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Department of Electrical Engineering

Chalmers University of Technology

Abstract

Fast charging is a key aspect of a battery-electric vehicle, impacting both the use-
fulness, competitiveness and sustainability of the vehicle. Charging speed is, among
other factors, limited by degradation mechanisms such as lithium plating. By using
improved models of when lithium plating may occur, charging can be done less con-
servatively and thereby faster. A key factor determining the risk of lithium plating
is the negative electrode overpotential, which should be kept positive to avoid this.

The main tool used in the project has been simulations using the battery modelling
software PyBaMM [1]. Using this and an equivalent circuit model (ECM), a model
was designed with the negative electrode overpotential as output. PI control was
then applied on the system to keep the overpotential positive.

Results were compared with a conventional multistage constant-current, constant-
voltage (MCC-CV) algorithm. In an ideal case, the ECM-based method was able to
improve charging time by 9.7% to 70% SoC compared to the MCC-CV algorithm.
More aspects such as temperature and aging (including gradients on pack level)
must, however, be taken into account before the algorithm can be applied in a real-
life application. This will make the process of finding accurate model parameters,
which was a major topic in this project, a more complex task. The results do however
show the potential for improved charging time using this method.

Keywords: lithium-ion, fast charging, degradation, control, equivalent circuit, model,
algorithm.
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Introduction

With the transition to battery-electric cars, a number of new properties become im-
portant for customers. Driving range is an important factor, but the fast charging
capability could be argued to be of even greater importance as it has the great-
est impact on the time required for long-distance journeys. It is also related to
the battery size, so by improving the relative (per cell) charging speed, the overall
charging speed can be maintained with a smaller battery pack, allowing for cost,
weight and environmental savings. The charging speed of lithium-ion batteries is
limited by factors such as the charging hardware (AC to DC converter), temperature
and degradation mechanisms. Some of the known degradation mechanisms can be
modelled using advanced models, which may not be implementable in the battery
management system (BMS) of a vehicle. This project has therefore investigated
whether it is possible to use equivalent circuit models (ECMs) to estimate degra-
dation, with focus specifically on lithium plating, in order to improve the charging
performance of electric vehicles.

The project has been conducted as a Master’s Thesis project at the Department of
Electrical Engineering at Chalmers University of Technology, Gothenburg, Sweden.
It is a collaboration with Volvo Car Group AB, where the project was primarily
carried out.

1.1 Purpose

The main purpose of this project has been to find an improved model-based fast
charging control system for Li-ion battery packs in automotive applications through
the use of ECMs, with the aim of reducing the charging time of the pack while
being aware of and avoiding to violate known causes of accelerated degradation.
In order to not develop an algorithm that is too computationally complex to be
feasibly implemented in a vehicle’s BMS, modelling efforts focused on equivalent
circuit models. The work based itself on previously conducted research within this
area, and through the knowledge gained, the aim was to create and simulate a more
sophisticated charging control system. The results were compared to a baseline
MCC-CV charging system, similar to what is used in Volvo cars today.
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1.2 Objective

The project’s objective can be described and summarized with the following research
questions:

e Can an ECM be used as a tool for estimating internal states such as the
negative electrode overpotential (NEOP)? Specifically, is it possible to model
the NEOP behavior using ECM-based models?

o What types of ECMs are suitable for this purpose in terms of computational
complexity and accuracy, and how shall its parameters best be estimated?

o Is the output from the ECM accurate enough to be used for controlling cur-
rent, and what method is suitable to perform this control? Does the complete
system result in a time improvement compared to conventional charging algo-
rithms?

1.3 Scope

In order to allow the project to fulfill its purpose within the time and resource
constraints, a number of delimitations have been specified so that the work focus
on finding a novel charging algorithm by the use of ECMs for state estimation,
which ensures that known degradation causes are not violated while being feasibly
implementable in a BEV. The project has aimed to show whether an improvement
in charging time is possible, but will not go into depth to adapt the system to handle
the impact of various external factors which would impact the system if applied to
a vehicle battery pack.

A challenge of fast charging an electric vehicle is the multitude of factors that affect
the process. A battery pack used in a car can often contain hundreds, or even thou-
sands of individual battery cells, each of which may have slightly differing properties
due to manufacturing, or due to varied levels of degradation, for example.

Depending on the construction of the battery pack and its heating/cooling system,
this can, for example, cause temperature gradients in the pack where cells in the
outer areas of the pack are cooler than cells in the middle of the pack. As the battery
pack as a whole needs to be charged uniformly (all cells at approximately equal levels
of SoC), a large temperature range of the individual cells will limit the temperature
range in which the complete battery pack can charge at its theoretical maximum
rate. Additionally, the cell resistance is known to be a function of temperature [3],
which means that temperature also directly affects the electrical attributes of each
individual cell. This can, in turn, aggravate aging effects on individual cells [4]. To
simplify, it is here assumed that the battery pack construction and its cooling system
allows for a homogeneous temperature of the entire pack. Furthermore, individual
manufacturing variations between cells have not been considered.

It is also assumed that the thermal management not only keeps the pack temperature
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homogeneous, but also constant. This is to remove rising temperature as a factor,
which would normally impact the models and in turn the entire control system.

The assumption of homogeneous cells with constant temperature has the conse-
quence that a model and algorithm developed for a single cell can easily be scaled
to apply for charging an entire battery pack. Therefore, only charging on cell-level,
and not pack-level, is considered.

General estimation algorithms, such as a sophisticated algorithm for estimating SoC,
is not implemented or developed here. Instead, simplified algorithms will be used,
based on data available from the modelling software used.

The project does not investigate what impact the use of alternative cell chemistries
have on the performance of the charging algorithm. Instead, one type of cell chem-
istry will be used throughout the work.

Results from the developed systems will be evaluated for two cases - with a limit
on the charging current of maximum 3 C (15 A), and without any limit on the
charging current. The limited case aims to take into consideration that hardware
limitations (maximum output of charging stations as well as current limitations of
in-vehicle cabling) are present in reality, but also to investigate whether allowing an
even higher charge current provide much benefit or not.

Lastly, in order to validate the performance of the proposed ECM, the selected Full
Physics Model (FPM) will be considered the exact model reference from which the
correct negative electrode overpotential can be derived and compared with the one
estimated from the ECM.

1.4 Report overview

This thesis report begins with a background and introduction to the factors in-
volved in the problem of battery fast charging. This includes a motivation for why
improving fast charging is beneficial, as well as various aspects to consider, such as
degradation and temperature. Specifics about the models and simulation parameters
in use are also presented.

Once a technical foundation has been established, the various methods used are
presented in Chapter 3. An overview of the development process is presented in
Section 3.1, followed by more detailed descriptions of how the work has been carried
out. This includes the mathematical modelling of the ECMs, determination of their
parameters and the PI control that was used in the system.

Following this, the results are presented in Chapter 4. This includes each of the
parameter functions that were used, as well as performance plots and numbers of
the various complete systems that were created. This is followed by an analysis
and discussion in Chapter 5, including aspects which need further consideration
before the proposed solution is suitable for real-life implementations, as well as
sustainability and ethical aspects of the work. A conclusion of the report can be
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found in Chapter 6.
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Background

With the beginning of a new decade heavily driven by society’s efforts to limit the
climate change, private transportation in form of battery-electric vehicles (BEVs)
powered by lithium-ion (Li-ion) batteries has become popular. The prospect of
eventually replacing all conventional combustion engine cars with EVs has been
brought up during the United Nations Climate Change Conference (COP21) [5].
This shared opinion puts pressure on car manufacturers around the world to find
electromobility solutions, which in the relatively near future could take over the
private transportation sector.

In connection with the car industry shifting towards larger amounts of BEV appli-
cations, the charging performance of the batteries constantly needs improvements
in order to match the competition on the market. For example, due to limited
space and weight requirements for battery packs in the vehicle, high quality require-
ments are set on the batteries to be fast-charging while maintaining long-distance
capability and a long life span. This requires the battery pack to be designed with
consideration to use in different temperatures, aging and, importantly, to avoid
degradation effects whenever possible [4]. The pack of batteries is also classified as
the single most expensive component of the car, making up as much as 36% of the
total manufacturing cost of a 72 kWh electric vehicle, according to 2022 estimates
[6]. Consequently, a potentially significant way of reducing production costs is to
identify improvement aspects of the current battery management system.

Volvo Cars, one of the globally most well known automotive manufacturers, has
set the goal of shifting their product line-up completely to fully electric vehicles by
the year 2030 [7]. In order for this transition to be successful, it is key to offer
competitive products to not lose market shares on the global market. By improving
the charging performance, the vehicles can charge more energy during a given time
period and battery pack size. This also enables the possibility of reducing the
needed battery pack capacity while maintaining competitive long-distance driving
capability. By offering this, Volvo Cars can lower the production cost and weight of
the vehicle, and also reduce the climate impact from the manufacturing. Therefore,
an important task for the company is to develop charging algorithms that without
major drawbacks can recharge BEVs in a shorter time.
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2.1 Degradation mechanisms

There are a number of factors that limit the charging speed of Li-ion batteries. Apart
from the power output of the charging equipment, which will not be considered as a
limiting factor in this project, the battery’s temperature needs to be kept within a
specific range in order to not pose safety concerns, and consideration must be taken
to avoid conditions where the battery cell might develop irreversible degradation
effects.

