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Abstract

Fast improvements in lithium-ion battery technology have accelerated the transition
towards electrification in the transportation sector. As electric vehicles grow as a share of the
market, precautions should be made with regards to the proper handling and disposal of the
battery cells as they age. After around 8 to 10 years — or about 100,000 km — of use, it is typically
recommended that the EV battery storage system be replaced. Though these discarded batteries
are no longer adequate for continued vehicular use (which has high power and energy storage
demands), there is potential for use in other less intensive application; particularly grid-supporting

stationary applications.

This dissertation discusses these repurposed batteries, known as “Second-Life Batteries”;
in particular, this works focuses on the battery degradation modelling. Being able to model,
predict, and estimate the internal capacity loss and impedance gain for a battery is important for
control and forecasting purposes; even more so in second-life applications due to the additional
safety considerations necessary when handling an aged cell and the eventual transition from linear
to exponential rate of capacity loss (aging knee-point). Given these requirements, physics-based
models are the most accurate and robust kind of battery model. When properly tuned, they have
the potential of simulating long-term degradation — including forecasting the aging knee-point —

which a lot of precision.

This dissertation serves as an introduction of physics-based models for the purposes of
Electric Vehicle simulation and Second-Life simulation. It includes an accessible explanation
and literature review of the logic behind the physics-based mathematical models. In addition to
that, this work showcases an illustrative example of an Electric Vehicle simulation (implemented
in Simulink) using a physics-based battery model by way of PyBaMM — an open-source battery

simulation library for Python.

Keywords: Second-Life Batteries, Lithium-ion Batteries, Degradation modelling, Electric-

Vehicles, PyBaMM.



Resumo

Rapidos avancos na tecnologia de baterias de ions de litio t€ém acelerado a transicao
para a eletrificacdo no setor de transporte. A medida que os veiculos elétricos crescem como
uma parcela do mercado, devem ser tomadas precaucdes em relagdo ao manuseio e descarte
adequados das células da bateria a medida que envelhecem. Apods cerca de 8 a 10 anos — ou
cerca de 100.000 km — de uso, € tipicamente recomendado que o sistema de armazenamento da
bateria do veiculo elétrico seja substituido. Embora essas baterias descartadas ndo sejam mais
adequadas para continuar em uso veicular (que tém altas demandas de poténcia e armazenamento
de energia), hd potencial para uso em outras aplicacdes menos intensivas; particularmente em

aplicagdes estaciondrias de suporte a rede.

Esta dissertacdo discute essas baterias reaproveitadas, conhecidas como “Baterias de
Segunda Vida”; em particular, este trabalho foca na modelagem da degradacdo da bateria. Ser
capaz de modelar, simular e estimar a perda de capacidade interna e o ganho de impedancia de
uma bateria € importante para fins de controle e previsao; ainda mais em aplicacdes de segunda
vida devido as consideragdes adicionais de seguranga necessarias a0 manusear uma célula
envelhecida e a eventual transicdo de uma taxa linear para exponencial de perda de capacidade
(ponto knee-point de envelhecimento). Dadas essas exigéncias, modelos baseados em fisica sdo
o tipo mais preciso e robusto de modelo de bateria. Quando devidamente ajustados, eles t€m o
potencial de simular a degradacdo a longo prazo — incluindo a previsdo do ponto de knee-point

de envelhecimento — com muita precisao.

Esta dissertacdo serve como uma introducao aos modelos baseados em fisica para fins de
simulag@o de Veiculos Elétricos e simulacdo de Segunda Vida. Inclui uma explicacio acessivel e
uma revisao da literatura sobre a l6gica por trds dos modelos matematicos baseados em fisica.
Além disso, este trabalho apresenta um exemplo ilustrativo de uma simulag@o de Veiculo Elétrico
(implementada em Simulink) utilizando um modelo de bateria baseado em fisica por meio do

PyBaMM - uma biblioteca de simulacdo de baterias de cddigo aberto para Python.

Palavras-chave: Segunda Vida das Baterias, Baterias de ions de litio, Modelagem de degradacao,

Veiculos Elétricos, PyBaMM.
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1 Introduction

1.1 Context and Relevance

As the world commits to transitioning away from carbon generating fossil fuels towards
a greener more sustainable energy mix, each sector is urged to decarbonize. Transportation is
one of the biggest, most polluting sectors. It accounts for 21% of the total greenhouse gases
emission, 75% of which originates from road vehicles (RITCHIE, 2020). Replacing such a huge

component of the energy sector with clean alternatives represents a massive challenge.

As late as 2007, the most viable path towards a net-zero transportation seemed to be
extensive use of biofuels such as ethanol (ROBERTS; LASHOF, 2023). This would be a hugely
inefficient solution that would require a large percentage of all the available land to power a
full biofuel fleet. However, thanks to significant technological advancements in batteries and
renewable energy sources (particularly solar), electrification has emerged as the best, cheapest,

most plausible way to decarbonize a whole range of industries — including transportation.

The advancements in battery technology which have enabled electric vehicles (EVs) to
become a more viable and competitive alternative are the significant increases in battery energy
density and lower prices. Energy densities have nearly tripled between 2010 and 2020 (FIELD,
2020) while prices have fallen an average of 14% per year between 2007 and 2014 (NYKVIST;
NILSSON, 2015), going from US$1000/kW h in 2008 to around US$150/kW h today (REID;
JULVE, 2016; BLOOMBERGNEF, 2022).

As the issues of driving-range and price are addressed, Electric Vehicle become a growing
share of the market. In 2022, 23% of new vehicle registration in Europe were electric (KANE,
2023b). In China, a middle-income country and the biggest car market in the world, EVs and
Hybrids have already captured significant market-share and are still quickly growing: going from
15% of new sales in 2021 to 30% in 2022 — a dramatic increase (KANE, 2023a; PONTES, 2023).
These trends are expected to continue as the industry continues to grow causing more research
to be directed towards this area and economy-of-scale benefits start to take effect. The World
Economic Forum predicted a 14-fold increase in the demand for batteries between 2018 and

2030; this sharp rise is led primarily by the transportation sector, which is expected to account
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for 88% of that demand (WEF, 2019). Another study attempts to forecast capacity demand by
2040 for three different scenarios, it finds an yearly EV capacity demand of 6700 GWh per year
in the most optimistic scenario, and 930 GWh per year in the most pessimistic (MAISEL et al.,
2023).

In addition to these trends, many countries and auto-makers have made commitments to

support EVs and phase-out internal combustion engine vehicles (ICEVs).

* Multiple auto-makers have made vows to invest in the electrification of their products.
Some, like Volkswagen, expect EV sales to represent up to 60% of all new vehicles by

2030 (WHITE, 2021).

* California, the richest and most populous of the U.S. states, aims to ban the commercial-
izing of greenhouse gases (GHG) emitting vehicles by 2035. More than a dozen other
states typically follow California’s lead when setting their own auto emissions standards

(DAVENPORT; FRIEDMAN; PLUMER, 2022).

* In August 2022, the U.S. Government signed the “Inflation Reduction Act” into law, a ma-
jor piece of climate legislation which awards big investments towards green infrastructure
with the aim of achieving net-zero by 2050. This legislation awards billions in subsidies and
tax benefits towards the EV sector and all stages of battery development: manufacturing,

recycling and repurposing (WHITE HOUSE, 2023; BADLAM et al., 2022).

* The European Union (E.U.) has also introduced a plan to ban the sale of new gasoline cars

by 2035 (EDDY, 2023).

As technology trends and regulatory pressures continue and intensify, the transition away
from ICEVs and towards EVs should continue to accelerate. Electric vehicles, however, have
their own environmental and waste issues which need to be addressed, particularly with regards
to batteries. Due to degradation, the lithium batteries have a limited useful life; once a battery
reaches 80% of its original capacity, it is no longer deemed adequate for vehicular use and
should, ideally, be replaced (USABC; HUNT, 1996; MARTINEZ-LASERNA; GANDIAGA,
et al., 2018; CASALS; GARCiA; CANAL, 2019). The aged cells that are removed from electric
vehicles contain traces of rare-earth metals and chemicals which can be both valuable and toxic

to humans and nature. A proper disposal system should be able to safely isolate and dispose
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off the dangerous materials while recycling the useful metals and returning them back to the

manufacturing process (DIEKMANN; KWADE, 2018; HARPER et al., 2019).

Before that, however, most batteries at their first-life end-of-life (FL-EOL) can still be
repurposed and reused in other less demanding stationary applications like providing some
types of ancillary services to the grid like peak-shaving, load-shifting, supporting renewable
generation, among others (HU; DENG, et al., 2022). These batteries which see use after their first
End-of-Life are known as “Second-Life Batteries” (CANALS CASALS; AMANTE GARCIA;
GONZALEZ BENITEZ, 2016; LACAP; PARK; BESLOW, 2021), they could be a promising,
cheap and sustainable alternative for a lot of storage use-cases — all the while also helping to

reduce the cost of the first-life batteries in EVs themselves (SATHRE et al., 2015).

1.2 Motivation and Objectives

In anticipation of the rise in Electric Vehicles and the subsequent wave of discarded
batteries, it is important to study Second-Life Batteries and its challenges, limitations, economic
viability, safety risks, and sustainability. This work is part of a larger project which plans to
eventually create a SLB system case-study within the Oasis-UFMG microgrid using the batteries

from a not yet operational fleet of electric buses which will service the university campus.

This end-goal is still a long time away. For now, this current work has a more narrow
focus on the issue of battery degradation. The plan for this work is to create a MATLAB/Simulink
model for the electric bus which accounts for battery degradation. Using this e-bus model and
the drive cycle from the planned bus route described and measured in (ALCANTARA, 2022),
the first life of the battery will be simulated. Then, using the resulting battery degradation state
from the battery model, a second-life battery simulation is to be run. Eventually, future work
will use the simulation techniques presented within this thesis to conduct a more sophisticated

lifelong techno-economic assessment which takes into account the battery’s first and second life.

In summary, this work focuses on:

e Lithium-ion battery degradation
* Electric vehicle simulation

* Microgrid applications of Energy Storage Systems
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1.3 Structure of Dissertation

Chapter 2 presents a literature review. It is a general overview on a wide range of topics
related to the question of Second-Life Batteries and should be thought of as a guide for the rest

of the larger SLB project.

Chapter 3 is an overview of physics-based battery models. This is an approach which is
derived from electrochemistry, it represents the battery by modelling the internal physical and
chemical state of each battery cell. This family of models is the most complex and computation-
ally expensive, it is also the most accurate depiction of li-ion batteries and has a lot of potential

particularly for Rest of Useful Life estimation in Second-Life applications.

Chapter 4 describes the battery simulation experiment set-up used to run the first-life
electric vehicle degradation experiment. It details how the EV Simulink model was built, the
program used to run the physics-based battery simulation, and how these two separate simulation

software programs were combined.

Chapter 5 discusses the results obtained from this simulation, both the first and second

life degradation trajectories.

Chapter 6 concludes the dissertation. It looks back on the work as a whole and discusses
its successes and limitations of this approach. It also looks towards the future and suggests future

projects which build on the results obtained here.
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2 State of the Art

This chapter provides a generalized overview on a range of topics relevant to the questions

of stationary battery second-life and long term battery degradation simulation.

Section 2.1 discusses the mathematical modelling of an electric vehicle power-train. This

shall serve as the basis for the EV Simulink model in the First-Life battery simulation later on.

Section 2.2 speaks on the topic lithium-ion batteries. Section 2.2.1 serves as a short
introduction to the concept, Section 2.2.2 discusses the different types of battery cell models,
and Section 2.2.3 discusses the main causes of li-ion battery degradation and some of the ways

in which it can be modelled.

Lastly, Section 2.3 discusses issues related to Second-Life Batteries (SLB) more specifi-
cally. From the logistics and economic viability of SLBs (Section 2.3.1) to the diagnostic process

of an aged cell (Section 2.3.2).

2.1 Modelling an Electric Vehicle Powertrain

When studying a complicated machine, it is often useful to break the problem down
into its component parts and systems. In the case of a vehicle — be it electric or combustion
driven — the single most important component system is the powertrain, which is tasked with
converting stored chemical energy into kinetic energy and delivering it to the propulsion system
(ALCANTARA, 2022). In the case of a Battery Electric Vehicle, the powertrain can be further
disassembled into four main components. These are listed bellow, ordered in accordance with

the direction of power flow during acceleration, from source to destination:

Battery Storage System

Electronic Power Converter (Inverter)

Electric Motor

Propulsion System
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The powertrain can thus be represented as a chain of components, as illustrated in Figure
2.1 (MIRI; FOTOUHI; EWIN, 2021). During acceleration, when power is flowing from the
battery to the transmission system, each component can be thought of as providing something to
the component which immediately proceeds it. The battery pack provides current to the inverter,
which powers the electric motor, which in turns delivers torque to the transmission systems
(ZHOU, 2007); this hierarchy is shown in Figure 2.1. The present section will focus on the
final three components from the preceding list. The battery storage module — the singular most
important component within an Electric Vehicle, making up as much as 40% of the total cost of
the whole vehicle (LUTSEY; NICHOLAS, 2019) — will be discussed in more detail in Section

2.2 and in Chapter 3. For now, the battery storage system is to be treated as a black box.

Desired
Drive | Speed | Driver <.S.pe.e(1 - -, |Vehicle/Movement
Cycle Model . Dynamics
] 1 ]
Accel. &
Brakes ! : !
Y A /
Storage | current Power Power Electric | Torque Transmission
Batt Pack T> Inverter TP Motor T’ System
m

Figure 2.1 — Simplified Battery Electric Vehicle powertrain. Adapted from (MIRI; FOTOUHI,;
EWIN, 2021).

2.1.1 Propulsion System

The propulsion system is the one ultimately responsible for the movement of the vehicle.
The acceleration is described by (2.1), where M represents the overall mass of the vehicle, k,,
represents the rotational inertial factor (typically around 1.3) (EHSANI et al., 2018), and X F
represents the sum of forces acting up the vehicle. The sum of forces can be broken up in its

component parts as presented in (2.2).

DF
EU = ]{?mM’ (21)
YF = F,, — Fg — Fyrag — Fr. (2.2)

Here, I, represents the propelling force — this is the component which originates from
the motor or brakes and is the one variable the driver has control over. The term F{; represents
the effect of gravity on forwards movement, this force may help or hinder acceleration depending

primarily on road inclination. The two others components — drag force (Fg,.,) and rolling
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resistance force (F)..) — are both ‘resistive forces’ which always act against the direction of
velocity (OLIVEIRA et al., 2023; ALCANTARA, 2022). Figure 2.2 shows a simple diagram of

these forces acting upon the vehicle.

Figure 2.2 — Diagram of forces acting on a vehicular chasis. Adapted from (ALCANTARA,
2022)

The gravitational force (F(;) is the component of the weight of the vehicle which is
parallel to the velocity vector, it depends on the angle of the ground slope and so it may be
complementary or contrary to the direction of speed. It is defined by (2.3), where g is the
gravitational acceleration (approximately 9.81 /s2) and ¢ is the angle of the incline in which the

vehicle finds itself.

The aerodynamic drag force (Fy,4) represents the resistance created by the air. In this
model, it is represented as always going against the direction of velocity and is described by
(2.4), where p is air density (approximately 1.2 k&/m?), A is the frontal area of the vehicle, and

Cy is the air drag coefficient (OLIVEIRA et al., 2023).

Rolling resistance force (F}.,.) is caused by tire deformation and the friction between
tire and road. It always acts in opposition to the direction of velocity. Some models, including
(ALCANTARA, 2022), represent the rolling force as independent of velocity, as shown in (2.5)
— where the rolling resistance coefficient (C).) is a parameter which depends on tire and road

conditions. Other more complete rolling resistance models, like the one in (OLIVEIRA et al.,
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2023), account for velocity dependency, as shown in (2.6).

Fo = k,Mg - sin (¢) (2.3)
Firag = % - pACy - v? (2.4)
Fypp = Mg - C, - cos (¢) (2.5)
Foy = Mg - (Cry + Cr207) - cos (¢) (2.6)

2.1.2 Motor and Brakes System

The motor and the inverter are intermediate components between the battery storage
system and the propulsion system. During acceleration, a given amount of power is delivered
from the battery storage system (Fy,4), a fraction of which reaches the propulsion system ().
This direction of powerflow is depicted in Figure 2.3. Propulsion power is derived from the
previously described vehicular movement dynamics, more specifically, it depends on propulsion

force (F,,) and the vehicle velocity (v), as described by (2.7).

Ppr:FerU 2.7)

The motor introduces operational limits to the vehicle, these can be best represented by
the torque curve, shown in Figure 2.4. This graph shows the maximum amount of torque the
motor can deliver (measured in N m) for a given motor rotational speed (measured in rpm); these
variables are proportional to the propulsion force (F},) and vehicular velocity (v), respectively,
as described by (2.8) and (2.9). In these equations, r,, represents the wheel radius, 7; represents
the transmission efficiency, and G represents gear ratio from motor to wheel (OLIVEIRA et al.,
2023). Note that the overwhelming majority of EVs have a single speed transmission, meaning
G is constant. The absence of a gearbox (used to change gear ratios in ICEVs) greatly simplifies

the transmission system and is one of the inherit advantages of electric vehicles.

G

Fpr = (’I"_) M- T (2.8)
Tw

v = <E) - W (2.9)

The motor and the inverter are a source of losses which need to be considered. The

relationship between power delivered to and from the battery (F,,::) and the power used by the
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Figure 2.3 — Efficiency relationship between battery power (Fyq) and propulsion power (F,).
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Figure 2.4 — Torque curve from Honda Accord 2014 Motor and Inverter. The Figure includes
shaded contour lines that indicate motor-inverter efficiency for every combination
of torque-speed the system can provide. Figure originally from (OZPINECI, 2015).

propulsion system () — shown in Figure 2.3 — is described in (2.10). The coefficient 7,,; is a
value between 0 and 1 which represents the electrical efficiency of the motor and inverter system.
One could model this value as a constant, though more commonly, it is a variable that depends
on motor torque and speed, as shown in the contour map in Figure 2.4. In simulation, 7,,; is

modelled as a look-up table.

Pyt it Py, >0 (2.10a)
Pyt = Ppr - @ i, otherwise if o+ By.| < | Ped™| (2.10b)
R?;X M otherwise (2.10c)

The equations in (2.10) correspond to three different scenarios. The first case (2.10a)
depicts the scenario when the vehicle is actively accelerating; here, the energy goes from the

battery storage system to the propulsion system such that P,,;;>F,,. The two other cases occur
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when the vehicle is actively decelerating, i.e. braking. In these cases, propulsion power — which
is negative as per (2.7) — is either being dissipated as heat by way of friction braking or is used to
charge the battery by way of regenerative braking. Only the regenerative fraction of the braking
makes its way back to the battery (FPyqs) in (2.10) such that Pyu<Pcgen. Case (2.10b) describes
the power flow charging the battery when regenerative braking is under its threshold limit, here
« represents the fraction of total braking which is regenerative (regenerative factor). Finally, case
(2.10c) depicts the scenario when regenerative braking is at its limit. Maximum regenerative
braking power (F;'**) is value property of the braking and motor system which is typically
smaller than the “forward” max power the motor can apply when accelerating (MIRI; FOTOUHI,
EWIN, 2021).

The ability to charge the battery by braking can significantly increase the range capacity
of an EV. However, regenerative braking is inefficient when speeds are too low, unsafe when
deceleration is too high, and unnecessary if the battery is nearly full. In these situation, friction
braking is used. This behaviour is modelled in (2.10) using a variable o which varies from 1

(fully regenerative) and O (fully friction) as exemplified by the graphs in Figure 2.5.

Vehicle speed (av) Vehicle deceleration (ag) State of Charge (aSnC)

1 1 1
5o8 0.8 0.8
8
506 06 06
Q
o
E’ 0.4 0.4 0.4
=
©
m 0.2 0.2 0.2

0 0 0

0 10 20 30 02 0.4 0.6 08 70 80 90 100
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Figure 2.5 — Regenerative factor as a function of speed, deceleration and battery SoC. The final «
is equal to the product of all these factors. Adapted from (MIRI; FOTOUHI; EWIN,
2021).

2.1.3 Driver Model

A drive cycle is a dataset of longitudinal vehicular speeds as a function of time. It’s
most often used by regulatory agencies to standardize fuel consumption and pollutant emissions
assessments. Most modern drive cycles are ‘transient drive cycles’, meaning they are supposed
to be a realistic representation of real driving behaviour for a given set of circumstances (urban,

rural, highway driving). This is in contrast to ‘modal drive cycles” which are sequences of periods
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of constant speeds interspersed by periods of constant acceleration/deceleration (NICOLAS,

2013).

Despite not being representative of realistic driving behaviour, modal drive cycles are
simpler and more malleable, this can be used to test the effects of particular interventions. For
example, (ALVAREZ; LOPEZ; DE LA TORRE, 2015) uses the now obsolete NEDC drive
cycle and changes the intensity of the acceleration slopes to represent the effects of driving
aggression (propensity to accelerate aggressively and/or brake abruptly). It finds significant
impact on degradation and available range. By contrast, a realistic (transient) drive cycle contains
within it assumptions about the driver behaviour which are hard to modify for testing purposes,
even though driver behaviour can be a significant battery stress factor NEUBAUER; WOOD,
2014).

The two most common drive cycle sets are the FTP-75 (used in the United States) and the
WLTP (used in the European Union). These and others are available in MATLAB/Simulink using
the ‘Drive Cycle Source’ block included in the Powertrain Blockset and Vehicle Scenario Builder
(MATHWORKS, 2017). Alternatively, one could create a custom drive cycle by measuring it

experimentally or crafting an artificial one.

Once a drive cycle is decided upon, the driver can be modelled as a simple PI controller
which takes as input velocity error (difference between drive cycle reference and the measured
velocity) and outputs accelerator and brake pedal commands (a,.. and as,). This can be done
by splitting a single output variable which ranges between -1 and 1 into two variables which
range from -1 to 0 and O to 1, as shown in Figure 2.6. The gain values for the PI controller
are chosen through trial and error with the aim to minimize the speed error (MIRI; FOTOUHI;

EWIN, 2021).

