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Abstract

The percentage of available electric charge in an electric vehicle’s battery is referred
to as the state of charge (SOC). The accuracy of the estimated minimum, maximum,
and average SOC is of great importance to safely operate the vehicle. However, the
SOC estimations are computationally expensive and therefore this thesis aims to
reduce this cost while trying to maintain accuracy. Six diLerknt algorithms are pro-
posed using sigma point- and extended Kalman filters. The algorithms’ accuracy
and complexity are tested in dilerknt operating conditions and evaluated against
an algorithm estimating each cell individually. The results show that the optimal
algorithm is almost as accurate and one thousand times faster in comparison to the
algorithm estimating each cell individually. Additionally, the experiments show that
the extended Kalman filter is less computationally demanding than the sigma point
Kalman filter, with similar performance. The algorithms have a high dependency
on the capacity and thus a joint SOC and capacity estimation is also tested. Esti-
mations simulated without disturbances shows to be a promising method for future
development. The findings in this thesis suggest how computational complexity can
be reduced without the cost of losing a significant amount of accuracy.

Keywords: battery management system (BMS), extended Kalman filter (EKF),
sigma point Kalman filter (SPKF), state of charge (SOC), state of capacity (SOQ),
computational e Lciehcy, electric vehicles (EVs), Li-ion batteries.
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1

Introduction

Electric vehicles (EVs) have gained much popularity in recent years, and the market

Is growing fast [1]. EVs have contributed to creating a more sustainable future,
taking a step towards the reduction of greenhouse gases, a subject that is gaining
more attention and is re ected in many national and international regulations. The
European Commission has set up a goal of achieving a 55% greenhouse gas emission
reduction by 2030, a mission which is shared by many car and heavy-duty vehicle
companies [2]. Volvo Cars have declared that they are planning to become a fully
electric car company by 2030 [3]. Ford, Volkswagen, Volvo Group, Renault, and
Scania, to name a few, have similar missions to reach environmental, health, and
societal objectives [1].

According to the International Energy Agency, the sales of EVs have doubled in 2021
from the previous year, and are expected to continue growing [4]. The rapid rise of
EV sales has increased the demand and pressure on the battery market. Together
with the war in Ukraine additional pressure and challenges have appeared [5]. Since
lithium-ion batteries are one of the most widely used batteries in the eld of EVs [6],
the price of lithium, but also other metals used in the production of EV batteries,
have increased [5]. It is estimated that the supply of such materials would have to
be increased by one-third to meet the demands of EVs by 2030 [5]. However, since
the materials are nite, recycling and maximizing the value of the materials will be
critical after 2030 [4]. Since a battery is typically considered expired when its state
of health (SOH) is below 80%, it is of great importance that the vehicle producers,
customers, and the society as a whole strive for the design and usage of batteries to
be optimized with respect to performance and battery lifetime [7].

Since the battery lifetime depends on the accuracy of the estimations it is of great
importance to reduce the estimation errors as much as possible. Having high accu-
racy and a low margin of error can be achieved by good estimations algorithms and
battery models, which result in a larger operating range of the battery. This would
increase the value of the battery, preserve energy and optimize the usage of nite
resources [8].

1.1 Background

In EVs it is the battery management system (BMS) that monitors and controls the
battery system to optimize the batteries' performance and lifetime [8], [9]. The BMS
Is crucial in any rechargeable electrical product but it is especially important in EV

1



1. Introduction

applications since it is working in real-time harsh charge and discharge conditions
and environments [10]. The BMS can be classi ed into two main functions, moni-
toring and control [11]. The monitoring function consists of physical measurements,
estimation of di erent states, parameters, and fault detection. The control function
ensures that the charge and discharge of the battery are kept within safe margins.
It balances the state of charge (SOC) between di erent cells and it governs thermal
management [11].

SOC is one of the key states used by the BMS. SOC represents the available charge
stored in the battery. It is used to optimize energy management but also to avoid
deep discharges or overcharges and other hazardous situations [9]. SOC cannot
be measured directly, instead it needs an estimation algorithm based on voltage,
current, and temperature measurements [7].

A multi-cell system is a set of cells connected in series, parallel, or a combination
of both. Calculating the SOC of a multi-cell system can be done by calculating
the SOC for each cell individually. However, this process has a high computational
complexity [9]. To reduce the computational demand, cells or groups of cells can
be grouped together and estimated jointly. Reducing the computational demand
also means reducing costs. The BMS is limited to its hardware's capacity, thus by
reducing computational complexity the now freed memory can be used for other
tasks or alternatively the hardware can be replaced with a less expensive one [12].

1.1.1 Related work

The advanced estimation and control algorithms in BMS have become a hot research
topic in recent years. There have been several studies in the estimation of SOC
especially. In some of the most recent studies extended Kalman Iter (EKF) and
sigma point Kalman Iter (SPKF) are used in the estimation algorithms for SOC [9],
[13]. According to Plett [14], SPKF has a higher accuracy with the same complexity
while a dierent study [13] concludes that in most cases the two Iters behave
similarly in their accuracy, rate of convergence, and robustness.

Most studies estimating SOC only consider one cell [13] [15] [16]. Computing the
estimations for each individual cell in a multi-cell system will become computa-
tionally complex, and might not get useful in real-time applications. In the study
[17] bar-delta Iters were used to get an estimate of the average SOC and SOH at
battery-pack level. Bar-delta Iters have two lIters, a bar and a delta Iter. The bar

Iter computes the average cell SOC based on average cell voltage, and the delta
Iter calculates the individual di erences in SOC and the average SOC based on
individual cell voltage [9]. In the de Souza Aranha and Giesbrecht's study [9], an
EKF one-step ahead prediction is used as a bar lIter with the average cell voltage
as input, and the delta lIter is then applied on the batteries state space model. The
downside to bar-delta lIters is that it only estimates an average SOC value and does
not calculate the maximum and minimum SOC value. When only an average SOC
value is used in the BMS, larger margins are needed to avoid deep discharges and
overcharges, thus not reaching the battery's full potential. Studies regarding com-
putational complexity in SOC estimations are hard to nd, and there seems to be a

2



1. Introduction

gap in the research on the correlation between computational complexity, accuracy,
and robustness. The recent increase in EVs and their popularity also raises the need
for further research regarding this topic.

1.2 Research objectives

The aim of this thesis is to reduce computational demand when estimating the
minimum, maximum, and average SOC for a multi-cell system in real-time. The
intended outcome is to produce an estimation algorithm that is scalable and adap-
tive for di erent numbers of cells and cell imbalances. This estimation algorithm

should have a lower computational time and space complexity than an estimation
algorithm that estimates each cell individually. However, it is of great importance

that the accuracy of the estimations is su cient since there is a trade-o between

computational complexity and accuracy.

1.3 Limitations

Since the main focus of this thesis is to compare the performance between the imple-
mented estimation algorithms and an algorithm estimating each cell individually this

Is thought to be most easily done using simulations iMatlab and Simulink . Thus

no physical testing is conducted. Hardware data is provided by Volvo GTT. The
measurement and input noise are presumed to be Gaussian. State of temperature
estimations are outside the scope of this study and are therefore set to a constant
value for each of the cells. For the same reason, state of capacity (SOQ) is also
assumed to be known for the SOC estimation algorithms. Multi-cell systems where
all cells are connected in series are investigated, i.e., systems with cells connected in
parallel or in a combination with series-connected are not studied.
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Theory

In this chapter, we introduce the equations, cell model, state space representation,
and lters that are used in the thesis. Furthermore, an introduction to the concept
of computational complexity is given.

2.1 SOC

SOC is a measurement of the electric charge available at a certain instance given as
a percentage of the maximum possible charge that can be stored in a battery. Since
the SOC cannot be measured, an estimation algorithm is needed. SOC depends not
only on the cell degradation but also on the current and temperature [18]. For a
multi-cell system with cells connected in series, the cell with the lowest SOC limits
the battery since current can only ow if all cells are charged. The cell with the
highest SOC will limit the battery during charging since overcharging can damage
the battery. The average SOC of all cells is also of interest since this value can be
used as a general indicator. Thus the minimum, maximum, and average values are
of importance.

Many di erent techniques are used for SOC estimation, such as discharge test,
Coulomb counting (CC), measurement of the electrolyte's physical properties, open
circuit voltage (OCV), impedance spectroscopy, and internal resistance [19]. CC is
based on the supplied or withdrawn current. This method outputs the di erence in
SOC over a certain time period given the capacity of the cell and the current over
the time period, according to

z

2(t) = 2(to) + ~ tti(t)dt (2.1)

Q
wherez(t) is the SOC at timet, i(t) is the current and Q is the capacity.