Subjecting the battery cell to high temperatures changes the chemical properties
of the components in the battery. For example, thermal decomposition of the elec-
trolyte will occur at higher temperatures, a reaction which becomes significant above
85° C [4]. At a certain point, such reactions reach a point where they happen at a
rate which by itself accelerates the thermal energy buildup, i.e. positive feedback
occurs. This is what is commonly referred to as a thermal runaway and it is of
course crucial to avoid. To do so, the battery must be kept at a safe operating
temperature at all times.

There are two main types of degradation effects to be considered with Li-ion bat-
teries: Lithium deposition and mechanical degradation. Mechanical degradation is
a collective term for various physical changes to the battery cell and is generally
occurring in conjunction with fast charging [4]. Examples include fractures in the
electrode particles and separation between the active material and the current col-
lector. It can occur as high lithium concentration gradients may cause volume and
dimensional changes, leading to mechanical stress [8].

Mechanical degradation is however difficult to decouple from other degradation
mechanisms such as various types of lithium deposition, and the level of knowledge
is also lower compared to other degradation types [4], so further work is needed
on this topic. The focus when discussing Li-ion degradation is therefore often on
the lithium deposition-related degradation mechanisms, and this type of degrada-
tion mechanisms include solid electrolyte interphase (SEI) layer growth and lithium
plating.

The SEI layer is formed on the negative electrode (anode) surface during the first
cycling of the battery, and is necessary for allowing Li-ion transport while blocking
electrons, preventing damage to the electrode material [9]. However, as SEI is
formed, lithium in the electrolyte is made unavailable, and due to this, the capacity
of the battery cell is reduced [4]. Additional SEI layer formation may occur if the
battery is charged at high temperature, and therefore this is to be avoided.

During charging, metallic lithium may also start to deposit on the anode surface. In
certain circumstances, the deposition may continue on the previously formed lithium
deposits, forming metallic structures known as dendrites [4]. This phenomenon is
known as lithium plating. Lithium plating has been shown to be largely preventable
by ensuring that the negative electrode overpotential is kept above a reference value,
and if the battery is charged at too high current, the overpotential will drop below
this reference value [4]. The risk of the negative electrode overpotential going too

6
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low is also aggrevated when charging at low temperatures. However, in a vehicle
battery pack, the only electrical cell variables that can reasonably be measured are
the cell voltage and current, as well as temperature. The negative electrode potential
is not measurable using regular equipment that may be used in a vehicle’s battery
pack, and must therefore be estimated.

There are however methods for estimating the anode potential, for example a pseudo
two-dimensional (P2D) model known as the Doyle-Fuller-Newman (DEFN) model
[10]. However, a problem applying this model to solve the challenge of fast charging
is its computational complexity [4]. Therefore, attempts to apply the limitation of
anode potential in a feasibly implementable charging algorithm must use a reduced-
order model of the P2D model, or another form of simplification. One approach,
which will be the main subject of this work, is to use an equivalent circuit model
(ECM) as a tool for battery state estimation [11].

2.2 Battery modeling

Battery modeling can be done through two main approaches [12] - electrochemical
modeling and equivalent circuit-based modeling. Electrochemical modeling is based
on the ion concentrations and potentials in the electrodes and the electrolyte, as well
as the reaction flux [4]. It can be used to describe side reactions in the battery with
high accuracy. However, due to its high computational complexity, it is generally
not a viable option for BMS applications.

The second approach, equivalent circuit-based models, have lower computational
complexity, but if and how they can be used for estimation of internal states related
to fast charging, and with what accuracy and robustness, is subject to ongoing re-
search. The simplicity of ECMs comes from the electric circuit components being
only resistances and capacitances that are divided into one or multiple resistor-
capacitor (RC) blocks. This is described by the Thevenin model in which the ohmic
battery resistance (Ry) is connected to parallel RC networks consisting of polariza-
tion resistances and capacitances to mimic the dynamic characteristics that happens
during charging and discharging.

The most commonly used battery cell ECMs are of first or second order, see Fig-
ure 2.1. The order signifies the number of RC-circuits connected in series. Its
parameters need to be estimated, and they, as well as the open circuit voltage in the
ECM, may be dependent on factors such as the battery’s state-of-charge (SoC) [12].
The parameters can be estimated offline based on voltage and current data which
can be collected or experimentally retrieved from a P2D model.
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ECM

Figure 2.1: Two Thevenin’s equivalent circuit models of Li-ion battery

2.3 Common charging algorithms

Modern strategies for fast charging of Li-ion batteries such as CC-CV, MCC-CV
and pulse charging differs from each other in charging speed but also in the amounts
of degradation they cause on the batteries [4]. Constant-Current, Constant-Voltage
(CC-CV), a commonly used charging pattern, consists of two phases. During the first
phase, a constant, typically high current, is applied to the battery, which results in
a high charging rate. However, the high current may cause accelerated degradation
of the cell if applied during long time periods. Therefore, a second phase, where the
voltage is instead kept constant is introduced, in order to reduce the degradation
effects. The strategy of shifting between constant current (CC) and constant voltage
(CV) is used by the charging algorithms CC-CV and Multi-Stage CC-CV (MCC-
CV), see Figure 2.2. In MCC-CV, several CC phases are used in order to utilize
a higher current during low SoC where the risk of lithium plating is lower, which
is then reduced through a number of "steps" as the charging progresses and SoC
increases.

Current
Voltage

t t

(a) CC-CV (b) MCC-CV
algorithm algorithm

Figure 2.2: Two common charging algorithms for Li-ion batteries



2. Background

Attempts have been made to find complementing solutions to the relatively low
current CV region of CC-CV, one of them being boost charging [13], an approach
used on fully discharged batteries which in addition to standard CC-CV begins
by letting the battery reach its maximum allowable current. This feature enables
quicker charging speed, and it can be used until SoC has reached 40% without risking
deposition of lithium [14].

Another way of recharging batteries is to frequently introduce short relaxation peri-
ods in the typical CC charging profile [4], which decelerates the decreasing cathode
potential during loading. This method can prevent lithium plating from happening,
while charging at a higher rate than otherwise allowable in a conventional CC-CV
algorithm [15].

2.4 Doyle Fuller Newman model

The DFN model, sometimes referred to as the P2D model due to it containing one-
dimension for the particle and one for the electrolyte, comprises partial differential
equations for charge and mass conservation in the solid (electrodes) and electrolyte
(separator), and also prescribes behavior for the electrochemical reactions occurring
on the interface between the solid and electrolyte [2]. It is the most common Full
Physics Model (FPM) of lithium-ion batteries and captures the characteristics on
cell level. Some equation parameters of the DFN model are directly obtained from
the material properties. Others, however, need to be retrieved from lab tests and
experimental data [16].

Current collector Current collector

6u l‘sscp ‘ss

Negative electrode Separator Positive electrode

Figure 2.3: Schematic figure of a lithium-ion cell with dimensions matching the
DFN model [2]

Starting with the equations describing what occurs in the solid, i.e. the particles of
the electrodes corresponding to the green and blue parts of Figure 2.3, the equation
describing the flux of Li-ions is given by
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Jcs, DO, ,0c

= 55 (" =),
ot r2or- Or
where ¢, is the solid phase lithium concentration, r the particle radial distance and
D, the solid phase diffusion coefficient.

(2.1)

Charge conservation in the solid phase yields

o, 0 .
%(a%gbs) — 75 =0, (2.2)

where o is the electrode electronic conductivity, ¢ the solid phase potential and j¢
the volumetric transfer current density.

The boundary condition of the DFN model is described by

_ 0 _ @)
= U%(ﬁS(t?L) =2 (2.3)

0
_U%gbs(ta O) A )

where A is the electrode surface area.

Within the electrolyte phase there is another set of model equations. One of them
is the charge balance, given by

0 0 0
%(“%ﬁbe) + 97

0
kp— Inc. r =0, 2.4
(- ) + g (2.4)
where ¢, is the electrolyte potential, x the electrolyte ionic conductivity, c. the
electrolyte lithium concentration and kp the electrolyte diffusional conductivity.

The dynamics of the conservation of lithium within the electrolyte phase are de-
scribed as

0 0 0 Jr
aeec6 = 8x<D68xce) + (1 —t4) o

(2.5)
where €, is the electrolyte volume fraction, D, the electrolyte phase diffusion coeffi-
cient, ¢, the lithium ion transference number and F' denotes Faraday’s constant.

For this project an important variable is the overpotential 1 which, as mentioned
in Section 2.1, relates to lithium plating and is given by the difference between the
potential in the solid phase and the electrolyte, minus the open circuit potential
Us,ep and a term caused by the resistance in the SEI film between the solid and the
electrolyte, i.e.,

Rsei .
n:¢s_¢e_Uocp_ij; (26)

S

10



2. Background

where a; is the solid/electrolyte interface area.

The current density is a function of the overpotential and is given by the Butler
Volmer relation,

(2.7)

Jr = 2asig smh(ﬁn),

where i is the exchange current, R the universal gas constant, and 7" the absolute
temperature.