If the accelerator pedal is being pressed, the motor outputs a fraction of the maximum
available torque, which is a function of the current velocity as defined by the torque curve — as
seen in (2.11). If the brake is being pressed, a force equal to a fraction of the maximum available
braking force (F'p,,q.) 1S applied in the opposite direction direction of vehicle velocity, this force
includes both regenerative and friction braking — as seen in (2.12). The maximum braking force
depends on the normal load acting on the vehicle and the adhesion between tires and the road, it
can be approximated by (2.13) where k,4 is the adhesion coefficient (around 0.8 for dry asphalt

conditions), M is the vehicle mass and g is the gravitational acceleration (MIRI; FOTOUHI,
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EWIN, 2021).
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Figure 2.6 — Diagram representation of the PI controller driver model and the acceleration and
brake system. Adapted from (MIRI; FOTOUHI; EWIN, 2021).

Tpr = Qgce * Tm,maz(wm> (21 1)
Fbr = Qprk - FBmaz (212)
FBmaac = kad ) Mg (213)

2.2 Lithium-lon Batteries

The battery storage system is the most important and most expensive single component
in an Electric Vehicle. It is only thanks to recent technological improvements and cost reductions
that EVs are at all viable. Until recently they were a very small niche of the market, but it’s now a
exponentially growing sector. This is despite the fact that electric motors themselves are smaller,

simpler, quieter, more efficient than combustion engines.

Lithium based batteries have been at the center of this remarkable transformation. This
type of battery started being developed commercially in the work of John Goodenough (GOODE-
NOUGH, 2018). It quickly came to be used to power small electronics due to being a rechargeable
option with higher energy and power density — as is shown in the ragone plot of Figure 2.7
(GARCHE et al., 2013) — and longer life cycles and lower self-discharge rates as compared to the
alternatives (WARNER, 2015). This work will focus primarily on the Lithium based chemistries
and its challenges. This section serves as a basic introduction to Lithium-Ion Batteries and

discusses some of the difficulties related to modelling and degradation.



2.2. LITHIUM-ION BATTERIES 29

1000- T T T T0rrm LB B R LI L] T T T 117171

~  6f
| L J
2  “*[ 100h Fuel cells ]
S 2 — ]
2 100F -
= 6f Ni—MH 3
g’ 4 [lead=acid ]
c 2r 10h L
b 10 = -
2 6 E + Capacitors . J
8 4 r .
(%. >oF 1h 0.1h 36s |\ 36s ]
1 1 L1l 1 Ll 1 Ll 1 [
10° 10’ 10? 10° (o

Specific power (W kg™")

Figure 2.7 — Illustrative ragone plot (energy and power density) for various energy storage
devices. Figure originally from (GARCHE et al., 2013).

2.2.1 Battery Fundamentals

The cell is the most basic unit of a battery storage system. Inside each li-ion cell are three
very thin sheets of material corresponding to the three electrochemically relevant regions of
a battery: anode, separator, and cathode. These strips are placed in series and folded in layers
inside the cell case, the inside of which is permeated by a liquid electrolyte solution. Structurally,
commercial battery cells are constructed in one of three geometries: cylindrical, prismatic, and
pouch cells — shown in Figure 2.8 (PREGER; TORRES-CASTRO; MCDOWALL, et al., 2023).
These geometries each have their own advantages and disadvantages, listed in Table 2.1, adapted

from (LI, 2022).

There can be different variants of Lithium-ion batteries, meaning the anode and cathode

films themselves may be made with different materials. The anode region typically contains
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Figure 2.8 — Schematic drawings of three of the most common battery structural configurations.
a) Cylindrical; b) Prismatic; c¢) Pouch. Figure originally from (PREGER; TORRES-
CASTRO; MCDOWALL, et al., 2023).
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graphite as the negative electrode active material, though lithium-titanate (LTO) is an alternative
which allows for faster charging and longer cycle lives though it greatly decreases power and
energy density. In contrast, there are many options for cathode material, various alternatives
are utilized in different contexts (MARQUIS, 2020; NEWMAN; BALSARA, 2021). Table 2.2
presents a summary of the properties of some of the more prominent battery chemistries, adapted
from (WARNER, 2015). Of these, Lithium-Iron-Phosphate (LFP) based cathodes have been

growing significantly in prominence for electric vehicles (KANE, 2022; IEA, 2024).

During discharge, lithium atoms held within the graphite (or equivalent anode material)
are released into the electrolyte as ions (process refered to as ‘deintercalation’) while the newly
free electrons flow out the cell and are used to do “work”™ (provide power). The graphite anode
oxidation and reduction (redox) reactions which allow for battery use are shown in (2.14). From
there, the lithium ions are transported through the electrolyte and across the separator into the

positive electrode. There, they combine with free electrons (brought in from outside the cell)

Table 2.1 — Advantages and disadvantages of different kinds of battery cell
geometric structures. Table originally from (LI, 2022).

Advantages

Disadvantages

Mainly steel shell, low manufacturing cost,
high process maturity and high production
efficiency. High yield and consistency.

Cylindrical

High quality required for large-scale grouping,
high grouping cost, and relatively short cycle life.
High power limitation of mechanical structure.

Prismatic  High structural reliability. Heavy case, low energy density
Long cycle life of battery cell. High cost of mechanical components.
Pouch High mass and volume energy density, Weak mechanical properties, easy to leak,

customizable.

high requirements for external module protection
structure, and relatively difficult design for
heat dissipation.

Table 2.2 — Properties of some of the main lithium-ion based chemistries. Adapted from

(WARNER, 2015).

Lithium Lithium
Lithium Nickel Nickel
Iron Lithium Cobalt Manganese
Phophate Titanate Aluminum Cobalt
Cathode chemistry descriptor LFP LTO NCA NMC
Specific energy (Wh/kg) 80-130 70 80-220 140-180
Energy density (Wh/L) 220-250 130 210-600 325
Specific power (W/kg) 1400-2400 750 1500-1900  500-3000
Power density (W/L) 4500 1400 4000-5000 6500
Volts per cell (V) 3.2-33 2.2-23 3.6 3.6-3.7
Cycle life 1000-2000  >4000 >1000 1000-4000
Self-discharge (% per month) <1% 2-10% 2-10% 1%
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and settle into the positive active material (the insertion of lithium-ion into the active material is
known as ‘intercalation’). The whole process is depicted in Figure 2.9 — adapted from (FULLER;
DOYLE; NEWMAN, 1994). During charging, the opposite occurs: lithium deintercalates from
the positive electrode and intercalates into the negative electrode (NEWMAN; BALSARA, 2021;
OGUMI; INABA, 2002; WANG, S. et al., 2021). A more detailed explanation of the inner

working of an lithium-ion cell is found in Chapter 3.
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Figure 2.9 — Schematic of battery cell during discharge. Adapted from (FULLER; DOYLE;
NEWMAN, 1994).
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A single individual cell has a pretty limited energy and power capacity, and so, for larger
applications, many cells are assembled in series (to increase output voltage) and in parallel
(to increase maximum output current). For commercial applications, these battery bundles are
standardized as “modules” which include dozens of battery cells connected mechanically and
electrically, monitoring equipment, a thermal management system, safety features, and other
important components. For very high power applications, like electric transportation, multiple

modules are connected into a structure known as a “Battery pack”.

To coordinate all these cells and ensure safe and efficient operation, the battery pack needs
to be actively controlled. The Battery Management System (BMS) is an electronic managements
scheme meant to monitor, protect, and optimize the performance of one or multiple battery
modules. A BMS has a wide range of functionalities: monitoring, protection, charge and discharge
management, thermal management, communication, diagnosis, and data management. Protection
involves ensuring that the batteries operate within a safe voltage, current and temperature window
in order to avoid accidents (particularly thermal runaway) and to minimize degradation (which is
particularly sensitive to temperature deviation (WALDMANN et al., 2014)). If the BMS detects
irregularities, it should be able to disconnect the offending module/branch of cells (GABBAR;
OTHMAN; ABDUSSAMI, 2021; WARNER, 2015).
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The BMS is a combination of one or more controllers with sensor components which
track metrics relevant to battery operation — the most important of which are voltage, current,
and surface cell temperature. In a centralized system, there is typically a single controller which
oversees the entire battery pack, this approach saves on hardware but requires extra wiring which
adds weight, cost, and risk of failure. Recently, some effort has gone into researching Wireless
BMS systems which bypass that concern (SAMANTA; WILLIAMSON, 2021). Alternatively,
distributed BMS topologies have a centralized host controller and multiple smaller controllers
directly attached to the individual cells or modules. This approach is often preferred because it
offers greater functionality and control at a detailed level — closer to the individual cell; even if
it’s more expensive as it increases the amount of electronics required (GABBAR; OTHMAN;

ABDUSSAMLI, 2021; WARNER, 2015).

Some of the functions of a BMS depend on hidden internal metrics such as State of Charge
(SOC) and State of Health (SOH) which can’t be measured directly and must be estimated. This

is done using a battery cell model.

2.2.2 Battery cell models

Lithium-Ion Batteries are non-linear, electrochemical systems. They are an inherently
challenging object to model. The primary trade-off which a system designer must at all times
consider is between accuracy and computational/model complexity. The three most common
battery models for a fresh battery cell are the bucket model, the equivalent circuit model (ECM),
and electrochemical model (HU; DENG, et al., 2022). Of these, the bucket model is the simplest
possible model and the electrochemical models are typically the most complex. (RENIERS;
MULDER; OBER-BLOBAUM, et al., 2018) compares these three models in the context of
control optimization for energy cost arbitrage using a grid-connected battery system,; it finds
that more accurate models allowed for more realistic safety limits which both provided more
available usable capacity while still limiting degradation. This resulted in significantly more

profit over the course of the studied period.

The simplest of these models, the bucket model, is a SoC tracker which represents the
battery as a mere repository for energy — much like a fuel tank (RENIERS; MULDER; OBER-
BLOBAUM, et al., 2018). This model tracks the internal energy supply E(t) (measured in Wh

or J) overtime as a function of power P(t) (measured in 1). This simple formulation isn’t really
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useful for Battery Management Systems and other detailed oriented applications. It is mostly used
for high-level, grid-wide storage optimization problems (HESSE et al., 2017; RIFFONNEAU
et al., 2011; HU; DENG, et al., 2022); but even in the context of techno-economic assessment,
(RENIERS; MULDER; OBER-BLOBAUM, et al., 2018) shows that this model can substantially

underestimate the business case when compared to the two other types of models.

This section will instead focus on ECMs and the electrochemical models, in sections

2.2.2.1 and 2.2.2.2 respectively.

2.2.2.1 Equivalent Circuit Model

The equivalent circuit models are the family of battery models most widely used in
Battery Management Systems and the ones which are most familiar to electrical engineers. They

inhabit a good middle ground between accuracy and model simplicity.

These models use a voltage source to represent the Open Circuit Voltage (OCV), which is
the steady-state (no current) voltage for a given SoC; and uses electric circuit passive elements
(resistors and capacitors) to represent the dynamic response and ohmic losses of a battery cell. In
most of these models, the resistance and capacitance values may vary depending on factors such
as temperature, SoC, and degradation. In these cases, the values should be constantly updated for

the model to be adequately accurate (HU; FENG, et al., 2019).
What follows are different kinds of ECMs, listed in order of increasing complexity.

The simplest kind of ECM is the ‘Internal Resistance Model’, shown in Figure 2.10a).
It is made up of a voltage source and a series resistance (/;,;) (OLIVEIRA et al., 2023; HU;
LI; PENG, 2012). The difference between this model and the bucket is that this one is able to
represent voltage and current separately, as opposed to just power flow. Though this model can be
used to approximate SoC and ohmic losses (heat) in real time, it is unable to reflect the dynamic

characteristics of the battery.

The simplest model which aims to replicate a battery cell frequency response is the
‘Thévenin model’, also known as ‘n-RC model’. This is the most commonly used ECM within
electrical engineering, seeing as it balances accuracy and simplicity well. It uses a resistor in
series (R;,:), same as the previous model, but adds at least one additional RC parallel network

(R; and C}). Typically, either one or two RC bundles are used; though in theory, the number of
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parallel RC branches can be arbitrarily large. Figure 2.10b) shows the 2" order RC model (HU;
LI; PENG, 2012).

R, Ry
a) . b) g WA WA
AN + Ci H Oy —+
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Figure 2.10 — Equivalent Circuit Models. a) Internal resistance model; b) Second order Thévenin
model.

To improve upon the Thévenin model, (MU et al., 2017) uses fractional order circuit
components to obtain frequency responses which more closely resemble the Electrochemical
Impedance Spectroscopy (EIS) results. EIS is a technique for analyzing electrochemical systems
such as batteries. It involves applying a small amplitude AC voltage or current signal superim-
posed over a DC signal, over a range of frequencies (typically from around 0.1Hz to 100kHz),
and plotting the resulting impedance using a Nyquist plot (LAZANAS; PRODROMIDIS, 2023;
CHOI et al., 2020; AZIZIGHALEHSARI et al., 2023). A simplified experimental set up is
shown in Figure 2.11 — adapted from (LAZANAS; PRODROMIDIS, 2023). This method al-
lows one to observe various electrochemical processes over a wide range of frequencies in a
non-destructive way. A typical EIS plot for a lithium-ion battery is shown in Figure 2.12 (BOJ
et al., 2023). Because it is possible for different equivalent circuits to generate the same or
similar frequency profiles, the ECMs which are based on EIS data should ideally relate individual
electrical components to meaningful physical processes instead of just striving for numerical

approximations.

At the mid-frequency range, the EIS plot is characterized by a semi-elliptical shape. This
represents the charge transfer dynamics of lithium-ions between the electrode active material
and the electrolyte. This shape can be approximated by having a parallel RC branch with time
constant 7=RC'. However, when using an ideal capacitor “C”, the resulting shape will be a
semi-circle of constant radius. To better approximate measurements, the idealized capacitors
are replaced with Constant Phase Elements (CPEs), which are non-linear representations of
imperfect (so called ‘dual-layered’) capacitors. The relationship between current and voltage for

a CPE is described by (2.15) and its Laplace transform is described by (2.16), where C' is the
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Figure 2.11 — Simplified experimental setup for potentiostatic EIS experiment. Adapted from
(LAZANAS; PRODROMIDIS, 2023).
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Figure 2.12 — Ilustrative Nyquist plot visualization of an ideal EIS measurement. Note that
different impedance features become prominent at different frequency ranges.
Figure originally from (BOJ et al., 2023).

CPE capacitance value and « is a frequency independent constant between 0 and 1, where a=1 is
an ideal capacitor (MU et al., 2017; LAZANAS; PRODROMIDIS, 2023). Figure 2.13 compares
the Nyquist frequency plot between a parallel R-C circuit and two parallel R-CPE circuits; in
both cases, the frequency that is associated with the peak of the semi-circle is w,=1/7, where 7

is the time constant of the RC element: 7=RC..

. d
1= C@v (2.15)
I(s) = Cs*V(s) (2.16)

Another significant feature of the EIS plot is the Warburg Impedance, which dominates
at low frequencies. It shows up in the plot as a straight line with a slope of 45° degrees at the
right-most side of the graph. It indicates the resistance and capacitance growth as frequency
decreases. This phenomena is represented in the circuit by the custom made component Zyy,
which is mathematically described in (2.17), where o is the Warburg constant; this is equivalent

to a CPE where «v 1s set to 0.5.
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Figure 2.13 — Comparison of the Nyquist plots from parallel R-CPE circuits for different values
of . Note that a CPE with a=1 is equivalent to an ideal capacitor.

The Warburg impedance only becomes dominant at very low frequencies, with a transition
point around 1Hz, and proceeds to grow slowly. It is representative of the mass transport diffusion
limitations. When a battery system is at rest, lithium atoms are stored inside the anode active
material at more of less an even concentration everywhere; once the redox reaction starts, the
lithium deintercalation depletes the atoms closest to the electrode-electrolyte interface first. This
creates an uneven concentration distribution of lithium in the solid-phase which is eventually
corrected by the diffusion of lithium from the bulk of the electrode towards the surface. This is a
very slow process that occurs over a long time, and as it does, there is small and slow rebound in
cell open-circuit potential as the electrode surface concentration converges (TAYLOR; GILEADI,

1995).

The Randles circuit, shown in Figure 2.14a), is the standard equivalent circuit represen-
tation of the battery EIS response, featuring the Warburg impedance in series with a resistor,
and both in parallel with a CPE. At high frequencies, current flows through the capacitor; at
low frequencies, current flows through the resistor and Warburg impedance. The frequency
range where the Warburg becomes significant is far enough away from the frequency range of
the capacitor that the Randles circuit can be rearrenged such that the Warburg impedance is in
series with the R-CPE bundle, as seen in Figure 2.14b) — a slightly simpler model (LAZANAS;
PRODROMIDIS, 2023).

In applications where current is frequently oscillating and low-frequency signals do
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not play as much of a role, such as drive cycle profiles, the Warburg impedance may even be
disregarded, as is seen in (GUHA; PATRA, 2018). More commonly, the Warburg impedance is
itself replaced by an equivalent circuit. Though there is no combination of components which
will exactly match the Warburg frequency response, it can be approximated by a infinite sequence
of parallel R-C segments in series; this resemble the previously n'* order RC Thévenin circuits,

which could be arbitrarily large.

Another common alternative is the ‘two time constant with Warburg’, shown in Figure
2.14c). In addition to all the component present in the Randles circuit: series resistance Ry
(represents electrolyte resistance), the first R-CPE bundle (charge transfer), and the walburg
impedance (diffusion); this model includes an additional R-CPE structure with a smaller time
constant 7 (higher frequency) which is associated with the Solid Electrolyte Interface (SEI).
The SEI is the result of an unintended chemical side-reaction that creates a permeable film
between the electrolyte and electrode (impedance increase) and which consumes cyclable lithium
(capacity fade, loss of lithium inventory). As such, keeping track of the resistance and capacitance
value of this element could be a useful way of quantifying the aging process (JALKANEN et al.,
2015; CHOI et al., 2020).
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Figure 2.14 — Equivalent Circuit Models with Warburg impedance. a) Full
Randles model; b) Simplified Randles model; c) 27 with Warburg.
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2.2.2.2 Physics-Based Models

Physics-based models (alternately known as ‘electrochemical’ or ‘mechanistic’ models)
are methods for modelling battery systems which arise out of electrochemistry (NEWMAN;
BALSARA, 2021). The goal is to represent the internal chemical state of the battery by modelling
the reactions and movement of particles which take place within the system. Most of existing
electrochemical models are based on the Doyle-Fuller-Newman (DFN) model first developed in
(DOYLE; FULLER; NEWMAN, 1993; FULLER; DOYLE; NEWMAN, 1994). It is a continuum
model which represents most of its variables as varying continuously along the length of the
cell, represented by the x-axis, where the negative current collector sits at z=0 and the positive
current collector ends at x=L. The one exception is lithium solid-phase diffusion. Flows in solid-
phase lithium concentration (c;) inside each of the electrodes active material are represented as
occurring inside spherical microscopic solid-phase particles with an r-axis radius. Where r=0 is
the electrode bulk and r=RZ is the average electrode particle radius, also the electrode surface.
In this model, at every discretized node of the x-axis there is a representative spherical particle
with an r-axis. Because of this, this models is also known as the “Pseudo Two-Dimensional”

(P2D) model.

The DFN model can be broken down into three main phenomena. Charge conservation
governs how the voltage potential varies within the solid-phase and in the electrolyte (¢, and
®¢); lithium diffusion describes how the lithium concentration varies within the electrolyte and
within the solid-phase (c. and c;); and transfer current describes the transfer of charges between

the active material and the electrolyte due to the redox reaction (j;,.).

The original DFN model assumes no degradation and isothermic conditions (no internal
heat generation from batteries). Since then, submodels have been created in order to represent
the generation of internal heat and side-reactions, unintended chemical processes which lead to
capacity degradation and impedance rise. Many of these submodels are ‘compatible’ with DFN

and can be included modularly into the model.

When these submodels are included into the full battery model, the resulting mathemat-
ical system is composed of various interacting components represented by dozens of Partial
Differential Equations with non-linear elements and variables which exist along a continuous
x and r axis. This resulting system is computationally complex and numerically hard to solve.

Depending on the application, however, it may be possible to simplify the DFN model such that
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it can be solved significantly faster without sacrificing much in terms of accuracy. These models

are discussed in greater detail in Section 3.1.2.

The mathematical complexity of these battery models is so remarkable that even imple-
menting one of the simplified versions presents a significant challenge. Thankfully, there already
exist good open-source implementations of battery physics-models accessible for researchers.
The present work uses PyBaMM, a particularly complete and well documented battery simula-
tion library for Python. It includes many battery models of different levels of complexity and
some pre-existing parameter sets from the literature. This software is discussed in more detail in

Section 4.2 (SULZER et al., 2021; O’KANE et al., 2022).

A more in-depth account and explanation of this family of models, including its governing

equations are presented in see Chapter 3.

2.2.3 Degradation of Batteries

Battery degradation is the result of unintended side-reactions and mechanical stresses
which occur within the cell. The four types of degradation are Loss of Lithium Inventory (LLI),
Loss of Active Material (LAM), Loss of Electrolyte (LE) and Resistance Increase (RI); the
effects of aging are, primarily, capacity and power fade (HAN; LU, et al., 2019; HU; XU, et al.,
2020).

The most significant degradation processes are represented graphically in the diagram of

Figure 2.15 — adapted from (RENIERS; MULDER; HOWEY, 2019). These are:

* SEI Growth: The Solid Electrolyte Interface (SEI) is an insulating layer of organic
material — represented as a blue layer in Figure 2.15 — which is formed from a reaction
which occurs in the interface between the electrolyte and negative electrode. This reactions
consumes lithium atoms and electrolyte solvent, the lithium deposited inside this layer of
material is inaccessible for future use (LLI). Though this is the one most significant causes
of capacity fade in a lithium based battery, it is governed by complex mechanisms which
are still not fully understood — as such, there are different and competing approaches for
modelling it mathematically (RENIERS; MULDER; HOWEY, 2019; SINGLE; LATZ;
HORSTMANN, 2018; EDGE et al., 2021).

e Li plating: Lithium ions form a layer of metallic particles on top of the electrode-
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electrolyte interface instead of intercalating into it — this is represented as a redish-orange
layer in Figure 2.15. This most often occurs within the negative electrode, particularly
in the region nearest the separator. It is associated with fast charging, low temperatures,
and batteries operating after the first recommended EoL. This side-reaction is additionally
risky due to the possibility of li-plating piercing the separator and causing a short circuit

(YANG et al., 2017; EDGE et al., 2021).

