman filters for state
estimation and parameter estimation/update. The matrix operations are simpler than than

those of joint estimations which combine the state and parameters into a single system
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[179]. It uses two Sqrt-UKFST presented in chapter 4 to incorporate the temperature
effect. One is used as state estimator for the SOC and the other is to update the
parameters of the battery. For dual estimation, the battery cell dynamics to explicitly

include the parameters can be written as

R =F (X U, 2)+Q¢ (5.7)
Yo =h(%, u, 2,)+R¢ (5.8)

2,,=2+Q; (5.9)
d. =h(&, U, 2,)+R? (5.10)

where uk is the system input variables, X, is the system state variables, zx is the time

varying parameters and Y, and dk are the state output variables. The state-space and the

measurement models of f(x, u, z) and h(x, u, z) are (5.5) and (5.6) respectively. Let Qx~
N (0, covg) and Rk~ N (0, covr) represent the uncorrelated zero-mean white Gaussian

process and measurement noise. The parameter dynamic equation in (5.9) implies that
the parameters remain constant but they change slowly over time through the R, process

noise [97, 179]. With these two systems defined, the same procedure of Sqrt-UKFST in
chapter 4 can be used for state estimator and parameter update.

The error covariance of Q and R can affect the filter performance as well. To further
improve the filter performance, different adaptive filtering methods of maximum
likelihood, Bayesian estimation and covariance matching have been used to adaptively
update Q and R [180]. However, the simultaneous adaptation of both Qk and Ry is not
considered robust as discussed in [181]. It is the state process noise Qx, which is
unknown and it can be updated with the adaptive factor a [182, 183] using covariance
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matching. Covariance matching makes the elements of the innovation or residual-based
covariance matrix consistent with the theoretical values. This is possible by the
established principle that the estimated covariance matrix of the innovations or residuals

should match with its theoretical form [180, 181]. Based on this principle, the updating

of Q takes place. The innovation sequence vk and its theoretical covariance (E{vkv[ })

can be expressed as [181]

Vi = Y —heX (5.11)
E{vv | =hPh +R, (5.12)

where yk is the output measurement, hi is the measurement function, X, is the state

estimate before Kalman gain is applied and I5k* (Iﬁk‘ =S, (Sk‘ )T) is the predicted state

covariance matrix. The innovation covariance Cy can be estimated over a window length

of N using the covariance sequence as

k
== > vV (5.13)

Using the covariance matching principle, the estimated covariance in (5.13) should

match its theoretical covariance (5.12) as

k
% Z v,vi =h P hi +R, (5.14)
j=k—N+1

With Rk and FA’kf, Q« can be updated through the use of the adaptive factor a. The

factor « can calculated as the ratio between the estimated innovation covariance and the

predicted state covariance [182, 183].
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- Rk} ) trace{éV - Rk}
FA’(hkT} ) trace{hksk‘ (Sk‘)T hkT}

a =

trace {év
(5.15)
hk

trace{
where fi is the state transition function. With a, Q at epoch k can then be stimated as
Q =aQ,, (5.16)
With the adaptive process noise, dual estimation with two separate Kalman filters
can be used for state and parameters estimation [96, 179]. The DUKFST is performed
as follows:
1) Initialization:
The initial state x :[g“ Vp VK] . Its initial state covarlance(SxO ) the initial

T

parameter z=| R, R, 1 Ry L and its covariance (s, )are initialized
CD CK ’
using (5.17) and (5.18).
% =E[%], S,, =chol {E[(%, —%)(% —%,)' ]} (5.17)
2, =E[z,], S, =chol {E[(z,—2,)(z,—2,)"]} (5.18)

where chol represents the Cholesky factor calculation.
2) Parameter time update:

A priori state and error covariance for z are calculated using (5.19)-(5.21). A priori

parameter time update z, ,_, are computed in (5.20) using the sigma points Z* and the
error covariance S, . The sigma points are generated using Table 4-3.

2, =12, (5.19)

2 nZ
L1 =24,+S, Z; (5.20)
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where i=0,1....,n, +1.

A priori parameter error covariance S, is calculated using (5.21).
S, = J,F;ﬂfszkfl (5.21)

where 2.\ €(0,1].
3) State time update:

A priori state and error covariance for x are calculated using (5.22)-(5.26). The

sigma points y and their weightage W, are generated using Table 4-3. The generated
sigma points are propagated through the state function in (5.5). A priori stateX, is

calculated using the propagated sigma points y,, ,in (5.24).

Xika =R+ St (5.22)

Kk = F (i IB,k—l) (5.23)
A ~ A T n+1

X = |:gk_ Vo VK_] = wa,i}(mk-l (5.24)
i=0

where i=0,1....,n, +1.

