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Hybrid Modeling of High-Voltage Battery Systems for Software Control

Felix Grahn
Jakob Hogander

Department of Electrical Engineering
Chalmers University of Technology

Abstract

In recent years, electric vehicles have taken up a greater part of the automotive in-
dustry. This thesis investigated the potential of using a hybrid approach to modeling
the behavior of batteries used in electric vehicles on pack level. Using existing mod-
els, both empirical and physics-based, to create a model meant for software control.
The aim was to find a way to model the aging of batteries and control the battery
pack based on internal electrochemical dynamics but at a lower computational load
than that of fully physics-based modeling.

During the project, it was shown that the use of a hybrid model to simulate batteries
on pack level is a working method that possesses the ability to control on the basis
of physics-based dynamics of the batteries. Using a physics-based controller for fast
charging of the battery pack was also shown to decrease fast charging time 18 %
compared to using a fast charging protocol based on testing. This was possible
without compromising the risks of aging. It was also shown that one can not only
use the model to evaluate the performance of aged batteries, but also be able to see
the aging e[edts that a given use of the battery has. The hybrid model was also
found to operate on a substantially lower computational load. compared to a fully
physical-based model, making it possible to run longer simulations.

Keywords: Physics-based modeling, Lithium-ion batteries, SPMe, ECM, Aging,
Lithium plating, Current control, Fast charge, Cycling.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

BEV Battery Electric Vehicle

BES Battery Energy Storage

BMS Battery Management System

BTMS Battery Thermal Management System
DFN Doyle Fuller Newman

ECM Equivalent Circuit Model

EV Electric Vehicle

HEV Hybrid Electric Vehicle

ocv Open Source Voltage

ODE Ordinary Di[erential Equation

P2D Pseudo Two Dimensional

PDE Partial Di[erential Equation

Pl Proportional-Integral

R-C Resistance-Capacitance

SEI Solid Electrolyte Interface

SOC State of Charge

SOH State of Health

SPM Single Particle Model

SPMe Single Particle Model With Electrolyte






Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

-~ 0 T 5 X = o

Parameters

Electrolyte

Number index

Battery cell component index
Negative electrode

Positive electrode

Solid electrode

Terminal

Area

Specific interfacial area

Anode charge transfer coe [cieht
Cathode charge transfer coe [cieht
Bruggeman coe [cieht
Capacitance at resistance capacitance pair j
Battery capacity

Di [udion coe Lcieht

Faraday’s constant

Heat transfer coe Lcieht

Exchange current density

Over potential

Xi



] Active material volume fraction

% Ration of lithium concentration

K Electrolyte phase ionic conductivity

Ly Thickness of component

R Universal gas constant

R¢ Solid-electrolyte interface layer film resistance

Rj Resistance at resistance capacitance pair j

Feff Reaction rate constant

Peff E [edtive volumetric heat capacity

o The solid phase conductivity

T Temperature

t? Transference number of the anion
Variables

Ce(X, 1) Lithium ion concentration in the electrolyte

cs(X, r,t) Lithium ion concentration of the active material

ie(X, 1) lonic current in the electrolyte

Jn(Xx, 1) Molar ion fluxes between the active material

N Lithium flux within particles

Q Total heat generation

Qcr Heating due to contact resistance

Qohm,k Ohmic heating

Qrev,k Reversible heating due to entropic change

Qrxn,k Heating due to electrochemical reactions

Be(X, 1) Electric potential in the electrolyte

Bs(x, t) Electric potential in the solid positive and negative electrode

r Radial distance

Time step
X Position

Xii
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Introduction

With the rapid development within the automotive industry that is turning towards
electric vehicles, there is always need for new technology constantly being developed
to meet the needs of the market. Sales of electric vehicles in 2023 increased with
35%year-on-year to 14 million vehicles compared to 2022. The weekly sale of elec-
tric vehicles in 2023 was more than the annual sale ten years earlier in 2013, and
there are no signs that this development is slowing down [1]. Climate change is a
large driving factor for the rapid development of electric vehicles. Electric vehicles
o er a distinct advantage compared to vehicles that use traditional combustion en-
gines running on fossil fuels in that they have zero tailpipe emissions. The biggest
climate impact occurs in an electric car life-cycle in the mining of materials and in
production and the battery is an important contributor in this. This makes aging

of battery cells an important factor in combating climate change, since the longer a
battery is in use, the lower the impact on the climate.

The development of high-voltage battery systems for electric vehicles is a long pro-
cess with many di erent subsystems that have to work together. Having the ability
to accurately simulate the system in an early stage of the development process is
important to be able to identify problems in the design early on. It also gives de-
velopers the ability to explore di erent solutions and con gurations at a lower cost.
The farther development goes from simulation to hardware testing, the more costly
these projects will become.

The modeling of lithium-ion batteries has been researched for many years, and it has
only increased as electric vehicles have taken up a larger market share. Many di er-
ent models have been developed over the years to predict the behavior of batteries.
The two main ways batteries are modeled are physics-based models or empirical
models. These di erent models are suitable for di erent applications with their re-
spective advantages and limitations.

The main focus of this project is physics-based modeling of lithium-ion battery packs
used in electric vehicles. A hybrid approach using both empirical and physics-based
models will be evaluated against models available today.
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1.1 Previous research

There has been extensive research on the subject of modeling full-scale battery packs.
This research has mainly been focused on modeling the battery pack with empirical
models such as the equivalent circuit model rather than physics-based models such
as the single particle model. The reason is that physics-based models are compu-
tationally heavy to run compared to empirical-based ones. On the scale of a full
battery pack, the computational load often becomes too heavy to run. Research into
creating a battery pack model with a lower computational load and still keeping the
functionality of a physics-based model is where this thesis will aim to contribute.
This is an area where current research is lacking.

1.2 Problem description

There is many factors that have to be taken into account when designing a method
to model a full-scale battery pack, precision, robustness, simulation speed, and the
ability to utilize the method for di erent battery packs. Since physics-based models
are computationally heavy, empirical models are used more often for modeling on
the pack level. This leads to a model that can give a simpli ed version of how the
pack will behave, but many important aspects are lost. These models cannot give
insight into the electrochemical parameters that are important in regard to perfor-
mance and aging.

A solution to this could be to create a hybrid modeling method that has the ca-
pabilities of the physics-based models, but with a lower computational load. Using
a combination of physics-based and empirical models leads to a trade of between
accuracy and computational speed that has to be taken into account.

1.2.1 Scope

This project aims to create a method for modeling full-scale battery packs taking
into account the physical aspects of battery cells but with a lower computational
load compared to a fully physics-based model. To achieve this, a model will be built
in Simulink with the addition of Simscape battery and PyBaMM. Investigation of
other possible software to complete the goal will not be done, since this is software
that is used by Volvo cars today and can be more easily integrated to their work
today.

The model will be used to simulate use cases related to real-world battery pack
customer scenarios. Fast charging simulations will be performed to evaluate the
performance of the model. Comparison of the charging pro le of the model to the
charging pro les used today. The battery will be cycled to see the e ects of aging
on the battery pack of di erent kinds of driving and charging.
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With the development of this model, methods will be developed to implement the
model in other types of battery packs. Methods for this kind of modeling do not
exist in the market and are something that could aid in the development of battery
packs in the future.

