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Abstract

The rising demand for electric vehicles has driven significant advancements in lithium
ion battery technology. A critical function of the Battery Management System
(BMS), central to electric vehicle performance, is the estimation of the State of
Charge (SOC). Kalman filtering is a widely used method for SOC estimation. Ad-
ditionally, estimating battery degradation over time, known as the State of Health
(SOH), is vital for understanding how the battery will age. Another important
aspect of the BMS is to estimate the State of Power (SOP) to limit the battery’s
allowable currents to prevent damage. Developing an accurate battery model re-
quires measurement data from a real battery cell, and since lithium ion battery
cells are temperature dependent, these measurements must be conducted across a
wide range of temperatures to capture this dependency. This thesis focuses on the
development of a measurement rig, enabling the collection of data necessary for the
parameterization of the battery model. This model is then used to estimate SOC,
SOH, and SOP. This is conducted for two diLerknt lithium ion cells with the same
cell chemistry.

The simulation results show that the dual Resistance Capacitance (RC) Thévenin
Equivalent Circuit Model (ECM) with thermal dependency is beneficial due to the
trade o [detween low model complexity and high accuracy. The parameters used
for the model were based on multiple measurements conducted for eight di[erent
temperatures. The measurement methods were chosen and evaluated with time e [=_1
ciency and high accuracy in mind. The parameters were obtained by using di Lerent
curve fitting methods with respect to open circuit voltage OCV, SOC and temper-
ature. The terminal voltage measurement from the measurement equipment was
used to verify model and parameterization accuracy where the mean modeling error
for the blue cell is 0.1050% while median error for the grey cell is 0.1317%. Both
simulation and parameterization output were satisfactory.

The SOC results on real data sets show that Kalman filtering is a robust and ben-
eficial method since the estimated SOC for both filters were within the 3% SOC
error bounds. The Unscented Kalman Filter (UKF) performs better in the presence
of high uncertainties and nonlinearities compared to the extended Kalman filter
(EKF). However, both filters performed similarly due to easy nonlinearities and
common nominal conditions. Therefore the operating conditions will decide which
estimation algorithm to be used. The implemented SOP algorithm estimates the
maximum and minimum current to be drawn at every time instance with respect
to SOC and voltage limits. The algorithm also provides highly accurate power esti-
mations for 5, 10, and 30 seconds into the future. The implemented SOH algorithm
based on cycling measurement shows a clear degeneration trend for both parameters
it has been based on. The SOH estimation is a function of changes in OCV and
capacity with respect to a number of cycles.

Keywords: Battery, Lithium, ECM, SOC, SOH, Estimation, SOP, Kalman, Mea-
surement, Simulation, UKF, EKF.
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1

Introduction

1.1 Background

In response to the urgent need to mitigate climate change, the automotive industry
is increasingly turning to electric vehicles as a solution to reduce carbon emissions
[1]. Electric vehicles o er several advantages, including decreased emissions, energy
e ciency, and reduced noise pollution [2]. To power the electric vehicles lithium
ion batteries are commonly used. These batteries consist of numerous single cells
connected in series and parallel to meet the high energy and power demands of
electric vehicles [3]. Despite having similar speci cations, variations in manufac-
turing conditions lead to di erences in the characteristics of individual cells, which
tend to increase with usage [4]. Moreover, the strict operational restrictions based
on voltage, temperature, and current add complexity to battery management. To
address these challenges, a Battery Management System (BMS) is crucial. Among
its key functions,State of Charge (SOC), State of Health (SOH) and State of Power
(SOP) estimation is paramount [5]. As SOC cannot be directly measured, SOC es-
timation relies on factors such as the concentration of lithium ions at the electrodes
[6]. However, due to di erences among cells, accurately determining SOC for an
entire battery pack proves challenging. Various factors contribute to the complexity

of reliable SOC estimation, including noisy sensor measurements, temperature and
parameter variations, battery aging, and the nonlinear behavior of batteries [7].

Given the substantial expense associated with battery cells, the implementation of
an e ective BMS stands as a crucial cost saving measure for companies. Beyond the
immediate production phase, a robust BMS plays a vital role in prolonging the lifes-
pan of battery cells [8]. A well engineered BMS not only safeguards battery health
but also ensures slow degradation. By harnessing the full potential of the batteries
in electric vehicles customers can extract maximum value from their investment. In
essence, the integration of an e cient BMS not only drives down production costs
but also promotes a more sustainable and rewarding ownership experience for con-
sumers.

In this thesis, di erent methods of Kalman lItering will be employed to accurately
and reliably estimate SOC. SOH will be estimated using measurement data from
the cycling of batteries. SOP estimations will be done to estimate current and
future power outputs. The project will focus on the development of a comprehensive
lithium ion battery cell model. A measurement campaign will include two types of
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lithium ion cells. The data will be used to parameterize the model. A testrig capable
of measuring the cells accurately at di erent temperatures will also be examined.

1.2 Aim

To measure the parameters of two di erent cells and from these measurements build
a model for the cell valid for di erent SOC and temperatures. Based on the model
investigate di erent estimation methods for SOC together with at least one method
for SOH and SOP estimation and to evaluate these methods.

1.3 Objectives

What tests and methods can be employed to rapidly and e ectively ascertain
the essential parameters required for developing a reliable battery cell model,
with a focus on ensuring both accuracy and time savings?

What parameters are necessary to develop an e ective battery cell model for
BMS, and how can these parameters be identi ed in a manner that is both
accurate and time e ective?
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Behavior and modeling of lithium
lon cells

2.1 Overview of lithium ion batteries

Lithium ion batteries for vehicle applications usually consist of multiple series and
parallel connections of lithium ion cells. Lithium ion cells is an electrochemical
battery that is rechargeable and therefore allows lithium ions to move back and
forth between solid materials that conduct electricity [9]. The ion's are transformed
into electrical energy whenever an external load is connected to the battery poles.
The di erence in electric potential between the poles results in a terminal voltagé
[V]. Dierenttypes of batteries are designed for speci ¢ purposes and therefore have
di erent types of chemical compositions. The di erent chemical compositions results
in varying terminal voltages. The bene ts of the lithium ion chemistry compared
to other types of cell chemistry's are the total storage energy capability compared
to its weight and volume, which is a crucial factor for vehicle applications. Figure
2.1 [10] shows that lithium ion cells have a relatively high energy storage capability
compared to its weight and volume, compared with other chemistries. The lithium
ion cell chemistry used in this thesis consists of two di erent types of lithium nickel
manganese cobalt oxide (Li-NiMnCo0O2) cells which are designed and manufactured
by two di erent companies.

Figure 2.1: Volumetric energy density vs speci ¢ energy density [10].



2. Behavior and modeling of lithium ion cells

The battery cells generally consist of the following di erent parts: cathode, anode,
electrolyte, current collectors and separator. During discharge, when a current is
drawn from the cell, the anode (negative electrode) undergoes a chemical oxidation
which results in a release of lithium ions and electrons which can be seen in Figure
2.2 reproduced from [11] under the CC BY-NC-SA 2.0 DEED license.

Figure 2.2: Battery cell during discharge. Reproduced from [11] under the CC
BY-NC-SA 2.0 DEED license.

The ions move through the electrolyte and perform a mass transport through the
separator and nally defuses on to the cathode (positive electrode) [12]. The sepa-
rator prevents short circuits from occurring. The released electrons are not able to
do the mass transport and therefore will ow to the current collector placed on the
battery terminal to which the external load is attached, resulting in a current ow.
The charging procedure is the same process but reversed. The chemical oxidation
Is happening at the cathode, and the anode will be the receiver of electrons and
mass transport of ions. The capacity of the cell, measured in Ampere-houwsh),

is determined by the total number of lithium particles that can be stored within the
spaces between the two electrodes [9], [12]. The current is de ned as positive when
the battery is discharged and negative when the battery is charging.

2.1.1 State of charge

State of Charge (SOC) de nes the amount of charge stored within one or multiple
cells connected. The SOC function is de ned as

soq(t) = Qét) 100[%] (2.1)

where Q(t) [Ah] de nes the available charge andQ [Ah] is de ned as the nominal
capacity [13]. A battery with full charge capacity has a SOC 0100%while a fully
discharge battery has a SOC level di%. SOC is a key parameter for BMS systems
and is used when controlling the electrical vehicle. There are multiple short and

4
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long term factors a ecting the SOC such as the size of the current drawn from the
cell during discharge or the size of the current that have been used during charge.
The cell temperature during charge and discharge also a ects the SOC [13].