* Electrode cracking and dissolution: As an electrode charges and discharges, the active
material particles slightly expands and contracts. This is a source of mechanical stress
which may cause cracks and lead to LAM and accelerated SEI growth (HAN; LU, et al.,
2019; O’KANE et al., 2022).

* Pore-clogging: As the SEI and Li-plating films grow, they take up space previously
occupied by the electrolyte. As the volume share of the electrolyte (¢.) — alternatively
called ‘porosity’ — decreases the electrolyte conductivity falls and the internal resistance

increases (RI) (RENIERS; MULDER; HOWEY, 2019; YANG et al., 2017).

@Active material Solvent .SEI layer .Lithium—ions/plating layer
NEGATIVE ELETRODE

Pore clogging

Lithium plating

Loss of Active Material/
Electrode cracking & dissolution

Figure 2.15 — Representation of the most significant degradation mechanisms which occur in a
lithium based battery cell. Figure adapted from (RENIERS; MULDER; HOWEY,
2019).
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In all cases, temperature is the single most significant stress factor. (WALDMANN et
al., 2014) studies degradation between —20°C' and 70°C' and finds increased rates of aging
for temperatures both above and below 25°C’; higher than that leads to faster SEI formation
and lower than 25°C' leads to faster lithium plating. This is the reason why a BMS thermal

management is so critical.

For the majority of a batteries life-cycle, SEI growth is the most significant of the
degradation mechanisms. During this period, capacity degradation occurs linearly. At some point,
however, Li-plating grows to become the dominant cause of aging; when that happens, capacity
no longer decreases linearly, but rather exponentially. This transition point is known as the “aging
knee-point”, shown in Figure 2.16 — adapted from (HU; DENG, et al., 2022). This happens past

the industry standard EoL (80% SoH) but is relevant for second life applications.
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Figure 2.16 — Typical evolution of battery capacity over the various stages in a cell life-cycle.
Adapted from (HU; DENG, et al., 2022).

2.2.3.1 Types of Aging Models

There are three main types of battery aging models: empirical, mechanistic, and data-

driven (HU; XU, et al., 2020).

Empirical models are based on heuristic correlations between the capacity and resistance
trajectories and identified stress factors (GANESH; D’ ARPINO, 2023). These models disregard
the actual internal mechanisms which are the cause of degradation. Instead, they are typically
established by fitting experimental data into a equation trajectory (HU; FENG, et al., 2019).

In some cases, the empirical model may be derived by simplifying more complex mechanistic
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mathematical formulations, such is the case in (RECHKEMMER et al., 2019). These models are
known as ‘semi-empirical’. Most empirical models make the distinction between calendar and
cycle degradation, the former is due primarily to passage of time — independent of usage — and

the latter is caused by usage.

Each type of degradation has its associated stress factors, some common ones include time,
mean SoC, and temperature for calendar aging and total current throughput, Depth-of-Discharge
(DoD), total number of cycles, and temperature for cycle degradation; note that different models

may consider different stress-factors and that these are just some of the more common ones.

Compared to the other approaches, empirical models are relatively easy to implement and
are typically computationally simple. Their primary disadvantage is that each model is typically
only tuned for a limited set of operating conditions (tied to the experimental results used to
initially ‘calibrate’ the model) and is otherwise low-accuracy. As examples of empirical models,
(SAUER; WENZL, 2008) and (GANESH; D’ ARPINO, 2023) both compare empirical aging
models with more complete, mechanistic aging models. (BAGHDADI et al., 2016) shows a fairly
complete empirical model which takes into account a lot of different variables. The National
Renewable Energy Laboratory (NREL) has its own empirical lifetime predictive modelling
algorithm included in their battery simulation package: BLAST (Battery Lifetime Analysis and
Simulation Tool Suite) (NEUBAUER, 2014; NEUBAUER; SIMPSON, 2015).

Mechanistic models simulate aging by modelling the internal chemical processes like
SEI growth and Li plating which lead to degradation. These models are extensions of the
physics-based models; as such, they inherit a lot of the same benefits and downsides. Mechanistic
degradation models are derived from electrochemical first principles and are able to provide
insight into the internal state of the battery cell; as such, if properly tuned they are more robust
and precise. The downside is that they require extensive parameter estimation and are quite

computationally expensive (HU; FENG, et al., 2019; HU; XU, et al., 2020).

In a physics-based model with mechanistic degradation, each individual cause of degrada-
tion has to be mathematically described; this is a challenge but thankfully the literature already
contains many examples, often multiple alternative representations for the same mechanisms
(RENIERS; MULDER; HOWEY, 2019). Because SEI growth is the overwhelmingly dominant
cause of degradation — particularly during first-life — a lot of models choose to represent only this

phenomenon and not the others. Though it is possible to predict capacity trajectory with this one
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single model sufficiently well, by modelling multiple degradation models, there can be emergent
inter-mechanism interactions which better reflect real cell aging dynamics. This is a concept
known as ‘path-dependent aging’ — it posits that since different degradation mechanisms are
triggered under different circumstances and that past degradation affects future degradation, it is
therefore important to model various degradation mechanisms to capture the various ‘aging paths’
(RAJ et al., 2020; EDGE et al., 2021). Combining degradation models does create feedback
loops which can be more accurate than either model in isolation, though this process often
requires some fine-tuning of models parameters to properly function (RENIERS; MULDER;
OBER-BLOBAUM, et al., 2018).

Combining mechanistic degradation models is particularly important for modelling the
aging knee-point — the point late in a battery life when capacity loss transitions from growing
linearly to growing exponentially, exemplified in Figure 2.16. In (YANG et al., 2017), a P2D
model with SEI growth, pore clogging, and Li-plating is used. For the initial stages of the battery
life, SEI growth is the dominant degradation factor. Then, as electrolyte porosity decreases,
the electrolyte potential near the separator falls. This eventually enables rapid Li-plating in the
region near the anode-separator interface. With these three degradation models, (YANG et al.,
2017) is able to simulate this emergent behaviour which replicates both the aging knee-point
and the observed post-mortem degradation patterns (build up of metallic lithium in the region
of the anode near the separator) remarkably well (KLETT; ERIKSSON, et al., 2014; KLETT;
SVENS, et al., 2015). Another work in the same line as (YANG et al., 2017) which highlights the
potential of mechanistic based degradation models is (ATALAY et al., 2020). Here, degradation
parameters are calibrated based on the degradation experimental results from two battery stress
tests. Later, the resulting model is compared to a new battery under a different degradation
experiment. The result is that the (ATALAY et al., 2020) model is able to predict the capacity

trajectory with high accuracy, including the aging knee-point transition.

Data-driven models are a new development in battery health estimation, enabled by
advancements in data analytics and artificial intelligence. This type of model is similar to
the empirical method in the sense that it aims to find a mathematical relationship between
the degradation data and battery inputs while being agnostic about the underlying physical
processes; the difference is that this method requires an order of magnitude more data and

result in significantly more the complex models (AYKOL et al., 2021). This is possible in
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large part thanks to Machine Learning (ML) techniques, which allow for the automation of
analytical model building. The end results are models which can be just as accurate as the
mechanistic models while being more computationally appropriate for real time data processing,
so long as the present operating conditions are represented within the training data. The primary
downside are the huge amounts of data which are required to create a realistic model and the
enormous computational burden needed to actually train the model (HU; XU, et al., 2020;
AZIZIGHALEHSARI, Seyedreza et al., 2021). More recently, hybrid Data-Driven and Physics-
Based models have been proposed. The simplest version of this involves using mechanistic
degradation models to create synthetic battery data to train a Data-driven model. There is also
the possibility of more directly encoding the governing equations of a physics-based model such
as the Doyle-Fuller-Newman model (DOYLE; FULLER; NEWMAN, 1993) into the machine
learning algorithm. This option would allow for a more robust algorithm that would require less
data to train. (AYKOL et al., 2021) is a short paper with some suggestions as to how this might

be done.

Choosing which of these models to use depends on the application and available resources;

it is a balancing act between trade-off.

2.3 Second Life Batteries

After the end of its first life in an Electric Vehicle, Lithium Batteries may be repurposed
for a different use case. This is an area of study that is expected to become increasingly relevant

as the market for Electric Vehicles continues to expand and more battery packs start to be retired.

Given that Second-Life batteries have partially degraded power delivery and energy
storage capacity, the available use cases are limited to those with lesser requirements. Section
2.3.1 discusses some of the problems related to the economic viability of second-life batteries.
Section 2.3.2 discusses some of the challenges with evaluating the Health Indicators for an aged

Battery Pack and from that estimating the rest of useful life (RUL).

2.3.1  End of Life Logistics and Economic Viability

There is a great deal of potential for second-life batteries. Once a electric vehicle battery

system reaches its first end-of-life — at around the 80 to 70% SoH range — it can still be used
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for between 5 and 10 more years in stationary applications (VENKATAPATHY; TAZELAAR;
VEENHUIZEN, 2015; MATHEWS et al., 2020; HARAM et al., 2021). During this period, these
recycled batteries will be replacing new batteries, avoiding the environmental damage associated
with the cell manufacturing process — this includes the release of Greenhouse Gases, production
of toxic waste product, mineral excavation, etc. (AHMADI; YOUNG, et al., 2017). Additionally,
a lot of the proposed second life use-cases are auxiliary to clean energy sources (eg. regulating
power delivery for renewable sources, thus ameliorating the problem of intermittency). This
makes Second Life Batteries more environmentally beneficial (AHMADI; YIP, et al., 2014).
However, for this potential to be realized, second life batteries must be economically viable —

which, as of now, is still uncertain.

The two biggest roadblocks which limit the viability of wide-spread adoption of SLBs is
the price of new batteries and the costs associated with the collection and repurposing processes.
Over the past decade, battery prices have fallen significantly, though this trend has slightly
reversed in recent years (BLOOMBERGNEF, 2022). It is still widely expected that the price
for new lithium cells will reach US$100/kWh. More recently, the target price for a new cell has
reached as low as US$80/kWh, as per the United States Department of Energy (DOE, 2020); at
this price range, SLBs might struggle to remain competitive. Due to their more limited lifespan
and power delivery capabilities, second-life batteries must be significantly cheaper than new
lithium cells to be considered equivalent; additionally, in many use-cases, second-life batteries
will be in competition with lead-acid and flow batteries, which can be significantly cheaper
(ZHU et al., 2021). (MATHEWS et al., 2020) estimates that the price cut-off at which point SLB
becomes worth is less than 60% of the original cost, NEUBAUER; SMITH, et al., 2015) places
this limit at a maximum of 72% — though both find that this depends on second-life use-case and

rate of capacity loss.

Trouble arises due to the high labour costs associated with the end of life process. Once
a battery has experienced its first end of life, it must be collected, assessed for damage and
diagnosed for degradation metrics, disassembled, and then reassembled. This process, shown in

Figure 2.17, is time consuming and labour intensive; this leads to inflated costs.

(RALLO et al., 2020) studies the battery disassembly process in great detail, each task
is broken down into component steps. These are then analyzed according to the number of

technicians required and time taken; from that, a cost estimate is generated. The three steps
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Figure 2.17 — Battery life cycle. Adapted from (RALLO et al., 2020; NEUBAUER, 2014;
HARAM et al., 2021).

which most significantly contribute to the final cost are the battery characterization (discussed in
more detail in Section 2.3.2), disassembling the pack into module, and disassembling the module

into cells.

In a new battery pack, there already exists small variations in the capacity and internal
impedance between cells; as the batteries age, the variance only grows (SCHUSTER; BRAND,
et al., 2015; PAUL et al., 2013). This is problematic for second life applications, as module-to-
module and cell-to-cell heterogeneity can put further stress in the healthier cells, leading to faster
degradation. One solution involves sorting through the battery pack and separating the cells
based on health indicators when reassembling a new energy storage system from retired cells
(ZHU et al., 2021; MARTINEZ-LASERNA; SARASKETA-ZABALA, et al., 2018). Another —
potentially complementary — solution is building a new battery pack based on a SmartBattery
topology, which provides each cell with a dc/dc converter and controller to better manage the cell-
to-cell differences (ARAUJO et al., 2019). Both of these solutions, however, requires dismantling
the battery pack down to the cell, which is a labour intensive and expensive process. In fact, as
per (RALLO et al., 2020), only the pack level of disassembly is potentially profitable (32€/kWh,
compared to 60€/kWh when disassembled down to the module). This is an important issue if

SLBs are ever going to be viable.
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Part of the problem is the lack of standardization in the industry; with appropriate designs,
some of the technical challenges associated with the remanufacturing process may be overcome
(KAMPKER et al., 2021). There is additional hope for automating, in part or in full, parts of the
disassembly process (ZHU et al., 2021; HARAM et al., 2021). In any case, both of these solutions
would also be assisting in furthering and facilitating battery recycling, another big area of interest
(HARPER et al., 2019). Currently, less than 5% of lithium-ion batteries are recycled, this is in
contrast with a 99% recycling rates for lead-acid in the US and Europe (YANAMANDRA et al.,
2022). This is in spite of the fact that end of life batteries do contain various precious metals and
could be quite valuable. The recycling rate is expected to increase as the necessary infrastructure
is built and as the regulations surrounding electric vehicles develop and go into effect (FCAB,

2021; COUNCIL OF EUROPEAN UNION, 2023).

2.3.2 Battery Diagnosis and Rest of Useful Life Estimation

Upon receiving a retired battery pack, it is important to diagnose it with regard to its State
of Health (capacity, impedance, and other health metrics) before it can be used in a second life
application. Firstly, not all cells are suitable for second life application, if lithium plating has
already started forming, the battery should be put to recycling instead (MARTINEZ-LASERNA;
SARASKETA-ZABALA, et al., 2018). Beyond that, identifying and sorting the modules and/or
cells in accordance to their SoH is important; a heterogeneous battery pack has a more limited
performance, degrades faster, and may be more unsafe (due to uneven heat distribution caused

by differences in impedance, for example) (TANIM et al., 2020; RAN et al., 2020).

Battery diagnosis is a critical step of the End-of-Life assessment; it can be, however,
very time consuming. In (RALLO et al., 2020), ‘battery characterization’ is the single most
time-consuming step (one technician, 250 minutes). One way to minimize time spent on this step
is for SoH data to be collected over the course of the battery lifetime and be made available to
the repurposer. This idea is known as a “battery passport”, a unique product identifier available
digitally that would contain relevant information about the battery for various stakeholders. This
would include information about the battery chemistry, cell geometry, information about the
manufacturers and the supply chain, diagnostics and maintenance data, among other things. The
European Union will require this kind of labelling starting on 2026 (BERGER; SCHOGGL;
BAUMGARTNER, 2022; COUNCIL OF EUROPEAN UNION, 2023).
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A digital-twin is similar to a digital product passport but even more in-depth. It is a
virtual representation (mathematical model or simulation) of a physical product which contains
information about the original and is regularly updated. The virtual and physical objects are in
constant communication, such that there is a bilateral interdependency between the two systems
(JONES et al., 2020; BHATTI; MOHAN; SINGH, 2021). Measurements from the physical
object are used to update the model; in return, the model is able to provide information such
as SoH and Remaining Useful Life (RUL) estimates to the physical system, as well as — for
example — be able to identify and predict need for maintenance in advance (BHATTI; MOHAN;
SINGH, 2021; VITALLI; MOREIRA, 2023).

Typically, a digital-twin would be hosted remotely and be accessed through the cloud; in
this position the model has access to more computating power, this enables more powerful and
complex battery degradation models to be applied; additionally, the data collected is useful as a
training data for a data-driven battery model (WU et al., 2020; BAUMANN; ROHR; LIENKAMP,
2018). The computing power available to the cloud could be further expanded by accessing the
storage, communication and storage resources of the vehicles themselves while they are charging
(a typical vehicle is parked 90% of the time) — this is known as vehicular edge-computing
or cloud-computing (LIU et al., 2021; WHAIDUZZAMAN et al., 2014). There are, however,
several privacy and security concerns with these approaches which go beyond the scope of this

work.

2.3.2.1 SoH Estimation Methods

Battery diagnostic tests should be non-destructive, give insight about the internal elec-
trochemical state of the cell and, ideally, be easily and quickly obtainable. Table 2.3 gives a
summary of some SoH estimation methods — adapted from (QIAN et al., 2019). When assessing
an aged cell, multiple parameters should be considered. Typically, the more information the

better.

The two simplest SoH estimation methods are capacity and DC impedance measurement.
A full characterization of both values can be done using Hybrid Pulse Power Characterization
(HPPC) test; demonstrated in Figure 2.18(a) as per (CHRISTOPHERSEN, 2015). First, the
battery is discharged until it reaches a reference minimum voltage; after an 1 hour rest period, it is

charged at a C/3-rate until it reaches a reference maximum voltage — this step is used to determine
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Table 2.3 — Parameters and methods used in references for SOH evaluation. Adapted from (QIAN

etal., 2019)
Parameters/Methods Feature
Capacity-based Easy to obtain, simple evaluation
DC resistance (DCR) Easy to obtain, simple evaluation
Area-specific impedance(ASI) Easy to obtain, simple evaluation
AC impedance (EIS) Hard to obtain, In-depth evaluation, expensive

Incremental capacity (dV/dQ) Hard to obtain, In-depth evaluation, off-line
Differential voltage (dQ/dV) Hard to obtain, In-depth evaluation, off-line

battery capacity through Coulomb counting. Then, after another 1 hour of rest, two short pulses
are applied as per Figure 2.18(b). The first pulse is a 1 C-rate discharge pulse applied for a period
of around 30 seconds; after a 30 second rest period, a smaller charge pulse (sometimes referred
to as a “regen” pulse) is applied for around 10 seconds — note that this second pulse is not always
applied. Following this, the battery then discharges until it reaches a 10% SoC interval at which
point the systems rests and the process repeats itself (internal resistance varies with SoC). The
DC resistance (alternatively known as pulse resistance) is calculated based on the current pulse
measurements, as illustrated in (2.18), where Vj and V] are the voltage measurements read at
the start and at the end of the pulse and A7 is the amplitude of the current step applied. Note

that charge and discharge resistance may have difference values — which is why a charge and
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Figure 2.18 — HPPC Test current profile, adapted from (CHRISTOPHERSEN, 2015). a) Full
test current profile. b) Charge and discharge pulses (repeated at every 10% SoC
interval).
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a discharge pulse are applied — and that resistance may also be dependent on amplitude of the

current pulse due to the non-linear nature of battery systems.

Vi—W
Al

Rpc = (2.18)

Area-Specific Impedance (ASI) [2m?] is another metric obtained from the HPPC test
mentioned in Table 2.3; it can be obtained by multiplying the DC resistance Rpc with the
electrode film surface (A [m?]) as shown in (2.19). This is done because resistance is inversely
proportional to electrode surface area which itself is proportional to total cell capacity, meaning
ASI works as a correction factor which allows one to compare batteries of different geometries

and capacities more fairly (GALLAGHER; NELSON; DEES, 2011).

Rasr = Rpc - A (2.19)

The HPPC is a particularly thorough and slow assessment test for the battery — it may
potentially last an entire day. This is largely due to the long rest periods between discharging the
battery and doing a current pulse measurement. These pauses are necessary to allow the diffusion
process to settle. The process can be shortened simply by measuring the impedance at fewer
SoC values. Either way, both of these two measurements can be done in-situ using equipment
available in a simple BMS. Allowing the BMS to occasionally do HPPC measurements over
an extended rest period and making the results available to the repurposer could save time and

simplify the EoL battery assessment.

Alternatively, (WAAG; KABITZ; SAUER, 2013) describes a slightly different method
for measuring direct current resistance. A current pulse A[ is applied for a period of AT (10s
in this case), a line is drawn between the voltage value at end of the pulse and the half-way
point. This line is extended until the start of the pulse and the voltage at that moment is used
to calculate the resistance value. This process is represented in Figure 2.19(a) and in Equations
(2.20) and (2.21). The aim of this technique is to remove the effect of the diffusion phenomenon
such that the resulting resistance (R4) more closely corresponds to the EIS resistance value at the
transition point of the Warburg impedance (local minimum), shown in Figure 2.19(b). As a result,
this resistance value has more physical significance: it is approximately the sum of the bulk
(Ry), SEI (R;) and charge-transfer (R,) resistances. Additionally, this impedance measurement

method can be used to detect lithium plating (KOLETI; DINH; MARCO, 2020). Typically R,
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Figure 2.19 — a) Battery cell voltage response to current step and alternative algorithm for R,
using HPPC Pulse. b) Physical significance of I?; value as shown in an EIS plot.
Adapted from (KOLETI; DINH; MARCO, 2020).

varies with SoC such that the graph forms an ‘U’ shape (minimum at around 50% SoC, grows as
it approaches 0% and 100%), expect if there is lithium plating present, at which point the R,
values are depressed around the 100% SoC region, particularly at higher current values — shown

in Figure 2.20 (KOLETI; DINH; MARCO, 2020).

Vi =Vio — (ta — o) - —Vf — :/ﬂ (2.20)
2 — 1
Vi
=2 2.21
Ry N (2.21)

Electrochemical Impedance Spectroscopy was previously discussed in Section 2.2.2.1. It

is able to disaggregate the various internal electrochemical processes which occur at different
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frequency ranges, thus providing a much more detailed breakdown of internal battery dynamics
than the more simplistic DC resistance measurement which is obtained through the HPPC test.
To make an EIS measurement, a small amplitude AC signal is applied at various frequencies.
An EIS spectrum with 60 frequency measurements over a range between 100kHz and 0.1Hz
(ten frequencies per decade, distributed logarithmically) takes about 2-3 minutes (LAZANAS;
PRODROMIDIS, 2023). This is the time required to make an EIS measurement at a single SoC
value, it takes much longer to measure over many SoC values due to the necessity of resting
between periods of charge and discharge (AZIZIGHALEHSARI et al., 2023) — the same problem
as with the conventional HPPC test. The difficulty with EIS measurements is that they require
specialized equipment. It is therefore a test that is usually only possible on a laboratory setting.
There have been, however, proposals for estimating the EIS spectrum in-situ by using BMS
voltage and current measurements obtained from regular operation — these methods would allow
for the continuous monitoring of battery status throughout the battery lifecycle (GUHA; PATRA,
2018; BAUMANN; ROHR; LIENKAMP, 2018; KUIPERS et al., 2020; GONG et al., 2022).