The terminal voltage is simply the potential difference between the positive and
negative electrode,

W(t) = y(t, L) — 6s(t,0). (2.8)

2.5 LG M50 battery cell

As explained further in Chapter 3, the charging method development will make
use of the Python-based open-source battery modeling software Python Battery
Mathematical Modelling (PyBaMM) [1]. Although there exist many ready to use
battery models in PyBaMM, simulation of negative electrode overpotential (NEOP)
is limited to only a couple of them, something that was confirmed early in the project
when learning about the simulation environment and checking the available outputs
for every battery model. The battery model chosen for this project is a cylindrical
21700 commercial cell (LG M50), and is based on parameter data from [16], with
a set of 35 parameters required to run the DFN model, from which NEOP can be
determined. The parameter settings are included with PyBaMM and can be used
by choosing Chen2020_plating as the parameter set in the simulation. Since the
DFN model is a physics-based model, it is computationally expensive to calculate
the model equations and not feasible to do in a car’s BMS. However, by performing
simulations offline on the actual cell and observing its behavior it is possible to
obtain valuable information that can be used for the ECM. The DFN model then
serves as a perfect description of a battery, and the goal is to have the ECM imitate
it as well as possible.

2.5.1 Parameterization of LG M50

In order to obtain the parameters with regards to the physical properties of the LG
M50 cell, it is required to dismantle the cell so that each individual component can
be studied and measured separately, a process that does not come without risks
since the dismatling process may compromise the cell. However, in this project a
full set of DFN parameters are already included in the simulation environment and
performing this somewhat tricky process is therefore not needed. Parameters from
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the DFN equations that are relevant here are the ones related to the electrodes and
seperator and are obtained using direct measurements. Porosity and pore domain
size can be determined using kerosene radiation such as X-ray [16].

In terms of the chemical and material properties, strategies involving use of spec-
troscopy and X-rays can be used [16].

Electrochemical parametrization can involve the use of two-electrode full cells, half
cells and three-electrode configurations. It is preferable to use a combination of these
when studying the electrochemical properties due to their varying effectiveness. The
half cell is used for observing the negative electrode or positive electrode.

The electrolyte properties, such as the transfer, ionic conductivity and ionic diffusiv-
ity were taken from a standard electrolyte. However, the tests that were performed
by the authors of the article which the model used is based on [16] showed no
indications of this being an issue.

The PyBaMM simulation of the LG M50 cell uses the parameter set listed in Ap-
pendix A. The majority of the parameters in this list originate from [16] while the
rest are taken from the general CRC Handbook of Chemistry and Physics.

12
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Method

In the project simulations have been used as a tool for evaluating various charging
algorithms. This allows for quicker and less costly results, and allows for testing
various adaptions of the algorithms in order to find better results. Specifically
for ECMs, their state estimation performance can also be compared to the more
accurate but complex FPM to check their accuracy.

3.1 Overview of the development process

Throughout the project, the development of model-based charging methods made
use of a Full Physics Model (FPM), which simulates the cell’s external and internal
states based on selected battery parameters and current profile over the charging
session. Simulations of the FPM were done using the Python-based open-source
battery modeling software PyBaMM [1].

As a first step, the data collected through running simulations were used to develop
an MCC-CV algorithm. This was done by comparing when the negative electrode
overpotential (1) drops below the safely allowable value (7,¢f) to the corresponding
cell voltage, which is a measurable state. The MCC-CV algorithm was thereby
designed to avoid that the negative electrode overpotential drops below the threshold
where there is risk of lithium plating.

In an attempt to take into account external factors and modeling and measurement
errors, which would be present in a real implementation, two cases were investigated:

e ey = 0 V. This is an idealized case and keeps the negative electrode overpo-
tential above 0 V to avoid lithium plating, but with no margin to account for
errors or uncertainties that would be present in reality.

e ey = 0.025 V. This is a more realistic case, taking into account the many
factors of variation and model errors which may occur in a real implementa-
tion, such as different initial SoC, measurement errors and other variations.
To take this into consideration, the algorithm keeps the negative electrode
overpotential positive to avoid lithium plating, with a 0.025 V margin.

As a next step, the FPM was used to retrieve data about the negative electrode
overpotential, a typically unmeasureable state, and a PI controller was constructed

13
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to control the current so that the NEOP stays in the safe range (above 7,.¢). In
addition, another PI controller was designed which similarly prevents the cell voltage
from surpassing a maximum voltage of 4.2 V. A rule engine, described in more detail
in Section 3.8, was also designed and selects which of the 2 controllers to use base on
the system states. As this solution makes use of the FPM in controlling the current,
it is likely too computationally complex to be implemented in a BMS. It does however
provide a reference point for the potential performance the approach can achieve,
and can be compared with results using the less complex ECMs developed in the
project.

Finally, the algorithm based on modelling the negative electrode overpotential using
an ECM was developed. This included several steps, including finding the open-
circuit cell voltage and negative electrode overpotential curves, estimating the model
parameters with dependence on SoC and charge rate, fitting suitable functions to
the estimated parameters, and implementing this in a Python function to generate
the output, which is then fed to the PI controller that was developed earlier.

To compare the performance of the Pl-controlled ECM-based algorithm to that of
the MCC-CV algorithm, it was evaluated in both the marginless case (1, = 0V)
and with the margin 7,.y = 0.025V" set as the reference value.

An overview of the Pl-controlled system can be found in Figure 3.1. Note that
the source of the negative electrode overpotential variable can easily be switched
between the FPM and the ECM. This is also the case in the python-based code

which the overview is based on.

Cell voltage, v

3 i -
& R |
- Max current| =S
So€ eta-est
I P SoC =
Voltage controller Cufrrent limit switch et
v Equivalent Circuit Model (ECM) of NEOP

e Ruile »>0

P eta
Rule engine Controller switch
q eta_est
eta_ref Q e<OP Do
e_OP e i

A,

NEOP controller

i T “80C

SoC

etd_true
- eta_true
Full Physics Model (FPM) ¢ v

6
NEOP Controller input switch
eta

Figure 3.1: Overview of the PI-controlled system

3.2 Definition of SoC

While PyBaMM allows the user to set the initial SoC in percent, it does not provide
a built-in SoC estimation algorithm. This was needed in the project since, for
example, open circuit voltages and potentials, as well as ECM parameters, have a
significant dependence on SoC. For this purpose, a basic SoC estimation algorithm
was developed.
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The estimation algorithm is based on the data PyBaMM provides of the current
discharge capacity in Ah, @) (always 0 Ah at the start of the simulation), the fact
that the battery being simulated has a maximum capacity of 5 Ah, and on the initial
SoC set. The SoC is then calculated as follows:

)

SoC = 100 [%), (3.1)

where

Q= /Otz'(t) dt. (3.2)

3.3 MCC-CYV charging algorithm

The MCC-CV charging algorithm was designed in PyBaMM using its Experiment
class. Using this, human text-like instructions are provided to the program, describ-
ing the process of the charging algorithm as follows:

experiment = pybamm.Experiment (
[

("Charge at 3 C until "+V1_trig+" V',
"Charge at 2 C for 50 seconds',
"Charge at 2 C until "+V2_ trig+" V',
"Charge at 1.5 C for 50 seconds',
"Charge at 1.5 C until "+V3_trig+" V",
"Charge at 1 C until 4.2V",
"Hold at 4.2 V until 100 mA"

)
I

period = "4 seconds'

)

The trigger voltages V1_trig, V2_trig etc, were found experimentally, first setting
the experiment to charge constantly until 7,.; (or v,.r) is surpassed, and find the
corresponding cell voltage for when 7,y is reached, or set it to the maximum volt-
age, in case the corresponding cell voltage is higher than that. By modifying the
experiment to jump to the next constant-current stage at this trigger voltage, the
simulation can then be re-run to find the next trigger voltage, and so on until the
maximum voltage can be reached, at which point the constant-voltage phase follows.

As can be noted in the code above, at higher charge rates, it was necessary to add
manually timed instructions as well. The purpose of this is to allow the cell voltage
drop caused by reducing the current to complete, since the trigger voltage could in
some cases be lower than the trigger voltage of the previous stage.

For the marginless case, the CC stages 3 C, 2 C, 1.5 C and 1 C were chosen, but
with the 0.025 V margin on the negative electrode overpotential. A 0.5 C CC stage
was also needed.
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3.4 Open circuit cell voltage/NEOP

As will be shown in Section 3.5, the mathematical expressions describing the equiv-
alent circuit models used depend on having knowledge of what the open circuit
voltage (OCV) is. The open circuit voltage (OCV) is here defined as the potential
difference between the two terminals (electrodes) of the battery when fully at rest.
It is a function of SoC, and was determined by the use of PyBaMM simulations.

The experiment which is used to find the OCV characteristics starts at 0% SoC with
a rest period, after which it is charged in 2.5% or 5% increments, followed by a 10
minute resting period. 2.5% increments is used up to 15% SoC and after 95% SoC
to give a more accurate OCV curve near the extreme values, as the OCV has a more
nonlinear behavior there. This is repeated until 100% SoC has been reached. The
simulation data are saved and a MATLAB script then reads the OCV at the end of
each of the 10 minute resting period, to get an accurate reading of the OCV that is
minimally affected by any previous load on the battery cell.

After the data of the OCV from 0% to 100% has been gathered, the data are saved to
the file ocv_data.pkl which is later read by the Python program. 1D interpolation
is used to estimate the SoC between the data points.