1.2.2 Purpose

The purpose of this thesis is to evaluate whether a hybrid modeling method for
full-scale battery packs is a viable solution to the trade-o between accuracy and
computational speed. Comparison to existing models for battery packs and evalua-
tion of how the approach can aid in the development of electric vehicles.
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Theory

In the following chapter, all necessary theory to complete this master thesis will be
presented.

2.1 Equivalent circuit model

The equivalent circuit model (ECM) is a widely used approach to model battery
cells and estimate their state of charge (SOC). The ECM model uses the drawn
current to model the battery behavior and predict the terminal voltageV;[2]. This
model reduces the need for understanding the internal electrochemical mechanics
of the battery and only requires a select few parameters[3]. Coulomb counting
is rst used to calculate the SOC[2]. Coulomb counting is a method where the
total energy transferred through the battery is counted by measuring the input and
output current continuously. This results in a measurement of ampere hours[4]. The
equation used for this is

dsoc _ |
dt - Cbat

where the currentl is divided by the capacity of the battery Cp; and integrated
over time. Cpy has the unit (As)2. SOC is unitless and represents the amount of
energy is stored in the battery and takes on a value between 0 and 1, witch is used
to indicate 0-10@%.To calculate the open circuit voltage Y,c) a nonlinear function

of the SOC is used[2].

(2.1)

The model uses a series of resistor-capacitor (R-C) pairs. The voltage of these are
governed by
dV _ 1 Vi + i
dt R; C G

where R; and C; denotes the resistance and capacitance in each pair. The model
also includes the internal resistance of the battery cell, this is represented Bg.
The internal resistance is connected to the R-C pairs in series, as shown in Figure 2.1.

(2.2)

The nal output of the model is the terminal voltage V;. The terminal voltage is
given by

X
Wt = Voe(SOC) + Ve + IR0 (2.3)
i
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this shows a sum of the open circuit voltage (OCV)Y,; and the voltage drop that
Is caused by the internal resistance of the cdg[2].

Figure 2.1: Visual representation of the Equivalent Circuit model, inspired by [5].

2.2 Physical based models

Lithium-ion batteries consist of a separator, an electrolyte, two electrodes, and two
current collectors, as can be seen in gure 2.2.

Figure 2.2: Lithium-ion battery diagram, inspired by [6].

This is a very simple way to represent a lithium-ion battery cell. Despite their
relatively simple construction and few components, they can be di cult to model.
There are many di erent ways to model battery cells. This thesis will mainly focus
on physics-based lithium-ion battery models. Physics-based models depend on the
use of governing equations to model the behavior of the battery[6].
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In the following subsections, di erent physics based models will be introduced. Both
their advantages and their shortcomings within di erent applications will be show-
cased.

2.2.1 Pseudo-two-dimensional model (P2D)

In 1993 Doyle et al. developed the Doyle-Fuller-Newman (DFN) model, which is the
most common P2D model used today[6]. In that model, the electrodes are consid-
ered as porous matrices, and they are modeled as spherical particles surrounded by
the electrolyte. A 1-D mathematical model can be applied since the battery transfer
processes are mostly unidirectional. This creates a model that gives accurate mod-
eling of a battery cell but is computationally heavy[7].

There are four important domains that are included in the P2D model. They are
the two porous electrodes, the electrolyte and the separator. The reactions during
charge and discharge are modeled within these domains[8]. A visual representation
of the model is showed in Figure 2.3.

Figure 2.3:  Visual representation of the Doyle-Fuller-Newman Pseudo-two-
dimensional model, inspired by [8].

The electrochemical model then models these processes via six di erent state vari-
ables that are listed in table 2.1.

Table 2.1: State variables for electrochemical model

s(X; 1) Electric potential in the solid positive and negative electrode

e(X; 1) Electric potential in the electrolyte

Cs(x;r;t) | Lithium ion concentration of the active material

Ce(X; 1) Lithium ion concentration in the electrolyte

le(X;1) lonic current in the electrolyte

In(x;t) Molar ion uxes between the active material in the electrodes and electrolyt

@D
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The governing equations for the six state variables can be expressed as algebraic
equations and partial di erential equations (PDEs). With i¢(x;t), the current in

the celll and the solid phase conductivity the potential in the solid electrode can

be calculated with

@s(x;t) _ ie(xt) 1(1)
@x
The indicese and s indicate if it refers to the electrolyte or solid particles. The
potential in the electrolyte is calculated as

(2.4)

@e(X;t) _ ie(x;t) N 2R @é(X;t)!
@x F @x

where R is the universal gas constant,T is the temperature andF is Faraday's
constant, f.-, is the electrolyte active coe cient, is the electrolyte phase ionic
conductivity, r is the radius andDg is the solid phase lithium di usion coe cient.
The lithium-ion concentration in the solid particlescs is calculated with

Ta t9) 1+dlnf°za(x;t)

dinc, (2.5)

!
@dxrt) _ 1 @ , @dxrt)
@t rr@r ° @r
wherer is the radial distance of the solid particles. The lithium ion concentration
in the electrolyte can be calculated with

(2.6)

@axt _ @ [ @dxy |, 1 @tixv)
@x @x ° @x Fe @x

where . is the active material volume fraction for the electrolyte and? is the trans-
ference number of the anion. The current in the electrolyte can be calculated as

@ég;(t) = aFj. (1) (2.8)

wherea is the speci c interfacial area. The molar ux is given by the Butler-Volmer
equation where ¢ is the over potential and ,, . is the charge transfer coe cients
is calculated

(2.7)

) v (X% t) aF F _
in(Xt) = FeXP oo _T s(x; 1) (2.9)

where R; is the resistance of the solid-electrolyte interphase layer Im. The over
potential  is calculated using

s(x; 1) exp

(1) = s(xt)  e(Xt)  U(css(X1))  FRejn(Xt) (2.10)

whereig is the exchange current density and is calculated as

iO(X;t) = Teff Ce(X;t) a(C's;max Css(X;t)) aCss(X;t) s (2-11)

whererff is the reaction rate constant.

8
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2.2.2 Single particle model (SPM)

The single particle model is based on the P2D model but with some assumptions
about the cell to lower the computational burden while still getting accurate results.

It is assumed that the current applied to the cell is small and that the conductivity
of the electrolyte is very high [9]. The electrolyte concentration is assumed to be
constant throughout the area. The current will not vary with the space within the
electrolyte. The solid electrodes are also simpli ed down to just one positive and
one negative particle. With these assumptions, the model can be simpli ed from ve
PDEs and one algebraic equation down to two PDEs and one algebraic equation.
This is compared with the pseudo two dimensional model[8]. A visual presentation
of the SPM is illustrated in Figure 2.4

Figure 2.4: Visual representation of the single particle model, inspired by [8].

The PDEs needed to solve the SPM is to calculate the concentration of lithium-ions
in the negative and positive solid electrode as

!
@c(nt) 1@ 5 @¢rt)
@t rr@r °  @r
wherec, is the lithium ion concentration of the solid particles. The algebraic equa-
tion for the terminal voltage is

=0 (2.12)

V()= ;o(t) so(t) I (t)Reoltector (2.13)

This change reduces the computational load and the simulations are able to run
faster than the one-dimensional electrochemical model[7].