2.1.2 Open circuit voltage

Open Circuit Voltage (OCV) is de ned as the no load voltage across the battery
terminals when the battery has been held at rest for a period of time and no current
is owing through it. The OCV serves as an indicator of the electric potential
or energy state of the battery within a speci c energy storage point and therefore
provides information about the available voltage from the battery cell [12], [14]. The
voltage re ects the chemical potential di erence between the battery's electrodes
and is therefore a ected by terms of SOC and temperature. These terms are time
varying which directly increases the complexity of OCV. OCV is a nonlinear function
of SOC described as:

OCV(t) = f (SOC) (2.2)

OCV is often modeled as a multi polynomial function or mapped into a lookup table
from cell measurements [14]. An example of OCV-SOC characteristics of an lithium
ion cell can be seen in Figure 2.3.

Figure 2.3: OCV-SOC voltage pro le of a lithium-ion battery.

Depending on the cell chemistry, a lithium ion battery cell usually has to a certain
degree linear behavior betweeth0% and 90% SOC. Due to its atness a small de-
viation in OCV would correspond to a large variation in SOC [12]. This implies
that small measurement disturbances such as noise might have a substantial impact
on SOC estimation. Thereby a precise and accurate voltage measurement with low
noise impact is crucial to gather data that is useful for creating the OCV-SOC func-
tion described in (2.2) [12].
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2.1.3 Polarization voltage

The polarization voltage is the di erence between the cell's internal voltage and the
measured terminal voltage. This di erence comprises various components, catego-
rized as concentration polarization, activation polarization and ohmic losses. Con-
centration polarization occurs due to non-homogeneity at the surface where reactions
take place. This results in localized regions where reactants do not reach the reac-
tion surface quickly enough to maintain stable reactant concentrations, especially
at high current densities. The current density at which this phenomenon causes a
drop in cell potential is called the limiting current. Concentration polarization can
occur at both the anode and cathode [15].

Activation polarization occurs due to the voltage di erence required between the an-
ode and cathode to sustain electrochemical reactions. It can be viewed as a voltage
threshold that must be surpassed to initiate current ow from the battery. Activa-
tion polarization is often considered relatively independent of current density, but its
behavior can vary depending on factors such as operating conditions and materials
used in the battery [15].

Ohmic losses in a battery are attributed to the resistance within its internal compo-
nents, such as the electrodes and electrolytes. These losses arise due to the conver-
sion of electrical energy into heat as current ows through the conductive pathways
within the battery. Ohmic losses will lead to a drop in voltage across the battery
terminals and contribute to overall ine ciencies in energy conversion [15].

2.1.4 Hysteresis

Hysteresis is a phenomenon that appears as a di erence in OCV. This means that
the OCV value diers between charge and discharge for the same SOC value at
a given temperature [14]. The voltage hysteresis has a clockwise oriented graph,
resulting in discharge OCV being lower than charge OCV. The hysterics also have a
major and minor loop behavior meaning that the OCV will have di erent hysteresis
behavior depending on where in the span @@% to 100% SOC [16]. The major
loop is de ned as the hysteresis curvature the OCV voltage has during charge and
discharge betweer0% to 100% and 100%to 0%. However, if the battery cell is
partially discharged or charged from a SOC value di erent tharl00% or 0%, the
curvature will not follow the same path as for the major loop and instead end up in
a smaller minor loop. One way to model this is either with a self correcting electric
Equivalent Circuit Model (ECM) or taking the average OCV value between charge
and discharge [16]. In Figure 2.4 the battery impedance and hysteresis e ect are
displayed.
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Figure 2.4: OCV-SOC lithium-ion battery voltage characteristics.

This results in two di erent OCV-SOC voltage curvatures between the charge and
discharge of the cell.

2.1.5 State of health

State of health (SOH) is an indication parameter that indicates how much of the
remaining total capacity is left compared to the cell capacity at the beginning of life.
During usage and cycling of the battery cell, the total capacity will decrease until
the battery cell no longer can ful ll the rated performance it had at the beginning
of life [17]. When a lithium ion battery has degraded to 80% of its nominal capacity,
it is deemed to have reached its end of life. SOH is de ned as

Qumax (1)

Qmax;rated

SOH(t) = 100[%] (2.3)
where Qmax (t) [C] is the actual charge capability andQmaxrated [C] IS the rated
charge capability. SOH can also be de ned as a function of changes in OCV as

OCV(t)
OCVrated

where OCViaeq [V] is the rated maximum voltage from factory andOCt) [V] is

the OCV measured after the cell has been charged up @CV,aeq, and then relaxed

for one hour. The aging mechanism is a ected by a number of driving cycles, the
temperature at charge and discharge, battery cell design and usage which makes the
aging process of a battery complex [17].

SOH(t) = 100[%] (2.4)
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2.1.6 State of power

State of Power (SOP) provides the instantaneous power capability of the lithium ion
cell without violating preset operational design limits such a¥max , Viin , | max:charge

and | maxdischarge  Provided by the cell manufacturer. This measurement is speci-
ed separately for charging and discharging, as the power capabilities may di er
between the two processes. SOP is a varying parameter that is dependent on cell
chemistry, internal cell impedance, SOC, cell temperature, degradation and maxi-
mum charge/discharge rates. By monitoring SOP, batteries can be optimized for
performance and safety [18]. SOP for charge and discharge can be calculated as

SOP(t) = Prmaxcharge (1) 100[%] (2.5)

I:)maxn;charge

SOPd(t) — I:)max;discharge (t) 100[%] (2.6)
F)maxn;discharge

where Ppaxnx  [W] is the maximum rated power of the battery for charge respec-
tively discharge andPmnaxx (t) [W] is the actual maximum charge power that can be
drawn from the battery with respect to SOC, current, temperature and maximum
and minimum voltage levels. This indicator is crucial for maintaining optimal power
levels during charging or discharging, thereby extending battery lifespan. Addition-
ally, it aids in de ning conditions for signi cant charges or discharges in peak power
applications [19].

2.2 Models for battery cells

the battery model can take dierent forms, but the most commonly used is an
ECM, which aims to represent the dynamics of a battery as accurately as possible
[20]. Equivalent Circuit Modeling (ECM) is a modeling method that tries to capture
the battery dynamics with pure electrical behavior such as currents, voltages, ca-
pacitors and resistances. Using the physical theory of electric circuits, it is possible
to derive systems of Ordinary Di erential Equations (ODESs) for low-dimensional
systems [21]. These systems are generally nonlinear due to the dependency of SOC
and temperature. These types of models are able to capture most of the essential
electrical phenomena caused by the battery during charge and discharge with good
accuracy. Because of the physical ODE equations, the ECM is easily executable
in real time, which is advantageous for BMS systems. ECM is often modeled as
Thévenin circuits with one voltage source capturing the OCV, one series resistance
representing the ohmic resistance of the cell and multiple RC parallel connection
links which capture the time constants of the system. There is a design trade o
between the number of RC links which implies system complexity and model accu-
racy [21].

Black box modeling is an approach where the focus is on observing the input-output
relationship of a system rather than focusing on its internal mechanisms. Machine
learning algorithms like neural networks are trained to map inputs to outputs, with
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the internal processes remaining opaque or "black" to the observer, who concen-
trates solely on the e cacy of the mapping. While this methodology could indeed
be applied to model a lithium ion battery, it su ers from the disadvantage of high
computational costs, making it unsuitable for implementation within a BMS [22].

Electrochemical modeling refers to a method where mathematical models of the
chemical reactions occurring inside a battery are modeled. These mathematical
models consist of equations that describe the transport of ions and electrons within
the battery electrodes and electrolyte, as well as the kinetics of the electrode re-
actions. By simulating the electrochemical processes, such models can predict the
battery's behavior under di erent operating conditions very accurately [23]. While
electrochemical modeling provides a comprehensive understanding of the processes
within the battery, its major drawback lies in its substantial computational cost,
rendering it unsuitable for implementation within a BMS.