The experiment also saves data of the negative electrode open circuit overpotential,
as this is a necessary component of the NEOP ECM. It is similarly saved and later
interpolated as implemented in the following Python function, which returns the

estimated OCV:

def SOCtoOPOCV (SoC):
OP_OCV_data = pickle.load (open("ocv_data.pkl"', "rb"))
f = interpld (OP_OCV_data| *SoCs’] , OP_OCV_data| 'OP_OCV’])
return f(SoC)

3.5 Constructing the ECM

The simplified models which can be used for estimating cell voltage are modelled
using the equivalent circuits shown in Figure 2.1. These models can also be defined
by the following electrical relations and discrete-time state-space model of the RC
components [2]. However, in order for the model to be accurate, the parameter
values (Ry, Ry, C1, etc.) must be estimated. The estimation of these parameters
is key to achieve an accurate model, and getting good results from this estimation
therefore became a substantial part of the project. The parameter estimation process
is described in Section 3.6.

This section describes the development process of the various types of ECM used
throughout the project. A first order ECM was first developed due to the simpler
mathematical expression, but it was later found that a 2nd order ECM provided a
beneficial increase in accuracy while not being too complex. To incorporate longer
time-constant behavior observed which was not always included when letting all pa-
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rameters of the 2nd order ECM be determined by the Least Square (LS) estimation,
a 2nd order ECM with the parameters of one RC-pair fixed was developed.

As the ECMs were based on previous work on modelling cell voltage, the mathemat-
ical construction and parameter estimation of the ECMs were first done on the cell
voltage ECM and is hence more thoroughly described. The adjustments that were
made later, once the method of modelling the negative electrode overpotential with
an ECM was chosen, is described later. The results in Chapter 4 are exclusively
based on the 2nd order ECM with fixed parameters of one RC-pair, modelling the
NEOP.

3.5.1 1st order equivalent circuit

Based on the electric circuit in Figure 2.1, and assuming piece-wise constant current,
the following discrete-time model equations can be derived:

At At

vi(k+1)=e 7v(k)+ R(1 —e = )i(k) (3.3)
v(k) = voc(z(k)) + vi(k) + Roi(k),

where 7 = R;C} and z(k) is the SoC.

Substituting a = 6_%, Av = v — vpc and rearranging the equations gives the fol-

lowing expression:

Av(k+1) — Ryi(k + 1) = a(Av(k) — Roi(k)) + R1(1 — a)i(k) = (3.5)
= Av(k + 1) = aAv(k) + Roi(k + 1) — aRpi(k) + Ri(1 — a)i(k) =
(3.6)
= Av(k+1) = [Av(k) i(k+1) (k)] Ry (3.7)
or (k) Rl(]_ - a) - GR()

0

As Av and i are both easily available from BMS measurements, or in this case
simulations, @ can be found by applying least squares to the regression (3.7).

The parameter estimation is then done by using a simulated test cycle suitable for
parameter estimation, solving the LS problem by the use of MATLAB’s "\" operator
to get 6, and then from the components of # solve for the parameters as shown below:
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a=0 (3.8)
RO - 92 (39)
. 93 + CLRO
Ry == (3.10)
At
= A1
G In(a)Ry (3:11)

3.5.2 2nd order equivalent circuit

The second-order equivalent circuit model is based on similar equations as the first-
order model, with the addition of the voltage drop over the second RC-component,
Vg, i.€.,

_At
Rl(l — e Tl)

nk+1)| e 0 v1(k) ;
L}g(/@—l—l)] o [ 0 e_fzt] lvg(k:)] T Ry(1 —e_%t)] (k) (3.12)

v(k) = voc(z(k)) + vi(k) + va(k) + Roi(k). (3.13)

_At _ At
Substituting a; = e 7, by = Ri(1 —ay1),as =€ 72, by = Ro(1 —ay), Av=v — voc
and rearranging the equations gives the following expression:

Av(k 4+ 1) = a1 Av(k) + (ag — a1)ve(k) + Roi(k + 1) 4+ (by + by — Roaq)i(k) =

(3.14)
aq R() .
= vy(k) = Av(k+1) — Av(k) — i(k+1)—
as — Ay o — a1 o — aq (3 15)
_b1+bz—R00J1i(k) )
a9 — A

Solving Equation (3.13) for v; and inserting the expression for v, from Equation (3.15)
results in the following expression:

i (k) = Av(k) — va(k) — Roi(k) (3.16)
a9 — Ay a9 — A a9 — Ay (317>
(R )
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To make the equations more compact, the coefficients applied to the variables are
substituted as follows:

1
A = —
a9 — a1
g = ]_ + “
a9 — Ay
Ry (3.18)
3 =
o — a1
by +bs — R
ag= 2 + 02 0d1 Ry
a9 — a1
This gives the following expression for vy:
v1(k) = anAv(k + 1) + apAv(k) + azi(k + 1) + aqi(k), (3.19)
which can also simply be time-shifted one sample:
vi(k+1) = a1 Av(k + 2) + agAv(k + 1) + agi(k + 2) + aqi(k + 1). (3.20)

Inserting this into the first row of the state-space system (3.12) and rearranging
gives:

a1 Av(k +2) + asAv(k + 1) + agi(k + 2) + aui(k + 1) =

3.21
= a1(a1Av(k + 1) + awAv(k) + agi(k + 1) + aygi(k)) + bri(k) (3:21)
Av(k+2) = BT 2Ny 4 1) + D2 Ap(k) + — ik + 2)+
“ “ “ (3.22)
L 044)2,(]{:_'_ 1+ ap *a4+blz’(k) N
anq a1

=Av(k+2) = [Av(k+1) Ao(k) i(k+2) i(k+1) i(k)] | —2 (3.23)
ajaz—oy)

aq
a1cg+by

Similarly to the 1st order equivalent circuit, this gives a least squares problem which
can be solved using MATLAB’s "\" operator to get #. After inserting the previously
substituted a-variables, this leaves a system of five equations which must now be
solved in order to get the variables Ry, ai, by, as and bs.
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el Chrerry)

0, = —
as—aq
1 + _a
_ az—aq
0y = ay ]
az—ai
Ro
_ _ax—a1
O3 = —=H (3.24)
as—ai
Ry _ bi+ba—Roay
0, = U as—a; az—ai + o
4= —1
as—aq
(b1+b2—Ropay
0 il az—ar Ro) +b
5 = 1
as—ai

This equation system can be solved with the MATLAB command vpasolve, yeilding
two solutions which is expected, as the two RC-circuits are interchangeable.

3.5.3 2nd order equivalent circuit with fixed parameters of
one RC-pair

In some cases it may be desirable to test the parameter estimation with one of the
RC-pairs set manually. The ECM is then mathematically constructed similarly to
in Section 3.5.2. However, since one RC-pair is now known, vy is also known. The
equation system is then solved by simply defining

Av(k) = (k) = va(k) = voclk) (3.25)

3.6 ECM parameter estimation

This section describes the parameter estimation process for the different types of
ECM that were used in the project. Furthermore an explanation on how the depen-
dencies on SoC and current were added to the ECM is given.

3.6.1 Cell voltage ECM

The first set of ECM-parameters was calculated based on the equations of a 1st order
ECM as previously described in Section 3.5.1, and the required inputs to calculate
the parameters Ry, Ry and C; from the ECM are pre-measured voltage and current
data. The parameter estimation was repeated at different SoC, as well as with
different charge currents, due to the dependencies on these variables, which will be
described further in Section 3.6.3 and 3.6.4. The complete fast-charging algorithm
developed, based on the existing pybamm.Experiment () function, is described by
Algorithm 1.
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Algorithm 1 Create current protocol

SoC_list = [0, 5, 10, ..., 100]
C list = [0.1, 0.5, 1, 2, 3, 4]

for C_value € C_list do
for SoC € SoC' list do
[Charge at C'_valueC' for 60 seconds
Rest for 10 minutes
Discharge at %C
Rest for 10 minutes]
end for
end for

By simulating the LG M50 battery cell using the current protocol from Algorithm 1
and a sampling period of one second, the corresponding voltage protocol was ob-
tained as an output from the simulation.

As shown in Equation (3.25), another input is Av(k) which is the difference between
the cell voltage and the OCV. The OCV was calculated, similar to the Algorithm 1
and as described earlier in Section 3.4, by charging to one of the SoC points (0%,
5%;..., 100%), resting for 10 minutes and repeating the same for the next SoC point.
The resulting OCV data points were then interpolated, creating a continuous OCV
curve on the interval 0-100% SoC. Both current and voltage data as well as OCV
and Av(k) for the LG M50 cell are displayed in Figure 3.2.
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Figure 3.2: Inputs required to calculate ECM parameters. Plots a), b) and d)
shows examples at 60% SoC

Using these inputs and following the equations of the 1st order ECM, the parameters
describing the internal dynamics of the battery were calculated.

After having estimated the ECM-parameters discretely for intervals of 5% SoC, a
polynomial fitting of the estimation points were done in order to make the param-
eters continuous over the interval 0-100% SoC. A more detailed description of the
polynomial adaptions is given in Section 3.6.3.

In the next case a 2nd order ECM was instead used, changing the properties of the
previous ECM due to the additional RC-block. This required the parameter estima-
tion to be redone following the relatively more complex although similar procedure
described in Section 3.5.2.