A priori state error covariance S, can be calculated using (5.25) and (5.26) as

follows:
S;,k =qr {[M()ﬁ-nﬂ,mk—l - )A(l:) x/@]} (5.25)

S, =cholupdate{S, , , Aok~ % W, o} (5.26)

where gr and cholupdate represent the QR factorization and Cholesky factor update.
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4) State filter Output estimate:

The propagated sigma points are then used to calculate the output sigma points Y,
using (5.6) in (5.27). The system output y, is estimated using these Y, in (5.28).

Yk|k—l =H [Zk|k—l’ IB,k—l] (5.27)

n+1

Yk_ :\7; = ZWx,iYi,k\k—l (5.28)
i=0

Update the output covariance S, using (5.29) and (5.30).

Syk = qr{[\m(anﬂ,Hk—l - 9;) \/ﬁ]} (5.29)

S;, =cholupdate{S, , Y, 5 — Vi - W, o} (5.30)

Y,
5) State filter Kalman gain:
Calculate the cross covariance matrix P, and the state filter Kalman gain Ky using

(5.31) and (5.32) as

n+1

kayk = wa,i (Zi,k|k—1 - )’zk_)(Yi,Hk—l _\7’[_k )T (5.31)
i=0
Ko =P, S} S, (5.32)

6) State filter measurement update:

The state estimate & is updated through measurementV, , Kxand %, in (5.33).

K= R+ K Ve =Vir) (5.33)

The posterior state covariance matrix S, , is calculated as

S, =cholupdate{S, ,, K,,S; , -1} (5.34)
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The Qx is updated as

[
cl :%_ S (=% X (5.35)

trace{(fv - R}

a (5.36)
trace{HkS;k(S;k) HkT}

Qx,k = an,k—l (5-37)
7) Parameter filter output estimate:
The parameter filter output &k is calculated using the sigma-points D, , as follows

Dk|k—1 =H(x.Z", IB,k—l) (5.38)

d = ZWz,i D e (5:39)

Update the parameter filter output covariance as
Sdk =qr {[x}wz. (ZJ_'n+l,k|k—l - 21:) \li@]} (5.40)

S,, =cholupdate{S, , Dy, —d,. W, o} (5.41)

z

8) Parameter filter Kalman gain Kz
Calculate the parameter filter cross covariance matrix P, , and the Kalman gain K;

as

n+1

szdk = sz,i (Zi+,k|k—1_ 2k_)(Di,k|k—1 - dk )T (5.42)
i=0

K,=P

z,dy

S (5.43)
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9) Parameter filter measurement update:

The parameter update 2, is computed below as

2y =2+ K, (V, — dy) (5.44)

Lastly, update the parameter posterior error covariance and process noise as

S, =cholupdate{S, , K,S, , -1 (5.45)

Z

Qz,k = an,k—l (5-46)

The proposed DUKFST overall flowchart is shown in Fig. 5.7.
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Fig. 5.7 Flowchart of DUKFST
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5.4 Simulation and Experimental Evaluation of DUKFST

5.4.1 Simulation study of DUKFST

Using the temperature dependent lithium-ion battery model in Fig. 5.8, the
simulation study is performed to verify the proposed DUKFST algorithm. Fig. 5.8
shows the constructed Simulink simulation testbed. Fig. 5.9 presents the discharge and
charge load profile used in the simulation. The temperatures used for the simulation are
0°C (cold) and 25°C (hot). Fig. 5.10 shows that the battery operating temperature
maintains around 25°C throughout the experiment. The SOC estimation comparison
between the reference and DUKFST at 25°C is plotted in Fig. 5.11. The corresponding
absolute SOC estimation error at 25°C and 0°C are presented in Figs. 5.12 and 5.13
respectively. Figs. 5.12 and 5.13 show that DUKFST performed better at 25°C than at
0°C. The maximum estimation error is below 2.5% and the DUKFST is able to estimate

SOCs correctly at different temperature.
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Fig. 5.8 Thermal dependent lithium-ion battery model in Simulink [184]
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Fig. 5.9 Simulation load profile of DUKFST
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Fig. 5.10 Battery operation temperature at 25°C
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Fig. 5.11 SOC estimation comparison at 25°C
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Fig. 5.12 Absolute SOC error comparison at 25°C
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Fig. 5.13 Absolute SOC error comparison at 0°C

Table 5-1 presents the calculated absolute mean, RMSE and maximum error for
0°C and 25°C simulation studies.