2.2.1 Measurement techniques of batteries

Electrochemical Impedance Spectroscopy (EIS) is a precise electrochemical tech-
nique used for its ability to measure intricate electrochemical processes within com-
plex systems, such as batteries [24]. Measurements can be conducted in two di erent
ways. The rst method, known as galvanostatic control, is a method where Alter-
nating Current (AC) is applied and the AC voltage response is measured. The other
one is called potentiostatic control and is the opposite of galvanostatic control [25].
Therefore the battery is not charged or discharged during measurement which means
that the integrity of the battery is preserved. One of the signi cant bene ts of EIS

is its high accuracy, which provides detailed data for analysis [26]. However, a no-
table disadvantage is the challenge of tting EIS data to a specic battery model.
Therefore, the battery model may be chosen to t the data, rather than the other
way around. This becomes problematic as the choice of battery model in uences
di erent estimation methods. Since the battery model might change depending on
the battery, adapting the estimation methods can be time consuming and may re-
quire signi cant adjustments.

Another measurement technique used to parameterize batteries is Direct Current
(DC) pulses. Using this method, the battery undergoes numerous DC pulse cycles,
containing both charge and discharge cycles, to evaluate its properties and behavior.
A typical cycle begins with draining the battery from 100% SOC to 10% SOC, with
each pulse representing a 10% decrease in SOC. To capture relaxation e ects, the
next pulse is applied when the battery is close to stable OCV. The battery is then
discharge until it reaches 0% SOC, and then charged incrementally with 10% charge
pulses until it reaches 90% [27]. The nal 10% in the ends cannot be parameterized
using a 10% pulse as it would potentially could exceed maximum voltage when
charging and minimum voltage when discharging. This depends on how the internal
resistance changes and the temperature dependency of the battery cell. A typical
DC pulse can be seen in Figure 2.5.
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Figure 2.5: DC pulse response for a typical lithium ion battery.

The pulse can be divided into di erent regions where Ul to U5 represents di erent
parts. Ul to U2 and U3 to U4 can be represented as a resistive drop while U2 to U3
and U4 to U5 can be seen as time constants. This process e ectively captures the
charge and discharge characteristics of the battery for a speci c ambient tempera-
ture. To explore the in uence of temperature on the battery, these measurements
are repeated at various ambient temperatures. Since DC pulses directly a ect the
integrity of the battery, these measurements can be utilized to cycle through the
battery multiple times, enabling the capture of degradation e ects [27]. To capture
both degradation and temperature e ects, a measurement campaign for a single
battery can be very time consuming.

2.2.2 Parameter identi cation

There are generally two di erent methods for determining the parameters from mea-
surement data. The rst one is the online parameter identi cation method, which is
based on a battery model that utilizes di erent types of estimators to estimate the
model parameters in real time. The estimation is usually done with either Recur-
sive Least Square (RLS) or Kalman Iter estimation [28]. The bene t of the online
method is that the battery parameters are time-varying, which to a large extent can
be solved by the two di erent methods. This also implies that these methods are
computationally demanding and easily a ected by initial parameters, such as initial
guess in the Kalman Iter and the forgetting factor within the RLS algorithm [28],
[29].

The o ine method is based on a large set of multiple charge and discharge measure-

ment data. These sets of data are then used to extract the parameters from the ex-
perimental data into look up tables using curve tting techniques [29]. This method
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is dependent on having multiple measurements on the cell and small changes in
temperature between the measurements to have a high resolution model with small
errors. The oine method is also limited when it comes to unexpected behavior
since the model will be running on pre-measured values even though the parameters
are time dependent [29].

2.3 SOC estimation

Unlike the fuel tank in an Internal Combustion Engine (ICE) vehicle, where the fuel
level can be directly measured, the charge of a battery cannot be directly measured
[6]. Therefore, several di erent estimation methods have been developed in order
to handle this problem. With the rise of electric vehicles in the past years and the
high cost of lithium ion batteries, the focus on estimating the batteries properties
correctly has intensi ed. Several di erent SOC estimation methods have been de-
veloped in order to handle this problem. Early estimation methods include current
based methods, also called Coulomb Counting (CC). This method CC is a physical
approach that estimates the SOC via current measurements. The change in charge
(Q) is dependent on the amount of currenl ) which has passed through the battery
cell resulting in Q(t) = 1 (t) [30]. By applying this, the CC estimation of SOC can
be determined from (2.1) as:

Zy

SQC(t) = 6I ty ) SOC(t) = SOC(0) 9 o I (t) (2.7)
where [%] is de ned as the Coulombic e ciency and SOC(0) [%] is the initial
SOC. The current is de ned as positive during discharge and negative during charge.
While this SOC method is computationally e cient, its aw lies in that it is easily
a ected by measurement noise and bias, resulting in that the SOC is prone to drift
over time [31],[30]. To handle this, more advanced estimation algorithms such as
the Kalman lter are introduced. The Kalman lIter is an estimation algorithm that
utilizes probability theory, specically Bayesian inference, to iteratively estimate
the states of a dynamic system based on current, voltage and temperature measure-
ments. Since a battery behaves highly nonlinear, the Extended Kalman lter (EKF)
and Unscented Kalman Iter (UKF) are usually applied [32]. These methods have
been proven to work very well, outperforming the CC method.

2.3.1 Extended Kalman Iter algorithm

The EKF is an advanced adaptation of the classic Kalman Iter, speci cally de-
signed to address the challenges posed by nonlinear systems and non Gaussian noise
distributions [12]. The EKF operates through a two step process, the prediction step
and the update step. During the prediction step, the EKF estimates system states
forward in time using a state transition model coupled with an associated process
noise model. This step estimates the future state based on the system's dynamics
while accounting for uncertainties introduced by the system's processes. Next, in
the update step, noisy measured data is assimilated to re ne the state estimate and
mitigate uncertainty. Here, the EKF compares predicted measurements generated
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by the system model with actual measurements collected from sensors, adjusting
the state estimate accordingly. A distinctive feature of the EKF lies in its approach
to handling nonlinearities within the system model. Through the utilization of a
rst order Taylor series expansion, the system model is linearized at the current
estimate point. This enables the EKF to e ectively approximate the nonlinear sys-
tem dynamics, making it useful in estimating system states for nonlinear systems.
Therefore, the EKF has been proven to accurately estimate SOC for batteries [33].
The EKF is de ned as [12]

Rk 1= F(Re 1k 15 Uk) (2.8)

where R« 1 is the predicted state estimate at timek given measurements up to
time k 1, ®¢ 1« 1 is the previous state estimate at timek 1 and uy is the control
input at time K. Next, the prediction of the error covariance matrix is calculated
using the state transition matrix Fy, which accounts for how uncertainties propagate
through the system dynamics, and the process noise covariar@g

Peik 1= FkPy 1k 1F¢ + Qk (2.9)

where Pyjc 1 is the predicted error covariance at timek, Fy is the state transition
matrix at time k and Qy is the process noise covariance at timle This equation
predicts how the uncertainty in the state estimate evolves over time, accounting
for both the uncertainty in the previous estimatePy ix 1 and the process noise.
Moving to the update step, the rst task is to predict the measurement using the
predicted state estimate

2 = h(Ryjk 1) (2.10)

where?y is the predicted measurement at time& and h( ) is the measurement func-
tion. With the predicted measurement in hand, the innovation or measurement
residual yx is computed as the di erence between the actual measurement and
the predicted measuremeng

Yo = 2 A (2.11)

wherez, is the actual measurement at timek, yi is the innovation or measurement
residual at timek. Next, the measurement prediction covariancgy is updated to in-
corporate both the uncertainty in the predicted measurement and the measurement
noise covarianceRy

Sk = H¢Pyjx 1H{ + R (2.12)

where S, is the innovation covariance at timek, Hy is the measurement Jacobian
matrix at time k and Ry is the measurement noise covariance at time The matrix
Hy is the Jacobian matrix of the measurement function evaluated at the predicted
state Ry« 1. It describes how small changes in the state a ect the predicted mea-
surement. Now, the Kalman gainKy is calculated, which determines the weighting
between the predicted state estimate and the measurement update
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Kk = Pk 1HQ St (2.13)

whereKy is the Kalman gain at timek. A higher Kalman gain gives more weight to
the measurement update, while a lower Kalman gain gives more weight to the pre-
dicted state estimate. With the Kalman gain computed, the updated state estimate
Rkjk IS obtained by combining the predicted state estimate with the measurement
update

Rijk = Kige 1+ Kk (2.14)

where Ry is the updated state estimate at timek. This equation adjusts the
predicted state estimate based on the innovatiog, weighted by the Kalman gain.
Finally, the error covariance matrixPy;, is updated to re ect the reduced uncertainty
in the state estimate after incorporating the measurement

Pk = (1 KgHi) Py 1 (2.15)

wherel is the identity matrix. This equation adjusts the error covariance matrix
based on the Kalman gain and the Jacobian matrix, ensuring that the uncertainty
in the state estimate is appropriately updated. These steps together form the core
of the EKF, allowing it to e ectively estimate the state of nonlinear systems by iter-
atively predicting, updating, and re ning the state estimate based on measurements
and the system model.