2.2.3 Single particle model with Electrolyte (SPMe)

The single particle model with electrolyte is a model that, like the SPM, is a sim-
plied DFN model. The main di erence between the SPM model and the SPMe
is that the SPMe takes into account the characteristics and concentration of the

9
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electrolyte[10][11].

The model uses three main equations, two for the lithium concentration in the
representative particles for the positive and negative electrode, respectively. These
concentrations are indicated ass;, and cs;,. They are calculated according to

@ _ L@

@t r; @k
wherery denotes the radial coordinate of either the positive or negative particle that
represents the positive or negative electrode. The indickds set as eithem or p to
denote whether it is the positive or negative particle. The indices show that the
parameter represents a solid electrodeNsy is the ux of lithium ions within the
particle and is calculated with

(riNsx) (2.14)

@
@k’
The ux of the lithium ions in the solid particles have boundary conditions that are
imposed on them. At the center the ux follows

Nk =0;k2n;p (2.16)
ry=0
At distance Ry which is at the surface of the particle the ux follows
8
< | . k =n:
Nsx = Fanbn® o7 (2.17)
=R«  Fal,y K=P

Lk is the thickness anday is the particle radius Ry multiplied with and the surface
area density.

The concentration in the electrolyte in the model is calculated with

8
3r,  k=n
@&k _ @N;k .n —
k@ = at + §O, - k: S (2.18)
C R k = p

D. is the di usion constant for the electrolyte. x represents the macroscopic distance
and takes on a value betweefd and L. N denotes the ux of lithium ions in the
electrolyte and is calculated with

gxtgll_RT; k=n
N — bD @@k + t+IR'?' . k = 2.19
ek — kUe @x § = S ( )
(1 X)t*IRT . _
' )::fp’ k= Y

wheret™ is the transference number, is the volume fraction of the electrolyte and
bis the Bruggeman coe cient.

The terminal voltage for the SPMe model is given by

10
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V= Ueq +  + t elec T Solid (2-20)

where Ug, is the open circuit voltage. Ugq is calculated with

Ug= U, Uy (2.21)

where U, and U, is the potential of the positive and negative electrode. ; rep-
resents the reaction overpotential and describes the voltage drop resulting from
electrochemical reactions on the electrode surface. It is calculated by

) I .
.= 2sinh ' ——  2sinh !

2.22
Joplp Jon L n ( )
The electrolyte concentration overpotential  is calculated with
+RT
c=2(1 t )?(Ce;p Ce:n) (2.23)

wherej o, andjo, represent the electrode exchange current densities de ned by

. 1%L _ _ _
Jop = — i(%)l_z(l )AL+ CeCe;p)l_de (2.24)
Ln o Gyp
jon = iz ” ()1 )AL+ GoCen) X (2.25)
Y Lh o Cr;n ’

where , and , is the ratio of the maximum lithium concentration in solid elec-
trodes, G is the ratio of electrolyte transport and discharge timescales, ar@, and
G.n Is the ratio of the reaction and discharge timescales[10].

Elec @Nd  sejig IS the di erence in the electrolyte and solid electrode potential.
They are calculated with

Gl L, L L

Elec — 3D + 7bs + 75 (2.26)
e e n S p
!
| L L
Solid = 3 —2+ 2 (2.27)
p n

where , and , represents the solid conductivity of the negative and positive elec-
trode.

Thus, the SPMe consists of two PDEs for the concentration of both electrodes and
one PDE for the concentration in the three regions of the electrolyte. The terminal
voltage is calculated after solving the PDEs with an algebraic equation. This puts
the computational load of the models higher than that of the SPM but lower than
that of the full DFN model [10].

11
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2.2.4 OKane2022 parameter set

O" Kane 2022 is a parameter set that is available within PyBaMM. This parame-
ter set contains all necessary parameters that are needed to run the physics-based
model in PyBaMM. O” Kane 2022 is set to represent the LGM50 battery cell. The
parameter set is created by OKane et al[12]. That was based on the work of Chen
et al.[13]. From the work of Chen et al. a parameter set called Chen2020 was created
[12].

O’ Kane sets itself apart from Chen2020 with its ability to simulate the aging of
battery cells. Within the parameter set, several di erent aging mechanisms are
implemented[14].

2.3 Battery degradation mechanisms

Battery cell degradation is an aspect that is a crucial part in the design of a high-
voltage battery storage system. The degradation of battery cells leads to a decrease
in performance over time, this decrease in performance is related to unwanted chem-
ical reactions taking place within the battery. With the right system design and the
use of a battery management system (BMS), these e ects can be reduced, and there-
fore cells can be used for longer periods of time [15].

In the following subsections, di erent degradation mechanisms of battery cells will
be introduced. The ways in which these mechanisms can be minimized will also be
introduced. During this thesis, all modeling of aging will be done in PyBaMM.

2.3.1 Lithium plating

In lithium ion batteries there is an aging process called lithium plating, which means
that a solid lithium deposit is created on the graphite anode[16].

This can be caused by the graphite anode being fully lithiated and surplus lithium
having nowhere else to go. It can also be a result of high electrolyte potential dur-
ing fast charging, which increases the amount of side reactions occurring within the
cell. Moderate charge rates at below freezing temperatures can also cause lithium
plating. Using the inverse reaction, lithium can be recovered from solid deposits.
This is often referred to as stripping[17].

The chemical reaction that describes both stripping and plating is
. Plating, .
Li"+e ) Li(s) (2.28)
Stripping

(2.28) is given by [18].

12



2. Theory

Factors that accelerate lithium plating are high SOC, high charging current, high
cell voltage, low temperatures, and lack of electrode mass or active surface area[19].
To negate the problem of insu cient mass and active surface area of the negative
electrode, it is customary to include 10-Z of spare capacity[20].

2.3.2 Solid electrolyte interface layer growth

One consequence of lithium plating is that it can lead to other side reactions that
impact cell performance. The metallic lithium that is formed reacts with the elec-
trolyte to form solid electrolyte interface (SEI) growth. This growth can create
dead lithium by electrically isolating the rest of the lithium. This process cannot
be reversed. With this e ect, lithium plating can be split into both reversible and
non-reversible components[20].

This degradation mechanism contributes in di erent ways. The SEI growth on the
negative anode contains lithium. This traps lithium in the SEI and makes it unable
to contribute during charging and discharging. This is a concept that is referred to
as loss of lithium inventory. The SEI growth also contributes to an increase of the
internal resistance in the battery, reducing e ciency and power output[12].

2.4 Lithium ion-battery thermal characteristics

Lithium ion-batteries rely on electrochemical redox reactions within the battery to

be able to be charged and discharged. During charge and discharge, heat is gener-
ated within the cell. This is caused by ohmic losses and exothermic reactions. An
exothermic reaction is de ned as a reaction in which the overall enthalpy change is
negative. Within a module, the heat from cells a ects other cells within the module
via thermal coupling. This e ect also expands to the neighboring modules and ends
up a ecting the entire pack.