Table 5-1 SOC estimation error performance

25°C [ 0°C
Mean | 0.86% | 1.97%
RMSE | 0.88% | 2.00%

Maximum | 0.97% | 2.20%

5.4.2 Experimental studies of DUKFST

To validate the proposed method experimentally, the same battery test bench as
shown in Fig. 3.14 is used in the experiment. The thermal chamber is used to set the
different operating range of the battery at different orbits. The temperatures used for the
experiment are at 0°C, 25°C and 50°C following the satellite expected temperature
range. The setup is then used to perform VELOX-I nanosatellite payload mission
experiment as shown in Fig. 5.14 to validate the proposed method. VELOX-1 is the first
Singapore nanosatellite built by Nanyang Technological University. VELOX-I consists

of scientific payloads which include a vision system with extended optics, a dual-field
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of view sun sensor and a piggyback pico-satellite VELOX-PIII for satellite
communication experiment [185]. There are two different loading profiles for the
nanosatellite: normal operation and payload operation. For the normal operation as
shown in Fig. 3.15, the load profile does not have many dynamic load changes. The
proposed method is compared against the UKFST in the previous chapter and EKF for

the performance evaluation.
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Fig. 5.14 VELOX-I nanosatellite payload current profile

1) Robustness and convergence study in terms of initial SOC error

The proposed method is first verified for its robustness in terms of initial SOC error.
Assuming that there is an error in the initial SOC, the SOC estimation is performed with
the load profile as shown in Fig. 5.14. The battery is first fully charged using the CC-
CV method. Due to the high initial charging current (1.45A) of the load profile, the
battery charging voltage exceeds the absolute charge voltage limit of 4.2V and this could
damage the battery. In order to safeguard the charged safety limit voltage when using
the load profile, the battery is discharged to 80% SOC by a discharge current of 0.29A

(0.1C). Different initial SOC errors in terms of 10% SOC intervals from 0% to 100%
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are considered for the proposed method at three different temperatures: 0°C, 25°C and
50°C. Fig. 5.15 shows the convergence of initial error analysis at 25°C when the
reference SOC is 80%. It can be observed that the proposed method converges to the
actual SOC within 20s. To further validate the convergence performance of the
proposed method, different reference SOCs, i.e. 40%, 60% and 80%, are performed at
0°C, 25°C and 50°C. Fig. 5.16 shows that the DUKFST is able to converge to the
reference SOC across the entire operation range with the maximum estimation error of
2.4% at 25°C.

Table 5-2 and 5-3 summarize the performance at 0°C and 50°C. The results show
that the initial estimation error does not impact the convergence of the SOC estimation

using the proposed DUKFST.

Reference M
| = ——Initial Error 10%
i EEEEIEES Initial Error 20%
©| = — - Initial Frror 30% |
o | — Initial Error 40%
; Initial Error 50%
S R Initial Error 60% H
o | =+ =~ Initial Frror 70%
| ——— Initial Error 80% [
|| === Initial Error 00%

S REEEEER Initial Frror 100%

S50 (%)

I Al
0.7 0.3 0.o 1

Time (rmins)

Fig. 5.15 Initial SOC error convergence study at 25°C with different initial errors
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Fig. 5.16 SOC estimation error under unknown initial SOC at 25°C

Table 5-2 Initial SOC error analysis at 0°C

Estimation Estimation Estimation

error at 80% error at 60% error at 40%

Reference SOC | Reference SOC | Reference SOC
(%) (%) (%)
100 0.57 4,12 0.31
90 0.38 3.92 0.05
= 80 0.24 3.76 0.31
< 70 0.11 3.61 0.58
L%’ 60 0.06 3.44 0.88
o | 50 0.22 3.25 1.21
% 40 0.4 3.05 1.56
£ [ 30 0.55 2.87 1.87
= 20 0.67 2.72 2.13
10 0.79 2.58 2.36
0 0.88 2.46 2.57
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Table 5-3 Initial SOC error analysis at 50°C

Estimation Estimation Estimation

error at 80% error at 60% error at 40%

Reference SOC | Reference SOC | Reference SOC
(%) (%) (%)
100 0.37 4.47 0.64
90 0.08 4.14 1.1
= 80 0.13 3.89 1.48
< 70 0.35 3.67 1.79
L%’ 60 0.58 3.43 2.1
O | 50 0.78 2.22 2.39
@ 40 0.92 3.04 2.64
£ | 30 1.05 2.89 2.86
= 20 1.2 2.71 3.09
10 1.38 251 3.37
0 1.56 2.28 3.67

2) SOC Estimation at 0°C, 25°C and 50°C

For a given initial SOC and the battery parameters in Table 4-2, SOC estimation
based on DUKFST is performed using the load profile in Fig. 5.14 at three different
temperatures: 0°C, 25°C and 50°C. The performance of the proposed method is then
compared with UKFST and EKF. For performance evaluation, the RMSE and absolute
maximum errors in (4.27) and (4.28) are used. Figs. 5.17 and 5.18 present the SOC
estimation using different approaches and the absolute error between the estimated and
reference SOC at 50°C for each method. From Fig. 5.17, it can be observed that
DUKFST and UKFST follow more closely to the reference SOC than the EKF. Fig.