Initially, the polynomial adaptation of the parameters was done with regards to
keeping the deviation between the polynomials and the estimation points low. This
became difficult with the 2nd order ECM, as the parameter estimation gave a very
high variance for the R; and C} pair, as well as for the Ry and C pair, over the
SoC-scale. Therefore, it was attempted to through visual analysis set the 2nd pair’s
parameters to fixed values over the SoC-scale, and perform parameter estimation
on the remaining parameters (Ro, Ry and C}). How this was done is described in
Section 3.5.3. This resulted in better polynomials with reduced variance, which can
be seen in Section 4.1.

22



3. Method

3.6.2 Negative electrode overpotential ECM

While analyzing the estimated voltage, based on both 1st and 2nd order ECM pa-
rameters, and comparing it to simulations using PyBaMM’s FPM description, sim-
ilarities in shape between the estimated voltage and PyBaMM’s calculated NEOP
was found, see Figure 3.3. This lead to the idea of recalculating the same ECM-
parameters but based on NEOP data instead, in order to find an ECM-based model
which outputs an estimation of NEOP.

Estimated cell vollage
Simulated cell voltage | 7|
Open circuit voltage
Simulated NEOP

Open circuit NEOP

0 1000 2000 3000 4000 5000 6000 7000 8000
Time [s]

Figure 3.3: Comparison of ECM-based cell voltage and PyBaMM’s NEOP
during a charging cycle

In order to do this, the equations of the 1st and 2nd order ECM had to be slightly
adjusted, yielding the following two equations for the overpotential:

AOP(k+ 1)1 = [AOP(k) ik +1) i(k)] o }?0 . (3.26)

0

AOP(k + 2)ona = [AOP(k+1) AOP(K) i(k+2) i(k+1) i(k)]| ==

ajagz—ay)

al
a1 *aq+b1
[e31 J

6
(3.27)
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By making these adjustments, the ECM-parameters could then be calculated in the
same way as before. However, it is important to understand that this particular
relation between the parameters (R;, Cy, Ry and C3) and the NEOP is just an
hypothetical attempt of utilizing the logic behind a voltage ECM for an ECM based
on NEOP data. Similarly to the voltage ECM case, a polynomial fit was then done
for each parameter of the NEOP-ECM, also here keeping Ry and C5 constant, once
again achieving continuous parameter values in the interval 0-100% SoC. The values
of Ry and (3 were chosen experimentally by performing simulations and finding
approximate values which yeilded a well-performing ECM estimation, in terms of
similarity to the output of the FPM.

The parameters, based on NEOP data, could then be used to give an estimate of
NEOP over SoC. Validation of the estimated ECM-based NEOP, in terms of tracking
accuracy and charging time, was done in PyBaMM, comparing simulation between
ECM-based NEOP towards PyBaMM’s FPM-based NEOP.

3.6.3 SoC-dependence of parameters

The model parameters and variables are not constant, but depend on a number of
parameters. For the purpose of reducing complexity, factors such as temperature and
aging are not taken into account. However there is a dependence on state-of-charge
as well as on the current.

For Ry, Ry and Cf, the SoC-dependence could often be modeled with a 4th-order
polynomial function, which is the case in the 2nd order equivalent circuit with fixed
parameters of one RC-pair. This was done using the MATLAB function polyfit.
Initially it was planned to use the entire SoC-scale from 0 to 100% with 5% incre-
ments. However due to difficulties generating the correct parameter estimates at
the extreme points, 0% and 100%, these were excluded.

For Ry in the first order model, an exponential function of the form f(z) = p; +
P3P ras found to give a good fit, as the resistance was very high at low SoCs
but then fairly stable during the remainder of the SoC-scale. The fit was done using
the MATLAB function fitnlm. However there were significant fluctuations in the

estimated values over time, making an accurate fit difficult.

(' in the first order model had a rough tendency of having lower capacitance at
low SoC and gradually increasing with SoC. Therefore, it was modelled with a
logarithmic function of the form f(z) = p;In(z + py) using the MATLAB function
fitnlm.

The second-order ECM had highly varying parameter estimations for different SoCs,
making it difficult to find a clearly suitable function type to fit to the estimations.
For R; and (5, the estimations followed similar patterns to R; and C from the first
order ECM respectively, and the same type of functions were therefore used.

For Ry, and C5 of the second order, linear functions were chosen in the end, due to
the high variance.
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3.6.4 Charge current dependence of parameters

The parameters also show a significant dependence on the selected charge current.
This dependence was however shown to be more linear than the SoC-dependence.
The current dependence was implemented by repeating the process of estimating
parameters and fitting suitable functions over the SoC-scale, at six different charge
currents: 4 C, 3 C,2 C, 1 C, 0.5 C and 0.1 C. To do this required adjusting the
upper voltage cut-off in the parameter set used in PyBaMM, as it would otherwise
be hit at high charge current and high SoC. The fitted parameter-functions were
sampled over the SoC-scale with 1% increments, after which a 2D interpolation over
SoC and charge current could be made for each of the five parameters.

Due to previous findings that the 2nd order ECM with fixed parameters of one RC-
pair gave the best results, the current dependence was only implemented for this
ECM. As can be seen in Figure 4.5 and 4.6 however, the estimations for the Ry and
Cy parameters did change when changing the charge current.

3.7 Closed loop control in PyBaMM

As was found out during the course of the project, PyBaMM was not created with
battery control theory applications as its primary purpose. It is possible to provide
the software with a current function, but this should be predefined when solving the
simulation. However, after investigating different possibilities of how the current
can be controlled, a way was found to perform changes to the input current after
each simulation step, effectively enabling the sought-after closed-loop control.

In order to initialize the simulation, it must however first be solved as a regular sim-
ulation, using Simulation.solve() with the arguments t_eval = np.array([O0,
1]) and inputs = {"Current function [A]" : -0.01}. This means the simu-
lation will be solved for 1 second with a very low charge current.

After being initialized, it is now possible to begin stepping forward the simulation.
This was done using a while-loop. First, data from the simulation up until this
point is retrieved using Simulation.solution. This is saved to the variable sol.
After using this data to either directly get the negative electrode overpotential from
the PyBaMM simulation, or by using the above described ECM-based estimation
method, the resulting NEOP value is then used together with the latest voltage
reading from the simulation to determine which variable should be controlled. This
is determined by a rule engine, which will be described in Section 3.8. The chosen
PI controller then outputs its selected current, which is then used as input when
performing the next simulation step.

The last action performed in each iteration of the while-loop is stepping forward
the simulation. This is done using Simulation.step() with the arguments dt =
4 (the simulation timestep in seconds), save = True (enabling storing all previous
timesteps), starting_solution = sol (basing the next simulation step on the so-
lution retrieved in the same while-loop iteration) and finally inputs = {"Current
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3. Method

function [A]" : I}, which sets the current for the next simulation step to the
output of the selected PI controller. Simulations using a different sample frequency
were also performed. However, after analysis it was concluded that a sample time of
4 seconds was a good middle ground between having sufficient data point simulation
accuracy and a reasonable simulation time.

The simulation steps are then repeated as a while-loop until its running criteria is
no longer met. The running criteria used in the project was SoC < 95. After the
while-loop has finished, the simulation data is saved in a .mat file to be used for
plotting and analysis in MATLAB.

3.7.1 PyBaMM settings and parameters used

The model used throughout the project is pybamm.lithium_ion.DFN with the op-
tions listed in Table 3.1.

Table 3.1: DFN model options

Option ‘ Value

"lithium plating" | "irreversible"
"thermal" "isothermal"
"operating mode" "current"

The parameter set used for all simulations in the project is Chen2020_plating
(described further in Section 2.5, with the modifications listed in Table 3.2.

Table 3.2: Modifications to Chen2020_plating parameter set

Model parameter Value
Initial temperature [K] 293.15
Ambient temperature [K] 293.15
Reference temperature [K] | 293.15
Upper voltage cut-off [V] | 4.5
Current function [A] "[input]"

The simulations are also solved with initial soc=0 as an argument.

3.8 Rule engine for control switching

Aside from avoiding too low NEOP when charging li-ion batteries, it is also impor-
tant to avoid overcharging. This is typically done by transitioning over to a constant-
voltage phase once the cell voltage reaches a set voltage threshold, normally 4.2 V
for li-ion batteries. An explanation and illustration of charging algorithms using
this method, such as CC-CV and MCC-CV, can be found in Section 2.3.

A similar method was also implemented in the proposed algorithm, by adding a
separate PI-controller for voltage. This controller should only be active when the
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voltage is close to the set maximum cell voltage, in other cases, using the NEOP
controller is preferred. To switch between the two, the following logic is evaluated
for each new simulation step:

Algorithm 2 Rule engine for control switching

if OP_wvalue(k) < (OP_ref — 0.005) then
control new = "OP"
else if V_wvalue(k) > (V_ref +0.01) then
control _new = "V'
else
if OP_wvalue(k —1) > OP_ref & OP_wvalue(k) < OP_ref then
control new = "OP"
else if V_wvalue(k —1) <V _ref & V_walue(k) >V _ref then
control new = "V'
end if
end if

where k denotes the most recent value of V/OP.

During testing of the rule engine, it was found necessary to add some margin to
prevent the rule engine from switching controller during small fluctuations that will
be present when either of the controllers are controlling the voltage/NEOP. The
margin was set to 0.005 V for the NEOP and 0.01 V for the cell voltage.