22 SOQ

Moseley and Garche de ned capacity as 'The battery capacity corresponds to the
guantity of the electric charge which can be accumulated during the charge, stored
during the open circuit stay, and released during the discharge in a reversible manner
[20, p. 413]. The nominal capacity of a battery is always speci ed, but the capacity
will decrease over time [21], [22]. Since capacity cannot be directly measured, an
estimation algorithm is needed. The capacity, or the SOQ, is directly correlated to

5
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the SOC (see Equation 2.1). If the CC equation is rearranged, it can be used to
compute the capacity, i.e.,

R
o i(t)dt

QT ()

(2.2)

2.3 Cell model

There are several di erent approaches to model a battery. The most common ap-
proaches are electrochemical models and electrical equivalent circuit (EC) networks,
or combinations of the di erent approaches [6]. The most commonly used battery
modeling approach for real-time applications in the EV eld is the electrical EC
model [6]. EC models can be divided into two groups: the integral-order models
and fractional-order models [23]. The integral-order EC models use a voltage source
connected with resistors and capacitors in di erent ways. The few model parameters
provide simplicity in computation while maintaining robustness. Fractional-order
models use constant phase elements instead of the capacitors in the integral-order
models [23]. This allows the battery characteristics to be simulated over the whole
frequency range, but at the cost of slow and complex simulations. For this reason,
integral-order models have been used in this project.

Two commonly used integral-order EC models are the rst- and second-order resistor-
capacitor (RC) circuits [24]. These circuits consist of a resistor connected in series
with one or more RC-pairs, which is a resistor connected in parallel with a capacitor.
The resistor models the ohmic resistance while the RC-pairs models the polarization
of resistance and capacitance. The di erence between the rst- and second-order
circuits is that the latter has one additional RC-pair connected in series. For auto-
motive applications, the second-order RC model is the preferred choice according to
[24] and is hence used here.

Figure 2.1 shows the schematic of the second-order RC circuit. The currénand
the terminal voltage V; are measurable. The current will be positive while charging
and negative when discharging.

Figure 2.1: Second-order RC circuit model representing the dynamics of one cell.
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2.3.1 State space model

The EC in Figure 2.1 can be described by the following equations and will later be
rewritten to a state space model. Kirchho 's second law, also known as the voltage
law or loop law gives an expression of the voltages in the circuit [25]. Naming the
voltage over the rst RC-pair by V; and for the second RC-pailv,, as well as naming
the voltage over the ohmic resistanceR,, by Vy we get

Vi(t) = Voo(T; 2) + V(1) + Va(t) + Vo(t) (2.3)

The OCV, V., depends on the temperature and SOC and the voltages across the
capacitors can be found by using Kircho's rst law, better known as Kircho 's
current law [25]. Vp can be expressed using Ohm's law:

Vo(t) = Roi(t) @4
MO= O+ SO @5)
GOz Vi i 26)

The terminal voltage is measurable and hence it is modeled as the measured output,
y. The current is modeled as the control input to the cell which leaveg,;, V,, and

z as the states. Using Equation 2.3 - Equation 2.6 and Equation 2.1 a continuous
time state space model can be formulated:

2 3 2 32 3 2 13
\Ll R1Cq O 0 Vl C1
fvwéd=9 0 2 0&8v,i+§ L (2.7)
z 0 0 0 Z 1
|-z} | {z =z} |_B
X A X B
h i _
I{\f,/} = |i{:ZL_O}x+ I%? I+ Voo(T; 2) (2.8)
c

2.4 Recursive least squares algorithm

The recursive least squares (RLS) algorithm is a recursive algorithm widely used for
parameter estimation in online applications [26]. Suppose a signgk) is transmit-
ted over a channel so that it is received as

y(k) = u(k) + e(k) (2.9)

wherek is the discrete time instance ance is noise. Collecting thep most recent
samples of the system, the received signal can be written as

Y,= U, +E, (2.10)

where
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h

Y= v vk D vk ped (211)
U= uk) uk 1) 1 u(k p+1)_IT (2.12)
Ek:he(k) ok 1) ;i ek p+1) (2.13)

The RLS lIter then models the received signal

(k) = u(k)"(k) (2.14)

to estimate the original signal by minimizing the following cost function

“IG)  9G))? (2.15)
j=k p

The RLS's objective is to minimize the cost function, by updating the estimated
channel *. The cost function has a decaying factor called the forgetting factor,

2 (0; 1], which weights the samples in decaying order. The choice otlepends on
the importance of older versus more recent data and often has a big e ect on the
RLS's performance [27]. A forgetting factor set to one is called a growing window
RLS algorithm and leads to all data points being weighted equally. Usually, is set
to a value very close to one [28], [29].

Besides , there are two other tuning parameters:p and . The last mentioned
parameter is a value used to initializé®, P(0) = | , wherel is the identity matrix.
Usually, is set to a small value if the initial estimation of the lIter is considered
accurate, a bigger -value can lead to a faster convergence at the cost of overshoot.
The lIter order, p, determines the length of remembered samples which determines
the length of Y. The RLS algorithm can be summarized as seen in the following
equations [28]:

K= U Yk 1) (2.16)
Pk DY

ok) = — VTP DY (2.17)

P(kk)= Pk 1) gKkY.! Pk 1) (2.18)

"=k D+ (Kgk) (2.19)

where (k) and g(k) are internal variables in the lter.

2.5 Kalman lter
The Kalman Filter (KF) is the optimal Iter under certain conditions, i.e., the
equations describing the system are linear in the states, and the noises are white

and normally distributed with zero mean [30]:

8
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Xk+1 = Aka + BkUk + W, Wk N (O, Qk) (2 20)
Yk = CiXe + Due+ vie 5 v N (0;Ry) '

The lIter consists of a prediction step (Equation 2.21) followed by an update step
(Equation 2.22). The Iter outputs an estimated state covariance matrixlﬁkjk and
an estimated state vectorRyiy.

Rijk 1= ARk 1k 1+ BrUk

) (2.21)
Piik 1= AkPk 1k 1A + Qx

Kk = Pk 1Ck(CkPijk 1Cf + R) 1

Puk = (1 Ky Ci)Py

kjk ( k k) kjk 1 (2.22)

k=Y CiRek 1
Rk = Xy 1+ K«

The two types of KF used in the thesis are EKF and SPKF. As mentioned in
Subsection 1.1.1 the two methods are widely used in this eld, although there seems

to be some contradicting information regarding their complexity and accuracy. For
this reason, it is interesting to compare them in this application.

2.5.1 Extended Kalman lter

The EKF is an extension of the KF in such a way that it can handle nonlinear state
space models [31]. The nonlinear model

Xeer = Fr(Xisu) + W 5 we N (0; Q)

2.23
Ve = hi(Xisu) + vie 5 wie N (0;Ry) (2.23)
is linearized in each iteration of the Iter
X; U
Fo ) = @EXW)
@%X  xuk
(2.24)
Hi (Xk; Uk) = @hix:u)
’ @x Xi ;UK

The prediction and update steps of the lIter are carried out similarly to the KF,
according to

Rk 1= TR 2k 15 Uk)

] (2.25)
Peik 1= Fr(Xk 1k 13 W)Pr gk 1Fk(Xk 26 15 Uk) " + Qi
Sk = Hk(Xkjk 1; Uk)Pkjk 1Hk(Xkjk 13 Uk) T + R
Kk = Pk 1tHk(Xkik 1;Uk) TSt
k kjk 1 k( kjk 1 k) k (2.26)

Peik = Pk 1 KkSkKy
= Xk 1+ Kk he(Xgjie 15 Uk))

e
=
=~

|
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2.5.2 Sigma point Kalman Iter

The SPKF is a lter that handles a nonlinear state space model without linearization
[32]. The idea behind the Iter is to use deterministically chosen weighted sample
points, called sigma points, to capture the complete true mean and covariance [33].
The sigma points are then propagated through the true nonlinear system to capture
the posterior mean and covariance. The following equations shows how the sigma
points are created:

p=pl2 p2’

. p— ._

=&+ NP j=1L2:::;Ng
. p_ ._ .
Ny =~ " NP j=f1,2::15Ng
1
2N
where are the sigma points andWw, are their corresponding weights [31]. The
number of sigma points created before each prediction and update step is twice the
number of states,N, which means that the total number of sigma points created in

each iteration is four times the number of states. Note tha® is the expected state
vector and that P; is the j :th column of P, which is the state covariance matrix.