5.18 shows that DUKFST produces the least error.
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Fig. 5.18 SOC error comparison at 50°C

Using the same load profile, the experiment is also conducted at 0°C and 25°C.
Figs. 5.19 and 5.20 show the corresponding absolute SOC error. From Figs. 5.18 to 5.20,

it is noted that the proposed method outperforms the UKFST and EKF especially at 0°C

and 50°C.
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Fig. 5.19 SOC error comparison at 0°C
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Fig. 5.20 SOC error comparison at 25°C
The improvement in performance is due to the updating of battery parameters by
the proposed method. Figs. 5.21-5.23 show the values of Ro, 7o (7o = RoCp) and 7« (7«
= RkCk) at 0°C, 25°C and 50°C. These estimated values during the experiment are
plotted against SOC to have a clearer understanding how the battery parameters change
across different SOC levels and temperatures. It can be observed that the parameters of
the battery vary across different temperature and SOC. Table 5-4 shows the performance

comparison between the proposed DUKFST, UKFST and EKF. From Table 5-4, it can
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be seen that DUKFST has a lower RMSE and maximum error than those of UKFST and

EKF across different temperatures.

S0 (%)

Fig. 5.21 Ro at 0°C, 25°C and 50°C

S0 (%)

Fig. 5.22 7p at 0°C, 25°C and 50°C
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Fig. 5.23 7« at 0°C, 25°C and 50°C

Table 5-4 Performance comparison at 0°C, 25°C and 50°C

DUKFST | UKFST | EKF

] RMSE 1.96% | 3.78% | 6.3%

re Maximum | 3.36% | 6.66% | 13.5%
] RMSE 058% | 0.62% | 4.1%

e Maximum | 2.86% 2.9% | 12.2%
] RMSE 0.36% | 0.83% | 5.3%

>0C Maximum | 1.93% | 2.73% | 10.8%

3) Computational requirement

Table 5-5 compares the number of multiplications required in each operation for
the DUKST, UKFST and EKF. In Table 5-5, “n”, “z” and “L” denote the number of
states, the number of parameters and the number of measurements respectively. From
the table, it is observed that DUKFST has the most number of multiplications.
Comparing DUKFST and UFKST, the total number of multiplication increased from 81
to 334. However this also resulted in the improved performance of 93% and 98% for
RMSE and absolute maximum error respectively at 0°C. For comparison with EKF at
0°C, it represents 221% and 302% improvement for the RMSE and absolute maximum

error respectively.
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Table 5-5 Multiplication comparison analysis between DUKST, UKFST and EKF

Multiplication Required
Operation DUKFST UKFST EKF
Px (n+ 2)n? (n + 2)n? -
Py (n +2)(nL) (n+2)(nL) -
Py (n + 2)L? (n+ 2)L? -
PHT(HPHT + R) - - L3+ 2nL2+ 2n2L
K(y - %) L3+ nL?+nL L3+ nL?+nL nL + Ln?
P - KPyK Ln? Ln? n2L + n3
T i | gl S D [Bln=3L=1) | B=3L=1)

5.5 Summary

Operating temperature of the satellite varies significantly from 0 to 30°C for
internal temperature and from -40 to 75°C for external temperature in one orbit which
lasts around 100 minutes. The different operating temperature affects its battery
parameters and SOC. The SOC estimation accuracy is therefore degraded if the
temperature fluctuates. In this chapter, a new SOC estimation method and an online
parameter updating algorithm using a dual square root unscented Kalman filter
(DUKFST) with unit spherical unscented transform is presented to overcome the lack
of temperature factor in the UKFST in chapter 4. The experimental results demonstrate
that the proposed DUKFST outperforms the UKFST and EKF with the lowest RMSE
and the lowest maximum errors. The improvement is particularly significant at 0°C and
50°C. This improvement in performance is at the expense of an increased computational
requirement. All KFs based approaches are affected by the measurement and process
noise. It is beneficial if it can be eliminated to minimize the performance degradation
from the incorrect noise covariance. This has led to the development of particle swarm

optimization (PSO) with inverse barrier constraint SOC estimation in the next chapter.
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CHAPTER 6

6. PARTICLE SWARM OPTIMIZATION STATE-OF-CHARGE

ESTIMATION
6.1 Introduction

Square root spherical unscented Kalman filter (UKFST) and dual unscented
Kalman filter (DUKFST) based methods have been proposed to improve the
shortcomings of extended Kalman filter (EKF) in chapters 4 and 5 respectively. All
Kalman filter based methods require the knowledge of process and measurement noise.
Consequently, poor convergence rates will occur if they are not determined correctly.
Chemical reactions of the battery internal operations are complicated. Thus it is difficult
to obtain the process and measurement noise information accurately. Kalman filters also
require the noise to be Gaussian for the results to be optimal. To overcome these
shortcomings, a state-of-charge (SOC) estimation approach based on particle swarm
optimization (PSO) with inverse barrier constraint is proposed in this chapter. This
method overcomes the need to linearize the model and does not require the information
on measurement and process noise. The proposed method has been verified
experimentally and compared against DUKST, UKFST and EKF. From the
experimental results, the root mean square error (RMSE) of PSO is 1.36% and absolute
maximum error of PSO is 4.01%, which has a lower RMSE and maximum error than
EKF. The PSO performance is comparable with DUKST and have lower RMSE than