The variable control _new determines which controller is in use, how the controllers
themselves are designed as well as the switching is described below.

3.9 PI controller

As can be seen in Figure 3.1, two PI controllers are used. However, despite con-
trolling two different state variables (voltage and NEOP), they are very similar.
Based on the control variable set by the rule engine, the calculation of the integral
state differs depending on whether this changed since the last iteration, by compar-
ing the current control variable (control_new) with the previous control variable
(control_old), as shown below:

if control new =— "V':
if control new = control old:
q new = V_Kixmax(min(V_err,0.1),—0.1) + q_old
else:

q new = I[—1] — V_KpxV_err
I = max(Imax, V_KpxV_err + q new)

elif control new = "OP":
if control new == control old:
q_new = OP_Kixmax(min(OP_err,0.01),—-0.2) + q_old
else:
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3. Method

q new = I[—1] — OP_KpxOP_err
I = max(Imax, OP KpxOP_err + q new)

Algorithm 3 Rule engine for control switching

if control new == "V then
if control mnew == control old then
q_new = V_ Ki*max(min(V_err,0.1),-0.1) + q_old
else

q new =1Ik] - V_Kp *V_err
end if] = max(Imax, V_Kp*V_err + q_new)
else if conitrol _new == "OP” then
end if

To limit the integral wind-up and consequent overshoot that occurs especially dur-
ing the initial phase of charging, the integral state is constrained by bounding the
accumulation.

The proportional and integral gains were experimentally tuned and were for both
controllers set to 10 and 8, respectively.
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Results

This section of the report presents the results obtained from the previously described
methodology involving simulations done in Matlab and PyBaMM. This includes the
ECM-parameters and the performance of the charging algorithms for the initial
MCC-CV-algorithm, the NEOP based charging from PyBaMM and the algorithm
regulated based on the estimated NEOP from the ECM-parameters.

4.1 Estimated parameters

The resulting SoC dependent parameter-polynomials for the final ECM, 2nd order
based on NEOP, are displayed in Figure 4.1. The figure illustrate the estimations
points for every 5% SoC, the polynomial fit and how these change with current.
The accuracy of the polynomials were validated by calculating the mean square
error (MSE) between the estimation points and the polynomials, see Table 4.1.

This is followed by the 2D-interpolation of each of the parameters of the ECM in
Figure 4.2 - 4.6.
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Table 4.1: MSE of ECM-polynomial fitting to data points, related to Figure 4.1

Resistance [{1]

0.1C 0.5C 1C 2C 3C 4C
Ry [Q] | 2.96E-6 | 9.42E-7 | 3.76E-7 | 1.88E-7 | 2.39E-7 | 1.87E-7
Ry [Q] | 2.84E-6 | 1.85E-6 | 4.10E-7 | 2.01E-7 | 2.48E-7 | 2.01E-7
Cy [F] | 1.6992 | 0.4206 | 0.1749 | 0.2134 | 0.3188 | 0.2134
RO

40

20

SoC [%]

3

Current [C-rate]

Figure 4.2: Interpolated Ry (2nd order NEOP-ECM)
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4. Results

4.2 MCC-CYV protocol (reference algorithm, margin-

less)

Using data from PyBaMM, it is possible to find the cell voltage corresponding to
when the negative electrode overpotential reaches 0 V for a given charge rate. In
this marginless simulation, this relation is assumed to be accurate, so the step-
down is triggered at the voltage level that is reached when the negative electrode
overpotential is 0 V.

The selected constant current-levels used in the MCC-part of the algorithm are 3
C, 2 C, 1.5 Cand 1 C, after which the algorithm can safely be allowed to reach
the maximum voltage of 4.2 V (i.e. without the negative electrode overpotential
becoming negative) and switch over to CV charging. The current profile of the
algorithm can be seen in Figure 4.7.

The charging was started at 0% SoC and reached 30, 50, 70 and 90% SoC in the
durations shown in Table 4.2.

Table 4.2: Charging time for the marginless MCC-CV charging algorithm

State-of-Charge | Time (hh:mm:ss)
30 % 0:06:33
50 % 0:14:53
70 % 0:27:01
90 % 0:50:29
Current Voltage
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Figure 4.7: Charge curve and variables of the MCC-CV charging algorithm
(marginless)
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4.3 MCC-CV protocol (reference algorithm, with
margin)

In reality, it is not possible to assume that an algorithm with no margin to the
negative electrode overpotential becoming negative will be able to prevent plating
from happening. This is due to the capacitive effects seen in the characteristics
of the negative electrode overpotential, causing the resulting potential to depend
on the chargerate, initial-SoC and several other factors. To account for this and
to provide more realistic results, another algorithm designed to keep the negative
electrode overpotential above 0.025 V instead of 0 V was developed. In addition to
the previous current levels 3 C, 2 C, 1.5 C and 1 C, it was also needed to introduce
an additional constant-current stage of 0.5 C before the maximum voltage, 4.2 V,
could safely be reached.

The charging process can be seen in Figure 4.8, with the performance summarized
in Table 4.3.

Table 4.3: Charging time for the MCC-CV charging algorithm with margin

State-of-Charge | Time (hh:mm:ss)
30 % 0:07:12
50 % 0:18:37
70 % 0:42:37
90 % 1:19:45
Current Voltage
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Figure 4.8: Charge curve and variables of the MCC-CV charging algorithm (with
margin)
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4.4 PIl-controlled charging based on PyBaMM over-
potential data

It was also attempted to control the current based on the overpotential returned
from the FPM in PyBaMM. As this variable is considered the "true" solution, this
will return a very close to ideal-case lithium plating-aware control algorithm. In
addition, this test scenario can be used to benchmark the PI control system.

This charging algorithm was evaluated in two cases; first, with the charging current
limited to 3 C (15 A), and the starting current set to 15 A as well, as shown in
Figure 4.9. The results from this test cycle is therefore suitable to compare with
the MCC-CV algorithm described above. In the second case, the starting current
was set to 13 A (2.6 C) to avoid the simulation becoming unsolvable and hence
producing errors. The errors encountered are likely due to other internal parameters
reaching unrealistic values. However this issue was not investigated in depth. With
the selected starting current, the algorithm ran without limited charging current,
reaching a maximum current of 25.59 A. This simulation can be seen in Figure 4.10.

The percentual difference in Table 4.4 is the comparison with the ideal MCC-CV
simulation.

Table 4.4: Charging time for the PyBaMM-based PI charging algorithm

State-of-Charge | Time (hh:mm:ss): Max 3 C | Time (hh:mm:ss): oo
30 % 0:06:05 (-7.1%) 0:05:17 (-19.3%)
50 % 0:12:24 (-16.7%) 0:11:44 (-21.2%)
70 % 0:23:20 (-13.6%) 0:22:52 (-15.4%)
90 % 0:47:00 (-6.9%) 0:46:44 (-7.4%)

4.5 PIl-controlled charging based on overpotential
from the ECM (marginless)

As the aim of the project was to investigate whether a more sophisticated estimation
method/model can improve the charging time compared to conventional charging
algorithms such as the MCC-CV protocol (described in Section 2.3 with results
shown in Section 4.2), while being more computationally efficient than using an
FPM such as the DEN model (described in Section 2.4 with results shown in Section
4.4), it was also attempted to control the charging current based on the output of
the ECM model of the negative electrode overpotential.

Like with the reference MCC-CV algorithm developed, this algorithm was also eval-
uated both when the controller attempts to control the negative electrode overpo-
tential to 0 V (a marginless, more idealistic case), as well as to a 0.025 V margin, in
order to provide a more realistic result. The results from the controller set to 0.025
V are presented in Section 4.6.
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Figure 4.9: Charge curve and variables of the PyBaMM-based PI-controlled
charging algorithm (max current = 3 C, no margin)
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Figure 4.10: Charge curve and variables of the PyBaMM-based PI-controlled
charging algorithm (unlimited current, no margin)
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Despite controlling the NEOP with a reference of 0 V in this section, a margin can
still be observed in the later stages of the charging sessions. This is due to switching
controller to the cell voltage controller, as described in Section 3.8.

Like with all PI-control algorithms developed, the simulations were run both with
a limitation to max 3 C charging current, as well as with unlimited current. The
simulations are shown in Figure 4.11 and 4.12 respectively. While in the limited
case, it was possible to start the charging session at 3 C charging current, this had
to be slightly lower in the unlimited case to avoid the numerical issues, and was set
to 9 A (1.8 C). The unlimited algorithm reached a maximum charging current of
23.45 A.

Table 4.5: Charging time for the ECM-based PI charging algorithm (no margin)

State-of-Charge | Time (hh:mm:ss): Max 3 C | Time (hh:mm:ss): oo
30 % 0:06:05 (-7.1%) 0:05:17 (-19.3%)
50 % 0:13:48 (-7.3%) 0:14:00 (-5.9%)
70 % 0:24:24 (-9.7%) 0:24:44 (-8.5%)
90 % 0:47:52 (-5.2%) 0:48:24 (-4.1%)

The percentual difference in Table 4.5 are in comparison with the corresponding
MCC-CV algorithm simulation.
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Figure 4.11: Charge curve and variables of the ECM-based PI-controlled
charging algorithm (max current = 3 C, no margin)

4.6 Pl-controlled charging based on overpotential
from the ECM (with margin)

In the case with a margin, the controller attempted to control the negative electrode
overpotential to 0.025 V. The starting charging current was in both cases 15 A (3
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Figure 4.12: Charge curve and variables of the ECM-based PI-controlled
charging algorithm (unlimited current, no margin)

C) and the unlimited algorithm then reached a maximum current of 25.90 A. Like
with all Pl-controlled algorithms, the simulation was run both with a 3 C current
limited, as well as with unlimited current. The simulations are shown in Figure 4.13
and 4.14 respectively.