Lastly, Incremental Capacity Analysis (ICA) and Differential Voltage Analysis (DVA)
are two variations on the same test. The charge and discharge voltage is measured by applying a
low rate current through the battery cell (the smaller the current, the closer the voltage profile
is to equilibrium OCYV), then using the measured voltage profile (V vs () to determine the IC
(% vs V) or DV (% vs Q) curves (where () is being used to represent throughput capacity in
Ah), as seen in (2.22) and (2.23), respectively. This technique transforms the mostly smooth
pseudo-OCV profile into more discernible peaks and valleys (DUBARRY; SVOBODA, et al.,
2006; DUBARRY; ANSEAN, 2022). In the case of ICA, peaks occur in regions where voltage
plateaus and represents a chemically stable region. In the case of DVA, peaks occurs in regions
of phase transition. Most analysis use ICA, as it can more easily be used to track degradation
and has the advantage of having a stable x-axis as capacity decreases; DVA is better if one is
measuring the potential of anode and cathode individually (by using a reference electrode) — in
this situation, the resulting DVA curves are additive (BLOOM et al., 2005; DAHN et al., 2012).

The rest of this explanation will focus on ICA.

0Q  Qu—Q
T (2.22)
v V-W

APV R 2.23
0~ 0,0 (2:23)

The IC/DV tests are sensitive to temperature, electrical connection, and the calibration
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and resolution of the voltmeter (ideally 1mV or lower). For best results, the test is conducted
on a single cell (as opposed to a string of cells or a module), with a very low constant current —
typically a rate less than C/10, ideally C/25; these characteristics make it a test more associated
with a laboratory setting (DUBARRY; ANSEAN, 2022; DUBARRY; BAURE, 2020). There
have been attempts to translate this test into something that can be performed online by a BMS
— particularly during charging (RIVIERE et al., 2019; KRUPP et al., 2020; WANG, L. et al.,
2016). One of the main limitations is the charging rate used; it is possible to perform ICA
with higher currents, though this alters the voltage curve due increased temperatures caused by
higher currents and heterogeneities in the intercalation rate along the cell; this results in broader,
distorted peaks which — nevertheless — may still be identifiable and useful, though it may require

some filter and processing (CHEN, Y. et al., 2022).

The ICA profile of a given cell depends profoundly on the cell chemistry, each active
material has its signature peaks and valleys at specific voltage values. Figure 2.21, originally
from (DUBARRY:; ANSEAN, 2022), shows the half-cell IC profiles for various active materials,
both positive and negative. The first step to analyze any full-cell ICA is to identify and index the
peaks, in the case of a LFP/Graphite cell, Figure 2.22, there are five peaks in a new cell — peak 2

is tied to LFP (cathode active material) and peaks 1, 3, 4 and 5 are associated with the graphite
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Figure 2.21 — Half-cell Incremental Capacity (measured for charge and discharge at C/25) for
various cathode and anode active material. Figure originally from (DUBARRY;
ANSEAN, 2022)
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Figure 2.22 — Charge and Discharge incremental capacity for LFP-Graphite Cell, measured at
C/25 C-rate. Figure originally from (ANSEAN et al., 2019).

active (negative active material) (ANSEAN et al., 2019). Each of these peaks is associated with
a particular electrochemical phenomenon; in this sense, ICA is similar to EIS in its ability to
provide insight into the internal state of the battery. As such, by tracking the change in the shape,
position and area of each of these peaks as the battery ages, its possible to track degradation.
Different degradation modes — LLI, LAM, ohmic resistance increase and lithium plating — each
have different effects on the various peaks which can be identified (DUBARRY; SVOBODA,
et al., 2006; ANSEAN et al., 2019). New lithium plating formation — a form of degradation of
particular interest for repurposing and second life applications — shows up in the ICA profile
as a new, previously absent peak at high voltage values; this peak is evident particularly if the
ICA is measure using higher charging currents (ANSEAN et al., 2019; CHEN, Y. et al., 2022).
Additionally, lithium-plating formation may also be detected by skipping the constant voltage
step during charging and measuring the subsequent voltage relaxation DV (%) as the battery

diffusion settles (CHEN, Y. et al., 2022).

2.4 Conclusions

Chapter 2 provided a broad overview of topics pertinent to Second-Life Batteries (SLBs),
covering aspects from Electric Vehicle modeling in Section 2.1, to foundational discussions
on lithium-ion batteries in Section 2.2, and more detailed considerations of SLBs themselves
in Section 2.3. Building on this foundation, the dissertation will now narrow its focus to the

simulation of batteries using physics-based models.
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Chapter 3 delves deeper into these models, serving both as a literature review and
a detailed examination of the internal electrochemical dynamics of batteries, as well as the
mathematical models employed to represent these processes. This chapter extends and expands
on what has already been said about battery fundamentals and physics-based models in Sections

2.2.1 and 2.2.3.
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3 Physics-Based Battery Models

The physics-based battery models (alternatively known as electrochemical or mechanistic
models) are the most complete and complex mathematical battery cell representations in the
literature. This family of models explicitly attempts to represent the internal chemical state of
the cell with a system of physically significant equations. These models are thus significantly
more complex and computationally expensive than Equivalent Circuit Models and other simpler
alternatives more common in Electrical Engineering. The upside is that these models, if properly
calibrated, have the potential to be significantly more accurate than all other models, particularly

in extreme conditions like high C-rates or extreme temperatures.

This section provides a brief introduction to these physics-based models. Section 3.1
discusses the basic Doyle-Fuller-Newman (DFN) model, which forms the foundation for most
subsequent variants, including some simplified versions — discussed in Section 3.1.2. Section 3.2
explores various submodels that can be integrated with the basic battery model to simulate more

complex behaviors — specifically degradation and internal heat generation.

3.1 Base Physical Model

As previously described in Section 2.2.1, batteries are composed of three primary regions:
negative electrode (anode), separator, and positive electrode (cathode). Within both electrode
regions, there is a ‘solid-phase’ (alternatively known as the ‘active material’) which serves as a
deposit for lithium atoms. During discharge, lithium ions and free electrons are transferred from
the anode to the cathode; the transport of lithium occurs within the cell (through the electrolyte
and across the separator) while the transport of electrons occurs outside the cell — where they
can be used to do useful work. The inverse of this movement occurs during charging. Figure 2.9
shows a schematic representation of the chemical phenomenon occurring within the cell during
discharge and (2.14) shows the graphite (most common anode) reduction and oxidation (redox)

reactions which enable the lithium intercalation and deintercalation processes.
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3.1.1 Doyle-Fuller-Newman Model

The Doyle-Fuller-Newman model, originally described in (DOYLE; FULLER; NEW-
MAN, 1993) and (FULLER; DOYLE; NEWMAN, 1994), is based on the porous electrode
theory and concentrated solution theory — two models from electrochemistry which are used to
describe the movement of charged particles dissolved in a liquid solution within a uniformly
porous medium. It represents the internal volume of the battery as a homogeneous, porous mix

of electrolyte and active material.

In this model, at any given moment, the internal macroscopic physical properties of the
battery cell (eg. electrolyte lithium concentration c.) are represented as a one dimensional set of
continuum values which vary along the cell length — the x-axis — which extends between one
current collector and other. The solid-phase, the electrode active material where the lithium is
able to be deposited and held, is represented as microscopic spherical particles of radius R= (the
average particle radius). At any given position x;, it is assumed that all particles are the same, as
if as there were only one per node. Intercalation and deintercalation, the process through which
lithium binds and unbinds from the electrode material through the redox reactions, is represented
using a ‘transfer current’ variable (lithium flow between electrode and electrolyte) and diffusion
within these spheres along a microscopic r axis (movement within the electrode, between bulk
and surface). As such, lithium concentration in the solid phase is the one variable which is
modelled in two dimensions (cs(z, 7)). Given this, the DFN model is also sometimes called the
Pseudo-2-dimensional (P2D) model. For the sake of brevity, the spatial and time dependencies
of each variable will not be explicitly declared unless strictly necessary, meaning c(t, z, r) will

be written as c,.

A simplified diagram of this model in shown in Figure 3.1 — adapted from (LEE; ONORI,
2021b).

Table 3.1 includes the fundamental equations that govern the DFN model, Table 3.2
lists and names all the symbols and variables. Sections 3.1.1.1 through 3.1.1.3 introduce each
of these equations. For a full explanation of the model, see (DOYLE; FULLER; NEWMAN,
1993; FULLER; DOYLE; NEWMAN, 1994; NEWMAN; BALSARA, 2021; HARIHARAN;
TAGADE; RAMACHANDRAN, 2018; THOMAS; NEWMAN; DARLING, 2002). Reference
(RICHARDSON et al., 2022) is particularly good for beginners with no electrochemistry basis.



Table 3.1 — Doyle-Fuller-Newman model equations(SMITH; WANG, 2006; DOMENICO; STEFANOPOULOU; FIENGO, 2010; PRADA, 2012).

Name of mechanism Equations Boundary conditions and/or
Complimentary equations

; -ref Qox ~Qred _ Qox
Transfer current i = Qi (ewp(aj’{TFn) exp(— ocEdTFn)) (DFN.1) Go =1y * g Cor*(Csmaz — Cs) (DFN.1a)
(Butler-Volmbher rate) n=¢s— b — Ulcss) (DFN.1b)
0¢s _ O0ds _ I
Solid phase 2 (es020s) = jir (DFN.2) R I I (DFN.2a)
charge conservation ;;S o=b, — 8¢: vy, = U (DFN.2b)
Oln(ce .
Electrolyte phase T: ( iﬁaax@) =~ ("f%f a; )) = Jtr (DFN.3) 85;5? = 66¢e = ¢.(0)=0 (DFN.3a)

charge conservation

p . Jcs _
Solid phase beo= %L (rPDyfe,) (DFN.4) ol =0 (DFN.4a)
Li* diffusion DGe| = — 4 (DFN.4b)
Electrolyte phase Deecce =2 (DM Le.) + S5y, (DEN.S) Dee| Bl (DFN.5a)
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L ]Electrolyte
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Figure 3.1 — Schematic of battery cell DFN model during discharge. Adapted from (LEE;
ONORYI, 2021b).

Table 3.2 — List of DFN model variables.

Symbol  Variable name Unit

as Active surface area m~1

A Area of electrode m?

Ce Concentration of lithium in the electrolyte mol - m™3
Cs Concentration of lithium in the solid phase mol - m=3
Cos Concentration of lithium at the surface of solid phase mol - m™3
D, Electrolyte phase diffusion coefficient m? - 571
D, Solid phase diffusion coefficient m? . st
F Faraday’s constant C - mol™!
lo Exchange current density A-m™2

1 Input current A

Jir Transfer current per volume A-m™3

L Total cell length m

r Radial coordinate in the 1D model m

R Ideal gas constant J-mol™t - K1
R Radius of spherical particles m

t Time 5

iy Li ion transference number -

U Half-cell Open Circuit Potential (OCP) V

V Cell voltage %

x Spatial coordinate in the 1D model m

o} Charge transfer coefficient -

4} Length of individual electrodes and separator m

Es Volume fraction of the active material -

e Volume fraction of the electrolyte/porosity -

Es Volume fraction of the filler -

i Electrode overpotential A%

K Tonic conductivity S.-m1
[0) Electric potential of electrolyte of solid phase V

o Solid phase conductivity S-m™1
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3.1.1.1 Transfer Current

The volumetric transfer current (j;.[4/m?]) in equation (DFN.1) represents the rate of
the redox (reduction and oxidation) chemical reactions which allows for the intercalation and
deintercalation of lithium ions into both negative and positive electrodes. In the DFN model, this
dynamic is represented as a transfer current (j;,.) between solid and electrolyte phase currents (¢
and 7). (RICHARDSON et al., 2022). Figure 3.2 exemplifies this phenomenon during discharge.
When fully charged, lithium atoms are stored in the negative active material. As the battery cell
discharges, lithium ions are released into the electrolyte (represented by electrolyte phase current,
i.) and free ions and released into the solid-phase and are eventually released externally through

the current collector (solid-phase current, ).

This rate of the redox reaction is described with by the Butler-Volmer equation, which
depends on overpotential (DFN.1b) — the difference between the voltage gap between solid-phase
and electrolyte, and equilibrium potential (U) (DICKINSON; WAIN, 2020). Charge transfer
rates o,y and ageq determine the relative rates of the oxidation and reduction reaction, respectively
responsible for the deintercalation and interlation in and out of the electrode solid-phases. In the
case of a battery, these reactions are near symmetrical such that both terms can be assumed to
be equal to a = 0.5. With this assumption, the transfer current equation can be simplified as a

x

hyperbolic sine (¢ — e~* = sinh x).

The transfer current value depends primarily on exchange current density (,), specific

Negative Electrode ! Separator

Figure 3.2 — Diagram representation of the process of lithium deintercalation (oxidation reaction)
which releases a lithium ion previously deposited in the negative solid-phase into
the electrolyte.
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active surface area (a,) and overpotential (7). The exchange current rate determines the rate of
reaction and is tied mainly to lithium ion concentration in the solid and electrolyte phases. Active
surface area relates the active particle surface over active particle volume, given a spherical
particle of radius R, this is equal to (3.1). Overpotential — shown in (DFN.1b) — is the difference
between the potential difference across an interface (¢s — ¢.) and the half-cell OCP for the
given electrode active material (U~) — the former is an important property of the electrode active
material, functions as the reaction equilibrium potential, each possible electrode chemistry has an
unique voltage profile as a function of lithium concentration (MARQUIS, 2020; RICHARDSON
et al., 2022).

af =¢ef. = (3.1

3.1.1.2 Charge Conservation

The charge conservation equations (DFN.2) and (DFN.3) relate electric potential (voltage)
in the solid and electrolyte mediums (¢ and ¢.) to the volumetric transfer current described
by (DFN.1). In the case of solid-phase potential (DFN.2), this relationship can be derived from
(3.2a) and (3.2b). Where i4[4/m?| is the current density in the electrode solid phase and o[5/m] is

the solid phase conductivity.

is = —0gs - Lo, (3.2a)

Jir = — i (3.2b)

The charge conservation equation for the electrolyte (DFN.3) follows a similar logic with
an additional term which depends on ionic concentration, c., to account for concentrated solution
theory (RICHARDSON et al., 2022; NEWMAN; BALSARA, 2021). Notably, the electrolyte
effective ionic conductivity () depends on electrolyte volume fraction (porosity) as described
by (3.3). This is significant because one of the effects of degradation (discussed more in depth in
Section 3.2.2) is the decrease of electrolyte volume share, which directly leads — as per (3.3) — to

resistance increase.

K = K elres (3.3)

Note that solid phase and electrolyte phase potentials are dependent on transfer current
which is itself dependent on cell potential. This is one of many circular, non-linear relationships
that have to be numerically solved through recursive methods at each time step of the simulation

(HAN; TANG; RAHIMIAN, 2021).
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3.1.1.3 Lithium-ion Diffusion

The mass conservation equations (DFN.4) and (DFN.5) describe the movement of lithium
ions within the solid and electrolyte domains of the cell. This is an issue of great importance
seeing as the movement of free lithium-ions between anode and cathode and vice-versa is the
fundamental working principle of the battery cell; the thing that enables it to charge, store, and

discharge energy.

One of the ways through which lithium concentration influences the macroscopic oper-
ation of the battery is with Half-cell OCP (U*) — the equilibrium voltage of the intercalation
reaction in (DFN.1). Each electrode material has a unique voltage profile as a function of surface
lithium concentration which can be measured experimentally as demonstrated in (WANG, A. A.
et al., 2022). Figure 3.3(a) shows the half-cell open circuit potentials for a NMC/Graphite-Silicon
battery, Figure 3.3(b) show resulting Open-Circtuit Voltage for the full cell given the combination
of these two half-cells (CHEN, C.-H. et al., 2020).

The reason why these half-cell OCPs have such a big impact on over-all output voltage
can be derived from (DFN.1b). Typically, both overpotential 7 and electrolyte potential ¢, are
rather small (particularly if applied current is low). Given that, (DFN.1b) can be approximated
as (3.4). This itself can be combined with (DFN.6) and rearranged to show that (3.5). This is an
important conclusion which will later be used to derive a simplified variant of the DFN model in

Section 3.1.2.2.

¢ = Ulcss) (3.4)
V a2 Ut (ces(L)) — U (cs5(0)) (3.5)

For both solid-phase and electrolyte cases, the diffusion dynamics are described using
“Fick’s laws of diffusion”. These are expressed as second-order partial differential equations of
the format: “u = D - V*u” applied to a one dimensional space (r-axis for solid-phase, x-axis
for electrolyte phase) (LI; CHEN, 2008). This same equation structure is used to define the heat
equation. With fickian dynamics, the total amount of (in this case) lithium atoms in a volume
changes solely as a function of the boundary conditions; such that, if the boundary conditions
are zero, total lithium in the system remains constant and the concentration tends to homogenize
overtime. This dynamic is not preserved in the electrolyte phase diffusion case (DFN.5) due to

the inclusion of an additional terms that depends on volumetric transfer current (j;,.) — effectively
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Figure 3.3 — Battery electric potential. a) OCP for each of the individuals half-cells for a
NCM/Graphite-Silicon battery as a function of lithium concentration; b) Full cell
Open-Circuit Voltage. Adapted from (CHEN, C.-H. et al., 2020).

a form of ‘generation’. The equation for solid-phase diffusion (DFN.4) might be unfamiliar due
to it being expressed in a system of spherical coordinates, but given that solid-phase diffusion D
is constant throughtout the particle, this equation can be rewritten as (3.6), which is more easily
discernible and computable (LI; CHEN, 2008; DOMENICO; STEFANOPOULOU; FIENGO,
2010). Note also that for solid-phase diffusion, electrode surface boundary conditions (DFN.4b)

depend on transfer current jg,..

Geo =D, (Zeo+ 2oc,) (3.6)

3.1.2 Simplified Models

The DFN model is a widely used model within academia, it manages to remain accurate
even in situations of high C-rate and/or extreme temperatures. Its biggest disadvantage is its

complexity, both in terms of parametization and computational requirements.

In terms of parameters, there are as many as 35 parameter needed to simulate a full
DFN model (CHEN, C.-H. et al., 2020). Further complicating things, many of these values are
functions dependent on other variables such as temperature 7" and lithium concentration c, and
css- The independent measurement of all these parameters is a laborious and expensive process
which requires specific equipment and the destruction of the cell in question (CHEN, C.-H.
et al., 2020; WANG, A. A. et al., 2022). Thankfully, a lot of these variables refer to physical
properties which, once measured, should be true of all cells — or at least of all cells of a certain

chemistry. By limiting the number of unknowns, less estimation and measurements are required
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to characterize a cell. For this reason, there is at least one database which attempts to log battery
model parameters from across the scientific literature — though it is a limited database and in no

way an exhaustive list (WANG, A. A. et al., 2022; WANG; SULZER, 2021).

Additionally, calculating the numerical solution for the DFN model can take a long
time for each time-step, which can be a challenge for certain applications, particularly Battery
Management Systems (BMS) (SUBRAMANIAN; DIWAKAR; TAPRIYAL, 2005; JIN, 2022).

Due to these complications, it is often more appropriate to use a simplified approximated model.

3.1.2.1  Simplified Solid-Phase Diffusion

The DFN model is made up of a system of interconnected differential and algebraic
equations, listed on Table 3.1. The typical way to solve these system of Partial Differential
Equations (PDEs) is to discretize the space in accordance to the Finite Elements Method, Finite
Differences Method, Finite Volume Method — or some other — and replace the PDEs with a series
of Ordinal Differential Equations (ODEs) or Differential Algebraic Equations (DAEs) which
are easier to solve (LI; CHEN, 2008). In the case of lithium ion diffusion within the electrode
solid-phase, shown in equation (DFN.4) and explained in greater detail in Section 3.1.1.3, the
r-axis needs to be discretized. However, in the DFN model, it is as if there is one spherical
particle within every node in the z-axis. This causes the number of ODE:s tied to the solid phase
dynamics to grow multiplicative, proportional to both the number x-axis and r-axis nodes — this

is the two-dimensional nature of solid-phase lithium diffusion.

Though computational complexity related to lithium diffusion grows quickly, it is not
particularly beneficial. Macroscopic cell behaviour depends only on the concentration at the
electrode surface, the concentration values in 7 < RE range are not of particular importance.
One approach to simplify the diffusion model proposed by (SUBRAMANIAN; DIWAKAR;
TAPRIYAL, 2005) is to assume a polynomial distribution of concentration in the r-axis. Two
models are presented, the low order polynomial (LOP) assumes a quadratic polynomial and the

high order polynomial (HOP) assumes a quartic polynomial.

2

* Low order polynomial c(t,7) = a(t) + b(t) =
R N (3.7a)
Cos = Cs — 3P F (3.7b)
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* High order polynomial ¢(¢,7) = a(t) + b(t);—Q2 + cl(t);—él4
8 5 3 Atr’
D5 = b (3.82)
5= 30550 — 5 f (3.8b)
Cos = Gy + Soq — Fho o (3.8¢)

Where ¢, is the volume-averaged concentration, c,; is the surface concentration, and ¢ is

the volume-averaged concentration flux.

The simplified model eliminates the need to model the r-axis and replaces the diffusion
dynamics from equation (DFN.4) with a significant simpler model described by equations
(3.7) and (3.8). According to (SUBRAMANIAN; DIWAKAR; TAPRIYAL, 2005), these two
approaches managed to save 80% to 90% of the time to solve the simulation when compared
to the full P2D model (ZHANG; WHITE, 2007). Both approaches are reasonably accurate
though typically fail to capture transient behaviour at high currents. The LOP is accurate up to
around 2 C-rate while the HOP is accurate up to around 5 C-rate (TORCHIO et al., 2016). To
achieve accuracy at higher currents, one could derive polynomial approximations of even higher
orders by extending the approach described in (SUBRAMANIAN; RITTER; WHITE, 2001;
SUBRAMANIAN; DIWAKAR; TAPRIYAL, 2005) or implementing alternative more advanced
methods like the ones seen in (RAMADESIGAN et al., 2010).