UKFST.
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6.2 Particle Swarm Optimization based SOC Estimation

Using the equivalent circuit model in Fig. 3.1 and (4.2)-(4.5), the voltages of two

RC networks, Vp and Vg, and the battery terminal voltage V: are written as

—t —t

Vo, =Vp €@ +1,R, (L-e®) 6.1)
-t -t
Vi, =V ™ + 1R (1—e™) (6.2)
V, =V, (f(SOC =¢))— 1,R, —V, —V, 6.3)

Using (6.1)-(6.3), the measured values of R, and Voc can be extracted from the
measured battery voltage Vi and current Ig. Once the battery Voc is known, the SOC can
be estimated through the SOC-Voc equation in (4.6). From (4.8), the transfer function

G(s) is written as

7 2
B 0

R, +R, +R, (6.4)

R & R, R, 1
S H(——+ +—+—)S+
RC, RC, C, C, R,C.R.C

D D K K D D D K K
1
)s+
K

1 1
s+ ( +
R.C, R.C

D™D

R.C.R.C

D™D KTK

Using bilinear transformation, the transfer function can be discretized as follows:

ml(vt,k _Voc) +m, (\/t,k—l _Voc) +m, (\/t,k—z _Voc) =m, I Bk T mg I Bkt M I B,k—2 (6.5)

where

4 2( 1 1 1
m=—+— + +
2 t\R,C, R.C.) R,CyR.Cy.

2 8
" RCRC, T
D~D ‘K¥K
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m-o-2f L , 1 3,1
* t2 t\R,C, R(C,) R,C,R.C,

m =-— 4R0+g RO + RO +i+i +M
) t* t\R,C, RCy C, C.) R,C,R.Cy
8 R, +Rp + R¢
5 = 2_2
Rt R,C,RCy

m

6

4R, 2( R, R, 1 1) R+R,+R,
——2+= + =2
2t R,C,R.C,

RDCD RKCK CD CK
Both (6.3) and (6.5) will be used in formulating the objective function of the PSO.

The main objective is to determine the unknown parameters to obtain the Voc. Then the

SOC can be derived using the Voc vs SOC relationship in Fig. 4.1.

6.2.1 Formulation of objective function

For the proposed method, the main objective is to estimate the battery parameters,

Voc, Ro, Ro, 0, Vb, Rk, 7« and Vi , using the measured battery terminal voltage V, and

battery current Is. Mathematically, the objective function can be formulated as

fObj = ‘ fVi ‘ +‘ fvdynamics (66)
where
V,
f, =1-2 (6.7)
v, Vt
ml(Vt,k _Voc) +m, (\/t,k—l _Voc) +
_ m, (Vt,k—Z _Voc) 41 (6.8)
Yomanic m4|B,k +m5|B,k—l+m6|B,k—2 .

The terms in (6.7) and (6.8) are obtained using (6.3) and (6.5) respectively. Both

(6.7) and (6.8) are normalized to ensure that their weightages are the same. The objective
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function (6.6) is formulated such that the identified battery parameters give accurate
battery terminal voltage and dynamics. The first term in (6.6) is used to ensure that the
identified parameters give an accurate terminal voltage while the second term describes

the dynamic response error.

6.2.2 Inverse barrier constraint

To ensure that the estimated parameters are positive values, an inverse barrier fy is

added to the objective function (6.6) such that f,, =| thM f,

dynamics

+|f,|. The inverse

barrier constraint is formulated as follows:

8
fb = luz axi I: fbarrier,xi ] (69)
i=1
where
A S
barrier,x —
Ximax =X X — Xi,min
Ximax — Xi,min
OKXi = 4

xe€Vee R, Ry 75 Vo R¢ 7 Vil
The inverse barrier ensures that the objective function will tend to infinity when it
is close to the boundary. As the range of the unknown parameters x; is different, the ax

is included to ensure that the inverse barrier functions are within the same weightage

range for different parameters. The «, of each parameter is obtained by finding the

minimum point of the barrier function ( f ) in (6.9). From (6.9), the f of the

barrier,x barrier,x

current particle xp is

1 1
f = + (6.10)

barrier,x
(Xmax - Xp) (Xp - Xmin)
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By taking the derivative of (6.10) and equating to zero, the minimum value of the

current particle is obtained.

d, __ 1 1 o
1, 'barrier,x — 2 2™
dx (xmax —xp) (Xp _Xmin) (6.11)
Xmax + Xmin
K=y

From (6.11), the minimum value occurs when X, is equal to the average value of
maximum and minimum constraints. By substituting (6.11) into (6.10), the minimum

value of barrier function can be obtained.