2.3.2 Unscented Kalman Iter algorithm

Just like the EKF, the UKF is an extension of the linear Kalman Iter, designed

to handle nonlinear systems and non Gaussian noise. Unlike the EKF, which lin-
earizes the system dynamics using rst order Taylor series expansion, the UKF
approximates the probability distribution through a more sophisticated technique
called the unscented transform. The unscented transform involves selecting a set of
sigma points from the current state distribution, which is then propagated through
the non-linear battery model to compute predicted mean and covariance estimates.
These sigma points are carefully chosen to capture the true statistical moments of
the state distribution, thereby mitigating the inaccuracies associated with linear
approximation techniques used in the EKF. However, it's important to note that
the increased accuracy of the UKF comes at the expense of higher complexity and
computational cost. The UKF is de ned as [12]

Xk 1= f g 18 i=0;3152n (2.16)

where Xy« 1 are the sigma points at timek given measurements up to timé& 1.
The sigma points, together with the weighted mean and weighted covariance are
calculated as
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8 _
2 Rk 1) q fori=1

Xp(kik 1)=_ Ry 1)+q(n+ YP(kjk 1) fori=2;:::;n+1
'ki(kjk 1) (n+ )P(kjk 1) fori=n+2;:::;2n+1

o (2.17)
< fori =1

Wi =. ", - (2.18)
" i) fori 61
8 2

1 + -

wgy =, e (2.19)

i) fori 61
where n is the number of states, , and are tuning terms, is a term that

describes the distance between the sigma point and the mean point, and is calculated
as

= ?(n+ ) n (2.20)

In a normal distribution, is equal to one, is equal to two and equal to zero
[34]. Each sigma point is then propagated through the state transition function to
predict the potential states at the current time step

ij = f(k ik »U); 1=0;1152n (2.21)

where ij , are the sigma points propagated through the state transition function.
These predicted states are used to compute the mean of the predicted states

Ry
Rk 1= Wik 1 (2.22)
i=0
where R« 1 is the predicted state estimate at timek given measurements up to
time k 1 and Wi(m) are the weights for the mean. Next, the covariance matrix of

the predicted states is computed

n

X . .
Pk 1= Wi(c)( kik 1 Rk D k1 Riik )"+ Qx (2.23)
i=0
where Qi is the process noise covariance at timie, Ri is the measurement noise
covariance at timek, Wi(c) are the weights for the covariance anéyj, ; is the pre-
dicted error covariance at timek. Then, the sigma points are transformed through
the measurement function to predict the potential measurements at the current time

step

Yige 1= 4 1 1=0;1:52n (2.24)
where Yk 1 are the transformed sigma points at timek given measurements up to
timek 1, |, , are the transformed sigma points propagated through the measure-

ment function. Using these transformed sigma points, the predicted measurement
mean is calculated
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ik 1= (kg 07 1=05152n (2.25)
Now the predicted measurement mean can be calculated as

X" (m) i
A= W gk 1 (2.26)
i=0

where?y is the predicted measurement at timeé. With the predicted measurement
determined the predicted measurement covariance can be determined

X o | T
Py= W7( k1 2)(kki1 2ZA) +R (2.27)
i=0

wherePy is the innovation covariance at timek. Next the cross covariance is calcu-
lated

Xn . .
Py = Wi(C)( kik 1 Rk D0k 1 ) (2.28)

i=0
whereP,y is the cross covariance matrix. Using the cross covariance matrix and the
innovation covariance, the Kalman gain is calculated
Ky = PyP,* (2.29)
whereK is the Kalman gain at timek. With the Kalman gain, the state prediction
is updated using the actual measurement at timé
Rijk = Xjk 1+ Ke(ze &) (2.30)
where z, is the actual measurement at timek. As a nal step the error covariance
is updated
Puk = Pk 1 KkPyK{ (2.31)

wherePyi is the updated error covariance at timek. This iterative process provides
an e ective way to estimate states in nonlinear systems by e ciently propagating
sigma points through the nonlinear functions while appropriately updating the mean
and covariance estimates.

2.3.3 Observability on state space representation

The global observability criterion of the state space battery model used in Kalman
ltering needs to be controlled by implementing the following formula

2 37
O=%c ca caz  ca ?®

to observe whether the system is controllable or not. If the observability matrix has
ful lled the rank condition then the system is globally observable from all modes.
If the observability matrix does not ful ll the rank condition, then the system has
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linear dependent rows resulting in a non observable system. If the system is non
observable then the state space representation needs to be changed.

2.4 SOH estimation

While estimating the SOC of the battery is of utmost importance, estimation of the
batteries health is also of interest [35]. As the battery is cycled up and down in SOC,
it slowly degrades. This means that the battery will lose capacity over time, and this
Is important to estimate in order to improve the estimation of the SOC. The SOH
provides valuable insights into a battery's long-term reliability and performance
degradation. By continuously monitoring it, the gradual loss of capacity and power
capability can be determined [9]. This degradation directly a ects the accuracy and
reliability of SOC estimation algorithms, as it supplies crucial information about
the battery's present health status and remaining usable life.

There are various methods for estimating SOH for a battery, each with its own set
of pros and cons. One commonly used approach is the internal resistance method,
which relies on the principle that a battery's internal resistance changes over time
as it undergoes cycles. By comparing the current resistance of a cycled battery to
its rated or nominal resistance, typically obtained from datasheets or initial mea-
surements when the battery was new, an estimation of SOH can be made. This
method is advantageous for its simplicity and relatively good accuracy. However, it
lacks the ability to provide a detailed projection of how the battery's health evolves
over time. Another method, known as the battery capacity measurement method,
works on the same principle as the internal resistance method, but instead of using
the measured resistance of the battery, the capacity of the battery is measured and
used for SOH estimation [36].

The last method, known as the OCV measurement method, involves measuring the
battery's capacity during cycling and using this data to perform linear regression
based on the number of cycles. The advantage of this method is that it gives a
good estimate of SOH as well as it gives a function to estimate the projection of the
battery health over time. A disadvantage of all these methods is that it takes a lot
of time to complete as the battery needs to be cycled in order to extract the data
[37].

2.5 SOP estimation

Accurate estimation of SOC and SOH enables precise estimation of SOP. This is
important because it gives crucial information for the BMS in order to prevent
overloading, as well as optimize the performance of the vehicle. Just as there exist
numerous ways to estimate SOC and SOH, there also exist di erent options when
estimating SOP. The most basic approach to SOP estimation is to only consider that
power is equal to the terminal voltage multiplied by the maximum allowed current.
This method is very simple and gives a grasp understanding of available power. The
problem with this approach is that the maximum allowed current is only valid for
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speci ¢ intervals in the SOC range. A battery cannot output power at maximum
current when the SOC is very low for instance. Therefore more sophisticated models
exist that tries to estimate the present maximum current. This is applicable for
both discharging and charging processes. Speci cally, if the SOC is low, then the
maximum allowable discharge current would be lower than the maximum allowable
charge current [38]. The disadvantage of these methods is that the estimation of the
maximum allowed current for a given moment depends on several di erent factors
and can be hard to estimate.

2.6 Battery cell thermal management

During charge and discharge heat is generated within the battery cell. The heat
Is generated due to ohmic (Joule heat) and non-ohmic (electrochemical processes)
mechanisms within the cell. The heat is then transferred from the core through
the di erent material layers out to the surface [13]. Batteries have a prede ned
optimal temperature range for which the cells should be operated in. If the cells are
operated outside of this condition, the cell chemistry will be damaged leading to cell
degeneration and in worst cases also battery thermal runaway. Once the thermal
runaway has begun within one cell, it can not be stopped by itself and can therefore
easily spread to other cells leading to toxic chemical release and in extreme cases
re explosions [13]. This results in that battery cells and battery packs need to be
cooled or warmed to stay within the temperature regions. It is crucial for a BMS
system to be able to handle heat management during charge and discharge, which
results in the thermal changes within a cell need to be modeled [13].
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3.1 Battery model

The three di erent battery modeling techniques compared in Table 3.1 have di erent
characteristics and properties. The ECM method consists of a few electrical compo-
nents, making it easy and clear to understand, compared to the electrochemical and
black box methods. The ECM method is not as computationally heavy compared
to the others and therefore is su cient for automotive applications and Electronic
Control Units (ECUs). The loss in accuracy of the ECM model compared to the
other two methods can be slightly compensated by increasing the number of parallel
links. Therefore, the ECM modeling approach was chosen for this thesis.