3.1.2.2 Single Particle Model

The Single Particle Model (SPM), depicted in Fig 3.4, is a commonly used simplified
version of the DFN model (SANTHANAGOPALAN et al., 2006; GUO; SIKHA; WHITE,
2010; NING; POPOV, 2004). It is based on the premise that the solid phase within each of the
electrodes is uniform, meaning that, instead of simulating the lithium solid-phase diffusion in
every node of a discretized x-axis, only a single spherical particle per phase is simulated. It is

the insight from the (3.5) approximation expanded.

One of the big advantages of SPM models is that instead of arriving at the value of
transfer current j;,. at every node in x recursively, it is only a single value per phase and it can be
calculated deterministically. Transfer current boundary equations (DFN.1a) and (DFN.1b), in
addition to equation (3.2), indicate that solid-phase current (¢,) is directly proportional to applied

current (/) in the two extremes of the battery (at x=0 and x=L) and is equal to zero in edges of
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Figure 3.4 — Single Particle Model schematic.

the separator. Combining this insight with (3.2b), which relates transfer current and solid-phase
current, one can obtain (3.9). From that, transfer current for both electrode phases ji: can be

calculated as a function of applied current using (3.10) (PRADA, 2012).

677,

/ Jer(z)dx =% (3.9a)

0

L
/ Jer(z)dr = =% (3.9b)

Ssp
= (3.10a)
Jb = (3.10b)

In the SPM model, the equation for cell output voltage is given by combining the DFN

voltage equation (DFN.6) and the overvoltage equation (DFN.1) such that:

T b5
V= (U +¢(L) +n") — (U™ + .(0) + 1) (3.11a)
V =AU + A¢. + An (3.11b)

The half-cell open circuit potentials U+ are the dominant terms in equations (3.11). As
+

Ss*

before, these depend on surface concentration ¢

The kinetic overpotential * can be expressed as a function of transfer current:

.+
nt = f—;{ . arcsinh(#) (3.12)

The term i is the exchange current and depends on lithium concentration in the electrolyte
and particle surface — as shown in (DFN.1a). In an SP model, this variable is either made to be

only dependent on surface concentration or is considered as a constant for simplicity sake.
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The electrolyte potential difference A¢, is equal to:

Age = (1 — 1) 2 Il — IR, (3.13)

The first term of equation (3.13) depends on the lithium distribution within the electrolyte
c.. The basic SPM does not model lithium transport in the electrolyte as described by (DFN.5).
Rather this value is assumed to be uniform and constant — this is a reasonable approximation
for currents up to 1 C-rate. There is a subset of Single Particle Models which do account for
the electrolyte dynamics known as SPMe. These models are accurate to currents up to 2 C-rate

(PRADA, 2012; PRADA et al., 2013; MOURA et al., 2016; ALLAM; ONORI, 2018).

The second term contains a term proportional to electrolyte resistance, which is a term
depends on effective electrolyte conductivity x. — given by (3.3), electrode length §; and cell

area A as stated in equation (3.14) (PRADA, 2012; PRADA et al., 2013)

Ro= (& +25 + &) (3.14)

ff
R T el

3.2 Complementary Submodels

The original DFN model (DOYLE; FULLER; NEWMAN, 1993) does not account for
capacity degradation or heat generation from the battery. To better represent these dynamics, it is

necessary to modify the base model with additional equations and parameters.

3.2.1 Thermal model

Many of the electrochemical processes and reactions that take place within the battery are
sensitive to temperature changes. This is particularly true for degradation mechanisms, for which
temperature is one of the most significant stress factors (EDGE et al., 2021). (WALDMANN
et al., 2014) studies battery degradation for temperatures between —20°C' and 70°C' and identifies

increased aging rates for temperatures above and below 25°C.

The reaction rate dependence on temperature can be represented by the Arrhenius equa-
tion (3.15). Here, W is a generic variable which represents a particular temperature dependent
parameter, EY [//mol] is the activation energy for the given parameter. A lot of variables can
be described using the arrhenius equation template, these include: electrolyte and solid phase

diffusivity (D, and D,), electrolyte conductivity ., intercalation reaction rate (i), among
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others (MARQUIS, 2020).

E\II
U = WU, - exp ( 5 . <Trlef _ %)) (3.15)

Temperature additionally has an effect on the Open Circuit Potential of each of the
electrodes as presented by (3.16). The entropic potential (OU/JT) is typically measured ex-
perimentally as a function of surface lithium concentration (c) for a fixed temperature (GU;
MALYSZ, et al., 2016; BAEK et al., 2022). Note that the effect that entropic potential has on
output voltage is typically small, in the order of a 0.1mV/ K, and can often be disregarded.

8U<Css)

Ulcss, T) = Uset(css) + (T — Trey) T |1=T,

(3.16)

The simplest possible thermal model is isothermal. It assumes that there is no internal
heat generation such that cell temperature always matches ambient temperature. In situations
with higher currents or when heat dissipation is constrained, generation can be a significant factor
in overall temperature. The simplest model which corrects for these limitation is the so called
“lumped model”. It represents cell temperature as being uniform along the entire cell and from
ambient temperature due to internal heat generation and heat transmission with the environment.

Both of which are explicitly modelled (3.17).
MC,2E = Q — hA(T — Tomp) (3.17)

In Equation (3.17); () represents the heat generated within the battery (W); M and C),
are the cells mass (kg) and heat capacity (//kg-K), respectively. Variables A, and h are the cells
external surface area exposed to cooling (m?) and its thermal convective coefficient (W/m? k),
respectively (PRADA, 2012). Note that /» depends on the form of cooling employed, it can range
from 5 — 10 if the cell is subject to free convection air cooling, 10 — 70 for forced air cooling,

and over 100 with liquid cooling (PRADA, 2012).

Internal heat generation () can be broken down into four component parts: ohmic heating,
reaction heating, reversible/entropic heating, and contact/current collector heating. In a DFN
model, these can be represented as shown in eq (3.18)(SMITH; WANG, 2006; SRINIVASAN;
WANG, 2002; FANG; KWON; WANG, 2010).
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Q = Qohm + Qrea + Qent + Qcc (3.18a)
L
Qohm = A/ eff(é‘qﬁb) + Heff(é’qﬁe) + egf(c’?lg(w@) . %Q;e)dx (3.18b)
0
L
Qrea = A/ jT(¢s - ¢e - U)dl) (318C)
0
L
Qe = A /0 JrT 8% (cos)da (3.18d)
Qec = I Re. (3.18e)

The contribution of ()., is typically small, such that it can be disregarded by approximat-
ing OU/OT = 0 (FORGEZ et al., 2010). This model can be greatly simplified by assuming the
OCP terms are constant along the z-axis and that the transfer current reaction rates are spatially
uniform. Given these assumptions, () can be rewritten as shown in equation (3.19). Here, Ug'vg
is the average OCP and I% is the total transfer current within each of the j electrodes, where

j € {+, —}GU; WANG, 2000; RAO; NEWMAN, 1997).

Q= Z(IJ U, — 6Uﬂvg))—fv (3.192)

I = A/ jr(x)dx (3.19b)
AL;

In a Single-Particle Model, the heat generation equation (3.19) is further simplified as
shown in (3.20)(PRADA, 2012).

Q= ((v-Ut U+ 2500 (3.20)

Beyond the lumped thermal model, there are more complex models which account for
uneven distributions of temperature within the cell. This is important when modelling for thermal
runaway, which is triggered by the hottest point in the cell (GU; WANG, 2000). Any model
which aims to account for temperature distribution within a cell is necessarily dependent on the
particular cell geometry; for lithium cells, the two most common types are ‘Pouch cells’ and

‘Cylindrical cells’.

In both cases, the DFN model x-axis is too thin to contain any significant temperature

gradients. For pouch cells, its more worth modelling temperature along height and length
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(T'(t,y, z)), and for cylindrical cells, temperature is modelled relative to cylinder radius and

height (T(¢, e, ).

These models are naturally more complex and outside the scope of this work. For more
on distributional thermal models, references (MARQUIS, 2020; XU et al., 2015) and (TIMMS
et al., 2021) discuss pouch cell models and references (FORGEZ et al., 2010), and (ZHANG,

2011) discuss cylindrical models.

3.2.2 Degradation Model

Within the cell, there are undesired side-reactions which decrease available lithium and
increase internal resistance. Over many cycles, the cumulative effect of these reactions leads to
capacity fade and impedance increase, in addition to other effects. Typically, the metric used
to track capacity degradation is ‘State of Health’ (SoH), it measures current capacity () as a

fraction of nominal capacity Qom.

The typical life-cycle of a battery, illustrated by the graph in Figure 2.16, starts with
accelerated capacity degradation for the first few cycles as a initial layer of Solid Electrolyte
Interface (SEI) builds on top the surface of the negative solid phase. After this initial build-up,
capacity continues to decrease at a slower but constant rate. This phase of linear degradation
lasts for most of the batteries life-cycle. Once the SoH reaches 80%, the battery is typically
deemed to be at its End of Life (EoL), though realistically it still can be reused in a Second
Life scenario with a less intensive duty-cycle. The linear, SEI growth dominated capacity fade
continues past the 80% SoH mark, up until the transition from linear to non-linear capacity
degradation — the so called ‘knee-point’(HU; DENG, et al., 2022). Continued use past the knee-
point is highly discouraged as it presents rapid capacity loss and increased risk of short-circuit or
thermal runaway, a significant safety risk. Studies that have disassembled batteries past the aging
knee-point reveal a layer of solid lithium metal within the negative electrode, especially near the
separator interface (YANG et al., 2017; BROUSSELY et al., 2005; KLETT; ERIKSSON, et al.,
2014; KLETT; SVENS, et al., 2015; SCHUSTER; BACH, et al., 2015). Accurate modelling of
degradation mechanisms is thus important to estimate Remaining Useful Life (RUL), especially

for Second Life Batteries (SLB) (HU; DENG, et al., 2022).

This work focuses on the degradation mechanisms included in the (YANG et al., 2017)

model which is able to model the linear to non-linear transition as shown in Figure 3.5 by
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Figure 3.5 — Volumetric current being used for intercalation and side-reactions. Adapted from
(YANG et al., 2017)
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modelling SEI growth, pore-clogging and lithium plating. Initially, SEI growth is the dominant
degradation mechanism, as it grows, it consumes cyclable lithium which becomes unavailable
for future redox reactions (loss of capacity). SEI growth also causes porosity (c.) to decrease in
a process known as ‘pore-clogging’. This in turn results in greater anode electrolyte resistivity, a
more significant electrolyte potential drop within the anode, and, eventually, significantly faster
lithium-plating — particularly near the negative-separator interface (BROUSSELY et al., 2005).
This feedback loop eventually leads to non-linear accelerated growth. During this final stage of

the batteries life, Li-plating is the dominant degradation factor.

Although SEI growth and Li-plating are understood to be the leading causes of battery
aging, there are other phenomena which contribute to degradation and impedance growth which
are unaccounted for in the Yang model; for example particle cracking and solid phase disillusion.
(RENIERS; MULDER; HOWEY, 2019) reviews and compares various degradation mechanisms
and models; it also studies the emergent behaviour derived from the interaction of two or more
of these models being run in parallel. A battery model which accounts for more degradation
processes should be able to better capture the path-dependent nature of battery degradation;
which is to say, it will better reflect how different degradation dynamics and paths will be more
or less prominent for different usage patterns. Additional degradation models creates possibilities
for more feedback loops and alternative degradation paths (DUBARRY; BAURE; DEVIE, 2018;
RAJ et al., 2020; EDGE et al., 2021).
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3.2.2.1 SEI Growth

The Solid Electrolyte Interface is a layer of organic material that forms on the surface of
the negative electrode. It is the result of a chemical reaction between lithium ions, electrons, and
the electrolyte solvent Ethylene Carbonate (EC) as shown in (3.21).

EC
2 C2H4C03 —|—2Ll+ + 2" — (CH20C02L1)2 + C2H4 (321)

This reaction occurs in the interface between the solid-phase and electrolyte, alongside
the intercalation transformation. The reaction kinetics is represented by the volumetric current
density jsgi[4/m3], which serves as a measure of the lithium-ions being consumed by the reaction
(3.21) and being deposited into the SEI film. The growth of the film layer is proportional to
current density jsg; and partial molar volume Vg [m3/moz] as described in equation (3.22); where
Lsgi[m] is the thickness of the SEI film.

jSEI

Fay

& Lsgr = — Vi (3.22)

As the SEI film grows, cyclable lithium from the negative electrode is deposited within
the SEI layer and is lost — this is a form of capacity degradation known as Loss of Lithium
Inventory (LLI). In this case, the negative electrode loses lithium relative to the positive side such
that both concentrations become out of phase. This particular kind of LLI is called stoichiometric

drift and is shown in Figure 3.6.

5 T T T T
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Figure 3.6 — Effect of loss of lithium inventory on open-circuit voltage.
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The SEI films represents a source of resistance for the process of intercalation. This
is modelled by rewritting the overpotential equation (DFN.1) as (3.23). Here, R, represents
the film resistivity, given by (3.24). It depends on SEI and solid lithium layer lengths L and
conductivity x. The volumetric current density jr is the total transfer current and it includes the
intercalation, SEI reaction and the plating reaction currents jr = Jin + jsgr + Jpi> as seen in Figure
3.5. The increase of charge transfer resistance contributes to the overall battery impedance rise,
though it is less significant than the rise of the electrolyte resistance within the negative electrode

region due to the decrease in anode porosity — which is the dominant cause of resistance rise.

The growth of the SEI film additionally leads to a decreased in the electrolyte porosity
(ee) as described by (3.25).

Thint = ¢s - ¢e - Uint - %Rﬁlm (323)
Piiim = S8 8 (3.24)
%ﬁe = _as%(LSEI + Lypi) (3.25)

The SEI growth reaction (3.21) is a multi-step process with multiple moving component
(lithium ions, electrons, EC solvent). In the context of modelling, the rate of reaction can only
ever be as fast as the rate limiting step. However, there is no consensus as to what is the rate
determining step for SEI growth. In (RENIERS; MULDER; HOWEY, 2019), the researchers
focus on three approaches: kinetically limited, solvent diffusion limited, and electron tunnelling.
Respectively, these models are limited by reaction kinetics as described by a Tafel equation,
which is to say, exponential relative to overpotential; transport of EC solvent from electrolyte
to solid phase surface through SEI film; and transport of electrons from solid-phase surface to

electrolyte through SEI film — respectively.

The (YANG et al., 2017) model uses a simplified version of the SEI growth model
presented in (SAFARI et al., 2008). This model is both kinetically and solvent transport limited.
Equation (3.26) shows a Tafel equation that directly describes the reaction kinetics; kg is a fitting
variable, c},~ represents the concentration of the EC solvent on the solid-phase surface, ngg; 1s
the overpotential for the SEI equation, where Ugg; is the equilibrium potential for this specific
reaction (the voltage difference AV between solid-phase and electrolyte such that there is no
reaction, no current). Equation (3.27) describes the transport of EC solvent within the SEI film

along the r-axis, between r = R (the solid-phase surface) and r = R+ Lgg; (the SEl-electrolyte
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interface); the term v is the SEI film velocity, which is equal to the rate of SEI layer growth

v = 9Lsni/or, and % is the bulk electrolyte concentration in the electrolyte.

Jorr = —Fhaoche x exp (~ 2 (ngp — ) ) (3.26a)
nse1 = ¢s — ¢ — U — Usgr (3.26b)
868—Etc = DEC—aZC?EC - Va%—’jic (3.27a)

Dpc2re| =138 —y . cpo(R) (3.27b)
cec(R+ Lsgpr) = Kgpe - ¢he (3.27¢)

The disadvantage of the Safari approach is that its a continuum model, meaning that
EC solvent concentration diffusion would have to be actively simulated in the r-axis, between
the range of r = R, and r = Rs+Lgg. Simulating on axis that changes size is particularly
computationally complex. Ideally one would prefer zero-dimensional models, models which do

not rely on variables which vary continously over a dimensional range (MARQUIS, 2020).

(SINGLE; LATZ; HORSTMANN, 2018) reviews and compares four zero-dimensional
models in order to identify which of these most accurately replicates the long-term degradation
patterns. Each of these models considered a different limiting factor, these are: solvent-diffusion,
electron tunnelling, electron conduction and interstitial lithium diffusion. The work finds that
both the electron tunnelling and the solvent diffusion models are unlikely to be the long-term
degradation mechanisms, it concludes that the interstitial lithium diffusion limited model — which
posits that neutral lithium atoms travel from the electrode to the electrolyte where they react with
solvent — is the best match for the experimental data available. This model takes the form shown
in (3.28) (MARQUIS, 2020). Marquis (MARQUIS, 2020) arrives at a similar formulation for

zero-dimensional growth model independently.

JSEI = — DL COLii eXp (_R—]:T(% - Cbe)) (3.28)

Lskr

3.2.2.2 Li-Plating

Lithium plating refers to the process where metallic lithium is deposited on the surface of
the negative electrode, as presented by reaction (3.29)(YANG et al., 2017), instead of intercaliting
into it(RENIERS; MULDER; HOWEY, 2019; EDGE et al., 2021).

Lit + e~ — Li(s) (3.29)
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This reaction typically occurs either due to high lithium concentration on the solid-phase
surface (css) or low electrolyte potential (¢.). The former can be caused by fast charging or
slow solid-phase diffusion due to low temperatures. The latter can be caused by fast charging or

pore-clogging (O’KANE et al., 2022).

Plated lithium can be returned as lithium ions during the subsequent discharge in a
process known as lithium stripping, thus recovering lost capacity. Alternatively, plated lithium
can undergo further side reactions and become SEI. The growth of the metallic lithium layer,
eq (3.30), is described similarly to the growth of the SEI layer, eq (3.22). The rate of Li-plating
and stripping can be represented by standard Butler-Volmer or Tafel kinetics. Some Li-plating
models, including the one featured in (YANG et al., 2017), present the model as irreversible,
without accounting for lithium stripping, eq (3.31). Where plating overpotential is described by
(3.32).

TR = Ve (3.30)
Jot = —a,i% exp <%W) 3.31)
Mot = @5 — e — RemJT (3.32)

Other models, such as the one proposed in (O’KANE et al., 2020; O’KANE et al., 2022),
do attempt to account for reversibility of Li-plating by including stripping. This model, shown
in eq (3.33), tracks the total plated lithium concentration (c,;) which builds up over time, eq
(3.34). Models with stripping are sometimes used to simulate fast Li-plating under conditions of
fast-charging in low temperatures in (O’KANE et al., 2020). Outside these extreme scenarios, its
unlikely that such rapid growth will be observed outside a pore-clogging scenario; as such, for

long-term Li-plating model, the simpler irreversible model of, described in (3.31), is used.

G = Fhy (cpl exp (%) — coexp (%)) (3.33)

8Cpl jpl
I 3.34
ot F (3-34)
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3.3 Conclusions

Chapter 2 and 3 served as a good theoretical basis for this project. The rest of this
dissertation focuses on the simulation experiment: testing long-term battery degradation in an

electric vehicle using a physics-based battery model and a EV powertrain model.

Chapter 4 describes the preparation and characterization of the model used. Appendixes
A and B — referenced within this chapter — include and explain snippets of Python and Matlab

code used to set-up this simulation.
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4 System Description

This work aims to simulate and study the long term degradation of a battery electric
cell. In its first-life, this battery cell operates within an electric vehicle; more specifically, a bus
following in a regular and predictable route around the UFMG Pampulha Campus — as described
by the drive-cycle included in (ALCANTARA, 2022). Once the battery cell model reaches 80%
of its original capacity, a new battery simulation using data from the previous experiment will be
run based on a less capacity and power intensive grid-support application — this represents this
cells transition to a stationary second-life. This simulation then runs until the start of the aging

knee-point (end of battery second-life).

To simulate the electric vehicle dynamics, a Simulink model is constructed based on the
mathematical modelling described in Section 2.1 of this thesis. Section 4.1 describes the specifics

of this simulink model.

The battery cell itself is represented using a physics-based model; though more compu-
tationally complex, this approach has the potential of being the most accurate for degradation
simulation if properly calibrated, particularly for simulating long-term second-life degradation
(ATALAY et al., 2020; HU; DENG, et al., 2022). Instead of programming the physics-based
model from scratch — which would be an endeavour outside of the scope of this project — this work
relies on a preexisting open-source electrochemistry based battery model: PyBaMM (Python
Battery Mathematical Modelling), an open-source battery simulation library for Python which
includes many kinds of battery models of differing levels of complexity (SULZER et al., 2021;
PYBAMM, T., 2024b). Section 4.2 describes the PyBaMM tools.

Section 4.3 describes the simulation workflow necessary to integrate the MATLAB/Simulink

and PyBaMM models and run a long-term degradation simulation experiment.

41 Simulink Model

The electric vehicle powertrain model is implemented with MATLAB/Simulink using
the equations described in Section 2.1. This mathematical model is based primarily on the one

shown in (ALCANTARA, 2022) with modifications aimed at improving accuracy as per (MIRI;
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FOTOUHI; EWIN, 2021) and (OLIVEIRA et al., 2023).

Figure 4.1 presents a simplified diagram for the simulink model for the electric vehicle
powertrain. The model inputs are the drive-cycle (vehicle reference speed overtime) and a
inclination time series (road-slope in degrees overtime). Both of these have been measured by
(ALCANTARA, 2022) and are based on the planned bus route shown in Figure 4.2. These

datasets, shown in part in Figure 4.3, have time-steps equal to one second (dt = 1s).

The powertrain model output is Fp,ck, this values represents the power consumed from —
or delivered to — the battery storage system; P, represents the power delivered to an individual
cell, approximated by multiplying P, by the ratio of cell capacity over pack capacity. Note

that realistically, F,cc would include power delivered to systems other than the powertrain such
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Figure 4.2 — Route performed by e-bus. Basis for drive cycle and inclination time series devel-
oped by (ALCANTARA, 2022) used in this work. Figure originally from (ALCAN-
TARA, 2022).
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Figure 4.3 — Drive-cycle and road inclination derived from bus-route in Figure 4.2. Adapted
from (ALCANTARA, 2022).

as heating/cooling, on-board computers and controllers, media and stereo systems, among others.
The powertrain, however, is the single most significant system by an order of magnitude, thus it

is the only one represented in this simulation model.