(2.27)

Wj:

Once the sigma points are created, they are propagated through the dynamic model
to get the predicted state mean vector and the predicted state covariance matrix,
earlier referred to as the posterior mean and covariance, according to

S,
Rijk 1 fir( {1 uW,
i=1

R . .
Pk 1 Qe 1+ (fi( D u) Rijk 1) (Fi( D) ug) Rk 1)" W,
j=1
The covariance of the process noise is included @z ;. Once the prediction step
is completed, new sigma points are created using the newly computed state mean
vector and state covariance matrix. These new sigma points can then be used for
the update step of the lter, according to

(2.28)

X" (i)
Pik 1 he( {7 U)W,
j=1
0 (i)
Pxy (¥ Rge D 5u) Bk DTW,
j=1
X" (i) (i)
Sc Rt (e 5 ek (e ¢5u) e )W,
j=1
Kk = nySkl
Pejk = Pk 1 KkSKK{ = Py 1 Py Ky

= Xk 1+ KWk ik 1)

(2.29)

%>
=
=

|
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Finally, the Iter returns the lItered state vector %y« and the Itered state covariance
matrix Py.

2.5.2.1 Cholesky decomposition

To calculate P2 in Equation 2.27 the Cholesky decomposition algorithm can be
used [34]. It computes the lower triangular matrix

“b 0 0 Z Py P pas
11 11 21 3
P=P=2 P2 =8 p pp 058 0 pu pnb (2.30)

P31 P32 P33 0 O pss

for the general formula of a three-by-three matrix. In order for the Cholesky de-
composition to be possible the matriXP needs to be a positive de nite symmetric
matrix [34].

When a matrix only has positive eigenvalues it is positive de nite [35]. The eigen-
values of a diagonal matrix are its diagonal elements, which means that a diagonal
matrix with all diagonal elements positive is both symmetric and positive de nite.
This will always be the case initially, given that the initial state estimates are un-
correlated, which is a required property in the SPKF [32].

2.5.3 Measurement disturbances

To replicate the real-life system, measurement disturbances are added to the model.
Even though the current is modeled as the control input, it is actually measured
and is corrupted by noise [36]. Thus the input disturbances, will be added to the
control input as shown by

X1 = AXyg + B(ug + wy) = AXxyg + Bug + P{% (2.31)

Wk

The measurement disturbancey, is added to represent the uncertainty of the sensor
measuring the terminal voltage. Both the input and measurement disturbances will
a ect the measurement modelyy, for the estimation algorithms according to

Yk = Cxy¢ + D(Uk + Wk) + 4 = Cx¢ + Duy + Z+ (232)
Py
The following equations show how the input and output disturbances can be trans-
lated into covariances used in the KFs, given that the disturbance® and Wy are

uncorrelated:

Qx = Efww, g= EfBww B'g= BEfww, gB" (2.33)

Ry = Efviv) g = Ef (Dw + %) (Dwy + %) " g

2.34
= EwakwIDT +‘\-/kV-Ig: DEfwkw[gDT + Efvw[g ( )

11
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2.6 Computational complexity

Computational complexity measures the computing resources that an algorithm re-
quires when running [37]. It often refers to the number of required operations and
memory storage [38]. BigD notation is a mathematical expression often used to de-
scribe a function's complexity, especially the function's growth rate. However, these
expressions can be hard to determine. Another way of measuring computational
complexity is using the computer's computational time or execution time, which
is the real-time it takes for an algorithm to run. This type of measuring heavily
depends on the computer's performance. For example, the number of processing
units, the number of tasks running in the background, if the power cord is plugged
in, size of memory, along with others. Since the computer's performance can change
quickly over time, it can lead to random spikes in execution time. Calling a function
multiple times allows us to distinguish any outliers. There is no convenient way in
MATLAB measure the memory usage in real-time, therefore this will not be further
investigated [39].

The Big O notation of KFs is fundamentally dependent on the implementation and
which algorithm is used when performing operations, such as matrix multiplication.
However, according to [40], the EKFs have a complexity dd(n?) wheren is the
number of states, whereas SPKFs have a complexity 6f(n%) [41]. If the SPKFs
are using Cholesky decomposition, which has a complexity 6f(n®), the SPKFs
can never have a smaller complexity thai©(n®) [42]. Khalid et al. [43] supports
this theory, and with their implementation EKFs are less computationally complex
compared to SPKFs. Despite this, Gregory L. Plett has stated that SPKFs are of
the same order as EKFs but with higher accuracy [44].

The complexity of an RLS lter also depends on its implementation, but mainly on
the Iter length, which is a tuning parameter. According to [45], the RLS lter's
arithmetic complexity is proportional to the Iter length. Arithmetic complexity is

the number of arithmetic operations needed to perform a computation [46]. Con-
sequently, increasing the lIter length increases the arithmetic complexity as well as
the memorized samples, which can lead to more accurate estimates. Selecting the
perfect length is a matter of desired performance relative to computational demand
and can ultimately only be determined by empirical testing.

12
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Method

The main focus of this report is to create an estimation algorithm for a multi-
cell system with lower computational complexity than the estimation algorithm
that estimates each cell's SOC individually. The computational demand should be
reduced while maintaining accuracy and robustness. This was done by rst creating
a single-cell model, which was then expanded to create the multi-cell system model.
From the model, measurements and SOC values were extracted. The measurements
were used as input for the estimation algorithms, and the SOC values were used
to get an absolute error of the estimated SOC values. Lastly, some improvements
regarding computational complexity in the multi-cell model were made, which is
the model used for the simulations. The rst estimation algorithm created was the
one estimating each cell's SOC individually. Subsequently, a variety of estimation
algorithms were created. The evaluation process consisted of an accuracy test and
a robustness test for several di erent scenarios, comparing the computational time
and the absolute error of the algorithms.

The SOC estimation algorithms created depend heavily on the capacity. It was
therefore interesting to continue the research by creating an SOQ estimation algo-
rithm. To keep to the subject of computational complexity the SOQ estimation
algorithms were compared with similar evaluation objectives as for the SOC. Lastly,
to improve the SOQ algorithm so that it can be implemented in the SOC estimation
we propose yet another algorithm, estimating SOC and SOQ jointly. However, this
algorithm is a rather theoretical concept and cannot handle noise.

3.1 Cell model implementation

A discretized model is necessary for the lIters and for the processor, hence the cell
model was discretized with sampling time t and zero-order hold. The discretized
model is given by

z t
Ag=¢e*' ; Bg= et )dB (3.1)
0
where A and B are the system and input matrices in Equation 2.7. Sinc€q = C
and D4 = D the discretized measurement model parameters are the same, resulting
in the following state space model:

13
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8 2 . 2 ) 3
e Ric1 0 O (1 e Ficr)Ry
i=§ 0 emh 0dxt§a e R, b
0 0 1 _t
| {z } | £ } (3.2)

§ h e B
= 1 1 0 x¢+ ik + Voo(T: 2
Yk |—{CZ—} K %}) k oc(T; 2)

Here we have suppressed the time indéxin Ay and B4 to simplify.

3.1.1 Single cell model

A single cell was modeled using the state space model in Equation 3.2. The pa-
rametersRy, R, Ry, Cq, Cy, Voc are all dependent on both temperature and SOC,
and some of them also on current [47], [48]. Since the SOC, temperature, and cur-
rent change each iteration, the parameters are updated online which means that the
state space matrices will change as well. This was done by using pre-de ned look-up
tables provided by Volvo GTT. Given the temperature, SOC, and current, the look-
up tables can output the parameters mentioned above. Since the look-up tables are
based on experimental data, only a xed number of points are available for each
input. To get the best possible estimation of each parameter, linear interpolation is
used when the inputs di er from the experimental data points.

A function was created to ensure the battery does not overcharge or go into deep
discharge. This would in an EV be handled by the BMS. The function monitors the
SOC and changes the sign of the input signal when SOC is close to 0% or 100%.
The active safety margin was given by an arbitrary tolerance. Due to the BMS's
electrochemical features, the control input in the cells is not identical to the control
input set by the BMS. This is modeled by an added white Gaussian noise with a
small magnitude compared to the input signal set by the BMS.

3.1.2 Multi-cell model

The single-cell model was extended to simulate any positive integem, of cells
connected in series. Figure 3.1 depicts how the EC model is extended.

Figure 3.1: Second-order RC circuit model representing the dynamics of a multi-
cell model, where the cells are connected in series.

Since the cells are connected in series, all of the cells have the same curremile
the terminal voltage of each cell is unique. Equation 3.3 - Equation 3.11 show how

14
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the state space model was extendeg,= f 1;2g denotes the RC-pair in Figure 2.1
and| = f1;2;:::;ng indicates which cell for the parameter<;,, R;;, andV,;. The
state vector was arranged so that the rst state of each cell is placed as therst
states in the combined state vector. The second and the third states follow the same
pattern, resulting in a total of 3n states.