1 1
fbarrier,x = 2 + 2
Xmalx + Xmin Xmax + Xmin
Xmax - A4 ——— — Xin
( 2 ) ( 2 j (6.12)
_ 4
Xmax ~ Xmin
. ) ] X . —X_.
From (6.12), the f .. ,is setto unity by letting ¢, = , min

The constraint used in the inverse barrier fy is given by

VOC min <VOC <VOCmax
0.001Q <R, <0.1Q
0.001Q < R, < 0.05Q
1s <7, <10s
0.001vV <V, <0.1v
0.001Q < R, < 0.05Q
10s <7, <50s

0.001v <V, <0.1v

Constraint =

For the constraint of battery parameters (Ro, Rp, 7o, Vb, Rk, 7k and Vk ), the historical
parameter range of lithium-ion chemistries [176] is used. In general, the total internal

resistance of the battery ranges from 50 to 100 mQ and the 60% increase of battery
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maximum resistance compared to its initial value is reported to be an indication of the
battery’s end of life [12, 176]. Thus, the battery maximum parameters values can be
assumed to be 160% of its initial value. For the search space of Voc, it is updated using
the measured battery terminal voltage during the charging and discharging process. The
search range is defined as
If Iz > O (discharging)
VOCmin =V, + 1, x (ROmin + RDmin + RKmin)
VOCmax =V, + I x (ROmax + RDmax + RKW)
If Iz <0 (charging)
Voc,, =V, + 15 % (Romax +Ry + RKW)
VOCmax =V, + 15 x (Romin + RDmm + RKmm)
The constraint parameter | is used in (6.9) as the overall weightage of the inverse
barrier. By adding the constraint, the problem now becomes an unconstraint

optimization problem which can be solved using PSO discussed in the next section.

6.2.3 The PSO algorithm

The PSO algorithm is a stochastic method that begins with the initialization of a
population with random solutions. These random solutions will be substituted into the
cost function to search for the best fitness solution known as pbest. In addition, the
global best fitness solution known as gbest is also stored in the optimizer. The velocity

for the particles is given as [186]

V;[K +1] = vy [K]+ ¢4 (X et ij — X5 IKD) + €4 (Xgoesti — X5 IKI) (6.13)
where A1 and A2 represent uniform distributed random numbers, c: and ¢ are acceleration

a_ .. —aQ .
constants. The inertia weight e is given by o =a,,, ——=——"%xK with k as the

max
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generation index and kmax as the maximum number of generations. In each iteration, the
optimizer changes the velocity of the population so that it will converge towards pbest
and gbest. The iteration will terminate when the desired gbest value is met or the
maximum number of generation is reached. The proposed algorithm is summarized in

Table 6-1.

Table 6-1. Pseudo code of PSO with inverse barrier constraint method

Step 1: Initialization

Load Vi and Ig from the experiment.
i=0; index of parameters evaluated.
k=0; generation index.

Randomly generate:

A population of N particles, x;1=[Vec R Ry o Vo R¢ Vi |
An initial set of velocities, vij K,

Let pbest;; = gbest during initialization. (j =1,2,.....,N)

Step 2: Update pbest and gbest.
for j=0;p<N;j++
Calculate fopj (6.6) using, (6.7), (6.8) and (6.9);
if(fonj () <fobj(pbestij)) - pbestij = fov;(j)
end
ghest; = min(pbest;);

Step 3: Update velocities using (6.13).

Vij[k+1] = @vii[K] + cada(Xpbestij — Xij[K]) + CaZa(Xgvest,i - Xii[K])

where 11 and /, are random numbers uniformly distributed; The constant ¢; and c, are also known as
the acceleration constants.

o e ~Oni
The inertia weight @ = o, - —1—""xk

lax

max

where Kmax is the maximum number of iteration.

Step 4: Check for stopping criterion.

The stopping criterion is defined as:

gbest; < 0.001

Update generation index k and go to Step 2 if stopping criterion is not met. After this step, a set of
optimized parameter Xgoest,i iS obtained.

6.3 Experimental Evaluation

To validate the performance of the proposed method, various experiments have

been conducted using the same experimental setup as in Fig. 3.14 to perform the vision
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system payload operation of VELOX-I nanosatellite. The same lithium-ion cell in
chapter 3 with a total capacity of 2.9Ah is used in the experiment. In order to prolong
the battery lifespan, the battery’s depth of discharge is recommended to be less than
25% [40]. Fig. 6.1 shows the battery current profile of the experiment. The positive

current spike represents the operation of the vision payload system in VELOX-I.