The movement dynamics block in Figure 4.1 models vehicle movements as described by
equations (2.1 2.2, 2.3, 2.4) and (2.5). This blocks depends on bus characteristics such as mass,
drag and friction coefficient, vehicle front area and others. The full list of values for the electric

vehicle properties and variables used in this Simulink model are listed in Table 4.1.

The pedal control block in Figure 4.1 models the brake and acceleration system as
presented by Figure 2.6 and equations (2.11, 2.12, 2.13). This blocks depends on the drive pedal
command PI controller block as input, the P and I values used for this controller block (included
in Table 4.1) are the values which managed to minimize the errors, as measured through ‘root

mean square deviation’ (RMSE), between reference and model output speeds.

Lastly, the motor and inverter efficiency block in Figure 4.1, represented by function F;,,,,;,
is a look-up table which returns electrical efficiency (or its inverse) as a function of motor torque
(a combination of acceleration and regenerative torque) and rotational velocity in accordance
with (2.10). Electrical efficiency is a value between zero and one, if the vehicle is actively
accelerating (meaning that propulsion force ), and velocity v are heading in the same direction).
Then this blocks provides the inverse of efficiency; otherwise, block outputs the efficiency value
itself. This dynamic is expressed by (4.1), where the efficiency map being used, shown in Figure
4.4, is roughly based on motor-inverter efficienct map for the 2014 Honda Accord shown in

Figure 2.4, from (OZPINECI, 2015). The use of a private vehicle motor-inverter efficiency curve
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Table 4.1 — BYD electric-bus parameters for simulation. Adapted from (BYD, 2022) and (AL-
CANTARA, 2022).

Parameter Name Value
Mass (M) 20300 kg
Max torque (15,42) 1100 Nm
Max power (Ppqz) 300 kW
Max regenerative power (Pﬁ;’;") 180 kW
Gear ratio () 22
Wheel radius (r,,) 0.502 m
Front area (A) 8.20 m?
Transmission efficiency (7)) 0.80
Rotational inertial coeff (k,,,) 1.3
Air drag coeff. (Cyrag) 1.3
Rolling resistance coeff. (C,,) 0.01
Driver controller value ‘P’ 0.30
Driver controller value ‘I’ 0.08
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Figure 4.4 — Motor-inverter efficiency map and torque curve. Illustrative model based roughly
on the 2014 Honda Accord efficiency map, shown in Figure 2.4.

in the context of an e-bus simulation is unrealistic, in this case, it is done out of a lack of better

source of data.

N (T, v) 7L, i By >0
ani = “4.1)

Nmi(—Tm,v),  otherwise
Given the Simulink model described in this section, Figure 4.5 compares the models
inputs (road slope and reference drive-cycle velocity) and outputs (battery power and measured

output velocity) for a period of three minutes near the start of the drive cycle.
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Figure 4.5 — Simulink models inputs velocity (reference and measured) and output (cell power
consumption) during a three minute windown.

4.2 Battery Simulation Tool: PyBaMM

The physics-based battery models described in Chapter 3 are complex systems comprised
of non-linear, intermingled, differential equations. As such, implementing even a relatively
simple model from scratch is a big challenge beyond the scope of this project. Thankfully, there
already exist commercial and open-source implementations of electrochemical battery models,

one of which — PyBaMM — was chosen for simulation in this work.

The two more notable commercial solutions for battery simulations are by COMSOL
Multiphysics (NYMAN; EKSTROM; FONTES, 2012, 2017) and AutoLion by Gamma Tech-
nologies (KALUPSON; LUO; SHAFFER, 2013). Of note, (YANG et al., 2017) and (ATALAY
et al., 2020) — two important articles which demonstrated the DFN model with SEI and lithium
plating degradation being used to predict the aging knee-point capacity trajectory and that serve
as important references for this work — each used AutoLion and COMSOL, respectively, to
run their simulation models. Both of these are robust options which see use in the industry and
academia. However, the price for these software licenses represents a barrier to use, collaboration,

and sharing of results.

The alternative to these commercial implementations are the open-source models. Notable

examples include: DUALFOIL (NEWMAN, 1998), LIONSIMBA (TORCHIO et al., 2016),
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DEARLIBS (LEE; ONORI, 2021a), Slide (RENIERS; MULDER; HOWEY, 2019; HOWEY,
2019), and PyBaMM (MARQUIS, 2020; SULZER et al., 2021; PYBAMM, T., 2024b). Of these,

PyBaMM was chosen as this projects simulation tool.

The Python Battery Mathematical Modelling (PyBaMM) library is an open-source battery
simulation package written for Python. It is a frequently updated and well documented codebase
which has increasingly been used in academic publications. Unlike some of the previously
mentioned open-source battery solutions; which often implement a single type of battery model —
be it DFN, SPM, or some other such variation — PyBaMM is not limited to one particular approach.
It includes many modelling options and various alternative mathematical representations for
any given physical phenomenon. This enables the end-user the ability to customize their battery
model in accordance to the needs of each project. This modular approach to battery modelling
— which allows for more flexibility — is possible because PyBaMM represents and solves the
batteries underlying mathematical models using symbolic logic and computation (SULZER et al.,

2021).

Once the entire system of equations is encoded as a symbolic expression-tree, and
the simulation space has been discretized; the model can be solved using a time-stepping
algorithm. PyBaMM supports a variety of ordinary differential equation (ODE), differential
algebraic equations (DAE), and algebraic (root finding) solvers (SULZER et al., 2021). These
include SciPy (VIRTANEN et al., 2020), SUNDIALS (HINDMARSH et al., 2005), CasADi
(ANDERSSON; AKESSON; DIEHL, 2012; ANDERSSON; GILLIS, et al., 2019), and JAX
(BRADBURY et al., 2018). Of these, CasADi is the PyBaMM default solver and the one which

this work uses and focuses on.

Appendix A includes demonstrations and examples which highlight some of the PyBaMM
functionalities which were relied upon in this work. This appendix includes working code which
can be used to replicate the results. For more tutorials, examples, and detailed explanations on
these and other topics, see the Examples page and the documentation section in the PyBaMM

website (PYBAMM, T., 2024b).

4.2.1 Battery Parameter Values

In order to simulate the degradation of a battery cell with a first-life use-case within

an electric vehicle, followed by a stationary second-life application; a Physics-based battery
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cell model is used, as implemented with the PyBaMM simulation library. By using a relatively
more complicated battery model, this work expects to better replicate the long-term degradation
mechanisms. In particular; by modelling SEI growth, lithium plating, and pore clogging; this
project expects to be able to replicate the aging knee-point dynamics which are characteristic of
second-life end of life — the point at which the capacity degradation transitions from growing
linearly to growing exponentially (YANG et al., 2017; ATALAY et al., 2020; HU; DENG, et al.,
2022).

One of the biggest challenges in implementing a physics-based battery simulation is the
process of parametization. These models aim to represent various electrochemical phenomenon
mathematically; thus, the resulting equations are dependent on various physically significant
parameter variables — see Table 3.2 for some examples. Independently measuring these variables
is an expensive and laborious activity as shown in (CHEN, C.-H. et al., 2020), which describes
the process of experimentally measuring the 36 parameter variables needed for a simple DFN

model.

The process of measurements and tests required to estimate a full battery parameter set is
a task outside of the scope of this project. Instead, this work relies on pre-existing parameter sets
from the literature. A useful resource in this compiled in resources such as 11iondb.com—
an online database that compiles parameter sets and values from across the literature (WANG,
A. A.etal., 2022; WANG; SULZER, 2021). More specifically, PyBaMM itself includes a small
collection of parameter sets — including (CHEN, C.-H. et al., 2020). Among the parameter sets
pre-included in PyBaMM, “OKane2022” — from (O’KANE et al., 2022) — was chosen as the
basis for the battery cell model for this projects simulation, basic information about this cell
is listed in Table 4.2. This is based on the existence of the “Modelling coupled degradation
mechanisms in PyBaMM” example notebook included among the PyBaMM documentation

(PYBAMM, 2022).

All the base parameters for the electric vehicle battery cell simulation are thus used
unchanged from the pre-existing O’Kane parameter set in PyBaMM. The degradation param-
eters have, however, been modified. This is because the (PYBAMM, 2022) example includes
degradation mechanisms beyond the SEI growth and plating; namely, this example notebook
also considers electrode swelling and cracking (a form of Loss of Active Material) and SEI

growth in the cracks. To simplify the model and reduce the simulation computational burden,
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only SEI (as described by the ‘EC reaction limited” model, see Equation (3.5) (SINGLE; LATZ;
HORSTMANN, 2018)) and Lithium plating (as described by the ‘irreversible’ model, see Equa-
tion (3.31) (SAFARI et al., 2008)) are used. These are the same mechanisms and models which
were used in (YANG et al., 2017).

This change in degradation model necessitates modified parameter values to maintain
the original degradation trajectory demonstrated in the PyBaMM example simulation in (PY-
BAMM, 2022); Table 4.3 lists new parameter values that allow the new degradation model to
approximately keep pace with the original example simulation. Additionally, Table 4.3 shows the
parameter values for an accelerated degradation experiment. These are the values that actually
ended up being used in the simulation in Chapter 5 due to time constraints, unfortunately. The
computational burden and simulation time both turned out to be unexpectedly high, making true

long-term degradation simulations (which would involve thousands of cycles) impractical.

Table 4.2 — Basic information about the battery cell used in this simulation experiment. Adapted
from (O’KANE et al., 2022) and (LG CHEM, 2018).

Property name Value
Model name LG MS50T - INR21700
Cell type Cylindrical
Chemistry NMC 811
Nominal capacity 5.0 Ah
Nominal energy 18.2 Wh
Maximum / Minimum voltage 425V /250V

Table 4.3 — Parameter values for PyBaMM degradation model. One set of values matches the
pace of degradation demonstrated in the PyBaMM example (regular) (PYBAMM,
2022), the other values produces accelerated degradation — used for this project.

Degradation model Parameter Regular pace Accelerated pace
SEI: EC reaction limited SEI kinetic const. rate 4.1070 2.461-10"%

EC diffusivity 1.418-10721  25-.107%

SEI molar volume 9.585-107°  3.195-107°
Lithium-plating: irreversible Exchange current density 4.4-107° 2.25-107%

Lithium metal molar volume 1.3 -107° 6.5-107°

4.3 Simulation workflow

In order to simulate the long term degradation of a battery cell, the electric vehicle
powertrain Simulink model — described in Section 4.1 — is combined with a physics-based cell
model in the simulation tool PyBaMM — described in Section 4.2. The goal is to replicate the

porosity and lithium plating led aging knee-point — the batteries final end-of-life — as demonstrated
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by (YANG et al., 2017; MULLER; DUFAUX; BIRKE, 2019; ATALAY et al., 2020), among
others. This section describes the interface between MATLAB/Simulink and PyBaMM which
allows the two programs to communicate, as well as more details on the simulation set-ups for

the first and second life of the battery cell.

The integration between Simulink and PyBaMM battery models is possible through the
common medium of CasADI1, an open-source software package for solving optimization and
differential systems using symbolic logic, available as a package/library for Python, C++, and
MATLAB/Octave (ANDERSSON; GILLIS, et al., 2019). CasADi is used by PyBaMM as its
default solver of differential equations; meaning that, internally, the mathematical representation
of the battery cell is converted into CasADi functions whenever PyBaMM runs to solve a
simulation. By extracting and exporting the CasADi functions from PyBaMM and into MATLAB,
it is possible to implement a PyBaMM battery block within a Simulink model. This was first
demonstrated in (TRANTER, 2021).

The Simulink block — represented by Figure 4.6 — takes cell power (F,) and temperature
(Tten) as input and outputs an arbitrary list of variables which can be determined by the user.
In this case, output variables include cell voltage, current, total remaining capacity, and heat.
Appendix B details the internal workings — including the code used — of the CasADi Battery
Simulink block which runs two CasADi functions per Simulink time-step based on the PyBaMM

model.

Importantly, although PyBaMM includes support for thermal models, these tend to

massively complicate the mathematical model and add to the simulation convergence time. By
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Figure 4.6 — Diagram for Simulink model. Connection between Powertrain model and CasADi
battery block.
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defining the PyBaMM thermal model as “isothermal” (the simplest model, where there is no
internal heat generation and cell temperature equals ambient temperature) and calculating cell
temperature externally, in Simulink, the CasADi simulation is significantly sped up (TRANTER,
2021). The thermal model implemented in this model is the lumped thermal model, described
in (PRADA, 2012). The heat generated by the battery is calculated within the Simulink block
but outside the CasADi function in accordance to Equation (3.20) (see appendix B for more
details). The temperature of the battery cell overtime is calculated using simple Simulink blocks
(shown in Figure 4.6) in accordance to Equation (3.17). Ambient temperature (7},,), measured
in Kelvin, is the one input for this thermal model; it changes over the course of the simulation
following a half-sine shape, as described by (4.2) — where T, 1s a random value between 21 and
27 Celsius (equivalent to 294.15 to 300.15 K), T,y is a random value between 1 and 6 K, and
Thax 18 equal to 10 hours, the maximum possible simulation length. Note that in (4.2), lower-case

t and upper-case 7' are used to indicate different metrics: time and temperature respectively.

Tamb - Tbase + Tamp - sin <7T : t/Tmax) (42)

Using this setup, it is possible to run an electric vehicle discharge cycle. While a similar
simulation workflow could be used to execute the simulation charging steps within Simulink,
it still is more convenient to run those in PyBaMM. These charging stages are defined by a
period of either constant current (CC) or constant power (CP) charging, followed by constant
voltage (CV) and a rest period. These long periods of stable (constant) input values benefit from
longer simulation time-steps, which can be more flexibly adjusted in PyBaMM. To make use
of PyBaMM mid-execution time-step adjustment and to avoid having to implement CCCV or
CPCV charging control in Simulink (which is already present in PyBaMM anyway), Python will

be used to run the charging steps.

To alternate between simulating the battery in MATLAB/Simulink and Python, the
workflow shown in Figure 4.7 was developed — executed by the Matlab code in Listing 4.1. In
the first stage, PyBaMM is used to describe the initial battery model. This includes everything
from the model type, degradation sub-models, parameter set, simulation time-step and model
input and output variables are all chosen. The model is initiated with a short simulation and the
two CasADi functions and the internal variables y vector are exported, written to file. In the
second stage, the Simulink model is activated. Upon start-up, the CasADi battery blocks loads

the functions and variables vector; at the end of the simulation, the new values of the ‘y’ vector
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n_total_cycles = 1000;

cycles_per_loop = 5;

% set-up pybamm model

system("conda run -n pybamm_env python pybamm_setup.py");
% runs python file using specific conda python enviroment

for ii = 1 : cycles_per_loop : n_total_cycles
out = sim("Simulink_EV_model.slx"); % runs simulink model
% save simulink data
y0 = out.yO0
save ("temp/y_new.mat", "y0"); % overwrite y_new
save ("temp/y_" + num2str (ii) + ".mat", "y0"); % save a copy
writematrix ([out.tout, out.power_timeseries], "save/power_data.csv");
writematrix ([out.tout, out.temp_timeseries], "save/temperature_data.csv

")

% runs charge cycle plus 'cycles_per_loop-1' discharge and charge
cycles
system("conda run -n pybamm_env python pybamm_cycle.py " +
int2str (cycles_per_loop-1));
end

Listing 4.1: Simplified MATLAB code which executes long-term simulation workflow shown in
Figure 4.7.

v |

simulink EV model SHEETL G
end
experiment?

inport casadi > load model, y.mat
YES

pybamm_setup.py
> create PyBaMM model
> create CasADi model >
Start > export y new.mat,
integrator & f_out
casadi files

load model,y._new.mat > load power/temperature

X time-series data.
run discharge cycle run charge step
EENS yT{i}.mat copy for i in rgnge (N)
Overwrite y new.mat run discharge step
save power and

. run charge_step
temperature profiles Overwrite y new.mat

VVVVVYV

VVVVYV

Figure 4.7 — Workflow for long-term degradation simulation experiment which alternates be-
tween running in MATLAB/Simulink and Python/PyBaMM. Implemented by code
in Listing 4.1.

are saved to file. Lastly, a second Python file is run, this loads the model — the same as was used in
the stage one — and the newest copy of the ‘y’ vector; with this, PyBaMM runs a charging cycle
and saves the new value of ‘y’ to file. In a previous version of this code, the third stage of this
workflow was used to run /V pairs of discharge and charge step pairs — in addition to the initial
charging step. This was originally done to save time, as simulating a drive-cycle in PyBaMM
using pre-determined power and temperature time series (discussed in Section A.2) can, in some
cases, be faster. Adjustments made to the code and solver settings have, however, significantly
sped up the Simulink simulation such that this functionality is no longer used. Nevertheless, the

capability is still present in the code and in the diagram of Figure 4.7.
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The whole workflow can be executed within MATLAB by using either the built-in Python
interpreter in MATLAB or using the ‘system’ command to execute Python code through the
command prompt. Listing 4.1 shows an abridged piece of code which executes the workflow

from Figure 4.7.

4.4 (Conclusions

This chapter describes the parameters for the second-life battery simulation experiment.
The simulation uses a physics-based model built using PyBaMM to represent the battery. Specifi-
cally, the battery cell is represented using a DFN model (DOYLE; FULLER; NEWMAN, 1993)
with simplified solid-phase diffusion submodel based on quartic polynomial concentration profile,
as described by (3.8) (SUBRAMANIAN; DIWAKAR; TAPRIYAL, 2005). The battery thermal
model is constructed outside of the PyBaMM/CasADi mathematical model itself, in Simulink. It
is modelled in accordance to the lumped thermal model described in (3.17) and (3.20) (PRADA,
2012). The degradation mechanisms included in this battery model are EC-reaction limited SEI
growth model, as described by Equation (3.28) (SINGLE; LATZ; HORSTMANN, 2018); and
irreversible lithium-plating, described by Equation (3.31). The base parameters used for this
battery model are given by (O’KANE et al., 2022), one of the parameters sets which come pre-
installed with PyBaMM. The degradation parameters, however, are adjusted to cause accelerated
loss of capacity and degradation (knee-point within roughly 100 cycles), the values used for this

Simulation are shown in Table 4.3.

The whole project was simulated on an ASUS X515JF laptop equipped with 8Gb of
RAM and a 1.0GHz Intel core i5-1035G1 processor. As for software, this work uses MATLAB
R2022b, Python 3.10.13, PyBaMM 24.1, and CasADi 3.6.4.

Chapter 5 discusses the simulation results.
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5 Discussion of Results

The simulation experiment described in this project occurs in two stages, one for each of

the batteries lifetime use-cases.

In its first-life, the battery pack is used within an electric bus following a pre-determined
route within the Pampulha Campus of the Federal University of Minas Gerais. To simulate this
stage of the battery life, a Simulink model representing the EV powertrain with a CasADi battery
cell block is used to simulate each vehicular discharge cycle. This model and its relationship/in-
terface with PyBaMM is depicted in diagram form in Figures 4.1, 4.6, and 4.7; and is described
and explained in greater detail in Sections 4.1 and 4.3. Each discharge cycle simulation is made
up of many instance of the Pampulha campus bus route drive cycle described in (ALCANTARA,
2022); every time a lap around the route is completed (once every 28 simulated minutes), there is
a 10 minute rest period before the route restarts. This process is repeated for 10 simulated hours
or until the battery State-of-Charge reaches 5% of its nominal capacity. Following that, at the
end of every simulink discharge cycle, a copy of the internal variable vector vy is saved to file for
future use and then exported to Python/PyBaMM where the charging step is simulated using
a CPCV charging pattern followed by 10 hours of simulated rest. This process is described in

greater detail in Sections 4.2 and 4.3.

Originally the plan was to the simulate discharge drive-cycle within Python/PyBaMM
using the pre-establish power and temperature cycles from the Simulink simulation. In this
scenario, drive-cycle simulation within Simulink would only be done occasionally to update the
power and temperature profiles as the cell degrades. However, through tinkering with some of
the solver options, the difference between simulating the drive-cycle discharge in Simulink and
PyBaMM was minimized such that the option ended up not being used; though the option is still

present in the code.

The charge-step in Simulink and discharge-step in PyBaMM simulation loop (depicted in
Figure 4.7) is repeated until the aging knee-point is reached. This is the point at the very ending
of the battery life when degradation transitions from growing linearly to growing exponentially

due to increased rate of plating (YANG et al., 2017).
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The second stage of the simulation experiment encompasses the battery second life. Using
a copy of the battery internal variables vector y saved during the simulation first stage, it is
possible to restore the battery to one of its past states. This is used to restore the battery to a
point just after it reached 80% State-of-Health. Then, this version of the battery is put under a
stationary use-case, characterized by more stable temperatures, narrower Depth-of-Discharge
bands, and limited C-rates. More specifically, the simulation subjects the battery model to a
time-shift charge profile: charging at low C-rates for most of the day and discharging for 3 hours

during peak-consumption hours. This simpler simulation is easily implemented using PyBaMM.

The goal is to compare the rate of degradation between different implementations of
the stationary use-case and the base-case of continued first-life electric vehicle use. Section 5.1
discusses the results from the first stage of this simulation experiment, degradation while being
used within an electric vehicle. Section 5.2 discusses the second stage of this simulation work,

stationary use in the battery second life.

5.1 Battery First Life

Using the accelerated degradation parameters shown in Table 4.3, the electric vehicle
battery simulation was run up to the aging knee-point end-of-life, which occurred in the 117"
cycle. Each cycle had been made up of a ‘discharge’ step, consisting of a Simulink drive-cycle
simulation for 10 simulated hours or until the battery cell reaches 5% State-of-Charge; and a
‘charge’ step, which consists of CPCV charging followed by a long rest period meant to represent

night-time.

The entire simulation — all 117 cycles — was completed in 44 hours and 50 minutes of
simulation time. Each discharge step took an average of 146 seconds per simulated hour, or 24
minutes and 23 seconds for a 10 hour simulation. This ratio remained consistent even as the
battery degraded and cell capacity decreased, causing the discharge steps to end before reaching
the 10 hour mark by triggering the state-of-charge end-point. Meanwhile, each charging step
— which consists of charging for roughly two hours at 9W (roughly 0.5 C-rate) followed by 12
hours of rest — took on average 16 seconds to run. This discrepancy is in large part due to the
differences in time-step. The Simulink model has a fixed time-step equal to 0.5 seconds. This
is necessary due to the nature of electric vehicle simulation, which naturally involves rapidly

changing power demand as the vehicle accelerates and decelerates. By contrast, because the
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charging step consists of much more stable input values, the time-steps can be significantly
longer — as long as one minute per time-step during the constant power step and five minutes

during the rest step.