Agq = diagle ®itu;e REtu;:ii;e Fntin) (3.3)
Aqz = diag(e Raica e RaCe e RanCan ) (3.4)
T
Bau= (1 e Ricn JR11;(1 e s JR; i, (1 e R )R1n (3.5)
t t t T
Ba2= (1 e Rafar)Rp;(1 € R2C22)Rypp;iii;(1 € RanCan )Ry, (3.6)
Tt .

Bzs= ——::ii— 3.7
“= 0,0, U Q, (37
Xk = [Va1; Vag; 205 Vang Von; Vog; 0003 Von; 2052250015 20] (3.8)
Y = [Vrg; Voo oo Vel (3.9)

2 3 2 3
Aa 0 O Ba1
Xk+1 = g 0 Agp O ng + 9 Bao glk (310)
0 0 |1 B
| — "y =y
3nx3n 2 3 é%nxl 3
Ro1 Voo(T; z1)
h [ R Voo (T Z
Vo= In In O Xk+§ _ozéik+g OC(. ﬂ% (3.11)
| {Z3 } : :
nx3n R Voo T;
ey el
nx1l nx1l

3.1.3 Cell imbalances

Imbalances between multiple cells connected in series are inevitable [49]. These
imbalances are deviations in individual cell voltage from manufacturing, operation,
and thermal conditions. The imbalances were included in the simulation by altering
the parameters between di erent cells. Each cell has its parameters multiplied with
random factors taken from a uniform distribution:

j =11;2g; l=11;2;:::;ng
Ro;(z;T1) = Ropnom (2 1) Roy; Roi U (1;1:1) 8l
Rji (21;T1) = Rjnom (5213 ) Rjy; Ry U (1;L11) 8jl (3.12)
Cii(i;25T) = Cinom (i52;T) Gy Gy U (0:91) 8jl
Qi = Qnom Qi; Q U (0:9,1) sl

We call these random factors R, ; R ; G, ; Ql) "the cell imbalance factors”. This
means that the parameters are still updated online each iteration but scaled to
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represent imbalances between cells. The temperature of each cell depends on its
location in the battery. The cells are assumed to be arranged in a linear fashion,
thus cell 1 and celln are considered to be located at the ends of the battery and
have a temperature of 20C. The cell in the middle has a temperature of 2% and

the rest linearly decreases to 2€ towards the ends, i.e.,

T, =25 n?Zabs(l n=2) (3.13)

3.1.4 Computationally e cient state space model

The state space model was rewritten according to

h t t t iT
Ael = e RuCi1 @ Ri2€12 ::: @ RinCin
h t t t iT
A= e RaCa e RzCz ::: @ RznCan (3.14)
h iT
Asz= 1 1 ::: 1
2 3 2 3
el dl
Xt = 3 A 5 xe+ 3 Bgo Sk (3.15)
Aes BdS
2 3 2 3 2 3 2 3
11 21 Ro1 Voo(T; 21)
V V. R Voo(T;
)/k:g .12§+E lzzg_'_g .ozéik_'_E oc(. 2)% (3.16)
Vin Von Ron Voo(T; 2,)

By doing this, computations resulting in sums of zeros were avoided. Note thatin
Equation 3.14 is a vector instead of a matrix and hence it uses the Hadamard product
, Which takes each element and multiplies it with the element in the corresponding

row in the state vector. This improvement resulted in the number of multiplications
being reduced from9n? to 3n. In Equation 3.16 no multiplications with the state
vector are required, instead, the corresponding states are extracted from the state
vector. In total, this state space model ha®n multiplications. Equation 3.14 -
Equation 3.16 represent the multi-cell model used in the upcoming experiments.

3.2 SOC estimation algorithms

The measurement model, Equation 2.8, is nonlinear and was linearized so it could
be applied in the EKF. A Taylor expansion of the nonlinear termV,y(T; z), using
only the rst order derivative was used to write the measurement model as a linear
function of the state, i.e,
h i
= 1 1 @¥%c x4 i 3.17

Clinearized

D linearized
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This resulted in the linearized discrete state space model:

8 2 . 2 ) 3
e Ric1 0 e Ric1)Ry
Xk+1 = g O e R, O Xk + § Rzéz)Rz
0 0 1 _t
| {z } £ } (3.18)
§ h R Ba
= 1 1 @¥% + i
ez Lo er T By K
Clinearized Diinearized
For n cells connected in series, it presents as the following:
|
@Yc1. @Yc2 @Yen
C dia ; pil 3.19
«= 9 "az ez @x (3.19)
8 3 2 3
Adl 0
Xk+1 = 2 0 Ap O ng + 2 de glk
0 Iy Bas
2 3
Ro1 (3.20)
i Ro2 7.
§ Yk = In Caz Xk + g . 7k
ROn

The algorithms' inputs are the measured terminal voltages, the temperatures, and
the measured current. The mentioned values are extracted from the multi-cell model,
a separateSimulink le, and as previously mentioned the terminal voltage and
current are corrupted by additive white Gaussian noise. Additionally, the algorithms
receive the capacity, cell imbalance factors, and the initial state vector. When
estimating SOC for several cells connected in series, it is the maximum, minimum,
and average SOC that are of interest since they are used in the BMS. The maximum,
minimum, and average SOC is the output of each algorithm.

As mentioned earlier, in Section 2.5, each estimation method has two versions. One
using EKF and the other using SPKF. All of the algorithms can be divided into
equal subparts, EKF and SPKF will di er slightly, see Figure 3.2. First, the input
signals, temperatures, current and terminal voltages are extracted and reshaped if
needed. Then the extracted inputs together with the estimated SOC are inserted
in the lookup table where the parameters are retrieved and later converted to state
space matrices. The state space matrices are then used in the chosen KF. The
function converting the parameters to state space matrices also includes the cell
imbalances, as explained in Subsection 3.1.3 with some modi cation depending on
the algorithm. Lastly, the estimated states are converted to the nal output, the
minimum, maximum and average SOC. In Figure 3.2b it is easy to spot that the
SPKF does not require@ ¥Yc =@ zor the C matrix since it does not linearize the
state space model.
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(a) Visual representation of the estimation algorithms using EKF.

(b) Visual representation of the estimation algorithms using SPKF.

Figure 3.2: Visual representation of the SOC estimation algorithms.

3.2.1 Extended Kalman Iter implementation

The implementation of the EKF is the same for all algorithms, as seen in Subsec-
tion 2.5.1. In Equation 2.23,fy is equal to Equation 3.10,h¢ is equal to Equa-
tion 3.11, Fy is equal to the A-matrix in Equation 3.10 and Hy is equal to the
C-matrix in Equation 3.20. The noise covariance matriceRx and Qy are gener-
ated with the following code:

% Generate Q k and R k
% cov_meas_noise and cov_input_noise are scalars

n = number_of cells;
R = diag (D) *cov_meas_noise*diag (D)'+ eye(n)*cov_input_noise;
Q = diag(diag(B*cov_input_noise*B"));

3.2.2 Sigma point Kalman Iter implementation

The implementation of the SPKF is also the same for all algorithms, as seen in
Subsection 2.5.2. In Equation 2.28 and Equation 2.28, is given by Equation 3.10
and hy is given by Equation 3.16. The state covariance matrix®, is used to calculate
P2 through the Choleskey decomposition functiorchol(P,'lower’) in Matlab.
The noise covariance matriceRRx and Q, are generated using the same code as for
the EKF.

3.2.3 The SOC algorithms

We have given each algorithm a name depending on the number of KFs used and
the type of KF. XEKF has as many EKFs as the number of cells, likewise, XSPKF
has as many SPKFs as the number of cells. 3EKF and 3SPKF follow the same
naming convention using 3 EKFs or SPKFs, respectively. 1EKF, 1EKE, 1SPKF,
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and 1SPKFR4 uses only one EKF or SPKF, respectively. Below are explanations of
their implementation.

3.2.3.1 XKF

This method uses one KF for each cell, generating an accurate estimation of each
cell's SOC. All of the input signals are directly used as input to the lookup tables,
giving the parametersRy, R1, Ry, Cq, Cy, Voc and @C‘g; which are then inserted to
the EKFs or SPKFs. The state space matrices are computed in the KFs. This is
because we used thBIATLARINnction sparse and speye for the A and C matrices.
Sparse and speye operate similarly by creating a matrix that only stores nonzero
values, thus reducing the required memory and the number of operationSparse
matrices outside aMATLAB function block is not allowed, but by computing the
matrices inside the KF function we surpassed this problem. When computing the
state space matrices, cell imbalances are included as described in Subsection 3.1.3.
The average SOC value is then calculated by taking the mean of all SOC values,
while the minimum and maximum value is computed by extracting the highest and
lowest SOC value. This is the algorithm that we used for comparison with the other
algorithms concerning computational time, accuracy, and robustness.