Current (A)

i i 1 i I i
0 50 100 150 200 250 300
Time (rmins)

Fig. 6.1 VELOX-I vision mission load profile

The parameters that affect the performance of PSO are the population size (ps), the
acceleration constants c1 and c2 and the barrier parameter 4. The acceleration constants
are set at 2 to ensure that the particles would go beyond the target in half time [186]. For
the selection of population size ps, 5 different population sizes (20, 40, 60, 80 and 100)
are used to perform the PSO algorithm for the first 30 data points of Fig. 6.1. For each
data point, a maximum generation of 1000 is performed and it is repeated 50 times to
average the optimized results. Fig. 6.2 shows the averaged optimized result of the
different population sizes. For all the population size, the solution converges at each
data point. However, the best fit value is varying at each data point as the objective

function is calculated based on varying Vi and Is measurements. For the experimental
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evaluation, a population size of 50 is used after considering the computation load of the

PSO when performing the optimization.
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Fig. 6.2 Population size studies using the best fit value
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Fig. 6.3 shows the effects of different barrier parameter values towards the best fit
value for the same 30 data points with the population size of 50. The best fit value
remains constant once it falls below the value 1e-3. As a result, 1e-4 is used as the barrier

parameter in the experiment.

B est fit walue
= =
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=
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n.z

0 5 10 15 20 25 30
Drata point

Fig. 6.3 Selection of barrier parameter studies

Based on the results in Figs. 6.2 and 6.3, the following PSO parameters are used in
the proposed method for the experiment:
(1) Population size: N = 50
(2) Maximum iteration: kmax = 300
(3) Members of particle: Voc, Ro, Rp, 7o, Vb, Rk, 7k and Vk
(4) Inertia weight factors: wmax =0.9 and wmin=0.4
(5) Acceleration constants: c1=c>=2
(6) Barrier parameter: 4= 0.0001
(7) Stopping criterion: gbest = 0.001
Fig. 6.4 shows the SOC estimation for the proposed method, DUKFST, UKFST

and EKF. It is observed that PSO and DUKFST performed better than UKFST and EKF.
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Fig. 6.5 presents the absolute estimation error of each method. The result is summarized
in Table 6-2. From the result, the PSO performed better than EKF with lower error for
both RMSE and absolute maximum error. It has a lower RMSE than UKFST but its
absolute maximum error is higher. Its performance is similar to DUKFST with a higher

absolute maximum error.
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Table 6-2 Performance comparison between proposed method, DUKFST, UKFST and EKF

PSO | DUKFST | UKFST | EKF

Mean 1.10% | 1.27% 1.49% | 1.81%

RMSE 1.36% 1.37% 1.67% | 2.16%
Maximum
Error

4.01% | 2.01% 2.85% | 5.09%

T T
Reference [/

4.2

Woltage (V)

36 i

0 50 100 150 200 250 300
Time (fruns)
Fig. 6.6 V¢ estimation comparison

?D T T | T |

1 O S R

SD Lol ] 4
Ean b
&
s
E
[c]

0 50 100 150 200 250 300
Time (fruns)

Fig. 6.7 V estimation error comparison
The battery terminal voltage V: estimation error is used to validate the identified
battery parameters. Figs. 6.6 and 6.7 compare the estimated battery voltage using the

proposed method and its estimation error respectively. It shows that the proposed
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method is able to estimate the voltage accurately. The average estimation error is below

20 mV. The spike of 60mV occurs whenever the battery discharge current is changed.

6.4 Summary

In this chapter, a particle swarm optimization (PSO) with inverse barrier constraint
for SOC estimation is proposed. It overcomes the shortcomings of the need to linearize
the battery model of EKF method. It also does not require any information on
measurement and process noise which affect the performance of all of Kalman filter
based method. From the experimental results, the RMSE and absolute maximum error
based on the proposed method are 1.37% and 4.01% respectively, which is 59% and
27% in improvement than the EKF. It has a lower RMSE error than the UFKST and is

comparable with DUKFST.
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CHAPTER 7

7. CONCLUSION AND FUTURE WORKS
7.1 Conclusion

In this thesis, four different SOC estimation methods that suit the satellite
application needs have been progressively proposed and developed. Firstly, the SOC
estimation using ampere-hour counting with impulse response reset has been developed.
The method takes advantage of the turning on/off of satellite subsystems instead of
artificially injecting current pulses to extract the battery’s impulse response. It does not
require any additional circuit to perform the pulse. The performance has been compared
against a precise ampere-hour meter. From the comparison, the proposed approach has
a maximum error of 5.14% and a mean error of 1.83%. However, it still requires the
impulse response from the load change to reset it. Moreover, the impulse responses need
to be stored in the look-up table and they are also affected by the ageing and battery
operation temperature.