Table 3.1: Comparison of Battery Models [23].

Model name Advantages Disadvantages

Black box High accuracy High compu-
tational cost,
can't control the
"black box"
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3.1.1 Equivalent circuit model

For the ECM, the number of RC links has to be determined. In [20], di erent
numbers of RC links were tested against each other. The result was that two RC
links were a su cient choice for good accuracy and low complexity. Therefore, an
ECM with two RC links was chosen for this project. The nal electrical circuit can
be seen in Figure 3.1.

Figure 3.1: The chosen ECM.

By applying Kirchho 's voltage law the terminal voltage V;(t) can be calculated as

Vi(t) = OCV(SOC((1)) Wa(t)  Va(t)  Vio(t) (3.1)

Where OCV(SOC(t)) [V] is the voltage sourceV,(t) [V] is the voltage drop over
the rst RC link, V,(t) [V] is the voltage drop over the second RC link, and/y(t)
[V] is the voltage drop over theRg resistance. To calculate the dynamics ofy(t),
V1 (t) and V,(t) Kirchho 's current law can be applied as

Vo(t) = Ro(t)I (1) (3.2)

!
1 N Ca(t) N 1
R1(t)Ca(t)  Ca(t) Cy(t)
|
1 Co(t) 1
+ + [ (t 3.4
RGO T GO T G (3.4)
The state of charge of the battery is modeled with (2.7) and in this thesis, the

Coulombic e ciency is assumed to be 100%. With these equations the system can
be modeled accurately while still maintaining low complexity.

Va(t) = Va(D) 1(t) (3.3)

o(t) = Vaot)

3.1.2 State space representation

The derived equations can be represented by a state space model to simplify the
implementation in Simulink. The input was selected to be the currenk(t), and the
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output was selected to be the terminal voltage/(t). The state space model was
described with two statesVi(t) and V,(t). With this decided the following state
space model can be structured

2
Evl(t)
x(t) = (3.5)
V(1)
u(t) = 1(t) (3.6)
x(t) = Ax(t) + Bu(t) (3.7)
y(t) = Cx(t) + Du(t) + OCV(SOC(t)) (3.8)
where
2
+ & 0
E Rl(t)Cl(t) Ci(1) (3.9)
R o
2
1
Ecm) (3.10)
1
Cz(t)
3
C= 4 1 15 (311)
D= Rot) (3.12)

3.1.3 ECM observability

The observability analysis of the battery model in Section 3.1.2 became

2 3 2 3
C 1 1
0= = (3.13)
1 Cy(t) 1 Ca(t)
CA ROc® T Ci0 RmGm T )
Ca(t) 1
This matrix has full rank if the conditions = (t)c ) + 0 6 1and m

&3 6 1lis not satis ed. The capacitive derivative fractlonscl(? and &0 \ere

smaII and can be treated as zero, resulting in the matrix only losing fuli rank if
R1(t)Cy(t) = R,(t)Cy(t). This condition can not be ful lled since Ry(t)C,(t) and
R, (t)C,(t) represent two di erent time constants and chemical phenomena within

20



3. Methods

the cell. The battery state-space representation was therefore observable and the
available output measurement contains enough information to determine the internal
voltage states of the system at any given time.

3.1.4 Implemented ECM

The battery model was based on (3.9), (3.10), (3.11), and (3.12) which was imple-
mented in Simulink. The implementation can be seen in Figure 3.2.

Figure 3.2: The implemented battery model with capacitance derivative in
Simulink.

In the matrixCalc block, the state space matrices were formed using the speci ed
inputs. In the Statespaceblock, a state space calculation was implemented. The
OCV signal was added to the output of the state space block, forming the terminal
voltage. With this setup the matrices in the state space could be updated at every
time step.
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3.2 Measurement campaign

In Table 3.3 the advantages and disadvantages of the di erent battery measure-
ments techniques are shown. Both measurement techniques align with the usage of
an o ine parameter identi cation method. The time period of the thesis limits the
number of measurements that can be done. Therefore, a measurement technique
that was time e ective and that had low complexity had to be used in order to have
enough time to do all measurements and analyze the data. Therefore the DC pulse
technique and SOC-OCYV pro ling methods were used The DC pulse technique was
also selected doe to its high accuracy. The measurement and test equipment used
can be seen in Table 3.2.

Table 3.2: Measurement Equipment.

Equipment type

Equipment name

Battery analyzer

Battery charger

Voltage source

Multimeter

Temperature meter

Digital converter

Thermal chamber

Battery safety box

4 wire measurement holder

Keysight E36731A

SKYRC MC3000

OJE PS3005

FLUKE 8846A

ETAS ES650.1

ETAS ES600.1

Heraeus VOTSCH

BATSAFE medium

ZKE battery holder
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Table 3.3: Comparison of Battery Measurement Techniques.

Technique Advantages Disadvantages

DC pulses [27] Battery models Require  large
can be deter- amount of
mined before measurement
measurements, data, mea-
high accuracy surements  are

time-consuming,
and aects the
integrity of the
battery

In order to form a model with high accuracy multiple temperature measurements
were made. The temperatures chosen to test are -&, 0 C, 5 C, 10 C, 15

C, 20 C, 25 C and 35 C which all are within the design operating temperature
conditions for both cell types. Since eight di erent temperatures were going to be
investigated the measurement campaign took approximately 960 hours or 40 days.
The battery charger cycled the cells as extensively as possible, ensuring continuous
generation of data for SOH. The project utilized two types of batteries, the Molicel
INR 21700 P42A (referred to as the 'grey cell' or 'grey') and the Lishen LR2170SA
(referred to as the 'blue cell' or 'blue’), see Figure 3.4 and 3.3.

Figure 3.3: Lishen LR2170SA. Figure 3.4: Molicel INR 21700 P42A.

Both of these batteries has a capacity of 4Ah which was bene cial as the tests
will take the same duration of time, enabling a synchronized testing scheme. The
Molicel cell has a maximum voltage of 4.2V and minimum voltage of 2.5V, while
the Lishen cell has the same maximum voltage but a minimum voltage of 2.75V. To
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obtain an accurate and reliable measurement of the battery cells, a ZKE four-wire
measurement battery holder was used for current and voltage measurement. The
holder can be seen in Figure 3.5.

Figure 3.5: Two ZKE battery holders for the battery cells..

3.2.1 OCV-SOC pro ling

The rst measurement campaign consisted of a discharge and charge cycle, where
the cell was drained from 100% SOC to 0%, and then 0% to 100% SOC to capture
the OCV and SOC relation. This measurement was done with a constant discharge
and charge current of C/20 where C is the C-rate current related to the battery
capacity. The capacity of the two cells wastAh resulting in a C/20 current of
4=20 = 200mA. The measurement was performed using the Keysight E36731A bat-
tery analyzer in Figure 3.8 together with the Keysight BenchVue Advanced Battery
Test and Emulation software.

To ensure that the SOC was maintained at 100%, the cell was rst charged to a
maximum voltage of 4.2V with a constant current (CC) region. When the Keysight
software detected that the battery had reached the maximum voltage, it switched
to constant voltage (CV), where the current was ramped down until the minimum
level was reached. However, the software does not provide the same functionality
for maintaining 0% SOC value at a minimum voltage of 2.5V and 2.75V. To reduce
the SOC to as close to 0% and the OCV to the rated minimum voltage, multiple
discharge ramp down pulses with relaxation time were used. This measurement
procedure was conducted for eight di erent ambient temperatures using the Heraeus
Votsch temperature chamber seen in Figure 3.6. To ensure that the battery cell had
the same temperature as the temperature box, the battery cell was soaked inside the
temperature chamber for at least two hours before any measurements started. To
reduce the risk of hazardous gases and re spread in case of a battery cell thermal
runaway, the battery measurements were conducted inside of a battery safety box.
The box used was the BAT-SAFE - Medium Lipo Charging Safe Box. The box
has a Iter that lters out the hazardous gas and particles and provides a closed
environment so that the re can't spread. The battery box used can be seen in
Figure 3.7.
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Figure 3.6: The temperature chamber Figure 3.7: The battery box
used to capture the temperature depen- with the wiring harness going
dency of the battery cells. through the sealed hole.