3.2.3.2 3KF

3KF has three KFs, one for each cell with the maximum, minimum, and average
SOC. Experimenting with di erent cell imbalance factors showed that it is the dif-
ference in theQ-factors that produces the largest change in the SOC. This can also
be deducted by observing Equation 2.1. Thus by selecting the cell with the highest
capacity, we select the cell with the smallest SOC value, and vice versa. The aver-
age SOC value is calculated by using the average terminal voltage and the average
parameter factors.

Firstly the input signals of the cells with the smallest and largesQ factors have to

be extracted as well as computing an average terminal voltage and temperature. As
Figure 3.2 depicts, the reshaped input signals are then used for the lookup tables,
following the function converting the parameters to state space matrices. Here the
parameters are multiplied by their corresponding cell imbalance factoR, C, Q.
Regarding the average SOC, mean cell imbalance factors were used. The estimated
states are then the estimated minimum, maximum, and average SOC values.

3.2.3.3 1KF

1KF has only one KF, estimating a random cell's SOC for each driving cycle. This
method utilizes the idea that the current is equal for each cell when they are con-
nected in series. Equation 2.1 states that the integral of the current is the same for
each cell and can be viewed as a shared variabtg, resulting in
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Ze1 = Z NER ()d 7y g el (3.21)
. “HTQ < Q '

G
2= & 3.22
o) (3.22)

We have made two algorithms using only one KF. The rst approach is called 1KF
while the other is called 1Kk,. The two implementations are identical up until

the point where they calculate the minimum, average and maximum SOC from the
estimated states. First, a random index is given, representing a cell. The input
signals with that index are then extracted and inserted into the lookup tables. The
parameters are then multiplied with the cell imbalance factors (see Subsection 3.1.3)
of the selected indices before the state space matrices are created and inserted into
the KF.

3.2.3.3.1 Approach 1, 1KF The estimated SOC of the random cell is used
to calculate the variablec, using Equation 3.22. Using the same equation and the
estimated c, SOC can be calculated for all cells. The SOC values are then used to
simply pick the minimum and maximum SOC, while the average SOC is computed.

3.2.3.3.2 Approach 2, 1IKF o3 This method also estimates the variable from
the random cell's SOC, but instead of calculating SOC for all cells, the distribution
of the SOQ is used to estimate the mean SOC. The minimum and maximum SOC
estimations are calculated by using the maximum and minimum capacities and the
estimated ¢, according to

8 — 1 R
< Zmax T Zipt g 4 1()d

z(t) >z (to) =) . (3.23)
° Zmin = Zt, T Qm% ttol( )d
R
since  i( )d must be positive. Similarly,
8 R
< Zmax = Zig + ——— .~ i()d
2 <z(t) =) | AT amge () (3.24)

— 1 t s
Zmin = Ztp + g 1, 1()d

As can be observed in the equations the calculated maximum and minimum SOC
depend on whether the SOC has increased or decreased during the active cycle. If
the distribution of the di erent cell capacities Q; is known, the mean SOC can be
estimated with a di erent approach while still only utilizing one KF. This approach
mathematically derives the distribution of the SOC in order to estimate the average
SOC. Consider the de nition:

@F z( 2) (3.25)

fz( 2= @z

where
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( )

F,(2=P( 2 2= z Z=QC -pPr Q, -°
s (3.26)
C C
=1 Pr Qrv<—z =1 Foq, -
whereQ,, is a random variable for the capacity. Then,
R a c C
f z2( 2= @F z( )= fq. - 5 (3.27)
I {z—1}
erv (a)
and
z 1 Z Zmax Cc Cc

Ef zg= . zf z( z)d z= - d z (3.28)

72 QTV

Zmin

Equation 3.25 demonstrates the relation between the probability density function
(PDF) on the left-hand side and the cumulative distribution function (CDF) on the
right-hand side. Equation 3.26 - Equation 3.28 derives the formula for calculating
the average SOC withQ given by any distribution with PDF fq,, . If the distribution

of the cell capacities is uniform the PDF is de ned as Equation 3.29 and the mean
SOC can then be derived as

1
Qrv U (Qmin;Qmax) :) fQ,V % = m (3.29)
B ey (3:39
Z ¢
Ef zg= °™ ¢ d
2 Omax Z(Qmax Qmin ) ‘ (3 31)
— C ‘ Qn:in id 7= C (In(QmaX) Ir](Qmin )) .
Qmax Qmin ﬁ z Qmax Qmin

3.2.4 Computational complexity

As stated previously in Section 2.6, the complexity of the KF depends on its imple-
mentation. The main di erence between the lters is the computations of the sigma
points using the Cholesky decomposition which is computationally demanding. Ad-
ditionally the functions sparse and speye was used to decrease the computational
complexity of XKF. These functions were applied on the matrices with a large num-
ber of zeros, which were théd and the C matrices for XKF. The two functions
drastically lower the computation time for XKF, but if implemented in the other
algorithms, the computational time stays the same or even increases. This is due to
that the A and C matrices are relatively small, thus requiring less space and time
to create them than it would using thesparse and speye functions.
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Since MATLAEBs not open source, we do not have access to the implementations
of certain operations. For example, matrix multiplication and hence complexity is
unknown. Therefore, we use the computational time to measure the algorithm's
complexity, which is also recommended bWIATLAE9].

3.3 SOC experiments

The experiments consist of several simulations where the control input, initial SOC,
and the number of cells are altered. The initial values of; and V, are set to O for all
cells and experiments. The covariance matri has the same initial matrix across
the experiments, a null matrix for the EKF and an identity matrix for the SPKF.
There are three di erent control input scenarios, as well as initial SOC values and
the number of cells. This results in a total of 27 di erent simulation scenarios listed
in Table 3.1. We created two current input scenarios, input indices 1 and 3, that
should capture realistic charging and discharging events. Input index 2 is a real
driving cycle including mostly discharging and is called the Urban Dynamometer
Driving Schedule (UDDS). The inital SOC,z,, is altered between scenarios, which
allows us to see if it a ects the error but also gives us more data to draw conclusions
from.

Table 3.1: The 27 di erent SOC simulation scenarios wherey denotes the initial
SOC and input index denotes di erent current inputs seen in Figure 3.4.

Zo 0.2 02 02 05 05 05 08 08 0.8
input index 1 2 3 1 2 3 1 2 3
number of cells | 100 100 100 100 100 100 100 100 100
scenario number 1 2 3 4 5 6 7 8 9

Z 0.2 02 02 05 05 05 08 08 0.8
input index 1 2 3 1 2 3 1 2 3
number of cells | 200 200 200 200 200 200 200 200 200
scenario number, 10 11 12 13 14 15 16 17 18

Z 0.2 02 02 05 05 05 08 08 0.8
input index 1 2 3 1 2 3 1 2 3
number of cells | 300 300 300 300 300 300 300 300 300
scenario numberf 19 20 21 22 23 24 25 26 27

Each simulation scenario was evaluated by taking the absolute error between the cell
model's and the estimation algorithms' minimum, maximum, and average SOC. This
evaluates the estimation algorithm's accuracy. The computational complexity of the
estimation algorithms was evaluated based on the execution time of the scenarios.

In addition to the accuracy tests, the same simulations were carried out in the same
framework with the only di erence being an added temperature noise to give some
uncertainty in the state space matrices. These tests aim to check the robustness
of the estimation algorithms. Figure 3.3 depicts the cells with the highest temper-
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Figure 3.3: The highest and lowest temperature of 100 cells with and without
added white Gaussian noise.

ature and lowest temperature and their corresponding noise, which is used in the
robustness tests.

Figure 3.4a, Figure 3.4b and Figure 3.4c show the di erent control inputs for the
initial SOC value 0:5 with 100 cells. Input current one and three are di erent when
altering the initial value. However, they remain consistent with the number of cells.
All of the scenarios (simulated with 100 cells) can be found in Appendix A. Due to
the natural imbalance between cells, see Subsection 3.1.3, the terminal voltages are
di erent for each cell. Only the cells with the largest and smallest terminal voltages
are shown in the gures. Inputs one and three have a maximum di erence between
the largest and smallest terminal voltage of around 0.8 V.

3.4 SOQ estimation

The SOC estimation algorithms heavily depend on the SOQ, which is mentioned
in Section 2.1. Therefore, it was of interest to continue the research by creating
a computationally e cient and accurate online SOQ estimation algorithm. When
estimating SOC we assume that the capacity is constant and known, when in reality
it decreases over time and is not directly measurable, as mentioned in Section 2.2.
Since the capacity of each cell is assumed to be known when estimating SOC, the
SOQ estimation needs to estimate every cell's capacity.

3.4.1 The SOQ algorithms

An RLS lIter can be used to Iter out inaccurate measurements (see Section 2.4).
The RLS Iter models the system as

y(k) = u(k) + e(k) (3.32)
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(@) The rstrow shows input current 1, a (b) The rst row shows input current 2,
constant charge until SOC reaches 100%vhich is the UDDS [50].

with some tolerance, the input current is

then set to zero. The noises in the plots

are numerical artefacts.