The second state-of-charge (SOC) estimation method is based on a square root
spherical unscented Kalman filter (Sqrt-UKFST). It improves the shortfalls of the first
method and extended Kalman filter (EKF). It takes advantage of Jacobian-free
linearization approach with unscented Kalman filter (UKF). Its spherical transform with
a hyper unit sphere requires fewer sigma points than the standard UKF and this leads to
a reduced computational requirement. The numerical properties in state covariance is
also improved by the square root characteristic. From the experimental results, the root-
mean-square errors (RMSE) of EKF, ampere-hour counting and fuel gauge are

approximately 37%, 900% and 171% higher than the proposed Sqrt-UKFST

116



CHAPTER 7: CONCLUSION AND FUTURE WORKS

respectively. The parameter variation study also shows that the proposed Sqrt-UKFST
is more robust than EKF and the regular UKF requires 32% more multiplication than
Sqrt-UKFST. Although it improves the shortfall of the opportunistic SOC estimation
method, the temperature factor is not considered.

The third method uses a dual square root unscented Kalman filter (DUKFST) with
unit spherical unscented transform. It is developed to overcome the lack of temperature
consideration in the Sqrt-UKFST. The experimental results demonstrate that the
proposed DUKFST outperforms the Sqrt-UKFST and EKF with the lowest RMSE and
the lowest maximum errors across different temperatures. The improvement is
particularly significant at 0°C and 50°C. This improvement in performance is at the
expense of increased computational requirement.

Lastly, a particle swarm optimization with inverse barrier constraint for SOC
estimation is developed to overcome the shortcomings of the need to linearize the
battery model which is the major drawback for EKF method. Moreover, it does not
require any information on measurement and process noise which can affect all the
Kalman filter based method’s performance. From the experimental results, the RMSE
and absolute maximum error of the PSO method are 1.37% and 4.01% respectively,
which is 59% and 27% in improvement when compared against EKF. It has lower
RMSE error than the Sqrt-UFKST and is comparable with DUKFST. Table 7-1

summarizes the strength and the weakness of each proposed method.
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Table 7-1. Summary of proposed methods

Proposed Method

Strength

Weakness

Opportunistic

Performed better than
Coulomb counting. It is
able to reset across all

SOC levels. Takes
advantage of the satellite
load profile. Computation
is the simplest among the

proposed methods.

Temperature factor is not

considered. Needs to store
the impulse response. The
responses are affected by

ageing and temperature. It
still requires load change
to reset it.

Dynamic and closed-loop
estimation. Online and
can provide dynamic
estimation error range. It
IS more robust to the

Higher computational cost
than opportunistic.

. Temperature factor is not
Sqrt-UKFST parameter variation than p .
. considered. Kalman filter
extended Kalman filter. It L.
. . is still affected by the
is more computational noise covariance
efficient than the '
traditional unscented
transform.
Temperature factor is More computationally
included. Battery expensive than Sqrt-
DUKFST

parameter and noise
covariance update are
performed.

DUKFST. The DUKFST
is still dependent on noise

covariance factor.

PSO with an inverse
barrier constraint

It does not require noise
covariance value and
parameter identification is
not required. Performance
is comparable to

Most computationally
expensive method.

DUKFST.

7.2 Future Works

The following suggestions should be explored further for the future works.

In this thesis, only state-of-charge estimation is performed for satellite power

management system. It is also beneficial to include the state-of-health estimation for the

satellite. This can provide more details of battery information such as power fade due to
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the increase in battery parameters and battery run time. Moreover, majority of estimated
SOC are expressed in terms of battery nominal or maximum rated capacity. Since
battery rated capacity is affected by temperature and it deteriorates over the long run, its
maximum available capacity estimation should be incorporated into state-of-charge
estimation.

Various lithium-ion chemistries such as lithium-ion phosphate and lithium-
manganese oxide exhibit different cell behaviours. A generalized model to represent all
different cell chemistries should be investigated. The generalized model should include
hysteresis effect as there is a lack of hysteresis modelling in lithium-ion batteries. The
hysteresis effect is quite significant in lithium phosphate chemistries where the battery
open-circuit voltage has a very flat curve against its state-of-charge. This model should
combine the electrochemical and equivalent circuit. Most of the battery management
systems employ heater to maintain the battery operation temperature. The ways to use
both the load profile and the electrochemical model to maintain the operation
temperature instead of a heater should be explored.

Batteries are usually connected in multiple packs together with power electronics
converter. The optimum charging of the battery and the cell equalization/balancing
using the state-of-charge and the state-of-health should be investigated. The cell
balancing is another important issue in battery packs where one damaged cell can be
extremely dangerous to the whole battery packs. Lastly, an integrated battery
management system with cell equalization, state-of-charge, state-of-health and optimal

charging should be developed for a satellite in order to optimize battery usage.
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