During increases in rate of charge or discharge, the battery heat generation is in-
creased, and as an e ect the temperature of the battery pack increases. Having
a battery operating at high temperature can be dangerous both for battery per-
formance and passenger safety, since it can cause a thermal event or thermal run-
away.[17].

The heat generation in cylindrical battery cells is observed at the center of the cylin-
der when looking in the radial direction. The heat is then distributed radially in
the cells. The temperature spread within a cylindrical battery cell can be seen in
Figure 2.5.

Heat generation within a battery cell can be described by

dVoe
dT

Q= HT——=)+ 1 (Moe W) (2.29)

13
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Figure 2.5: Spread of temperature within a cylindrical lithium ion-cell, inspired
by [17].

(2.29) is given by [21].I is negative during charge and positive during dischargé,
is the temperature in kelvin, anddg’% is the derivative of the OCV with aspect to
temperature[22].

2.4.1 Battery thermal management system (BTMS)

During operation, heat generation within battery cells and in turn the battery pack

is inevitable. If heat generation is left unmanaged it can lead to loss of capacity and
in worst case to thermal runaway. Therefore, thermal management is a key aspect
in battery pack design to be able to operate optimally [22].

In the current market, several di erent methods for thermal management are already
available. Some examples of this are passive and active cooling, air cooling, liquid
cooling, and solid-liquid change materials[22]. The following subsections will present
air and liquid based cooling in more detail, since these are the most commonly used
cooling methods used today[17].

2.4.1.1 Air based BTMS

Air cooling is generally divided into two types, passive and active cooling. Passive
cooling as achieved by using the ambient air and letting it ow through the battery
pack. In cases where the speed is not high enough or the ambient temperature is
too high, active cooling is used. This is achieved by using additional convection to
force more air through the battery pack and chill the air before it enters. Examples
of active and passive cooling can be seen in gure 2.6 and gure 2.7.

Air cooling has both notable advantages and disadvantages compared to other meth-
ods of cooling a battery pack. When looking at advantages of air-based cooling, the
weight of the cooling system is signi cantly lower than its counterparts. Since it
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Figure 2.6: Natural Convection air based cooling, inspired by [17].

Figure 2.7: Forced convection air based cooling, inspired by [17].

requires few components, the weight can be kept low. Air-based cooling is also reli-
able and low maintenance when compared to other cooling methods[17].

The main disadvantages to air-based cooling is that it has a relatively low cooling
power and the noise that is produces. This makes it less suitable for applications
such as fast charge and high rate discharge. In these cases, air-based cooling simply
does not have the power to keep the battery pack at the desired temperature.

Due to the aforementioned advantages and disadvantages, air-based cooling has to
be used in the appropriate vehicle. When looking at the use of air-based cooling
in the market now, it is mostly used for cheaper and smaller electric vehicles, hy-
brid electric vehicles (HEVS). These vehicles have less emphasis on the use of fast
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charging and discharging. They generally also have smaller battery packs. All of
this makes air cooling a great choice for these types of vehicles, since the cooling
power needed is lower and the cost of the vehicle is kept down, since the cost of an
air-based cooling system is lower[17].

2.4.1.2 Liquid based BTMS

Liquid cooling in EVs is generally separated into two categories, direct and indirect
cooling. Indirect cooling is the most commonly used on the market today[23]. Indi-
rect cooling systems utilize cooling plates or cylinders that channel liquid coolant.
The cooled coolant enters these cooling plates and absorbs the heat from the battery
cells that are in contact with the cooling plate. Then the coolant exits the cooling
plate, is cooled down, and is sent through the cooling plate again[17].

In recent years, much research has been done on the subject of optimizing this
cooling method. Several di erent cooling plate channeling designs have been used
throughout the years. Examples of channeling design that are used is shown in
gure 2.8.

Figure 2.8: Cooling channeling con gurations, inspired by [17].

There are many factors that go into designing these patterns. The channel dimen-
sions such as hight and width, number of channels, and inlet ow rate. All of these
contribute to the total heat transfer coe cient of the cooling plate[17].

Compared with air cooling, liquid cooling is a more complicated system. This leads
to a higher cost and is more prone to the need for maintenance. The upside of

using liquid-based cooling is that the cooling power is generally higher than that of
air-based cooling[17].

2.5 Thermal modeling

The thermal modeling in this work will be done in both Simscape battery for the
larger pack model and in PyBaMM for the monitors. The following subsections will
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present how this modeling is done in both programs respectively.

2.5.1 Simscape thermal modeling

The modeling within Simscape battery is based on modeling a speci ¢ type of liquid
cooling system. For this project, bottom plate cooling is used since it is the type
of cooling that is used in the vehicles we are modeling. The heat exchange between
the thermal mass and the cooling plate is calculated from

dT
= KA — 2.30
Q= KA (2.30)
whereK is the plate thermal conductivity, T is the temperature andA and x denote

the plate thickness and number of partitions[24].

2.5.2 PyBaMM thermal modeling

For the PyBaMM monitors the thermal modeling is done with a lumped model.
The lumped model uses an ordinary di erential equation (ODE) to calculate the
temperature

i o= Q T T (231

where o is the e ective volumetric heat capacity, Q is the term of the averaged
heat source,T; is the ambient temperature, andv and A are the volume and area
of the cell. There must be an initial temperature set that is represented bij[25].

The e ective volumetric heat capacity is calculated with

P
KL
o = —kp KK (2.32)
k Lk
where | is the density, L is the thickness andc, is the speci ¢ heat. k is used as
a subscript to denote the di erent components of the battery cell positive current
collector, positive electrode, negative current collector, negative electrode and sep-

arator[25].

The heat source ternQ represents all heat sources within the cell and is made up of
several subheating sources) is made up of the heating from the contact resistance
Qcr that is calculated using

Rcr 2

Qer = I (2.33)

- VceII

where R, represents the contact resistance/. is the total cell voltage, andiy is
the current. Entropic change in the electrod&e,« is calculated using
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. _@u
Qrev;k - ak] ka@TTle (2-34)

wherej is the current density andU is the open circuit potential. Irreversible heat
from electrochemical reaction®).«,.« IS calculated with

Qnnk = &k k (2.35)
Ohmic heating Qonmk IS also taken into account and is calculated using

Qormk = ikl « (2.36)

where | is the potential. k is used the same way as before to denote the di erent
parts of the cell[25].

The total heat is then calculated using

Q = Qommk + Qrxnk + Qrevik + Qor (2.37)
Q is calculated by taking the volume average a®[25].
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Case setup

This chapter will present the methods that were used to obtain the results of the
thesis work. To obtain the results, a simulation model that utilizes physics-based
modeling needed to be built. This is to then be able to evaluate the results from
the simulations coming from the new model.

3.1 \Veri cation Model

To be able to verify the hybrid pack model, a validation model is built in Simulink.
The input of a real test drive is inserted into the validation model, and then the
output of the validation model is compared to the measured output data from the
test drive. The input in the validation model is the current, the coolant temper-
ature, and the coolant ow. In the validation model, di erent components can be
implemented and tested before being implemented in the larger model. This ensures
that the di erent additions to the model give accurate results.