(c) The rst row shows input current
3, constant charging until SOC reaches
100% with some tolerance followed by a
discharge.

Figure 3.4: The rst row shows the corresponding input current. The second
row shows the terminal voltage for the cell with the smallest and largest terminal
voltage. The right-hand side is the left-hand side measured. The last plot shows
the resulting min, max, and average SOC. This scenario is withz of 0.5 and 100

cells.
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into

9(k) = u(k)"(k) (3:33)
where its implementation uses the discretized version of Equation 2.2:

t ik

Q= (3.34)
Zy
The implementation can be seen in the following equations
w(k)= Q z (3.35)
y(k)= t iy (3.36)

wheret is the sampling time, iy is the current, u(k) is di erence in SOC, z, and
" is the estimated capacity,Q.

When the current or the z approaches zero CC cannot be applied. According to
Equation 2.2 the capacity is equal to zero when the current is zero and in nity when
the zis zero. To avoid faulty capacity estimation a safety margin was introduced
so that when either the current or z is below the safety margin, no update is
performed. Instead, the old capacity estimate is kept. This may lead to faulty
capacity estimations to some extent but will avoid unreasonable values.

Two methods estimating SOQ are proposed, XRLS and 1RLS, both using RLS
Iters, as can be seen in Figure 3.5 and Figure 3.6. Both lters retrieve the SOC
from XEKF since it has a faster execution time than XSPKF and provides an

accurate SOC for every cell. The current is extracted from the cell model.

3.4.1.1 XRLS

Figure 3.5: Diagram that depicts the process of the SOQ estimation algorithm
XRLS.

XRLS has one RLS lIter for each cell, computing each cell's SOQ. Figure 3.5 por-
trays a simple representation of how the algorithm works. Firstly the SOC, extracted
from XEKEF, is time delayed one sample in order to retrieve z. The current is mul-
tiplied by the sampling time, and together with z they are inserted into the RLS
Iter, as seen in Equation 3.35 and Equation 3.36. z is an array, thus the im-
plementation of the RLS lter will di er from what is explained in Section 2.4. A
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for-loop is used to iterate through Equation 2.16 - Equation 2.19. There will be as
many iterations as the number of cells, implying that there is one RLS lter for each
cell.

3.41.2 1RLS

Figure 3.6: Diagram that depicts the process of the SOQ estimation algorithm
1RLS.

This method is based on the same reasoning as 1KF. Namely that the integrated
current is consistent for every cell and thus only one lter is required regardless of
the number of cells. Figure 3.6 portrays a simple representation of how the algorithm
works. Firstly the SOC, extracted from XEKEF, is time delayed one sample in order
to retrieve z. 1RLS then randomly selects one cell's dierence in SOC, z,
and it is inserted into the RLS Iter together with the current multiplied by the
sampling time. The RLS algorithm returns the estimated capacityQ;x , for the
randomly picked cellj which is then multiplied with  z resulting in the variable
.

dc =  zix Qjx; j2f12:::;ng (3.37)

Similar to the variable, ¢, calculated in Subsubsection 3.2.3.3Jk should be equal
for all cells. The calculated variable is together with z, inserted into the function
estimating the capacity of all other cells as shown in Equation 3.38.

Qiy = ; l=1f1,2:::;ng (3.38)

3.5 SO0Q experiments

The performance of the algorithms, the absolute percentage error in estimated ca-
pacity compared to true capacity and their execution time determines which of the
algorithms is superior. The conclusion was drawn through experiments. The exper-
iments use the UDDS driving cycle as control input with an initial SOC of 0.5 (see
Figure 3.4b). These parameters are not the main focus of this experiment and there-
fore do not need to be changed. Instead, there are three di erent scenarios where
the model's capacity changes for 100, 200, and 300 cells, resulting in a total of 9
simulations, listed in Table 3.2. There are three tuning parameters in the RLS ler,
the lter length p, the forgetting factor , and the initial value for the Iter weight
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. These parameters will be the same for the two estimation algorithms and will
stay consistent during the experiments. The tuning parameters were determined
through empirical testing, as = 0:999and = 1. The minimal lter length of
p = 2 was chosen since this resulted in minimal computational cost, as explained in
Section 2.6, while still performing satisfactorily.

The following scenarios are extreme, with the purpose of highlighting and magnifying
the comparison between the two algorithms, but also since we do not have the
resources to simulate over several driving cycles. In reality, it would take over 100
full cycles for the capacity to drop 5 percent and in some scenarios even more cycles
depending on the battery and the conditions during the experiments [51], [52]. Since
the rate of change is magni ed so will the absolute errors, this should be taken into
account when observing the results.

Table 3.2: The 9 di erent simulation scenarios for the SOQ experiments.

scenario number\ 1 2 3 4 5 6 7 8 9

Zy 05 05 05 05 05 05 05 05 05
input index 2 2 2 2 2 2 2 2 2
number of cells | 100 200 300 100 200 300 100 200 300
Q-scenario 1 1 1 2 2 2 3 3 3

Figure 3.7: Three scenarios where the capacity decays over time for 10 cells. The
y-axis represents the cell capacity normalized over the nominal capacity, a value of
1 implies the capacity is equal to the nominal capacity. Scenario 1, seen to the left,

demonstrates each cell's di erent rates of change. Scenario 2, seen in the middle,
demonstrates all cell's equal rates of change decrementing at di erent points in

time. Scenario 3, seen to the right, demonstrates a combination of the two previous
scenarios.

27



3. Method

Figure 3.7 depicts the scenarios where the model's capacity changes for 10 cells.
The rst scenario aims to test the algorithm's ability to handle di erent rates of
change while the second aims to test if it can handle varieties at di erent points in
time. The last scenario tests the algorithm's ability to handle a combination of the
previous two. The following equations

Slopg =10 ° (0:3084 S, 1:028); S U (0;1) (3.39)
Time, =2000 T,+500([s] T U (0;1) '
shows how the random rate of change for each cell is generated and how the random
point in time is selected. The randomly generated slope ensures that the capacity
decreases by 3.5 to 5 percent during the simulation and the point in time will be
somewhere between 500 and 2500 seconds in the simulation. From these equations,
the three Q-scenarios can be scaled to any number of cells.

3.6 SOC and SOQ joint estimation algorithm

The previous SOQ estimation algorithms, described in Section 3.4, retrieve the
from XEKF which estimates SOC given the true capacity. In fact, the capacity
should be retrieved from the SOQ estimation and is thus not known beforehand. If
the estimated SOQ was inserted in the XEKF, a mathematical loop would occur.
Since both algorithms utilize CC to estimate their respective parameters, the esti-
mated SOQ is used to estimate the SOC which is then used to estimate the SOQ.
To avoid this loop the two estimation algorithms cannot both utilize CC. In this
section, we propose an SOQ estimation algorithm that estimates the capacity which
can be implemented in the SOC estimations. The proposed algorithm is a theoretical
concept, it does not include any type of Iter and can thus not handle disturbances.
If the algorithm performs satisfactorily we could argue that it is possible to use this
concept in future work.

There are o ine estimation methods that can estimate SOQ. For example, when

the battery is at rest and the dynamic voltages are equal to zero the OCV can be
directly measured, which is then used to compute the capacity [53]. Although this
Is possible, the scope of the thesis is to increase computational e ciency in online
estimations.

The proposed SOQ estimation algorithm estimates SOC without applying CC and
thus the SOC can be used to estimate SOQ with CC. The SOC is obtained by rst
estimating the OCV and then converting it to SOC with a look-up table provided
by Volvo GTT. The OCV was calculated according to

Voc(z;T) = Vi(t)  Va(t)  Va(t)  Ro(z; T)i(1) (3.40)

where the current and terminal voltage is measured and the voltages over the RC-
pairs are estimated.
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Figure 3.8 illustrates how the estimation algorithm operates. Temperature, terminal
voltage, current, and the estimated capacity is inserted into the SQ¢z\ block which
computes an estimated SOCz. The dierence in SOC, z, is then calculated
and inserted together with the current multiplied with the sampling time in the
algorithm block, which computes the SOQ, as stated in Equation 3.34. The safety
margin mentioned in Subsection 3.4.1 is implemented in the algorithm to avoid the
capacity from reaching zero or in nity.

Figure 3.8: Diagram of the SOC and SOQ joint estimation algorithm.