The percentual difference in Table 4.6 is a comparison with the equivalent MCC-CV
algorithm simulation.

Table 4.6: Charging time for the ECM-based PI charging algorithm (with

State-of-Charge

margin)

Time (hh:mm:ss): Max 3 C

Time (hh:mm:ss): oo

30 %
50 %
70 %
90 %

0:06:13 (-13.7%)
0:17:04 (-8.3%)
0:31:16 (-26.6%)
0:57:32 (-27.9%)

0:06:01 (-16.4%)
0:17:36 (-5.5%)
0:31:52 (-25.2%)
0:58:08 (-27.1%)
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Discussion

This chapter provides an analysis and discussion of the results presented in Chap-
ter 4, as well as of the project as a whole. This includes the parameter estimation,
the various charging algorithms that have been developed and simulated, as well as
sustainability and ethical aspects of the work. Furthermore, aspects that have not
been part of the project but should be considered for future work on the topic are
discussed.

5.1 Parameter estimation

By analyzing the results of the polynomial adapted ECM-parameters and observing
the corresponding mean squared error (MSE) for each current-level, it is clear that
the chosen polynomials are of high accuracy in all cases with the exception of the
parameter C at 0.1 C, which behaves strangely compared to its remaining current-
levels. This can be seen by C}’s representation in Figure 4.1 and 4.4. Possible
explanations could for example be that some of the LG M50 parameters listed in
Appendix A does not accurately represent the cell’s properties over the whole current
spectrum, and giving them a current dependency could therefore be a useful measure
to improve their quality. Moreover, it was stated in the original source article that
some of the cell’s parameters were taken from a different battery cell, and despite
the cells sharing similar properties, this makes the overall representation of the LG
M50 cell less reliable. However, since the remaining ECM-parameters follows an
expected trajectory of values even at lower current-levels, it is reasonable to think
that if poor cell parameters is the underlying issue, it mainly targets the capacitive
properties of the battery.

Another aspect to consider is that Ry and Cs were chosen manually with regards to
identifying and matching the rise time and relaxation time of the estimated NEOP.
These chosen values had an effect on the remaining ECM-parameters, confirmed
when changing between different fixed values of Ry and C5. However, because C
is much smaller relative to Cs, its contribution to the complete ECM is too and
the overall parameter estimation can therefore be considered fairly accurate even at
lower current-levels.

The interpolated versions of the polynomials in Figure 4.2 - 4.6 improved the ro-
bustness of the ECM-parameters due to them capturing both SoC and charge de-
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pendencies, instead of only considering dependencies on SoC. Another advantage
of the interpolation was that the parameters became continuous w.r.t. current,
compared to the polynomials which only were made for six different currents. Addi-
tional variants of interpolation could be used to include dependencies on for example
temperature and SoH. However, this was not investigated.

5.2 Charging algorithms

Three main charging algorithms were developed during the project. The MCC-CV
algorithm serves as a reference point to evaluate the performance of other algorithms
against. The PyBaMM-based PI-controlled algorithm controls the system based
on the "true" negative electrode overpotential, and should therefore provide the
ideal performance numbers of the approach. Finally, and most interestingly, is the
ECM-based Pl-controlled algorithm. This is the main concept developed during the
project, and its results are compared with the two other algorithms.

5.2.1 MCC-CV

The MCC-CV algorithm developed produced very good results, charging from 0 to
70% SoC in around 27 minutes in the marginless case, and in less than 43 minutes
when the 0.025 V margin was applied. However it should be taken into account that
a more realistic implementation of this algorithm would probably have to be even
more pessimistic than the case with margin, as factors such as aging and tempera-
ture needs to be taken into account and cannot always be accurately measured or
estimated. However, this is likely also the case with an ECM-based algorithm. An-
other issue which will be discussed further in Section 5.3 is the presence of gradients
in a complete BEV battery pack, w.r.t. temperature and potentially also w.r.t. SoC
and SoH, which may limit the overall charging speed of the battery pack. It should,
however, be mentioned that this factor will apply for the other charging algorithms
developed in this paper as well.

The constant-current levels of the algorithms were chosen to be 3 C, 2 C, 1.5 C
and 1 C, as well as 0.5 C in the case with a 0.025 V margin. The primary reason
for not choosing a higher initial charging current is due to the diminishing ben-
efits of charging at higher peak currents, something which was evident from the
PlI-controlled charging. Another factor which would be relevant in a real-world ap-
plication would be the infrastructure needed to support very high peak charging
currents. With a pack size of 75 kWh, already charging at 3 C requires a supplied
DC power of 225 kW, or a current of %2%) = 324.76 A from a 400 V, 3-phase power
grid, not including conversion losses.

In the case with a 0.025 V margin, it was noted that charging at higher SoC was
quite slow, for example from 70% to 90% SoC took nearly 40 minutes to complete.
This can partly be attributed to the fairly drastic reduction in charging current due
to the added 0.5 C CC stage, which reduced the current by 50%. While it was
necessary to add another CC stage after the 1 C stage since the negative electrode
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overpotential would otherwise become < 0.025 V, a higher current could possibly
have been selected for the last stage in order to improve performance.

5.2.2 PyBaMM-based PI-controlled charging

Two cases of Pl-controlled charging were investigated, one which did not have a
limitation on the charging current, and one where it was kept at maximum 3 C,
just as with the MCC-CV algorithm. For the current limited case, it was possible
to start the charging at this current level, but in the unlimited case, the starting
current had to be set slightly lower (13 A) to avoid numerical problems in the
PyBaMM simulation. The cause for these errors is unknown. This could cause a
slight time disadvantage compared to the MCC-CV algorithm, but as can be seen in
the results in Section 4.4, the PI-controlled charging based on the overpotential data
from the FPM in PyBaMM delivers substantially improved charging time regardless
of end-SoC.

While a solutions based on a FPM currently cannot be feasibly implemented in a
BMS due to its computational complexity, these results show the potential of charg-
ing speed improvement when controlling charging based on the negative electrode
overpotential, while managing the risk of generating lithium plating. With the po-
tential for controlling the charging current in this way, the challenge is to implement
a sufficiently accurate but less complex model for estimating the negative electrode
overpotential. Faster charging time could have been achieved if the overpotential was
kept controlled around zero. However, this was not possible due to the maximum
voltage constraint.

5.2.3 ECM-based Pl-controlled charging

During the project, the idea to model the overpotential similarly to how the cell
voltage has previously been modelled was found and investigated. As can be seen in
Figure 4.11, despite efforts to finding accurate parameters for the model, the model
has considerable difficulty in giving an accurate estimate of the negative electrode
overpotential, mainly during the start of the charging session and especially when
using unlimited current.

The underestimated overpotential causes the difference in charging time between
the session limited to a maximum charging current of 3 C, and the session with
unlimited current to be practically insignificant. As can be seen in Table 4.5 and
4.6, the charging times to all 4 SoC levels never differed more than 40 seconds,
and for the end-SoC levels 50%, 70% and 90%, the 3 C current-limited case was
actually faster than the unlimited case. It would seem that the higher maximum
current caused a further decrease in the negative electrode overpotential, causing
the controller to throttle the charging current more aggresively than in the current-
limited case.

Another consequence of the somewhat inaccurate model is that it does not man-
age to keep the "true' negative electrode overpotential (from PyBaMM) above 0 V
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Figure 5.1: Cropped view of the NEOP results presented in Section 4.5

throughout the charging session. This can also be seen in Figure 5.1. While the
minimum NEOP reached is only around -0.01 V in both the 3 C and the unlimited
case, and only subzero for a fairly short time, this could still pose a risk of lithium
plating.

The same consequences can be seen when looking at the NEOP in the simulations
with 0.025 V margin. Here, the model manages even worse to maintain the NEOP
over the reference value, crossing it 3 times in the 3 C current-limited case, and
twice in the unlimited case. However as can be seen in Figure 5.2, the NEOP at
least remains completely above 0 V.

This is likely part of the explanation for the large difference in charging time com-
pared to the MCC-CV algorithm seen in Table 4.6. While the MCC-CV algorithm
was designed to respect the 0.025 V margin completely, this was not achieved with
the ECM-based PI control algorithm. Another cause could be the addition of the 0.5
C CC stage which had to be used in the MCC-CV algorithm, which was discussed
in Section 5.2.1.

5.3 Further aspects to be considered

This chapter is a followup to the material discussed in Section 5.1 and 5.2 and
highlights potential improvement aspects which could be considered as an extension
of the project. This includes more sophisticated methods of modeling the NEOP
and external aspects.
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Figure 5.2: Cropped view of the NEOP results presented in Section 4.6

5.3.1 Adaptions to include more factors

The algorithms developed have, as mentioned, been derived and tested in fairly
simplified conditions. Using a constant temperature, no aging on the battery cell
and only considering charging of a single cell instead of a complete battery pack has
been suitable for the purpose of showing the possibility of using ECM’s to model the
negative electrode overpotential, but the problem must be expanded to take these
factors into consideration before it can be used in a realistically implementable
charging algorithm.