The validation model uses ECM based modeling of the battery pack to reduce the
computational load and increase simulation speed. Physics-based modeling was not
needed for this model, since only the general trends and behaviors of the battery
were studied. BTMS modeling was also included in the model. Creating the BTMS
in this model made it possible to see that it was a good model as the temperature
could be compared to the real test drive.

The outputs studied were voltage, temperature, SOC, and pressure in the cooling
plate. As there is some measurement error in the equipment, some allowed errors
were given for the model which can be seen in table 3.1.

Table 3.1: Acceptable errors in the model

Voltage 20mV
Temperature| 5K
Pressure 20kPa

3.2 Simulation model

The model is built in Simulink with the Simscape add-on. Within the Simscape
battery builder app, the battery pack was built with the exact dimensions and
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number of cells, modules, and so on. The other main components of the model are
the current controller and a PyBaMM cell that acts as a monitor of the battery pack.

3.2.1 Battery pack

The battery pack that was modeled is an 80¥ pack meant for use in an electric
vehicle. The energy of the pack is 1048V h and the nominal capacity is 150Ah.
The cells used in the battery pack are LGM50 cells. There is a total of 5760 cells
within the pack. The internal architecture of the pack is described in 3.2

Table 3.2: Internal architecture of the battery pack.

Section Number of sub-sections
Pack 3 Modules assemblies
Module assembly| 16 Modules

Module 12 parallel assemblies
Parallel assembly| 10 cells

In gure 3.1 a visual representation of the battery pack from the Simscape battery
builder can be seen. It also shows the simulation strategy used. All the modules
were modeled as lumped to cut down on the computational load.

Figure 3.1: LGM50 pack con guration from Simscape Battery Builder

How the di erent components are connected can be seen in table 3.3. Where, for
example, 10p12s means that the section consists of 10 subcomponents in parallel
and 12 subcomponents in series.
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Table 3.3: Connections between components in the LGM50 battery pack.

Section Quantity | Con guration
Cells per module | 120 10p12s
Modules per pack| 48 3pl6s

3.2.2 LGMS5O0 cell

The cell used in this project is the LGM50 which is a cylindrical lithium -ion battery
cell. The data for the cell can be seen in table 3.4. This is a well studied cell that
is used in various research and the cell is also well parameterized [12][13]. There
are also parameters set in PyBaMM based on the LGM50 cell making it a suitable
choice of cell for the project.

Table 3.4: LGMS50 cell parameters

Energy 18.20 Wh
Nominal capacity 5.0 Ah
Nominal Voltage 3.63V
Maximum charge voltage| 4.2 V
Weight 68.0 g
Diameter 21.10 mm
Height 70.15 mm

3.2.3 Thermal modeling

Within the simulation model, components will be implemented to model the thermal

management of the battery pack. This will be done with existing thermal compo-
nents in Simulink and Simscape. This will make it possible to see the thermal
behavior of the cells and the battery pack as a whole.

The BTMS in the model consists of a liquid-based cooling system with a cooling
plate. The cooling plate is located at the bottom of the battery pack, with U-shaped
channels. The speci c parameters of the cooling plate can be seen in table 3.5. The
BTMS has one thermal node for each of the modules, making it possible to monitor
the temperature of each module separately.

Table 3.5: Cooling plate parameters

Number of thermal nodes 48

Number of partitions 41

Channel thickness 19 10 3 [m]
Partition width 147 10 3 [m]
Thickness of cooling plate material 1 10 3 [m]
Thermal conductivity 209 [W/m K]
Density 2700 [kg/m?]
Speci ¢ heat 898 [J/K kg]
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In table 3.6 the temperature set points for the simulations are shown, the coolant
ow is starting when the battery reaches a temperature of 308 K.

Table 3.6: Temperature set points

Ambient temperature 293.15 [K]
Cooling Power 5000 [W]
Cooling ow rate 0.33 [kg/s]
Initial temperature of cooling plate and coolant uid | 300 [K]

3.2.4 Current controller

The control unit for the input current of the pack is an important part of the model
as it allows for more realistic simulations of the battery pack behavior. The current
controller in our model regulates the current based on di erent parameters. The
input current to the controller is based on a power signal divided by the cell voltage
to obtain a current. The power signal di ers according to the use case that is mod-
eled at the time. A simple schematic of how the current controller interacts with
the rest of the model can be seen in gure 3.2.

Figure 3.2: Block diagram of how the current controller is connected to other
components in the model.

The current is regulated based on the negative electrode voltage. This is because
during fast charge the negative electrode voltage drops drastically. If the negative
electrode voltage drops below 0 it can result in lithium plating and in turn aging o

the battery.

The anode electrolyte concentration is also taken into account in the current con-
troller. The concentration is monitored by the SPMe modules in the Simscape pack.
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Simscape splits the anode electrolyte concentration into 20 regions, and the mea-
sured region is the one closest to the current collector, as it reaches the lowest value
during fast charge. The current controller makes sure that the concentration is kept
above zero. This limit has to do with both reasonable results since the anode elec-
trolyte concentration cannot go below zero in a real battery cell. This is mostly
a problem when looking at high charge currents. During fast charging, the anode
electrolyte concentration falls rapidly. The same is true for the cathode electrolyte
during high discharge currents, so the current also needs to be regulated there.

The regulation of the current based on the anode electrolyte concentration and nega-
tive electrode voltage is done with proportional-integral controllers (PI-Controllers).
Within the current controller, there are separate Pl-controllers for each of the sig-
nals. The controllers use a proportional gain af0 and an integral gain ofl.

The electrolyte concentration can also be seen from the PyBaMM cell, but from
the PyBaMM model the output is the average electrolyte concentration. To obtain
the lowest electrolyte concentration, the output needs to be from the SPMe module
modeled by Simscape in the model, since the Simscape model allows the anode to
be separated into shells. In this project the shell count is 20, leading to the anode
electrolyte being seen in 20 instances correlating to the distance to the current col-
lector, the same is true for the cathode.

The temperature of the battery cells is also taken into account when regulating the
current. During high charge and discharge currents, the temperature of the cells
will increase. The LGM50 battery cells should not exceed 8D during discharge
and 45C during charge[26]. Exceeding these limits can lead to accelerated aging, or
potential safety hazards. The temperature impacts the current through a Simulink
current controller. This current limiter is activated when the pack temperature ex-
ceeds32315K or 50°C. The current limiter will then gradually limit the current to

0 A if the battery reaches a temperature 083315K or 60°C.

3.2.5 PyBaMM model

PyBaMM will provide the model with the physical-based modeling of a battery cell.
The PyBaMM monitors are integrated into Simulink and will be connected to the
larger Simscape battery pack. This means that the output from the PyBaMM block
is used as inputs for the battery pack. Investigations from Volvo Cars and Math-
Works have concluded that PyBaMM is not able to integrate directly into Simscape.
So, this is a method to integrate PyBaMM into a larger battery pack within Sim-

scape.