3.2.2 DC pulses

The second campaign consisted of current pulses, where the cell was drained from
100% SOC to 10%, and then from 0% charged up to 90% SOC. The current pulses
drains or charge the battery by 10% SOC, which is then followed by a relaxation
time of one hour, where the cell slowly goes to its stable state, see Figure 2.5. In
total nine discharge pulses and nine charge pulses were made. This was performed
to capture the dynamics of the battery. Before any measurements, it was important
to discharge the battery to as close as 0% SOC or charge it to as close to 100% as
possible. To ensure this a CC-CV protocol was performed. The identical CC-CV
method utilized for OCV-SOC pro ling was also applied during this measurement.
The Keysight instrument in Figure 3.8 was used for generating measurement data
used for parameterization.

Figure 3.8: Two Keysight E36731A battery emulator and pro ler.
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3.2.3 Battery cycling

For the cycling of battery cells, the SkyRC MC3000 battery charger was used, which
can be seen in Figure 3.9.

Figure 3.9: The SkyRC MC3000 used to cycle the battery cells.

As the Keysight instruments were conducting the OCV and pulse tests, the SkyRC
MC3000 did the cycle tests in parallel, increasing the e ciency of the measurement
campaign. The SkyRC MC3000 measured charge, terminal voltage, current and
surface temperature during the cycling.

3.2.4 Thermal measurement

To verify cell surface temperature for the thermal model and temperature span
for the ECM model, temperature measurements were added to the test rig, see
Figure 3.10. The sensors were glued onto the battery surface, as shown in Figure
3.11, and positioned inside and outside the thermal chamber. The ETAS ES650.1
thermocouple with eight channels was coupled to four di erent sensors, and the
voltage source OJE PS3005 powered the thermocouple and the analog-to-digital
converter ETAS ES600.1. The temperature measurement ran in parallel with the
DC pulse and OCV-SOC measurement to capture temperature di erences on the
battery cell surface and within the thermal chamber during the campaign. These
measurements serve as benchmarks for the thermal model and validate temperatures
for the eight di erent test conditions.

Figure 3.11: Cell with
glued surface temperature
sensor.

Figure 3.10: Temperature
measurement equipment.
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3.3 Parameter identi cation

The o ine parameterization method was chosen for its alignment with data analysis
and low computational cost, as shown in Table 3.4. The o ine method has lower
parameter accuracy and cannot capture time varying characteristics as e ectively as
the online method. Since the thesis was done concerning vehicle system design, the
two battery models were designed with respect to the computational limits within

a BMS ECU. This aspect makes the o ine method using lookup tables for the pa-
rameters better suited.

Table 3.4: Comparison of Parameter Identi cation Methods [29].

Estimation tech- Advantages Disadvantages
nigue

Oine Obtained from Parameter ac-
measurements, curacy lacking,
does not rely on does not capture
real-time mea- time-varying
surements, low characteristics
computational
cost

The ECM described in Section 3.1.1 and shown in Figure 3.1 were implemented into
the battery cell model, EKF and UKF to simulate the battery cell terminal voltage.
These models use parameters based on the measurement data.

3.3.1 \oltage source parameterization

The OCV voltage source is a nonlinear function of SOC and is obtained by applying
curve- tting to the OCV-SOC measurement described in Section 3.2.1. The Matlab
curve- tting toolbox was used to obtain the ninth order polynomial OCV function.
The SOC span was then divided into 100001 points and processed through the
polynomial function to obtain corresponding OCV values which were subsequently
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converted into a lookup table. Since the OCV function is temperature dependent,
this procedure was repeated for all temperatures.

3.3.2 Series resistance parameterization

The series resistanc®, parameterization was obtained from the DC-pulse measure-
ment. The pulse train was divided up into nine SOC sections as depicted in Figure
2.5. The series resistance parameterization was then obtained by averaging the two
resistive drop sectiondJ1 - U2 and U4 - U5 using Ohm's law

Ul vz, U3 U4

RO = : ! 3.14
5 (3.14)

where U1 corresponds to the point where the current pulses starts, and4 corre-
sponds to the point where it ends.U2 and U3 are design parameters chosen to
represent the point where the series resistance drop ends and transitions into the
time constant and RC link behavior.| corresponds to the magnitude of the current
during the pulse. TheR, values are then placed into a lookup table.

3.3.3 RC link parameterization

The two RC links in the ECM are parameterized by the voltage relaxation between
point U4 and U5 by dividing the DC pulse measurement into nine parts as shown
in Figure 2.5. The rst RC link captures the fast response in the range of one to ten
seconds, while the second RC link captures the more slow dynamics with a response
of up to over 100 seconds. To capture the values f&;, R,, C; and C,, a tting
function was used. This function was tted against the measurement data using
nonlinear least squares methotsqcurve t in Matlab. The used tting function was

[14]

tr tr

t uise tUSe
Viewe (1) = IR2(1 € Rir)(1 e M)+ IR (1 e R2)(1 e F:cz) (3.15)

wheretyyse [S] is the duration of the current pulse, and; [s] is the relaxation time.
The region betweenJ, and Us was rst normalized so that point U, starts at value
zero. Then (3.15) was tted against this curve, iterating the function with di erent
values onR1, Ry, C; and C,, until the error between the measurement and the
tted curve was below a threshold value. Equation (3.15) was also used for the
parameterization of the charge pulses, but in this case the relaxation region was
inverted to t the function.

3.4 SOC estimation methods

As described in Sectior?? SOC cannot be directly measured, therefore, SOC has
to be estimated. In vehicle applications the SOC is estimated in real time. Due to
the electrochemistry and material constants the SOC behaves di erently in di erent

cells [13]. Therefore, all three SOC estimation methods listed in Table 3.5 will be
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implemented and compared against each other. In the table the general advantages
and disadvantages of the three methods are shown.

Table 3.5: Comparison of SOC Estimation Methods [12].

Estimation Advantages Disadvantages
method

EKF Great estima- High complex-
tion perfor- ity, hard to tune,
mance, slightly high computa-
lower computa- tional cost
tional cost than
UKF

3.4.1 Coulomb counting

CC (2.7) is one method for measuring the SOC of the battery over time. It works by
measuring the battery current and integrating it over time. This method is highly

e ective and precise if the measurement has no bias or noise. The method tends to
drift in accuracy due to measurement noise from real application sensors in vehicles,
leading to inaccurate estimations. Therefore this method has to be recalibrated on
a regular basis, for example by resetting the SOC td00% when the battery has
been determined to be fully charged.
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3.4.2 Extended Kalman lter

The EKF described in Section 2.3 was implemented in Simulink. In order to imple-
ment the battery model in the EKF, several procedures had to be made. These are
explained in detail in this section.

3.4.2.1 EKF discretization and Jacobian linearization

As the EKF runs in discrete time, the state space model had to be discretized to be
implemented into the algorithms. The matrices described in Section 3.1.2 work as
a starting point. Since the EKF will estimate the SOC, this had to be added as a

state. This increases the complexity of the state space from a two state system to
a three state system. Since the capacitance derivative term in the A matrix was a
tricky term to have in an EKF, and since the term was close to zero, the term was

neglected as a simpli cation. The discretization of a continuous time state space
model was made by

X[k +1] = eTsx[k]+ A Y(e*™s  1)Bulk] (3.16)

wherex[K] represents the state of the system at timk, u[k] is the input at time k, A
and B are system matrices, and is the sampling interval. The matrix exponential
e’Ts can be challenging to compute directly, therefore Euler approximation was used
to simplify the expression:

s | + AT, (3.17)

This approximation holds when the sampling intervalTs is small. Substituting the
Euler approximation (3.17) into the state equation (3.16):

x[k+1] (I + ATg)x[k] + TsBulk] (3.18)
Using the simpli ed discretization method, the new discrete state space was
2 3
V1[K]
X(k) = Vz[k] (3.19)
SOCIK]
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2 3
T
1 Rl[k]él[k] 0
k 0 1 @ © (3.20)
0 0 1
2 3
Ts_
Ci1[K]
B,=8 T 3.21
K o (3.21)
Ts
36000
3
C=% 1 1 ocv(sock])® (3.22)
Dy= Ro[K] (3.23)

Once the model was discretized it could be linearized to be implemented into the
EKF. Utilizing rst-order Taylor linearization, (3.20), (3.21), (3.22) and (3.23) was
linearized to

2 3
1 e 0
F. = T 3.24
“ 0 1 Rz[k](siz[k] 0 ( )
0 0 T
2 3
Ts_
Cu[Kk]
Gk= Ts (325)
Cz[k]
Ts
36000
2 3
H, = 4 1 1 docV (SOC[k]) 5 (3.26)
dSOC[K]
D = RolK] (3.27)

which was implemented into the Jacobian block in the EKF.
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3.4.2.2 EKF initial state estimation and error covariance

The initial state conditions for the EKF include values connected to a speci c start-
ing condition. The states of the Iter monitor the initial SOC, and initial polar-
ization voltages ofU;(0), U,(0). In the experiments and during measurements the
SOC was started from the fully discharged or fully charged state. The two RC links
can be assumed open initially resulting in no current passing through. Therefore
the state estimation can be set t®Rq = [0 0 1]7 when assuming fully charged and
%o =[0 0 O]" when assuming fully discharged. The SOC estimation value can also
be set to a value between 0 and 1 if another state that was not fully charged or
discharged was assumed.