This can be handled in a number of ways. One, which could be considered more
of a "brute-force" approach, is to by simulating and testing in different conditions
generate various lookup tables which can be used by the system, similarly to how
the parameter dependence on SoC was modelled. However, variations in the envi-
ronments the battery is used in may cause differences in how the battery degrades
over time, for example, which could affect the accuracy of the parameters.

Another approach is to investigate possible relation between the parameters of the
overpotential ECM and the cell voltage ECM. Since there are existing methods
for performing real-time parameter estimation of the cell voltage ECM, such as in
[17] and [18], if an accurate enough relation is found, real-time estimation of the
cell voltage ECM parameters can then be used for creating the negative electrode
overpotential ECM model online in the BMS.

5.3.2 Alternative NEOP estimation methods

As seen in Figure 3.1, the equivalent circuit model is not making use of certain
available variables, such as cell voltage. If this was the case, the accuracy of the
model could potentially be improved. However this would likely require a different
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type of model than an ECM of the negative electrode overpotential.

One approach, which has not been investigated in this project, is to make use of a
more conventional cell voltage ECM, and use its outputs as well as other available
variables in an estimation block, which may be found using system identification. A
system overview of such a system can be seen in Figure 5.3. The estimation block
could possibly be developed using MATLAB’s System Identification Toolbox.

Cell voltage, v

Full Physics Model (FPM)

6
NEOP Controller input switch

Figure 5.3: Overview of the system with alternative NEOP estimation

5.4 Sustainability and ethical aspects

From an environmental perspective there are major benefits of a transition towards
BEVs for new vehicle production. Despite the battery manufacturing process of
BEVs involving emissions of greenhouse gases, by having a very high drivetrain effi-
ciency, it will over a car’s lifecycle cause less climate footprint compared to combus-
tion engine cars. There is, however, an important consideration that the production
of the materials used in the batteries comes from methods which do not violate any
basic human rights.

5.4.1 Sustainability aspects

During the last decades, it has become clear that climate change in the form of global
warming can be correlated to the cumulative amount of CO, in the atmosphere.
Without measures to reduce global greenhouse gas emissions, the impact of global
warming will be severe [19].

The transport sector contributes significantly to global greenhouse gas emissions
(16.2%) [20]. Decomposing this category further into transport sectors, shows that
road transport is the by far largest polluter in the transport sector, accounting for
11.2 % of global greenhouse gas emissions. Passenger vehicles are the largest sub-
category in road transportation, accounting for roughly 60% of the road transport
emissions [21], or around 6.7% of all global greenhouse gas emissions combined.
This includes passenger cars, but also buses and motorcycles. Electric vehicles have
been proposed as a more environmentally friendly option to traditional internal
combustion vehicles, due to their high energy efficiency. Additionally, the operating
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emissions of an electric vehicle exclusively depend on the energy source used to
produce the energy. If electric vehicles are used together with carbon-free electricity
sources, this has the potential of drastically reducing the road transport emissions
[20].

Another aspect that must be considered is the environmental impact on manufac-
turing different types of vehicles. It has been shown that due to the large battery
packs needed for BEV’s, the manufacturing of these vehicles emits more greenhouse
gases than an equivalent internal combustion engine car [22]. However, owing to
the high efficiency of the BEV, it will over a car’s lifetime still yeild a significant
reduction of emissions (36%) seen over the entire lifecycle [22]. In the cited article
a 150 000 km lifespan were assumed using an average Furopean electricity mix.

While improving charging time does not directly affect the energy efficiency of a
BEV, it does allow for more energy to be charged during a given time, allowing
the driver to drive further until the next charging stop, or shorten the time of the
charging stop. This addresses two key concerns among prospective BEV buyers,
namely charging time and range anxiety [4]. Alternatively, the manufacturer can
reduce the cost of the vehicle by using a smaller battery pack and in turn reduce
the vehicle’s manufacturing climate footprint.

Whichever way the potential improvements would be implemented, it improves the
general competitiveness of the electric vehicle. This could in turn increase the market
share of BEVs, which would be beneficial from a global emissions standpoint, as
described above, but also on a local level, as BEVs does not emit any particles from
the drivetrain and are also often very quiet, which can reduce noise pollution in
cities.

5.4.2 Ethical aspects

A common point of ethical discussion regarding battery-electric vehicles is the manu-
facturing of battery cells. There have been examples where for example the sourcing
of cobalt, a material commonly used in the cathode of a Li-ion battery, has not been
done in a way compliant with basic human rights. While ensuring that the materials
used in an electric vehicle is sourced in an ethical way remains an important topic,
this project has not investigated the choice of cell chemistry.

The production of batteries does however remain energy-intensive, and it is there-
fore important that the battery cells are not being used in a way which accelerates
degrading mechanisms, as this may result in a need for a battery pack replace-
ment before the end of the vehicle’s lifetime, which would cause more batteries to
be needed. Furthermore, if battery life exceeds the vehicle’s lifetime, the battery
pack can be re-purposed to for example stationary energy storage, without need for
additional production of battery cells.
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Conclusion

This master’s thesis has attemped to improve fast charging in electric vehicles. The
limiting factors of charge rate are various degradation mechanisms, which, if not
considered during charging, can cause the battery cells to degrade at a faster rate
than otherwise. The focus in this project has been on lithium plating, and trying
to improve the charge rate through modelling of when irreversible lithium plating
might occur.

Through the use of the battery modelling software PyBaMM, it was possible to run
simulations of various charging sessions based on the Doyle-Fuller-Newman model
and a parametrization of a LG M50 21700 lithium-ion battery cell. This allowed the
generation of data of the negative electrode overpotential, to which an equivalent
circuit model was fitted using charging data suitable for parameter estimation.

Through the use of closed-loop Pl-control, it was then possible to control the charg-
ing current based on the output of the ECM. The Pl-controller controls the current
so that the negative electrode overpotential (the output from the ECM) is kept
above 0 V and the cell voltage does not surpass the cell’s maximum allowed voltage

of 4.2 V.

While the project did not aim to deliver a complete charging solution ready for
implementation in a car’s BMS, the results do show that with further development
and adaption of the proposed solution, it can lead to an improvement in charging
time. A key challenge which presented itself during the larger part of the project is
that good parameters are needed to make the ECM accurate enough to be useful,
and estimating these parameters can be challenging, as they not only depend on
factors such as temperature and SoC, but also on the charge rate.

The thesis has, however, shown that through modelling the negative electrode over-
potential with an ECM, it is possible to achieve a shorter charging time compared
to conventional MCC-CV algorithms.
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A

LG M50 cell parameters

Name [units] Value  Reference Notes
Macroscale geometry

Negative electrode thickness [m]  85.2E-6  [16]
Negative particle radial distance 5.68E-6  [16]
]

Negative electrolyte volume frac- 25 [16]
tion [%]

Negative active material volume 75 [16]
fraction [%]

Separator thickness [m] 12E-6 [16]
Separator electrolyte volume frac- 47 [16]
tion [%]

Positive electrode thickness [m]  75.6E-6  [16]
Positive particle radial distance 5.22E-6  [16]
[m]

Positive electrolyte volume frac- 33.5 [16]
tion (%]

Positive active material volume 66.5 [16]
fraction [%]

Electrode

Negative solid phase lithium dif- 1.7E-15  [16]
fusivity [m2s™!]

Negative solid phase electronic 215 [16]
conductivity [Sm™!]

Negative maximum concentration 215 [16]
[mol m ™3]

Positive solid phase lithium diffu- 1.5E-15  [16]
sivity [m?s™1]

Positive solid phase electronic 0.18 [16]
conductivity [Sm™!]

Electrode length [m] 1.58 [16] accounts for both

sides of unwound
electrode  (double-
sided coating)



A. LG M50 cell parameters

Name [units] Value  Reference Notes
Electrode (cont.)

Electrode width [m)] 6.5E-2  [16]

Cell cooling surface area [m?] 5.31E-3  [16] cylindrical
Cell volume [m?] 2.42E-5  [16] cylindrical
Current collector properties

Negative current collector thick- 12E-6 [16]

ness [m]

Negative current collector con- 58411000 CRC Hand- copper
ductivity [S/m] book

Positive current collector thick- 12E-6 [16]

ness [m]

Positive current collector conduc- 36914000 CRC Hand- aluminium
tivity [S/m] book

Density

Negative current collector density 8960 CRC Hand- copper
[kg/m?] book

Positive current collector density 2700 CRC Hand- aluminium
[kg/m?] book

Specific heat capacity

Negative current collector specific 385 CRC Hand- copper
heat capacity [J/(kgK)] book

Positive current collector specific 897 CRC Hand- aluminium
heat capacity [J/(kgK)] book

Thermal conductivity

Negative current collector ther- 401 CRC Hand- copper
mal conductivity [W/(mK)] book

Electrical

Nominal cell capacity [Ah] 5 [16]

Typical current [A] 5 [16]

Current function [A] 5 [16] default current func-
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