The PyBaMM model can be customized with di erent settings to be able to simulate
di erent parameters that a ect the performance of a battery, the options used in
the model are seen in gure 3.3
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Figure 3.3: Used options in the PyBaMM cell related to aging and thermal

In PyBaMM, the lithium plating setting was set to partially reversible. This was
chosen to give the model the most realistic behavior, as lithium plating in real
batteries is partially reversible. Mechanical degradation mechanisms were also active
in the cell with both swelling and cracking of the electrodes. These behaviors create
a larger surface area of the electrode that can be a ected by lithium plating. Stress-
driven loss of active material was also active during simulations, making it possible
to evaluate loss of capacity over time[27].

3.2.6 Battery aging modeling

The aging of the cells within the battery pack is an important part of the project
and will also be included in the model. Aging will be modeled using the PyBaMM
model. There are several aging mechanisms in the PyBaMM model that will be
integrated in the model.

This is a great advantage of using a PyBaMM cell as a monitor, since Simscape itself
cannot model aging. The PyBaMM model takes SEI growth and lithium plating
into account when simulating. The PyBaMM setting related to aging can be seen
in gure 3.3.

3.3 Use cases

This project will look at two use cases for the model. One will be used to look at the
performance of the model and the other to be able to look at the aging mechanisms
of the model. The following subsections will take a closer look at these use cases.

3.3.1 Performance, fast charging

The fast charging use case is conducted to be able to asses the performance of the
model. The fast charging simulation is run from 10 % to 80 % SOC. This is because
this is the range that fast charging is usually used in real EVs.

This input current to the model is based on a 350 kW fast charger. This value
was chosen because it represents a typical fast charger available in the market. The
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power is then scaled down to the per-cell power when entering the current controller
of the model. The current is then controlled with the current controlled system
during the entirety of the charge.

3.3.2 Fast charging at di erent initial temperatures

The fast charge model was tested to see how it could handle di erent initial temper-
atures of the battery. Fast charging at low initial temperatures can severley impact
performance and simulation time. To run the tests the initial temperature of the

pack was set to di erent values that can be seen in table 3.7.

Table 3.7: Initial temperature of the battery pack before fast charge

Temperature [K]
263 °K
273°K
298°K
315°K

The ambient temperature was kept the same as the earlier fast charging test at
293.15 K, the cooling model was also kept identical to earlier tests. Like the original
fast charging test the initial SOC was set to 10% and terminated at 80%.

3.3.3 Fast charging with aged cells

The behavior of an aged cell is di erent compared to a new one in 100% SOH. To be
able to evaluate how the model acts with aged cells, a parameter that was changed
was the initial inner SEI growth. As SEI growth is one of the major reasons for the
aging of a battery cell, in gure 3.4 the loss of capacity can be seen with respect to
the SEI growth of a cell. The inner SEI growth in PyBaMM refers to the SEI layer
that forms directly at the interface of the anode and the electrolyte. The inner SEI
growth contributes greatly to capacity loss and was thus chosen for these tests.

The test on the aged cell values from gure 3.4 will be used. This test looks at
a cell with SEI growth corresponding to approximately 20%, 30% and 50% loss of
capacity.

25



3. Case setup

Figure 3.4: Change in SEI growth a ecting Capacity loss of the battery cell mod-
eled in PyBaMM

With these tests, it is possible to evaluate whether the fast charging model can han-
dle aged cells.

3.3.4 Fast charging with Volvo Cars automotive cell

To be able to evaluate the fast charging model and how well the current controller
performed, simulations based on Volvo battery cells were also done in addition to
the LGM50 cell. The reason for doing this is so that the developed fast charging
model could be compared to the Volvo fast charging protocol that is used today. In
doing this, both charging time and risk for lithium plating could be evaluated for
the respective fast charging strategies.

Due to the limited parametrization of the cell to be used in the PyBaMM monitor
that is available today, the current is not controlled on the basis of temperature
and anode electrolyte concentration. To be able to use the full current controller
developed in this project, more parametrization is needed. As a result of these lim-
itations, the simulations in this case are run at a constant temperature.

The cell has not been parametrized to be able to model aging either, so no analysis
could be done on the Volvo cell.

3.3.5 Aging, cycling

The cycling of the battery is based on a combination of the fast charging model
from the previous use case and the use of driving data to discharge the battery. The
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Driving data was collected from a test drive on the autobahn conducted by Volvo
cars. This data represents a power pro le from a driving discharge.

The cycling of the battery is conducted with a control system that charges the bat-
tery pack with the fast charging current up to a given SOC. The input current is
then switched to the driving input current from the test drive. When the SOC is
discharged to a given value, the control system inputs the fast charging current again.

When the battery was cycled, going from fast charge to discharge, the Simscape pack
was set up with only one SPMe module to reduce computational load and speed up
the simulation time, but to still be able to control on the basis of the anode elec-
trolyte concentration and negative electrode voltage, the PyBaMM monitors were
still active in the model. They were chosen for the physics-based modeling since
they have a lower computational load.

When running the aging modeling in PyBaMM it can be dicult to di erentiate
between reversible and irreversible lithium plating. So to be able to quantify the
total amount of lithium plating a quantitative method to measure total lithium plate
had to be implemented. To do this an integrator was implemented into the model,
it was set up to integrate the negative electrode voltage under zero and add up all
times the negative electrode voltage went below zero.
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Results

4.1 Hybrid Model

The hybrid model of an electric vehicle battery was built using a mix of ECM
modules and SPMe modules in the Simscape pack, as well as using two SPMe
PyBaMM models as an external monitor, one ideal and one with the options that
can be seen in gure 3.3.

4.2 Simulation speed

The simulation run-time has been of interest in this thesis work. During simulations
that have been run with the model, the simulation time varies substantially based on
the pack con gurations. The computer that has been used to run these simulations
is an HP Elitebook 840 G10, with a 13th gen Intel i7-1365U processor and 32 GB
RAM running Windows 10 enterprise.

4.2.1 Physics based modules

Running the simulation with the pack con gured with only ECM modeling. The
simulation ran at a speed of approximately two seconds simulated per second. When
one module per string was replaced with an SPMe module, the simulation slowed
down signi cantly. The simulation then ran at approximately 1 second simulated
per 1.6 seconds. This is caused by the increased computational load of the SPMe
modules. At this simulation speed, the model was still usable.

Simulations were conducted in which more SPMe based modules were added. The
simulation is expected to slow down when more physics-based modules are added.
The results of these tests can be seen in table 4.1. From table 4.1 it can clearly be
seen that this is the case. This leads to a trade-o between simulation speed and
result accuracy that has to be taken into account when using the model. In all of
these simulations, one PyBaMM monitor cell has been utilized in the model.
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Table 4.1: Simulation run times with varying number of physics based modules.

Number of SPMe modules Simulation time for one second simulated
0 modules 0.6 sec
3 modules 1.6 sec
6 modules 2.5 sec
7 modules 3.6 sec
8 modules 4.5 sec
9 modules 5.2 sec
11 modules 7.4 sec
13 modules 9.7 sec
15 modules 12.4 sec

4.2.2 Simulation strategy

In the aforementioned tests, all modules were modeled as lumped. This means that
Simscape looks at the modules as one large cell. This makes it so that the model
does not have to make individual simulations and calculations for each and every
cell in the battery pack. This is a method used to lower the computational load of
the model. The di erent simulation strategies can be seen in gure 4.1.

(@) Visual representation of lumped (b) Visual representation of detailed
simulation strategy. simulation strategy.