The initial error covariance matrix P(0) = [ ]" is an estimation of how certain
the user is about its initial state estimation®, were each value of the matrix
corresponds to the accuracy of the speci c state. Both initial state estimation and
error covariance matrix are directly entered into the prediction step resulting in them
being posteriors to the rst step. This yields that these two parameters are directly
coupled to the initial Kalman lter performance hence they have to be selected with
care.

3.4.2.3 EKF measurement and process noise covariance matrices

The Kalman Iter has to be tuned with measurement error covariance matrixR
and process error covariance matriQ) which is used to tune the trade o between
measurements and modeling. The error covariance matriQ for the EKF above
Is a 3x3 matrix where the diagonal elements correspond to how much the di erent
states should be trusted within the motion model. A highelQ value indicates a
more reliable state estimation from the motion model while lowe® values indicate
less con dence in the motion model for the prediction. Using the following formula

Q= (Xmeas Xstatei)2 (3.28)

whereXmeas IS the i-th value of the measured state andse, is i-th the value of the
modeled state, can be used as a starting point to nd the magnitude of the parameter
before tuning. The measurement covariance matrik is used to tune how much the
Iter should trust the measurements. This design parameter is directly dependent
on how noisy the measurements are. The behavior Bf is inverse compared tdQ
resulting in that a high R value corresponds to a less reliable sensor measurement
while a lowR value indicates a more reliable sensor measurement. The total number
of sensors and outputs within the system corresponds to the sizing Bf For the
EKF model above willR be 1x1 since only one measurement (terminal voltage) is
used. The size of the measurement error from the sensor is often used as guidance
for the initial magnitude of R before tuning.
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3.4.2.4 Observability of EKF model

The observability criteria stated in Section 2.3.3 were applied to the rst order Taylor
series linearized EKF battery model in order to examine if the system was locally
observable. Since the system originally was nonlinear the observability criterion
can only be examined around the operating point. This resulted in the following
observability matrix:

2 3 2 3
dOCV (SOCo)
C 1 1 dsocC °
O = = 1 1 3.29
CA RIMCi]  RoMICH] 0 (3.29)
2 1 1
CA RitCill  R2MC2( 0

which were obtained by using Matlab syms-toolbox. This observability matrix has
full rank if 9950 g 0 and Ry[t]C4[t] 6 R.[t]C,[t] conditions were ful lled. The
second condition was ful lled sinceR,[t]C,[t] and R;[t]C;[t] represent two di erent
time constants and chemical processes within the battery cell. However the rst
condition 99©¥(59C0) g o needs further investigation due to the SOC-OCV curve
being nonlinear. This investigation can be determined by a rank test that involves
Lie derivatives. This method was investigated in [39] and it was found that the
system was locally observable around an operating poiStOGC, if and only if there

exists ak 2 Z such that

!
dcocv (x
dSOCK

has full column rank. This implies that the model was observable around the op-
erating point if all derivatives of OCV are not equal to zero. This can be used in
order to determine whether the rst order linearization of the system was enough
to claim observability or if higher order linearization terms need to be considered.

0) 60 (3.30)

By investigating 22©X59€) i Figure 3.12 it can be seen that the derivative never

was equal to zero, resulting in the linearized system being locally observable around
the operating point.
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Figure 3.12: 9°€59C0) for the blue and the grey cell.

3.4.2.5 EKF implementation in Simulink

The nal system was implemented in Simulink and can be seen in Figure 3.13. In
the Jacobian block (2.10) and (3.24) to (3.23) was implemented.

Figure 3.13: The implemented EKF in Simulink.

In the prediction block, (2.8) and (2.9) were implemented. (2.11) can be seen in
the summation block that takes theVimeas @and H  x signals. In the update block,
(2.12) to (2.15) were implemented, completing all the governing equations for the
EKF. To restrict the SOC estimate state (X3), a saturation block was implemented,
restricting the signal between zero and one.

3.4.3 Unscented Kalman lIter

Another adaptation of the traditional Kalman lter is the UKF. This Iter also
handles nonlinearities just like the EKF but uses a di erent linearization method.
While the EKF uses rst order Taylor approximation, the UKF uses weighted sigma
points to estimate the mean through the nonlinear model. This method better han-
dles harder nonlinearities compared to EKF. It does not rely on a good linearization
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estimate as the EKF does. In the algorithm, the sigma points are rst predicted.
These sigma points represent the potential states of the system at the current time
step, given the measurements up to the previous time step.

The same initial state estimation and initial error covariance values were adapted
for the UKF as for the EKF. The process and measurement noise initialization
described in Section 3.4.2.3 were used. The tuning valuedoénd Q have a di erent
impact on the UKF estimation compared to the EKF estimation, due to the di erent
calculation methods within the Iter algorithm for EKF and UKF. Therefore was
the R and Q values changed and adopted for UKF performance.

3.4.3.1 UKF implementation in Simulink

The nal system was implemented in Simulink and can be seen in Figure 3.14. In
the sigma points block, (2.17), (2.18), (2.19) and (2.20) were implemented.

Figure 3.14: The implemented UKF in Simulink.

In the prediction block, (2.21) to (2.28) were implemented. In the update block,
(2.23) and (2.29) to (2.31) were implemented. Just like with the EKF, the third
state estimate was saturated between zero and one.

3.5 SOH estimation methods

There exist multiple methods for SOH estimation. Three common ways to estimate
SOH can be found in Table 3.6, together with their advantages and disadvantages.
The MC3000 used for SOH measurement could only measure changes in capacity
and OCV with respect to a number of cycles. Therefore only OCV and capacity SOH
estimation where methods examined in this project. Both methods were described
in [37], and use linear regression to approximate the degradation.
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Table 3.6: Comparison of SOH Estimation Methods [37].

Estimation Advantages Disadvantages
method

Battery capacity Low complexity Takes a lot of
measurement and computa- time for mea-
tionally e cient surements as the

end-of-life  ca-
pacity is needed

The rst method uses the OCV after the cell has been fully charged and approxi-
mates the degradation based on how the OCV degrades. The other method uses the
charged and discharged capacity to approximate the degradation. As the battery
degrades, the OCV and capacity will decrease. The OCV and capacity value from
the rst cycle will represent 100% SOH. The current SOH value with respect to n
numbers of cycles for OCV and capacity value will be calculated via (2.3) and (2.4).
With the use of linear regression, the degradation can be estimated depending on
how many cycles the battery has been run.