Figure 3.9 illustrates how the SOGcy block operates. The SOQ together with the
current and this time step's SOC,z, is inserted into the prediction block. The
prediction block utilizes CC to predict the next time step's SOCz.: (see Equa-
tion 3.21). The predicted SOC, the current, and the temperature is then used in the
look-up table to retrieve the parametersRy, R;, Ry, C;, and C,. The parameters
are then inserted into theVoc estimation block where they are scaled according
to Subsection 3.1.3. The scaled parameters, current, and the measured terminal
voltage, yx, are used to calculate the OCV, according to Equation 3.10 and Equa-
tion 3.11. The latter mentioned equations are implemented with the help of the
MATLABunction Sparse, allowing a faster execution time. Finally, the estimated
OCV is converted to SOC through a second lookup-table block.

Figure 3.9: Diagram of the SOGcy algorithm.
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3.7 S0Q and OCV joint experiments

The implemented algorithm is a theoretical concept and has no type of Iter and is
thus not able to handle any type of disturbance. Accordingly, in order to establish

if the algorithm performs satisfactorily experiments are carried out without additive
noise. There are a total of 9 simulation scenarios listed in Table 3.2 where the
Q-scenarios can be seen in Figure 3.7. The algorithm is evaluated on the absolute
percentage error of the estimated capacities in the experiments. If the errors are
considered satisfactorily we could argue that the theoretical concept of the algorithm
can be used in future work.
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Results and discussion

The algorithms created are evaluated through experiments, explained in Section 3.3,
Section 3.5, and Section 3.7. This section aims to present and discuss the results of
the experiments and is divided into three subsections. One for the SOC estimation
algorithms, one for the SOQ estimation algorithms, and one for the joint estimation
algorithm.

4.1 SOC

The SOC estimation algorithms' performances are based on their accuracy and
robustness test results and their execution time, see Section 3.3. The accuracy
and robustness results from all the experiments can be found in Appendix B and

Appendix C respectively. These results are then condensed in the summary section,
see Subsection 4.1.4.

4.1.1 Accuracy

(@ zp=0:2. (b) zo=0:5. (c) zo=0:8.

Figure 4.1: Absolute error of the average, maximum, and minimum SOC evaluated

by simulation scenarios 1, 4, and 7 listed in Table 3.1, i.e., input index 1, 100 cells,
and zy = f0:2;0:5; 0:8g. The colors correspond to the di erent algorithms as seen in

Figure 4.2.
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Figure 4.2: Labels used in the accuracy and robustness tests.

By quickly observing the results in Figure 4.1 the initial SOC seems to have quite
a big impact on the absolute error. However, this is not the case, it is rather how
the initial SOC a ects the control input signal. For the scenario with input index
1, seen in Figure 3.4a, the input current will stay constant until SOC reaches 100%,
thus if the initial SOC is bigger or smaller the SOC will reach 100% at di erent
points in time.

The same observations can not be made from Figure 4.3, since the initial SOC does
not a ect the input current signal UDDS, also referred to as input index 2 which
can be seen in Figure 3.4b. Thus it can be concluded that the initial SOC does not
a ect the absolute error of the estimations.

(@ zp=0:2. (b) zo=0:5. (c) zo=0:8.

Figure 4.3: Absolute error of estimated average, maximum, and minimum SOC
evaluated by simulation scenarios 2, 5, and 8 listed in Table 3.1, i.e., input index 2,
100 cells, andzy = f0:2; 0:5; 0:89. The colors correspond to the di erent algorithms
as seen in Figure 4.2.

Observing the results in Appendix B there is a clear trend of how 1K§;'s absolute
error of the average SOC is decreasing with the number of cells. Experiment using
input index 1 shows this very clearly, as seen in Figure 4.4. From the same gure
it is evident that the mentioned trend cannot be found for the absolute error of
the minimum and maximum SOC value. This is a result of the distribution of
the capacities on which the average SOC estimation algorithm is based. When the
number of cells increases, the capacities will be more equally distributed according
to the assumed distribution and will hence give a better estimate. The minimum
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and maximum value does not use a distribution in their algorithm and thus, do not
lead to the same improvement.

Figure 4.4: Absolute error of the estimated average, maximum, and minimum
SOC evaluated by simulation scenarios 1, 10, and 19 listed in Table 3.1, i.e., input
index 1 with zg = 0:2 for 100, 200, and 300 cells. The colors correspond to the
di erent algorithms as seen in Figure 4.2.

The algorithms' absolute error of the minimum SOC is very similar for each scenario,
the same can be said for the maximum estimated SOC. 3KF and XKF should in
theory have exactly the same absolute error of the minimum and maximum estimates
since they are selecting the same cells. 3KF selects the cell with the smallest and
largest capacity, which corresponds to the cell with the largest and smallest SOC,
respectively. XKF estimates all cells and selects the smallest and largest SOC which
is the cells 3KF selected. 1KF and 1Kg, should also have the same size in absolute
error for the same reason. 1KF calculates all SOC with the variabteand capacity,

as seen in Equation 3.21 and Equation 3.22, then selects the smallest and largest
SOC which should be equal to calculating the SOC with the variablg smallest and
largest capacity, which is what 1Kk is executing.

An interesting observation is that the absolute error of the minimum SOC seems to
have an identical shape as the absolute error of the maximum SOC for all estimation
algorithms. By observing the gures closer it can be noticed that the only thing
that di ers between them is the magnitude of the errors. This is because of the
di erence in the capacity between the cells. The larger the capacity the less the
current noise will a ect the estimation, which can be motivated by

it .
= Mherwd _ ol (4.1)

Q Q Q
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The SOC estimations are a ected by the measurement noise applied to the control
input and the terminal voltage. Since all cells have the same current the added noise
a ects each cell equally. However, the cells have di erent noises on their terminal
voltage. One theory is that the terminal voltage noises are not large enough to a ect
the SOC estimation. Instead, the estimation error could be a result of the control
input noise and thus the absolute error has a similar shape.

The accuracy of the average SOC diers a lot between the di erent algorithms,
unlike the error for the minimum and maximum values. XKF and 1KF have very
similar absolute error and has the highest accuracy for input index 1 and 3, found
in Appendix A. For the same input indices with 100 cells, 1EKEy has the worst
performance followed by 3KF. For 200 and 300 cells 3KF is the least accurate. For
input index 2, the UDDS, the algorithms are performing quite similarly with a much
smaller absolute error compared to the other input scenarios which can be seen in
Figure 4.5. Especially for 200 and 300 cells, XKF, 1KF and 1EK{ perform very
similarly, with 1EKF o4 having a higher accuracy than XKF at times.

Figure 4.5: Absolute error for average, maximum, and minimum SOC evaluated
by simulation scenarios 2, 11, and 20 listed in Table 3.1. Namely input index 2
with zg = 0:2 for 100, 200, and 300 cells. The colors correspond to the di erent
algorithms as seen in Figure 4.2.

There seems to be no noticeable di erence between SPKF's and EKF's accuracy.
The main di erence between the implementation of the lters is that the EKF lin-
earizes the measurement model while SPKF can utilize the nonlinear model. How-
ever, this does not seem to a ect the accuracy of the SOC estimation.
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4.1.2 Robustness

The robustness tests were performed to catch dierences in the performances of
SPKF and EKF, the results can be seen in Appendix C. However, when comparing
the results from the robustness tests and the accuracy tests there is no noticeable
di erence, thus concluding that the noise on the temperature does not contribute
enough to see a di erence in performance between the two KFs. Figure 4.6 shows how
the percentual di erence between 3EKF and 3SPKF increases when the constant
additive temperature disturbance increases. In the robustness tests the temperature
has a maximum error of approximately 1.5C as can be seen in Figure 3.3, which
according to Figure 4.6 leads to less than a 1% di erence between the algorithms.
However, as expected the SPKF has a higher robustness compared to EKF but it is
only noticeable when having a very large temperature disturbance. An error larger
than 5 C is considered very large and is not a reasonable error.

Figure 4.6: Percentage di erence between the absolute error of 3EKF and 3SPKF
for di erent additive temperature disturbances. Control input index 2,z, = 0:5,
100 cells.

4.1.3 Computational complexity

In this section, we present the execution time of the simulations in Table 3.1 and
compare computational complexity and its relation to the number of cells. Since the
execution time of the simulations varies depending on for example the computer's
power and memory it is dicult to follow a trend in computational complexity.

This is clearly depicted in Figure 4.7, where 3SPKF has one simulation with a much
higher execution time than the rest. The execution time of the robustness tests and
accuracy tests should be similar since the added temperature noise does not increase
the complexity, this can also be seen in Figure 4.7.
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Figure 4.7: The execution time it took to simulate all scenarios for 100, 200, and

300 cells for the model and estimation algorithms. A circle indicates the accuracy
test data and a star indicates the robustness test data. The data is color-coordinated
depending on the input index. Input indexes 1, 2, and 3 have blue, red, and green
colors respectively.