Figure 4.1: Simulation strategies visualization of a parallel assembly. Figures are
taken from Simscape battery builder.

It was also investigated how the pack could be further discretized, by making indi-
vidual cells into SPMe cells. Two tests were performed with one using 120 detailed
SPMe cells and another with 10 detailed SPMe cells. In both cases the model was
able to compile but not run due to the RAM memory running out.
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4.2.3 PyBaMM cells

Simulations where also done with more than one PyBaMM cell in the model. This
did not signi cantly impact the simulation speed. Adding an additional PyBaMM
cell added approximately 4% to the simulation time.

4.3 Use cases

In the following subsections, the results from the di erent use cases for the model
will be presented. The use cases were run to be able to evaluate the performance
and limitations of the model.

4.3.1 Fast charge

In the fast charge case, the Simscape pack consisted of 1 SPMe module per paral-
lel row of modules, which meant that the pack contained 3 SPMe modules and 45
ECM modules. Two PyBaMM monitors were also active during the fast charging
simulations to be able to model an ideal cell and a cell that models aging aging ef-
fects as well. As fast charging protocols in electric vehicles are typically used up to
80% SOC, the simulation was terminated when 80% SOC was obtained. The initial
SOC of the pack before fast charge was 10% during all simulations. It could also
be observed that when simulating with fast charging currents above 80% SOC the
cut-o voltage was reached before the battery reached 100% SOC. This is a limita-
tion with the current controller, as when the SOC goes above 80% other parameters
than the anode potential and the temperature a ects the desired current magnitude.

In the rst tests, the initial temperature of the pack and the PyBaMM cells were
set to 298.15 K, as when looking at existing fast charge protocols it is outputting
max current at that temperature, while below that temperature the energy is going
to heating of the battery instead of charging.
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Figure 4.2: SOC of the di erent modules during fast charge

Figure 4.3: SOC of the di erent modules during fast charge from 75% SOC to
80% SOC.

From gure 4.2 it can be seen that the fast charge take$930seconds 0132, 2 min-
utes. It can also be seen that the charge rate is reduced at arouB8d % SOC.
This is due to that the controller is lowering the charging current due to low anode
concentration, this can be seen in gure 4.9. From the gure it can also be seen that
all the physics based models, both PyBaMM and Simscape follow the same trend
while the ECM model in Simscape is ahead during the later parts of the charge.
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This is likely due to the simpli cations of internal electrochemical dynamics. These
dynamics can limit the batteries ability to charge at higher rates and thus ignoring

them can lead to an over estimation of charging performance. Although it is a little
ahead, itis by a very small margin. This can be seen in gure 4.3, the stop condition
at 80% SOC is controlled by the PyBaMM cell with aging.

(a) Fast charge current to pack

(b) Pack voltage

Figure 4.4: Current and voltage in the pack during fast charge from 10% to 80%

The fast charge current to pack pro le can be seen in gure 4.4a. This current pro le

33



4. Results

is based on the internal electrochemical mechanisms of the battery with the help
of the current controller. When either the negative electrode voltage or the anode
electrolyte concentration is approaching zero, the current will cut out to counteract
this and then resume when the value has risen again. This current pro le is very
di erent from the commonly used step-down current curve. The step-down current
curve used for most fast charging today is based on extensive testing and not the
real-time behavior of the battery.

In gure 4.4 the pack voltage can be seen. Here the same oscillations occur in the
voltage as in the current this is also an e ect of the current controller.

Figure 4.5: Current before the current controller for the two PyBaMM cells

In gure 4.5 the current pro le to the PyBaMM cells before the current controller
can be seen, where it can be seen that the PyBaMM model with aging options has
a higher current. This is caused by the current being based on the terminal voltage
that the fast charging power is divided by. The cell voltages of both PyBaMM cells
can be seen in gure 4.7. This leads to a the PyBaMM cell with the lower terminal
voltage also having the higher current input. Figure 4.6 shows the current pro le
after the current controller, which is the input to the PyBaMM cell and the battery
pack.
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Figure 4.6: Current going into the two PyBaMM cells, after the current controller

Looking at the voltages of the fast charging simulation which can be seen in gure
4.7, it can be seen that the SPMe module of the battery pack performs similarly
to the ideal PyBaMM cell, which correlates well with the pack modules, as neither
SEI growth nor lithium plating is taken into account. The dierence in voltage
between the ideal PyBaMM cell and the PyBaMM cell with aging is on average
0.065 V during the whole simulation. Even with the discrepancies in voltage the
SOC for the di erent modules are following each other. That is due to the voltage
corresponding to a certain SOC is di erent depending on the settings of the module,
but because of the current controller the current output to the di erent modules is
the same leading to the SOC being the same for all modules.
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Figure 4.7: Voltages of the di erent modules during fast charging

The temperature of the di erent modules in the model during fast charge can be
seenin gure 4.8. The temperatures di er a bit, the temperature di erence between
the SPMe and the ECM module is around 6 K when the steady state is reached,
and because of that the PyBaMM cells are controlled with the average temperature
from the pack, and thereby the temperature output from the PyBaMM cell is in
between the ECM and SPMe module.

Figure 4.8: Temperature of the di erent modules during fast charge

In gure 4.9 the anode electrolyte concentration can be seen. Looking at the gure
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it makes it clear why the current is acting in a certain way as a Pl-controller in

the current controller stops the anode electrolyte concentration from going below
0. This is taken from the part of the anode closest to the current collector as
there the electrolyte concentration is the lowest. One limitation with the PyBaMM

SPMe model is that the concentration output is the average, while in Simscape
the concentration can be seen in di erent instances of the anode, meaning that the
lowest concentration can be extracted from the battery and used for current control.

Figure 4.9: Anode electrolyte concentration in di erent sections of SPMe module
in the battery pack and average concentration calculated by PyBaMM

Figure 4.10 shows the negative electrode voltage for the fast charge case. During
high currents, the negative electrode voltages have the greatest risk to go below O.
It can be seen in gure 4.10 that the current controller manages to keep the negative
electrode voltage abové even though it is very close when the charging current is
at its highest.
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Figure 4.10: Anode potential during fast charge

From this simulation, it can be seen that the current controller works as intended.
The temperature is kept within operating range for charging, and the negative elec-
trode voltage is successfully regulated to keep it from going below zero, at the closest
point the anode potential is at 13 mV. This shows that having the PyBaMM cell
as a monitor made it possible to regulate on the basis of internal characteristics
without having a fully physics-based model.