At this pace of roughly 60 simulated cycles per day, a correctly paced long-term simulation
(which would involve several thousands of cycles) would take months to run. This is why it
was decided that, for demonstrations purposes, this project should use accelerated degradation
parameters. The time taken to arrive at a solution is an important factor in determining the
usefulness of simulation experiments, this presents a problem for the physics-based model
approach seeing as the pace presented in this work might be prohibitively slow for some
simulation projects; particularly in the context of electric vehicle simulations, which require
short time-steps. The simulation pace can be further optimized and improved by having access
to better processing power; simplifying the battery model (by limiting the number of nodes in
discretization and/or using an SPM model as opposed to a simplified DFN, for instance); better
tuning the CasADi solver settings, as discussed in (LI; O’KANE, et al., 2024); and by replacing

the fixed time-step with a more flexible approach which adapts to variations in the input values.

Outside of the context of Electric Vehicles, most other applications — such as, for instance,
stationary grid-supporting storage — can be simulated using significantly longer time-steps. In
those cases, the simulation set-up as described in Chapter 4 likely can be used without pace of
simulation being as much of a significant problem. Additionally, in the case of a digital-twin
where the goal is more so for the simulated model to keep up with the real life equivalent rather
than to run through the entire life-cycle in one go, the aforementioned pace of simulation is less

of a problem.

In terms of degradation, SEI growth is the main cause of degradation for most of the
battery life-cycle — as expected. Figure 5.1a) shows the trajectory of capacity lost to SEI through
the entire experiment as a function of total capacity throughput. During the initial few cycles,
rate of SEI led capacity loss is slightly elevated but that subsides after the initial few cycles and
capacity loss remains roughly linear for the rest of the simulation. In Figure 5.1b), the share
of capacity lost to Lithium-plating is an order of magnitude smaller than what is lost to SEIL.
Additionally, the rate of growth for plating remains roughly constant (linear) throughout most of
the simulation up until the very end, at which point the rate of change increases significantly —

as expected from a plating led knee-point. Shortly after that, however, the simulation crashes,
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Figure 5.1 — Loss of battery cell capacity (in Ah) overtime due to the two main degradation
mechanisms. a) SEI Growth. b) Lithium-plating, with linear growth trend-line
(dashed, in light-blue) to highlight acceleration of degradation near end-of-life.

CasADi is unable to converge towards a result. This tends to happen as porosity (which is
inversely proportional to electrolyte resistivity) approaches zero. Though the simulation would
ideally continue, by the point at which it crashes, the battery is already starting to undergo
non-linear capacity loss and quickly approaching its definitive end of life. The simulation could
in theory be made more stable such that it does not crash so soon and extends further into the
knee-point region by using a more finely discretized model or by adjusting the CasADi solver
option parameters. Both of these alternatives come at the cost of increased model complexity

and simulation convergence time.

Though the acceleration of lithium-plating degradation is visible from Figure 5.1b), the
simulation crashes before this transition is perceptible in the plot of total capacity, shown in
Figure 5.2. This reflects well on the ability of physics-based models to forecast the start of the
aging knee-point by modelling different degradation mechanisms individually. Another way to

observe the capacity degradation is by plotting the voltage profile overtime — as is shown in

Figure 5.3.

Both SEI and plated lithium are thin film-like layers of material which grow on top of
the interface between the negative electrode material and the electrolyte. The thickness of the
SEI and plating layers are directly proportional to the amount of lithium consumed by both
of these side-reactions, as described by Equations (3.22) and (3.30). The build-up of this film
occurs unevenly along the cell. More specifically, one would expect these layers to be thinnest
near the current collector and thickest near the separator. Additionally, the increased rate of

lithium-plating formation is supposed to be caused primarily by accelerated build up of metallic
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lithium near the separator (KLETT; ERIKSSON, et al., 2014; KLETT; SVENS, et al., 2015;
YANG et al., 2017).
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Figure 5.2 — Total battery cell capacity as cell ages, relative to total throughput.
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Figure 5.3 — Voltage profile as a function of throughput capacity overtime. Values obtained from
constant power discharge at 1W, approximately 1/18 C-rate.

The nature of physics-based battery model allows one to investigate these internal chemi-
cal properties. Indeed, all of these end-of-life characteristics were replicated in the simulation
experiment. Figure 5.4 shows the negative electrode porosity value (at the current collector,
separator, and average) overtime. As both the SEI and plating films grow, they occupy more
space and consume electrolyte material — this causes the share of the volume occupied by the
electrolyte (ie. electrode porosity) to decrease. For most of the battery life-cycle, the difference
between the mean and separator porosity remains consistent — as seen in Figure 5.5. Once

the average porosity reaches a certain threshold (around 0.05 in this case), lithium-plating in
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particular starts to accelerate and the separator porosity starts to more significantly diverge. This

can be seen in Figure 5.5 and in the highlighted section of Figure 5.4.
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Figure 5.4 — Negative electrode porosity (volume share of electrolyte) overtime as a function of
cycle number. At current collector and separator interfaces and electrode average.
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Figure 5.5 — Difference between average negative electrode porosity and porosity at the separator
interface overtime. Point of divergence (approximately 1200Ah) coincides with
cycle 100 in Figure 5.4.

Figures 5.6 and 5.7 show the thickness of the SEI and plated lithium films along the
normalized negative electrode length — where =0 is the negative current collector and x=1 is
the anode-separator interface. Figure 5.6a) shows the total thickness of the SEI film overtime; it
grows linearly and near uniformly throughout the cell for the majority of the battery life-cycle.
Figure 5.6b) highlights the small differences in SEI thickness along the x-axis by plotting the
thickness difference relative to the thickness at the current collector — the point within the

negative electrode where SEI remains the thinnest for the entire battery life-cycle. The relative
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thickness distribution remains approximately constant for most of the cell life up until cycle 90;
after which there is a small pick-up in SEI growth particularly in regions nearer to the separator.
This sudden acceleration matches the divergence point in Figures 5.4 and 5.5 which occurs at the

100" cycle, which coincides with 1200Ah of total throughput.

This is in contrast with the thickness of the plated lithium layer. Figure 5.7a) shows the
build-up of plated lithium overtime; it occurs approximately linearly and uniformly at first —
similarly to the build up of SEI shown in Figure 5.6a) — up until cycle 90. After the 100*" cycle,
the rate of lithium plating near the separator speeds up by an order of magnitude — a lot more
dramatically than what occurs with SEI growth. Figure 5.7b) highlights the exponential nature
of accelerated plating build-up past the start of the knee-point by displaying the plated lithium
film thickness in proportion, as a percentage, relative to the thickness at the thinnest point —
near the current collector. Note that, unlike the graph in Figure 5.6b), which plots the difference
between thickness at a given point and the minimum (one minus the other), Figure 5.7b) shows
the proportion of thickness at a given point relative to the minimum (one divided by the other).
This visualization better highlights the multiplicative nature of plating growth towards the end
of life. Comparing Figures 5.6b) and 5.7b) also reveals that while the SEI thickness difference
distribution profile remains consistent prior to cycle 100, it is the plated lithium ratio distribution
profile the thing that remains consistent up until cycle 100. This hints at the exponential rather

than linear nature of lithium-plating distribution even prior to the aging knee-point.
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5.2 Battery Second-Life

As previously stated, at the end of every simulation cycle during the first life simulation a
copy of the battery cell data is saved to a file. For second life simulation, the battery data from
the cycle closest to 80% State-of-Health mark is loaded and used to run a simplified charge and

discharge cycle meant to be representative of stationary battery applications.

These second life cycles occur at a constant ambient temperature equal to 25°C. This is
meant to reflect the more stable and controlled environments available to stationary application.
The charge and discharge cycle is meant to resemble an energy time-shift strategy, a basic
energy storage application where the battery is charged during off-peak periods — during which
the cost of energy is cheaper — and is discharged during peak periods — when energy is more
expensive. Under Brazilian legislation, peak hours (Hordrio de Ponta) have a pre-determined

start and set length of 3 hours. This pattern can be easily replicated using the in-built ‘Experiment’

functionality in PyBaMM.

The second-life simulation cycle is described by the code in Listing 5.1. Firstly, the
battery is charged at a constant power rate of approximately C/6 then held at the upper voltage
value until C/50 (CPCV charging). After four hours of rest, the battery discharges at a rate
dependent on depth-of-discharge (equal to CxDoD/3) for three hours or until voltage reaches a
pre-determined lower minimum. The cycle restarts after a eleven hour rest period. The upper and
lower voltage limits depend on intended depth-of-discharge as described in (5.1), where V' (SoC)

refers to the voltage profile values for a new cell — shown in Figure 5.8.
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Vinaz = V(S0Cnaz) (5.1a)
Vinin = V(S0Cynin) (5.1b)
DoD = SoC,,,q: — SoC,.in (5.1¢)

capacity_wh = 18.2; dod = 0.80

lower_volt_lim = 3.32; upper_volt_lim = 4.08

sl_exp = pybamm.Experiment (operating_conditions=[ (

f"Charge at 3 W for 6 hours or until {upper_volt_lim}V",
f"Hold at {upper_volt_lim}V until C/50",
"Rest for 4 hours (5 minutes period)",
f"Discharge at {dod*capacity_wh/3} W for 3 hours or until {
lower_volt_1lim}Vv",
"Rest for 11 hours (5 minutes period)"

)] * max_cycles, temperature=298.15)

Listing 5.1: PyBaMM Python code which defines stationary second-life experiment cycle.

4.2
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Figure 5.8 — Voltage profile as a function of State-of-Charge for a brand new cell, values ob-
tained with PyBaMM discharge simulation at 1W. Text denotes the voltage value at
intervals of 10 percentage points SoC.

The second-life time-shift simulations were done using four values for DoD. For each
scenario, both the upper and lower voltage limits and discharge C-rate depend on DoD, as
described by (5.1) and Listing 5.1. These values are shown in Table 5.1. The advantage of
defining DoD in accordance with upper and lower voltage limits — as opposed to percentage
of total capacity in Ah — is that this approach ensures the battery avoids high and low charge
states even as the cell continues to degrade and capacity decreases. Additionally, this approach
(charge/discharge until a predetermined voltage upper and lower limit) is already pre-programmed
into PyBaMM, which makes it more convenient for this experiment. Note that the battery operates

mostly on the lower range of the SoC scale, it was determined through trial-and-error that this



5.2. BATTERY SECOND-LIFE 98

minimizes degradation and extends battery life (at least within this simulation).

Table 5.1 — Simulation values for various second-life scenarios. Upper and lower voltage limits
and discharge C-rate for different values of DoD.

DoD [%] | Vmax (SoC,,...,) Vmin (S0C,,;,) Discharge C-rate
80 4.08V (90%) 3.32V (10%) 0.267C
70 4.02V (80%) 3.32V (10%) 0.233C
60 3.87V (65%) 3.11V (5%) 0.200C
50 3.78V (55%) 3.11V (5%) 0.167C

Figure 5.9 compares the total cell capacity overtime between first and second life use-
cases. The green lines trace the capacity trajectory for the first-life (electric vehicle) simulation,
same as was presented in Section 5.1. One green line is darker and solid while the other is
lighter and dashed, they respectively represent the before and after of the first end-of-life —
which happens when capacity reaches 80% state-of-health value. The lines in blue represent the
previously described stationary time-shift use-case for different values of DoD. The darker the
hue, the greater the value of DoD. The end point of these plots is the point at which the PyBaMM
simulation crashes, which does not necessarily match the ideal second end-of-life as will soon

be discussed.

Figure 5.10 shows the total capacity lost due to lithium-plating between the different
first and second life use-cases. Note that the lithium plating acceleration — typical of knee-point
end-of-life — is observed in the ‘First life extended’, ‘DoD 80%’ and (just barely) in the ‘DoD
70%’ cases. This was initially thought to be an error, perhaps an artifact from the model or
parameters not representative of real cell behaviour. However, looking back on (YANG et al.,
2017) (in particular, figure 2 from that paper), it seems like there too (both from simulation

results and experimental measurements) the angle of the slope post knee-point depends on the
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Figure 5.9 — Battery cell capacity overtime for different applied use-cases.
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Figure 5.10 — Battery cell total capacity lost to lithium-plating side reaction for different applied
use-cases.

discharge C-rate, being much less pronounced for the case with C/3 discharge rate. This might
indicate the possibility of limiting and/or delaying the aging knee-point by limiting discharge
rates. Overall, this aspect of the simulation is inconclusive; more research — ideally using real
experimental measurements as a reference point — is required to better understand this specific

facet of knee-point behaviour.

Another previously discussed metric to help determine the start of the aging knee-point
is the internal negative electrode porosity. Figure 5.11 shows the mean and separator negative
electrode porosity overtime for the five different battery simulations. In all cases, the divergence
between mean and separator porosity occurs towards the end of life; despite that, however, the
acceleration in the pace of lithium-plating doesn’t always occurs. Figure 5.12 more specifically

highlights the difference between the two values.

Generally, the second-life use-cases with smaller depths-of-discharge ranges fared better
(preserved battery capacity and delayed knee-point for longer) than the ones with the bigger
DoD ranges, and all of the second-life stationary examples improved on the first-life use-case
capacity trajectory. More specifically, Table 5.2 compares the total end-of-life throughput (both
in absolute terms and relative to the first-life example) for different metrics and definitions for
the end of useful life — the point prior to the aging knee-point itself when the battery cell would,
ideally, be deactivated. The first row of Table 5.2 shows the total throughput at the point when the
PyBaMM simulation fails to converge; in terms of strictly physical interpretation, this metric is
not particularly meaningful, though it is the one most noticeable from the plots in Figures 5.9 to
5.12. The four other metrics are thresholds values for physical properties related the emergence

of the aging knee-point: total state-of-health (the choice of 65% SoH as a threshold end point
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was somewhat arbitrary), pace of lithium plating growth, divergence in porosity distribution and

mean porosity in the negative electrode region. Lastly, the final two rows include the average and

the minimum among the four physically significant values. Given the safety risks associated with

plating build-up at the separator, using the ‘minimum’ row might be advisable as the predictor

for the ideal end of a battery second-life and/or estimating RUL.
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Table 5.2 — Total lifetime battery throughput for different end-of-life metrics and simulation
cycling parameters. Cells included both total lifetime throughput capacity (measured
in Ah) and percentage relative to the “First-Life extended” use-case described in

Section 5.1.
FL-Extended SL-DoD 80% SL-DoD 70% SL-DoD 60% SL-DoD 50%
Pybamm Crash | 1329.52 Ah 1717.3 Ah 1803.2 Ah 1990.7 Ah 2270.3 Ah
(129.2%) (135.6%) (149.7%) (170.8%)
State-of-Health 65 % 1304.4 Ah 1677.9 Ah 1756.5 Ah 1979.1 Ah 2270.3 Ah
(128.6%) (134.7%) (151.7%) (174.0%)
Plating growth rate (150 % initial rate) | 1261.04 Ah 1662.4 Ah 1749.9 Ah 1989.3 Ah -
(131.8%) (138.8%) (157.8%)
Porosity difference (Ac=0.0067) | 1323.25 Ah 1556.5 Ah 1649.8 Ah 1692.5 Ah 1823.25 Ah
(117.6%) (124.7%) (127.9%) (137.8%)
Mean porosity value (¢=0.03) 1272.3 Ah 1614.5 Ah 1681.6 Ah 1873.6 Ah 2126.6 Ah
(126.9%) (132.2%) (147.3%) (167.1%)
Average | 1290.25 Ah 1627.8 Ah 1709.5 Ah 1883.6 Ah 2073.4 Ah
(126.2%) (132.5%) (146.0%) (160.7%)
Minimum | 1261.04 Ah 1556.5 Ah 1649.8 Ah 1692.5 Ah 1823.3 Ah
(123.4%) (130.8%) (134.2%) (144.6%)
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6 Conclusions and Future Work

Lithium based batteries are complex, non-linear, electrochemical systems which are
inherently hard to model. Often, simplified models are used for simulation, forecasting, and
control purposes. In Electrical Engineering, it is common to use Equivalent Circuit Models
(explained in Section 2.2.2.1) to represent the transient dynamic response from a battery system,
and Empirical degradation models (explained in Section 2.2.3) to model and forecast the short to
medium term capacity and resistance degradation trajectories. Though these models are greatly
simplified and are often agnostic about the real internal cell dynamics, they are perfectly adequate

for a lot of control and forecasting use-cases — particularly in first-life use.

In the context of Second-Life Batteries, however, the ability of these simplified models
to predict behaviour and forecast degradation is greatly diminished. However, it is precisely
during the battery second-life when good simulation and state estimation tools are more needed —
particularly the ability to predict and forecast the aging kneepoint. This is because of the greater
constraints, fragility, and safety precautions needed in second-life use due to the aged state of the

battery cells.

The main alternative to the empirical family of models are the physics-based models.
These models mathematically describe the internal physical state and chemical reactions us-
ing a system of differential equations. Because there is an effort to represent the underlying
electrochemical dynamics, these models have the potential — if properly tuned — of having
much higher accuracy, even in extreme situation like high C-rate, high/low temperatures, or
late-stage battery degradation (YANG et al., 2017; HU; FENG, et al., 2019; ATALAY et al.,
2020). The biggest downside of physics-based models are their complexity, both in terms of
parametization (requiring many parameter variables to properly describe each individual cell)
and computationally (taking a long time to solve each simulation) (HU; FENG, et al., 2019;
CHEN, C.-H. et al., 2020).

The goal of this project was to explore the viability of using these physics-based models to
simulate through the full life of a battery, from electric vehicle storage in the first-life to stationary
time-shift application in the second-life. For this, an introductory review of the mathematical

basis of the physics-based models was written (Chapter 3) and an appropriate open-source
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implementation, PyBaMM, was chosen for the simulation (Section 4.2). An Electric Vehicle
Simulink model was constructed (Section 4.1) and integrated with the physics-based battery
model (Section 4.3). This served as the basis for the first-life simulation, the results of which
were discussed in Section 5.1. After that, following the first-life battery simulation, a copy of
the internal battery data at cycle 50 — just after the battery had reached the 80% SoH threshold —
was loaded back into PyBaMM and used to run second-life simulations. These were able to be
run significantly faster than first-life simulations (more than one hundred charge and discharge
cycles per hour) due primarily to longer and more flexible time-step options. The results of these

second-life simulations are shown in Section 5.2.

One of the big challenges for physics-based models is determining the value for the
simulation parameters, (CHEN, C.-H. et al., 2020) describes the measurement process required
to define the DFN model for a specific battery cell. To avoid this step, this work uses one of
the pre-installed parameter sets included in PyBaMM: ‘OKane2022’, used in (O’KANE et al.,
2022) and (PYBAMM, 2022).

As expected, the simulation takes a long time to run; each full battery cycle during the
first life (made up of an electric vehicle discharge drive cycle and a CPCV charging step) took
on average 24 and a half minutes to complete, this is mostly due to the short length of the
fixed time-steps used in the drive-cycle simulation (d7'=0.5s). Given that modern lithium-ion
commercial battery cells are able to last for thousands of full cycles, at a pace of approximately
60 simulation cycles per day, it would have taken months to simulate a correctly paced long-term
battery degradation experiment. This would not have been viable. Though there are ways to
make this simulation faster; like optimizing the model and CasADi solver settings, or by making
the simulation time-steps more flexible (allowing for longer steps when there are small or no
changes to the power and temperature inputs); for this project the degradation parameters from
(O’KANE et al., 2022) were manually modified, as described in Table 4.3, resulting in an
accelerated degradation pattern which reaches the 80% SoH threshold within 50 cycles and the

aging knee-point within 117 cycles.

The use of fictional degradation values means that the results in Chapter 5 aren’t actually
reflective of any real battery system. This choice was taken because demonstrating this approach
to simulation — the theory, the software, and the workflow — was deemed more important than

generating physically significant results in this initial moment. Future work, discussed in Section
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6.1, shall focus on applying the techniques described in this project in more practical and

experimental applications, including in techno-economic assessments.

Though the battery degradation parameters were in part fictional, the results shown in
Chapter 5 still managed to replicate some of the expected behaviour from a real cell. The general
aging knee-point pattern of SEI growth leading to anode porosity loss which in turns causes
accelerated lithium-plating concentrated near the separator interface described in (YANG et al.,
2017; MULLER; DUFAUX; BIRKE, 2019; ATALAY et al., 2020) and others was able to be
replicated. Additionally, the stationary second-life use-cases did manage to slow the rate of

capacity loss relative to first-life electric vehicle drive cycles, as expected.

In some instances, however, the simulation results did not match expectations. Though the
results in Figures 5.1 and 5.7 show a small acceleration in the pace of lithium-plating triggered
by the fall in porosity and centered on the anode-separator interface, the amount of capacity
lost to this reaction was in all cases relatively small — not sufficient to be visible in the capacity
plot of Figure 5.2. In some cases, particularly in some of the low DoD stationary cases, the
faster rate of plating growth did not transition out of the linear trend. By contrast, in (YANG
et al., 2017) — a major influence in this work — lithium-plating represented one third of the total
life-time capacity loss by the end of the simulation, the majority of which occurred between
cycles 2250 and 3250. Another unexpected aspect of the results had to do with the SEI rate
of growth relative to the upper and lower DoD limits. Typically, loss of capacity is minimized
by avoiding both high and low SoC regions such that DoD is centered around the middle of
the SoC scale (typically at some point between 45% to 60% SoC) (BAGHDADI et al., 2016;
RECHKEMMER et al., 2019). However, through trial and error, SEI growth in the simulations
of Section 5.2 was minimized by occupying the lower voltage ranges. In some cases, some of
these observations might in fact be realistic battery behaviour. Without an experimental reference
point, it is hard to say whether these might be a true property of the battery chemistry or whether

this is an artifact of the mathematical degradation model or the parameter values.