The di erence in initial SOC does not a ect the execution time since it does not

a ect the simulated time. The simulated time is di erent for each input index. Input
index 1 has a simulated time of 3000 seconds, input index 2 has around 5000 seconds,
and input index 3 has around 8000 seconds. However, what can be concluded is that
the execution time increases with the number of KF and the number of cells. To be
able to compare the computational time between the algorithms we have generated
a gure with the summation of all the execution times for the di erent numbers of
cells, see Figure 4.8.
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(&) Accuracy test. (b) Robustness test.

Figure 4.8: The summed execution times of simulations of all scenarios for 100,
200, and 300 cells for the model and estimation algorithms. Each gure in (a) and
(b) depict the same data, some magni ed more than others to distinguish between
the algorithms.

In Figure 4.8 it is clear that XEKF and XSPKF have a high growth rate compared
to the other algorithms which appear more linear. There is also a trend of SPKFs
having longer execution times than EKFs. Here it is also clear that an increase in
KFs equals longer execution times. 1KF and 1Kk have the same number of KFs
but it seems from Figure 4.8 that 1Kky have a shorter execution time. This is due
to that 1KF computes all SOC values whilelKF .y only computes a distribution,
thus 1KF has more computations. This is small but results in a noticeable di erence
between the execution times.
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4. Results and discussion

Figure 4.9: The execution times tted to a second-degree polynomial of all sce-
narios for cells going from 1 to 300 in steps of 5. A circle indicates an outlier point.
The data is color-coordinated depending on the input index. Input indexes 1, 2,
and 3 have blue, red and green colors accordingly.

Instead of comparing the execution times from the accuracy and robustness tests,
we have executed the experiments where the number of cells ranges from 1 to 300
in steps of 5. This results in a larger data set, which makes our conclusions more
reliable. The execution times tted to a second-degree polynomial can be seen in
Figure 4.9. By doing this the data can either appear exponential, linear, or constant,
and thus we can draw a conclusion on their complexity. As can be seen in Figure 4.9
are many outliers, Figure 4.10 depicts the results without these outliers.
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Figure 4.10: The execution times tted to a second-degree polynomial of all sce-
narios for cells going from 1 to 300 in steps of 5. Input indices 1, 2, and 3 have blue,
red, and green colors respectively.

The polynomial coe cients from Figure 4.10 can be seen in Figure 4.11. As can be
seen in the Figure 4.11 the second-order coe cient is smaller when compared to the
coe cients of other orders, so much so that all algorithms can be considered to have
a linear relationship with the number of cells. It is worth mentioning that even if
the second-order coe cient is very small it is at least negative, meaning it does not
increase the execution time.
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Figure 4.11: The polynomial coe cients for all scenarios of the tted points in
Figure 4.10 shown in a boxplot. The gure to the left shows the coe cient of the
second-order, the middle gure shows the coe cients of the rst order and the gure
to the right shows the constant values.

To be able to compare the computational time between the algorithms, gures have
been generated, displaying the summation of all the execution times for the di erent
numbers of cells, see Figure 4.12. Figure 4.12 show similar results as Figure 4.8,
being that all algorithms in the latter gure have a strong linear relationship to the
number of cells and that the number of KFs is the main contributor to execution
time.

(@) Scenario with input index 2 andz, = (b) A summation of all scenarios tted
0:5 tted to a second-order polynomial. to a second-order polynomial.

Figure 4.12: Data taken from Figure 4.10 is reshaped to give a better understand-
ing of the algorithms' complexity. The three gures in (a) depict the same data
magni ed di erently to better distinguish between the estimation algorithms. The
three gures in (b) depict the summation of all scenarios magni ed di erently.
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As stated in Subsection 3.1.4 the multi-cell model has a total & multiplications,
thus the number of multiplications in the multi-cell model has a linear relationship
to the number of cells. This linearity can also be seen in the gures shown in this
subsection. The linearity of the other algorithms cannot be as easily explained. For
1KFog the number of multiplications and other operations are constant, unchanged
by the number of cells. 1KF calculates the SOC of each cell using the estimated
variable ¢ and the capacities resulting in2n multiplications, thus 1KF's execution
time should linearly depend on the number of cells. Similarly, 3KF calculates the av-
erage terminal voltage and temperature thus there ar2n additions and 2 divisions.
We had a theory it was the extraction of the input signals causing the unexplained
linearity of 1KFoq. This theory was tested by simulating all the scenarios for cells
going from 1 to 300 with steps of 5, with the modi cation of moving the code that
extracts the input signals to the multi-cell model'sSimulink le thus excluding it
from the algorithm's Simulink le. Also, the part of the 3KF algorithm that cal-
culates the average terminal voltage, temperature, and cell imbalance factors was
moved to the cell model'sSimulink le. The results can be seen in Figure 4.13.

(a) All scenarios are tted to a second- (b) Scenario with input index 2 andz, =
order polynomial and then summed to-0:5 tted to a rst order polynomial.
gether.

Figure 4.13: Execution times for the modi ed model and modi ed algorithms
except for XKF, see Section 3.3, for cells going from 1 to 300 at steps of 5. The
modi cation is the exclusion of the input extraction in the algorithms and the calcu-
lation of the averageV;, T, R, Q, and C moving it instead to the model. All gures

in (&) show the same summations magni ed di erently. The gures in (b) all show
the same simulation scenario magni ed di erently.

Observing Figure 4.13a, where the execution times are tted to a second-degree
polynomial, the 3EKF, 3SPKF, 1SPKF,g, and 1EKFy show a clear constant com-
plexity while 1IEKF and 1SPKF have a linear complexity with the number of cells.
Figure 4.13b is tted to a rst-order polynomial and demonstrates the statement
above. This prove that if it had not been for the extraction of inputs, 1SPKfgq
and 1EKF,y would have constant complexity. If not for the extraction and the
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calculation of the averageV;, T, R, Q, and C, 3SPKF and 3EKF would also have
constant complexity.

4.1.4 Summary

Since we concluded thatzy does neither a ect the accuracy nor the robustness,
and the di erence in results of the minimum and maximum SOC are minimal, the
average SOC's accuracy and execution time are the values used to distinguish the
algorithms. Therefore, we have gathered the execution time and average SOC error
in a joint bar chart in Figure 4.14. Even though 1Kky4's error is decreasing with
the number of cells and has at some points higher accuracy than XKF and 1KF the
summation across time shows that XKF and 1KF have the highest accuracy and
robustness, as can be seen in Figure 4.14. 1KF's and JgFS execution times are
very similar and 3KF's execution time is a few seconds longer. XKF's execution
time is not shown on the bar charts but is about 100 times longer than the rest.

Figure 4.14: The average SOC's mean values of the absolute errors and their
execution times across all inputs fogg = 0:5. XKF is not included because of its
extreme execution time compared to the other algorithms. The columns determine
the input index and the rows determine the number of cells.

In Figure 4.15 the mean of all errors in Figure 4.14 are shown. From the gure we
can conclude that if the extractions of inputs and the average input calculations
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were not part of the algorithms 1KF.y would have a lower execution time than
1KF. This modi cation, in general, lowers the execution time of all the algorithms,
with the main upside being that the execution time of 3KF, 1Kky have a constant
relation to the number of cells. Without the modi cation that the execution time
of 3KF, 1KFy and 1KF have a linear behavior to the number of cells where 3KF
has a y-interception point about twice as high as 1KF and 1KfF,. As can be seen
in Figure 4.15 the SPKF has a slightly longer execution time compared to the EKF
and because of this, has a higher computational complexity.

Figure 4.15: The blue bar depicts the calculated mean of all the errors in Fig-
ure 4.14. The orange bars depict the average execution time for the average SOC's
absolute error whenzy = 0:5, n = 100 200 300y, and inputigex = f1;2;3g seen in
Figure 4.14. The red bars depict the average execution times calculated identically
to the orange bars but for the case where the extraction of inputs and the calcula-
tions of the averageV;, T, R, Q, and Cis not in the algorithms but in the model
(see Subsection 4.1.3).

4.2 SOQ

The SOQ estimation algorithms, as explained in Section 3.4, are evaluated based on
the absolute percentage error of the estimated capacity and execution time of the
experiments de ned in Section 3.5.

4.2.1 Accuracy

Figure 4.16 displays the average absolute error of the two algorithms scaled with
the nominal capacity, while Figure 4.17 displays XRLS's results exclusively. XRLS
is able to Iter out the noise from all of the cells' SOC retrieved from XEKF while
1RLS is only able to Iter out the noise of the randomly selected cell's SOC. This
results in an extensive di erence in accuracy between the algorithms. This can be
seen in Figure 4.16 where it is visible that XRLS has higher accuracy than 1RLS,
approximately one hundred times as accurate.
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