4.3.2 Fast charging with di erent initial temperatures

Itis shown in gure 4.11 that the charging time from 10-80% SOC varies considerably
between the di erent simulations with di erent initial temperatures. It can be seen
that, when the temperature is lowered considerably, the charging time also increases
notably, the charge times can be seen in table 4.2. This is an expected behavior since
low temperatures generally decrease the charging performance of batteries. This is
why in most electric vehicles the batteries are heated before charging. However,
contrary to this trend, it can be seen that the battery with an initial temperature of
315 K charged slower than the battery at 298 K. This can be explained with the fact
that the battery will increase even further in temperature during charging and then
the current controller will step in and lowering the charging current, thus slowing
down the charge.
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Table 4.2: The di erence in charge time between the di erent initial temperatures

Initial Temperature Time to reach 80% SOC
263 K 3255 sec
273 K 2785 sec
298 K 1950 sec
315K 2085 sec

Figure 4.11: SOC pro le of the battery pack with di erent initial temperatures

That the current controller limits the current of the pack starting at 315 K can be
seen in the current pro les in gure 4.12. It can also be seen that the colder battery
packs get a much lower charging current, slowing down the charge.
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Figure 4.12: Pack current pro le of the battery pack with di erent initial temper-
atures

The anode concentration closest to the current collector can be seen in gure 4.13,
here it is clear that the higher charging currents in the battery packs with higher
initial temperatures lower the anode concentration faster. It can be seen that in
the case with an initial temperature of 315 K the concentration oscillates when is
approaching zero, this is expected as the current controller is acting here.

Figure 4.13: Anode concentration closest to the current collector of the battery
with di erent initial temperatures
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Looking at the anode potential that can be seen in gure 4.14, it can be seen that
the controller is able to keep the potential over zero in all cases. The packs that
started at a lower temperature have an anode potential that goes closer to zero
during fast charge, this can be an e ect of increased charge-transfer resistance as a
result of the lower temperatures.

Figure 4.14: Anode potential of the battery pack with di erent initial temperatures

From this use case it was possible to see that the physics-based current controller
could adjust to accommodate for di erent initial temperatures and not compromise
on the aging risks of the pack. The dierences in behavior between the di erent
cases were also clearly visible in the results, which shows that the model can be
used to evaluate the performance of a battery pack at di erent initial temperatures.

4.3.3 Fast charging with aged cells

The ability to model aging in the PyBaMM cell was used to simulate how the hy-
brid pack model worked with an aged battery. The initial inner SEI thickness was
changed to correspond to a battery with a certain loss of capacity. In table 4.3 the
set values for the initial thickness of the inner SEI growth can be seen.

Table 4.3: Capacity loss with regards to SEI thickness

Initial outer SEI thickness Capacity loss
25[nm] ca 20 %
30[nm] ca 30 %
45nm] ca 50 %
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During the simulations, the initial SOC of the battery pack was set to 10% SOC and
the pack was charged to 80% SOC. The Simscape battery pack con guration was
the same as the fast charging case with 3 SPMe based modules, one in each parallel
row of modules and 45 ECM based modules. The current controller was used in
these simulations as the fast charge use case. In gure 4.15 it can be seen that the
packs with di erent amounts of capacity loss charged to 80% SOC in similar times.
This can be seen in more detail in gure 4.16.

Figure 4.15: SOC during fast charge with di erent amounts of aging
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Figure 4.16: SOC during fast charge with di erent amounts of aging from 77%
SOC to 80% SOC

In this case, the SOC of the pack is always calculated with the current capacity
of the battery. So even if it can be seen that the aged cells charge to 80% SOC
faster in gure 4.3, it is important to note that the total total energy charged is
lower. So in the case of 50% capacity loss, the battery charges at roughly half the
speed compared to the healthy pack. 80% SOC for the di erently aged cells are
recalculated based on the initial capacity and can be seen in table 4.4.

Table 4.4: Recalculated SOC based on initial capacity for aged cells

Capacity loss | Aged cells 80% SOC recalculated with initial capacity
20% ca 64 % SOC
30% ca 56 % SOC
50% ca 40 % SOC

In gure 4.17 it is possible to see that the charging currents of the aged batteries
are signi cantly lower than that of the 100% SOH battery. The increased internal
resistance and the increased overpotentials in the aged batteries lead to a lower
charging current with the same power input. E ects of this can also be seen in the
voltage pro le in gure 4.18. The voltage pro les of the batteries follow each other
with small deviations. The peaks in the voltage pro le for the batteries can be seen
to match the sudden drops in the current due to the current controller.
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Figure 4.17: Current to pack pro le during fast charge with di erent amounts of
aging

Figure 4.18: Pack voltage pro le during fast charge with di erent amounts of
aging

The anode potential pro le of the batteries can be seen in gure 4.19, and the
aged batteries can be seen to have a lower anode potential than the 100% SOH
battery. The SEI growth causes a voltage drop that lowers the anode potential
during fast charge. This results in the aged batteries being more prone to further
aging compared to a fresh battery.
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Figure 4.19: Anode potential pro le during fast charge with di erent amounts of
aging

These simulations show that the model can handle aged batteries during fast charge
and that the e ects of aging can be clearly seen in the results.

4.3.4 Fast charge with Volvo automotive cell

To test the model for a battery that is used in electric vehicles, a automotive cell
from Volvo cars was used. In these simulations the Simscape battery pack only
used ECM modeling for all modules in the pack and the PyBaMM cell used SPMe
modeling. The Simscape pack used the fast charging protocol for current control
while the PyBaMM cell used the physics-based current controller.

The current pro les can be seen in gure 4.20. The current to the ECM modules
are based on the fast charging protocol that has been developed by Volvo cars and
Is whats used today. The current to the PyBaMM model is regulated based on the
anode potential.

As the current in gure 4.20 is negative, the lower curve is at a higher current,
meaning that the input current is higher for the case where it is controlled by the
anode potential in the same way as the earlier fast charging simulations, at the
largest di erence in current magnitude during the simulation the current controlled
by the physics-based controller is 75% larger.
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Figure 4.20: Current pro le of the Volvo automotive cell

Figure 4.21: SOC for the Volvo automotive cell

Using the current controller based on the anode potential the model uses a higher
charging current through the majority of the charge. This means that when the
charging scheme is controlled through the anode potential, the battery reaches 80%
SOC 18% faster. This can be seen in gure 4.21.
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Figure 4.22: Anode Potential for the Volvo automotive cell

Figure 4.22 shows the anode potential during fast charge for the two di erent control
methods, showing that the physics-based control keeps the anode potential closer
to O during the cycle. It can be seen that the charge protocol leads to an anode
potential close to O very early in the charge, as a result of its high initial current.
The anode potential for the charge protocol then rises again as the current is lowered
throughout the charge. As the physics-based control is monitoring the potential in
real time, it can input a higher current but still keep the anode potential above 0.
The model can be tuned to achieve the desired safety margin.

As the charge protocol is designed to be used for both fresh and aged cells, the cur-
rent is set lower to allow for margin to avoid lithium plating. Having a physics-based
controller that can adjust the charging current based on real-time cell parameters
can instead lead to the current controller always using the max current rate available
based on the SOH of the cells in a pack.

4.3.5 Cycling

In these simulations all modules in the Simscape pack used ECM and the physics-
based modeling was exclusively done in PyBaMM. This was done to cut down on
computational load as the SPMe based modeling is computationally heavier com-
pared to the SPMe modeling in PyBaMM.

In gure 4.23 the SOC for the PyBaMM cell, ECM, and SPMe modules in the pack
can be seen. The simulation represents ve cycles of fast charging from 10% SOC to
80% SOC and then discharging during driving down to 10% SOC again followed by
one nal charge. The total sequence took 55 000 seconds or approximately 15 hours
and 16 minutes. As in the fast charging simulations the ECM modules pull ahead
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