This work has successfully shown the potential of physics-based degradation simulations
in the context of SLBs and demonstrated it with an — admittedly illustrative — example of it being
used in combination with a Simulink Electric Vehicle model. There were two main problems with
the simulation presented here. The first had to do with the pace of simulation, this was somewhat

expected given that physics-based battery models are generally known to be computationally
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intensive, though the extent of how slow the first-life simulation actually went was somewhat
surprising. This can be ameliorated by tinkering with the PyBaMM and CasADi settings, but
a lot of it is due to the very short time-steps that are required from EV powertrain simulations.
The second problem had to do with the lack of a experimental references with which to compare
the simulation results with. Some of the simulation results were unexpected but perhaps still
plausible, without a reference it is hard to determine what is realistic. These two concerns can be

worked on in future projects.

6.1 Future work

There are many way this project can be built upon. This section lists some of the more

promising and interesting possibilities.

* Continued research into Second-Life Batteries. This work is a part of a larger project
related to the study of Second-Life batteries, specifically the reuse of batteries originally
from electric vehicles in grid-supporting stationary settings. While the focus of this thesis
had to do with physics-based simulation models, the ‘State-of-the-Art’ review in Chapter 2
discusses other relevant dimensions related to Second-Life Batteries in a more superficial
manner. These topics could be further expanded upon; of particular interest, Section 2.3.2.1
discusses methods for State-of-Health estimation. Of these, Electrochemical Impedance
Spectroscopy (EIS) seems most workable and promising (discussed further in Section

2.2.2.1).

* Build a physics-based model based on experimental degradation data. Run a degrada-
tion experiment on a real battery cell and use the data as the reference when determining
degradation parameters, similar to (ATALAY et al., 2020). Tools such as Parasweep (LI;
O’KANE, et al., 2024) can assist in identifying parameters from experimental data in

PyBaMM.

* Expand on the electric vehicle model. The EV representation described in Section 2.1
and used for this simulation is a simplified model based mostly on steady-state equations.
A more robust model which better accounts for vehicle dynamics, particularly within the

electric motor, could be useful for capturing the short duration high-power output peaks.
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* Techno-economic analysis. Once a physics-based model has been calibrated with exper-
imental data such that one can be confident that simulation results reflect plausible and
realistic battery behaviour, the model could be used for techno-economic analysis. This
was one of the original goals of this dissertation, described in Chapter 1, but it was dropped
as a result of the choice to use accelerated degradation parameter. Any economic analysis
done under conditions wouldn’t have been significant. An economic assessment of SLB
should also consider the price of disassembly and assessment of the EV battery pack, as

was done in (RALLO et al., 2020).

* Advanced Battery Management System/Digital-Twin of the battery. This work de-
scribed the process of exporting PyBaMM battery data as a numerical vector and two
CasADi function files. Using the CasADi library for C++, it may be possible to have an
instance of the battery model running in a portable computer (raspberry pi, for instance)
alongside the battery using real data measurements as input. This model could function as
a digital-twin or serve as a diagnostic tool for an advanced battery management system

(HU; FENG, et al., 2019).

* Grid-supporting battery simulation. As discussed in Section 5.1, the main cause for the
long simulation times was the short simulation time-steps required for Electric Vehicle
simulation. In applications such as grid-supporting storage where simulation time-steps can
be made to be much longer (sometimes in the order of multiple minutes), the simulation
workflow as described in Sections 4.2 and 4.3 could be promising. Combining PyBaMM

simulation with a distribution grid simulation tool like OpenDSS might be of interest.

* Model battery packs. PyBaMM is specialized in simulating individual battery cells.
This is true generally for physics-based models, which concern themselves with the inner
state of each cell. In real world applications, however, battery cells are always used
bundled together as ‘Battery Packs’. Small differences between cells within a battery
module or pack — particularly regarding differences in temperature — can have the effect of
accelerating degradation in addition to introducing safety risks to the system. Within this
work, these differences were ignored, simulation was conducted on a single cell, this is the
equivalent of assuming an homogeneous battery pack. To simulate a systems with many

cells, one could simulate many cells individually in Simulink, as was done(TRANTER,



2021). There is also “liionpack”, a Python library based on PyBaMM for simulating battery
modules and packs (PYBAMM, T., 2024a).
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APPENDIX A - PyBaMM

Demonstrations and Examples

This section includes examples which demonstrate some of the PyBaMM functionalities
which are relevant for this project. Listings A.1 through A.3 include snippets of executable code

which can be used to replicate each example.

A.1 Basic PyBaMM modelling

In the first example experiment, shown in Listing A.1, a simple battery model is created
and solved. In the first section of this code (lines 5 to 20), the model parameters are selected. The
model_options dict is used to describe the mathematical model options. In this example;
the ‘quartic profile’ setting in the ‘particle’ field causes the model to approximate
electrode lithium concentration distribution using a polynomial — as per (3.8) (SUBRAMANIAN;
DIWAKAR; TAPRIYAL, 2005) — as opposed to using the full ‘Fickian’ concentration distribution
model — as per (DFN.4) and (3.6). Additionally, the ‘SEI’ and ‘SEI porosity change’ options
indicates which of multiple equations which describe SEI growth to use and whether or not
to account for change in porosity over time. For a full list of model options, see the ‘Base
Battery Model’ page in the PyBaMM documentation (PYBAMM, T., 2024b). The ‘nodes_opt’
variable (line 12) is a dictionary object which determines the number of nodes each section of the
battery is to be divided by once the model is discretized. The values for ‘x_n’, ‘x_s’ and ‘x_p’
represent the negative electrode, the separator, and the positive electrode regions; respectively;
and the ‘r_n’ and ‘r_p’ represent the number of nodes in the negative and positive solid-phases.
The command ‘ParameterValues’ (line 15) loads one of the pre-included parameter sets
that are bundled with PyBaMM. In this case, the ‘OKane2022’ parameter set comes from
(O’KANE et al., 2022); line 16 demonstrates one of the OKane2022 parameters values being
manually changed — this is done for illustrative purposes. Finally, lines 18 and 19 specify the
settings for the CasADi solver, including solving model (‘safe’ as opposed to ‘fast’), relative
tolerance and maximum time-step. Of note, properly tuning these solver settings is a way to

significantly improve simulation times (LI; O’KANE, et al., 2024).
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import pybamm

## PREPARE MODEL ===

# Options ——-—

model_options = {
"particle": "quartic profile",
"thermal": "isothermal",
"SEI": "solvent-diffusion limited",
"SEI porosity change": "true",

}
# Discretization ——-—
nodes_opt = {"x_n": 20, "x_p": 20, "x_s": 10,
"r n": 30, "r_p": 30}
# Set parameters ——-—
param = pybamm.ParameterValues ("OKane2022")
param["Outer SEI solvent diffusivity [m2.s-1]"] = 2.5e-19
# Solver ——-
cas_solver = pybamm.CasadiSolver (mode="safe", rtol=le-5, dt_max=10,
return_solution_if failed early=True)

## BUILD AND SOLVE MODEL ===

model = pybamm.lithium_ ion.DFN (model_options)

sim = pybamm.Simulation (model, parameter_values=param,
var_pts=nodes_opt,
solver=cas_solver,
C_rate=1.5)

sol = sim.solve (t_eval=[0, 3600], initial_soc=0.95)

Listing A.1: PyBaMM Python code which sets up and runs a simple model.

Following the model preparation step, the second portion of the code — between lines
22 and 27 — actually builds and solves the model. The ‘1ithium_ion.DFN’ command
sets up the symbolic representation of a DFN model based off the model options input dict.
The ‘Simulation’ command assigns the parameter values, solver options, and discretiza-
tion instructions to the model. Finally, the ‘sim.solve’ command initializes the battery
model and simulates it for a given period (‘t_eval’) or until it the model reaches a termi-
nation point (ie. voltage reaches a pre-established minimum). The resulting ‘sol’ object is
a ‘pybamm.Solution’ instance that contains simulation data which can then be plotted,

exported, or be used as the initial condition for another PyBaMM simulation.

Figure A.1 shows the evolution of two of cell outputs: voltage overtime (as a function of
throughput capacity [Ah]) and the internal lithium electrolyte concentration [mol/m?] over the
course of the first three minutes. These are only two of the many simulation variables which can
be plotted and exported, for a full list of the information that the model collects, see Tutorial 3

among the examples in the PyBaMM documentation (PYBAMM, T., 2024b).
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Figure A.2 compares the voltage profile as a function of discharge capacity for different
C-rates and models. The first image shows the voltage profile for a DFN model with Fickian
diffusion for different values of C-rate. Second image shows the voltage profile for different

models given a discharge current of 1.5 C-rate.
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Figure A.1 — PyBaMM simulation output from code in Listing A.1. Voltage profile curve over
discharge capacity and electrolyte lithium distribution overtime.
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Figure A.2 — Comparison between PyBaMM simulation outputs. Comparison between different
C-rates given DFN with Fickian diffusion model. Comparison between different
models given 1.5 C-rate discharge.

A.2 Current and Temperature Drive-Cycles

Using the ‘pybamm.Experiment’ command, it is possible to construct more elaborate
simulations. See Tutorial 5 in the Examples page of the PyBaMM documentation for a step
by step guide in setting up multi-cycle constant charge and discharge simulation experiments
(PYBAMM, T., 2024b). For the purposes of simulating electric vehicle drive-cycles, however,
simpler constant charge and discharge cycling routines are insufficient. Listing A.2 shows an
example were an arbitrary current and temperature profile are loaded from two csv files and used

as inputs in a simulation.
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import pybamm
import numpy as np
import pandas as pd

# Solver and model options
cas_solver = pybamm.CasadiSolver ("safe", rtol=le-5, dt_max=10,
return_solution_if failed early=True)
model_options = {"particle": "quartic profile", "thermal": "isothermal",
"SEI":"solvent-diffusion limited", "SEI porosity change":"
true", }

# Load data and set-up current and temperature drive cycle
def temperature_function(y,z,t):
T _cycle = pd.read_csv("temperature_cycle.csv",header=None) .to_numpy ()
return pybamm.Interpolant (T_cycle[:,0], T_cycle[:,1], t)
drive_cycle = np.column_stack( pd.read_csv("drive_cycle.csv",
header=None) .to_numpy () .transpose () )

exp = pybamm.Experiment ([pybamm.step.current (drive_cycle, termination="2.5
V") 1)

param = pybamm.ParameterValues ("OKane2022")

param["Ambient temperature [K]"] = temperature_function

# Build and solve model

model = pybamm.lithium_ion.DFN (model_options)

sim = pybamm.Simulation (model, parameter_values=param,
experiment=exp, solver=cas_solver)

sol = sim.solve ()

Listing A.2: PyBaMM code that loads and runs a custom current and temperature drive-cycle
from a csv file.

In the Listing A.2 example, current and temperature data are loaded from csv files
‘drive_cycle.csv’ and ‘temperature_cycle.csv’, respectively. Both of these files
are made up of two columns with no header: the first lists the time in seconds, the second lists
the values of current in Ampere or temperature in Kelvin. Table A.1 shows an abridged section

of both of these csv tables.

The current data is saved as a ‘numpy . column_stack’ object (line 15), this is then
used to characterize a ‘pybamm.Experiment’ object (line 18) which determines the current
behaviour for the simulation (line 24). Note that in this case the ‘sim. solve’ command doesn’t
require the ‘t_eval’ (line 26) time interval variable to be explicitly declared, this is because
the simulation object has been assigned a ‘experiment’ variable which comes to determine

the simulation length and time-step.

The temperature data is encoded within a function as a ‘pybamm.Interpolant’

object (lines 12 to 14). During the parametrization stage, this function is directly assigned to the
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relevant parameter variable — ‘ambient temperature’ in this case (line 20).

Table A.1 — Formatting of the current and temperature profiles csv tables, as used in code in
Listing A.2. Values are merely illustrative.

drive_cycle.csv temperature_cycle.csv
0 0.0 0 300.00
1 5.0 5 303.75
2 -1.2 10 304.34
3 2.4 15 306.00
4 3.1 20 305.80
5 4.2 25 305.95

In the example of Table A.1, the time-step for the current and temperature values are
different. Here, the current drive cycle determines the solution time-step and the tempera-
ture is interpolated linearly to determine the values for the ‘in-between’ timestamps (hence
‘Interpolant’). This interpolation is done relative to the simulation objects internal timer
value, this means that if the simulation outlasts the temperature timeline it results in critical
errors. To ensure this doesn’t happen, the temperature profile must be sufficiently long or the
simulation timer must be reset at regular intervals. This second approach is briefly discussed in

the Example of Section A.3.

A.3 Saving and Loading Battery Values

Lastly, Listing A.3 shows how to save and load PyBaMM battery data to file. This allows
one to save “copies” of the battery at different stages of degradation. This is particularly useful
to have in long-term degradation simulations. Also useful for debugging and restarting a long
simulation in the case where it crashes or some kind of other error occurs. Unlike the two other
examples, there is no specific page in the PyBaMM documentation that explains this practise, as

it is not an official functionality.

After a PyBaMM simulation (‘sim.solve’ command in line 14), an instance of the
‘Solution’ class is created within the ‘Simulation’ class instance — in this case these are
the ‘sim.solution’ and ‘sim’ variables respectivelly. The ‘Solutions’ class contains
attributes associated with the PyBaMM model along with the values of the simulation solution
within internal variable ‘al1_ys’, accessed through the function ‘solution.y.full()’.

This command returns a two dimensional array of size (m,n) where m is the number of values

134



I {python}

2 import os

3 import pybamm

4 import numpy as np

5 from scipy import io

7 def pybamm model_values() :

8 op = {"particle": "quartic profile",
9 "SEI": "solvent-diffusion limited",
10 "SEI porosity change": "true", }

11 return [pybamm.lithium_ion.DFN (op), pybamm.ParameterValues ("OKane2022")
]

13 [model, param] = pybamm model_values ()

14 sim = pybamm.Simulation (model, parameter_values=param, C_rate=.75)
15 sim.solve (t_eval=[0, 1800])

16

17 # Save yo0

18 yO = sim.solution.last_state.y.full()[:, O]

19 folder = os.getcwd()

20 io.savemat (os.path. join(folder, "y_O.mat"), {"y0": yO0})

22 # Load yO0
23 y_new = io.loadmat ("y_O.mat") ["yO"]
24 1f np.shape(y_new) [1] > np.shape(y_new) [0]: y_new = y_new.transpose ()

26 # Make new model

27 [new_model, new_param] = pybamm_model_values ()

28 temp_sim = pybamm.Simulation (new_model, parameter_values=new_param)

29 temp_sim.solve ([0, le-6]) # dummy solve (initialize model)

30 temp_solution = pybamm.Solution(all_ts=np.array([0,0]%*2),

31 all_ys=y_new, all_inputs={},

32 all models=temp_sim.solution.last_state.
all _models)

34 newest_model = new_model.set_initial_ conditions_from(temp_solution.
last_state,

35 inplace=False)

36 new_sim = pybamm.Simulation (newest_model, parameter_values=new_param,C_rate
=.75)

37 new_sim.solve (t_eval=[0, 1800])

Listing A.3: PyBaMM code that runs a model, saves the solution to file, then loads it later to
continue the simulation.

needed to fully describe the battery model at any given moment and 7 is the number of time-steps
in the preceding simulation. Though the values in this array do relate back to relevant physical
properties of the battery, in this form the values are unlabelled and illegible for the end-user.
For visualization purposes, the functionalities of the Solution class should be used instead. The
value of m depends a lot on the type of model used, the sub-models included, the number of
discretization nodes and other such model options demonstrated in Listing A.1; generally, the

more complex the model, the more values are needed to describe it, the larger the m. Because
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PyBaMM only needs the most recent solution values in order to calculate the next time-step,
only the final column of ‘y’ values is needed; as such, ‘solution.last_state.y’ isused

to ensure a size (m,1) solution vector (line 17).

The models internal variables can be saved to be loaded later; a ¢ . mat’ format is used but
other formats such as ‘. csv’ are also valid. The ‘y’ vector is a simple array of numerical values
after all. After that, a new instance of the PyBaMM ‘model’ object is created (line 26); because
the length of array ‘y’ ('m) depends on model options, it is vital that this model be equal to the
one which created vector ‘y’. To ensure the consistency of the model throughout the execution of
the code, a callable function is used (lines 6 to 10). A short ‘dummy’ simulation is done, simply
to initialize the model (lines 27 and 28) and then an ‘artificial’ solution instance (initialized
outside of a simulation) is created using the initialized model from the dummy simulation and the
‘y’ variable loaded from file as the input (lines 29 to 31). This command additionally resets the
internal timer of simulation object (‘a11_ts’), which is important to ensure that the temperature

interpolant timer (discussed in Section A.2) does not ‘overflow’ and crash the simulation.

Figure A.3 shows the cell output voltage and open-circuit voltage for both the simulations
from the code in Listing A.3. Here, the continuity between both models results is noticeable.

4.2 T T T T

T T T
—Pre-reload OCV Post-reload OCV
- = =Pre-reload V - — —Post-reload V

Save and
load model

S~

|
0 500 1000 1500 2000 2500 3000 3500
Time [s]

Figure A.3 — Comparison of battery cell output voltage and open-circuit voltage before and after
saving and loading the PyBaMM model.
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APPENDIX B — Battery CasADi Model
Simulink Block

The code in Listing B.1 shows the Python code which extracts and saves the CasADi
functions to file. This code is adapted from (TRANTER, 2021), with some changes to account for
the updated version of PyBaMM. The CasADi objects are saved as two files, each one represents
a specific function. The integrator function (lines 17 to 23) updates the internal state of the model
(as represented by internal variable y, previously discussed in Section A.3) by solving the system
of equations over a time-step d¢. The output function (lines 26 to 44) translates the unsorted
battery internal state vector (y) into pre-selected output variables. Both the integrator (Fnt) and
the output (Foyr) functions depend on the battery internal state (y) and input (u) for a given

moment n — as shown in (B.1) and (B.2) — and are executed once per time-step.

Vi = FINT(Vn_1, Un) (B.1)

on = Four(Vn, Un) (B.2)

Now, on the MATLAB/Simulink side, Listing B.2 shows an abridged version of the code
which sets up the CasADi battery Simulink block. On start up (lines 10 to 18), the relevant
information is loaded from file; this includes the internal variables vectors (‘y’) — discussed
in Section A.3 — and the two CasADi functions. In MATLAB, the internal y vector is divided
in two component sub-vectors ‘x’ and ‘z’. This distinction has to do with the implementation
of CasADI code; basically, vector ‘x’ contains values which vary over time in accordance
to differential equations and ‘z’ contains the variables which depend on algebraic equations
(ANDERSSON; GILLIS, et al., 2019). The length of ‘x’ and ‘z’ vectors depends on PyBaMM
model characteristics; the more complex the model, the bigger the vector needs to be. Then,
during each simulation time-step, the function ‘stepImpl’ (lines 20 to 30) runs both the

CasADi functions and parses the output.

Finally, heat is calculated as a function of measured voltage, open-circuit voltage, and
current in line 31 from Listing B.2. This implementation of the heat equation is in accordance to

the thermal modeled in (3.20) (PRADA, 2012).



import pybamm

1

2 import numpy as np

3

4 def pybamm_model_values () :

5 # Returns relevant model variables

6 # Function hidden for sake of brevity

7 return [dfn_model, okane_param, casadi_solver]

8

9 [model, param, solver] = pybamm_model_values ()

10 battery_inputs = {"Power function [W]": 0, "Ambient temperature [K]": 300}

11 sim = pybamm.Simulation (model, parameter_values=param, solver=casadi_solver

)
12
13 # Dummy solve
14 sim.solve (t_eval=[0, 1], initial_soc=0.95, inputs=battery_inputs)
15

16 # Create CasADi INTEGRATOR

17dt = 0.5 # Time-step size (in seconds)

18 t_eval_integrator = np.linspace(l, dt, 3)

19 casadi_integrator = casadi_solver.create_integrator (sim.built_model,

20 inputs=battery_inputs,

21 t_eval=
t_eval_integrator)

22

23 casadi_integrator.save ("integrator.casadi") # Save to file

24

25 # Create CasADi OUTPUT_VAR

26 model_ins = ["Power function [W]", "Ambient temperature [K]"]

27 model_out = ['Terminal voltage [V]',

28 'Surface open-circuit voltage [V]',

29 'Current [A]',

30 'X-averaged negative particle surface concentration [mol.m-3]'
14

31 'Loss of capacity to negative SEI [A.h]',

32 'Loss of capacity to negative lithium plating [A.h]',

33 'Negative electrode porosity']

34

35 casadi_outs = sim.built_model.export_casadi_objects (variable_names=
model_out,

36 input_parameter_order=
model_1ins)

37

38 variables = casadi_outs|['variables']

39 t, x = casadi_outs["t"], casadi_outs["x"]

40 z, p = casadi_outs["z"], casadi_outs["inputs"]

41 variables_stacked casadi.vertcat (xvariables.values ())

42 variables_fn = casadi.Function ("variables", [t, x, z, pl, I
variables_stacked])

43

44 variables_fn.save ("outputs.casadi") # Save to file

Listing B.1: PyBaMM code that creates and exports two CasADi functions. Integrator simu-
lates the battery over a time-step, Out put s returns specific values for a given state (TRANTER,
2021).
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classdef casadi_battery < matlab.System & matlab.system.mixin.Propagates
properties (Access = private)

end

x0
z0

f_int
f_out

methods (Access = protected)
function setupImpl (ob7j)

end

end

function [volt, ocv, curr, heat]

end

temp = load('yO.mat'); nlim y = 240;
obj.x0 = temp.y0(1l : nlim_y);
obj.z0 = temp.y0(nlim y+1 : end);

import casadi
obj.f_int = casadi.Function.load('integrator.casadi');
obj.f_out casadi.Function.load('outputs.casadi');

stepImpl (obj, power, temperature

t_min = le-3;

inputs = [power, temperature];

% integrator

[xt, zt] = obj.f(ocbj.x0, obj.z0, horzcar (inputs,t_min),0,0,0,0)

obj.x0 = xt(:, end); obj.z0 = zt(:, end);
% output variable
temp = double (full (obj.f_out (0, obj.x0, obj.z0, inputs)));

volt = temp(l);

ocv = temp(2);
curr = temp(3);
heat = (ocv - volt) =* curr;

Q

% It is possible to define an arbitrary number of outputs...

Listing B.2: Simplified version of MATLAB code which create PyBaMM battery simulink block.

Using the code in listing B.2, a Simulink CasADi battery block is created. This block can

now be used alongside the rest of the vehicle model in Simulink. A simplified diagram of the full

model, including battery cell model, is shown as a simplified diagram in Figure 4.6.
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