3.6 SOP estimation method

The SOP was obtained by implementing an analytic second-order SOP model based
on a dual RC link model [40]. At each time step the maximuml ¢,ax ) and minimum
(I'min ) currents are calculated by utilizing maximum ¥max) and minimum (Vpin )
voltage values, which were battery parameters obtained from the data sheét,ax
and| i, was determined by modifying the current de nition as stated in [40] Section
2.2, "Second-order SOP." This resulted in the following equations
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I (t) — (Vmax Vt(t)) Ro(t)l (t) Vl(t)(l e Rl(t)(t?l(t)) Vz(t)(l e Rz(t)éz(t))
max (Ro(t) + Ry(t)(1 e Rl(t)él(t)) Ro()(1 e m))

(3.31)

| o (t) — (Vmin Vt(t)) Ro(t)| (t) Vl(t)(l e Rl(t)él(t)) Vz(t)(l e Rz(t)éz(t))
min (Ro(t) + Ry(t)(1 e Rj_(t)(til([)) Ro()(1 e Rz(t)(tiz(t)))

(3.32)
where V,(t) and V,(t) were the estimated parallel voltages across the two RC links
from the model, andV,(t) corresponds to the terminal voltage of the actual battery.

t is a cautiousness parameter that tunes the maximum and minimum amplitude of
I max (t) and I min (t) which a ects how fast the system is allowed to reach the voltage
levels. Pmax () [W] and Ppi, (t) [W] are then calculated as

Pmax (1) = Tmax (t) (Vi(t) - Ro()(Imax(t)  1(1))) (3.33)

Prin (t) = Tmin () (Vi()  Ro(Q)(Imin (t)  1(1))) (3.34)

The SOP algorithm was implemented such that the algorithm limits and controls
the current via

I (t) = max( I req(t); Imax (t); IIim,discharge) (335)
for discharge and

| (t) = min( | req(t); I'min (t); IIim,charge) (3.36)

for charge. |.q(t) was the requested current, and jim.charge ; liim:discharge 1S the
maximum charge and discharge current respectively, from the data sheet that must
never be exceeded [40].

3.6.1 Predicted maximum power

A control system for an automotive application needs to know the future predicted
maximum power in order to hold a power level for a given time horizon without
lowering the power scope. This is useful for short term accelerations and overtakes.
The concept of predictive maximum power for an RC link circuit model described in
[40] was used and modi ed to t for the model described in Section 3.1.1. Presuming
that the controller mandates maximum discharge within a speci ed time horizon,
the assumptionl (t) = I a(t) can be made. By applying that to (3.31), the following
was obtained

(1) = K((Vmax (1) Wh(Dat)  ¥a(th(t)) (3.37)
where,
at)= 1 e mOGO (3.38) bt)= 1 e mOGO (3.39)
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and

1
Ri(t)a(t) Ra(t)K(t)

¥1(t) and Y(t) are de ned as estimated voltage levels from the ECM model and
were therefore not measurable. By expanding (3.37) wiftt(t) it becomes

K (t) = (3.40)

(1) = K(t)(Vmax OCV(t) Ro(t)l (t)+ Va(t)+ Va(t) Wu(Da(t) Va(t)i(t)) (3.41)

The following increments were introduced 1 (t) = 1(t) 1(to), Vi(t) = Vi(t)
Vi(to), VA(t)= Vi(t) WVA(to), Va(t)= Va(t) Valto) and Vh(t) = Vh(t) Vh(to).
By assuming that the OCV remains unchanged and that the model accurately
describes the voltage changes {4 (t) Vi(t)) in (3.41) for initialization time t,.
to can be subtracted from (3.41) resulting in

L) = 1(t) 1(t)) = K(DRo(t) 1()+ Vi(OK()(A a(t)+ V(K (1)1 b(t))

(3.42)
By putting it on the form
()= Ku(t) Va(t) K(t) Va(t) (3.43)
as suggested in [40; and K,(t) become:
k(= @O 1 g, oty = ~OMY D5 45

1 K(tRo(t) 1 K(t)Ro(t)
By having the equations on the same standardized form as shown in [40] the following
equations

_ Ri()Cy(1) _ Ra(t)Cy(1)
o= 15 Ry (1)K (t) (3.46) Tt =7y R (1)K (t) (3.47)
and
_Ri)I() (D) _ Ra()I(t)  Wu(t)
O Rk O =0 Rk O

from Section 2.3, "Predicted maximum power" can directly be used. The future
maximum current and voltage are calculated as

I(t+ )= laax(t)  Ka(@®Vva(t) @ e TV)  Ky(t)wa(t) (1 e =@)  (3.50)

v(t+ )= v(t)  Ro(t) (Imax(t) (1))

+ vy ()@ ROKID) 1 g =TO 4 yy)@ ReOK2(D) 1 g =Ta()
(3.51)
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The predicted maximum power for a given time horizon can be calculated by
multiplying (3.50) with (3.51).

3.7 Thermal modeling

The thermal model utilized in this thesis will solely account for the voltage drop
caused by the electrical components as a form of power loss, presuming that all
energy is converted into heat. It will not consider any residual current ow released
by the capacitors when the circuit is open. The power loss produced by the battery
was calculated as

Pioss(t) = (OCV(SOC((1))  Vi(1)1(1) (3.52)
To obtain the heat generated, the power loss was integrated
z
Qng(t) =  Puoss(t)dt (3.53)

The heat dissipation was calculated using the surface area of the cell, and an as-
sumption of the thermal conductivity of the battery cell
z

Quis(1) = ((Teen(t)  Tamp(t))Ah) dt (3.54)

where A is the surface area of the cel[m?], h is the heat transfer coe cient
[W=(m?K)], Teen is the cell temperature[K] and Ty, is the ambient tempera-
ture [K]. The heat transfer coe cient has to be extracted by comparing simulated
cell temperature and measured cell temperatures. The heat transfer coe cient is
usually around 5-50 for lithium ion batteries [41]. The temperature change can be
calculated using the mass of the battery cell and the speci ¢ heat capacity as

th (t) Qdis (t)

mceIICp

T(t) = (3.55)
where m¢ is the mass of the battery[kg], and C, is the specic heat capacity
[J=(KgK)]. Just like the heat transfer coe cient, the specic heat capacity can
be extracted by comparing simulated and measured cell temperature. The speci c
heat capacity for a lithium ion cell is around 800-1100=(kgK) [42]. By adding the
ambient temperature with (3.55), the temperature change of the battery cell was
calculated as

Tcell(t) = Tamb(t) + T(t) (3-56)

The calculated cell temperature was then looped back to (3.54) in order to update
the temperature state of the system.

3.8 Validation

To test the models robustness and performance two di erent methods were used. To
test the performance of the model compared to measurement data, the root mean
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square error (RMSE) was used, described in Section 3.8.1. To test the robustness of
the model a current cycle will be used. The cycle will stress test the model as the

cycle contains nonlinear components which was more demanding to simulate. The

current cycle used is described in Section 3.8.3.

3.8.1 Root mean square error

RMSE is a metric commonly used to evaluate the accuracy of a predictive model.
It measures the average magnitude of the di erences between simulated values and
measured values. The RMSE was calculated using the following formula

RMSE=t =" (v ¢)? (3.57)
Where n is the number of data points,y; is the measured value at index, ¥ is

the simulated value at indexi. The RMSE provides a single number to summarize
the goodness of t of a model. A lower RMSE indicates better agreement between
simulated and measured values, while a higher RMSE suggests poorer performance.

3.8.2 Percentage error

As a complement to RMSE was also percentage error used. It measures the accuracy
as the relative di erence between the measured and prediction value [43]. The errors
were calculated using

Yi %

Percentage Erroy(%) = 100% (3.58)

Wherey; is the measured value at index, ¥, is the simulated value at indexi. A
lower percentage value indicates a more accurate prediction [43].

3.8.3 Current cycle

In order to validate and test the models robustness a standardized driving cycle will
be used. Speci cally, the worldwide harmonized light duty vehicle test procedures
(WLTP) will be used. WLTP is a standardized driving cycle used internationally

in order to check the performance of vehicles, motors, and systems related to the
vehicle. The standard WLTP cycle is 1750 seconds or 29 minutes and 10 seconds.
The high dynamic components of the WLTP cycle made it an ideal choice for testing
the robustness and performance of the battery model, along with evaluating the
Kalman lters and the thermal model. The cycle will stress test the model to its
limits. The WLTP cycle found in [44] was used and modi ed to test the cells. The
unmodi ed WLTP cycle can be seen in Figure 3.15.
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Figure 3.15: The unmodi ed WLTP cycle taken from [44].

Due to limitations both in the rated discharge current for the cells and also in the
Keysight software, the WLTP current cycles were modi ed for the two cells. For the
blue cell, the max discharge current was 12A. For the grey cell, the max discharge
current is 45A. The WLTP cycle was modi ed so the max current of 45A is not
vanish. Since the Keysight instrument was only able to draw 20A, all the peaks
that exceeded this limit were cut to 20A. The resulting current cycle for both cells
can be seen in Figure 3.16.

Figure 3.16: WLTP cycles used for the blue and the grey cell.
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