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Abstract: Physics-based mathematical representations of batteries are the most complete and
complex battery models in the literature. These models are exemplified by PyBaMM; a well
documented, easy to use, open-source python library which can be used to simulate physics-
based battery models of various levels of complexity and detail. This work describes the process,
the workflow and the viability of combining an Electric Vehicle powertrain model, constructed
in Simulink, with a PyBaMM model in order to observe an accelerated battery degradation

cycle using a physics-based model.
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1. INTRODUCTION

The electrification of the transport sector is an important
step in the energy transition towards cleaner sources of
energy. Recent improvements to battery technologies have
made electric vehicles cheaper, more reliable, and more
viable alternatives to traditional combustion vehicles.

However, the current generation of battery technology is
still flawed. Energy and power densities are still relatively
small, leading to limited driving ranges. Additionally, these
batteries have limited lifespan due to capacity and power
degradation; once a battery reaches 80% of its original
capacity, it is advised that it be replaced. After this first
end-of-life, the battery can still be reused in less power
and capacity intensive stationary applications. This phase
is known as the “Second Life” for the battery (Martinez-
Laserna et al., 2018).

This work contributes to a larger project which aims to
study Second Life Batteries. The focus during this initial
stage is to study the patterns of long-term Li-ion battery
degradation with a specific focus on simulation.

Modelling battery degradation is important for both first
and second life applications. Typically in electrical en-
gineering this is done using an empirical model, a set
of mathematical equations that relate stress-factors such
as average temperature, Depth-of-Discharge, and average
State-of-Charge with capacity loss and impedance increase
(Hu et al., 2019). Empirical models are agnostic about
the internal mechanisms of battery aging and rely instead
on macroscopic heuristic relations; this makes these model
simple but less reliable in extreme circumstances.
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Physics-based battery models explicitly represent the in-
ternal physical and chemical state of the battery cell, they
are more complex but also more accurate for a larger share
of battery use-cases. Hu et al. (2022) finds it to be the
best method to model long-term degradation in general
and second-life degradation in particular.

This work combines a physics-based model (created using
the Python library ‘PyBaMM’) and an Electric Vehicle
model (built in Simulink). This ensures that the most
advanced kind of battery model is available for use in
MATLAB, a common simulation tool for engineers and
academia.

2. MODELLING AN ELECTRIC VEHICLE

To model battery degradation in the context of an Electric
Vehicle (EV), the vehicle itself must first be modelled.
To do so, it is useful to break the problem down into its
component parts, and model each of these individually.

Given that this work focuses on vehicular motion and
power consumption, the most relevant system to model is
the powertrain. This system is the single most important
one in any vehicle; it is tasked with converting energy
in the storage system and delivering it to the propulsion
system (Alcantara, 2022; Ehsani et al., 2018; Oliveira
et al., 2023). This system can be further disassembled
into a chain of components. In an BEV, these components
are: battery pack, power inverter, electric motor, and the
propulsion system. During acceleration, as power flows
from the former to the latter, each of these components
provides current, power, or torque from the one immedi-
ately proceeds it (Zhou, 2007); this hierarchy is shown in
Figure 1, adapted from Miri et al. (2021).

This works considers a simplified mathematical EV model.
Section 2.1 discusses the propulsion system and the move-
ment dynamics. Section 2.2 discusses the Electric Motor

DOI: 10.20906/CBA2024/4632



Sociedade Brasileira de Automatica (SBA)
XXV Congresso Brasileiro de Automatica - CBA 2024, 15 a 18 de outubro de 2024

and Inverter. Lastly, Section 2.3 deals with the topic of
regenerative braking.
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Figure 1. Diagram of simplified vehicle model. Green
blocks represent Powertrain components, yellow rep-
resents control blocks. Adapted from Miri et al.
(2021); Zhou (2007).

2.1 Propulsion System and Movement Dynamics

The propulsion system is closely tied to the movement of
the vehicle, whose dynamics can be modelled with a sim-
ple model. Equation (1) describes vehicular acceleration;
where v is vehicle speed (in m/s), M represent the overall
mass of the vehicle, and k,, represents the rotational iner-
tial factor (a property of the transmission system, typically
around 1.3) (Ehsani et al., 2018). Equation (2) shows the
sum of forces which acts upon the vehicle (X F).

Ov/0t = XF ) (ky, - M), (1)
SF = Fypp — Fg — Farag — Fry. (2)

Here, the propelling force (Fj,) is the one controllable
component, it originates from the transmission system
through the motor or brakes. The gravitational force (Fg)
may contribute to acceleration or deceleration, depending
on road inclination; its behaviour is described by (3), where
g is the gravitational acceleration and 6 is the angle of
the road. Drag force and rolling resistance (Fdrag and Fi.,.,
respectively) are resistance forces, always acting against
the direction of velocity. Drag is caused by air resistance;
it is mathematically described by (4) where p is air density,
A is the frontal area of the vehicle and Cy is the air drag
coefficient. Rolling resistance is caused by tire deformation
and friction between tire and road; it is described by (5)
where C, is the rolling resistance coefficient (Oliveira et al.,
2023; Alcantara, 2022).

Fo =k, Mg -sin (6) (3)
Fdrag = % pACd . ’U2 (4)
F..=Mg-C, -cos(0) (5)

2.2 Motor and Inverter

The motor and the inverter are intermediate components
between the battery storage system and the propulsion
system. During acceleration, these elements “demand”
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from the storage unit a given amount of power (Ppq+) and
“deliver” to the vehicle the necessary propelling force (Fj,).

At any given rotational velocity, the motor is limited in
the maximum amount of torque that it is able to provide.
These constraints are described by the motor Torque-
curve, shown in Figure 2. For rotational speeds bellow a
certain vpage, the motor is limited by a maximum torque
value (T/02*); for speeds above Upase, the motor is limited
by the motor power capacity (Pmax).

The relationship between motor torque and propelling
force is given by (6); and the relationship between motor
rotational speed and vehicle longitudinal velocity is given
by (7). Here, n; is the transmission efficiency, 7, is the
wheel radius, and G represents the transmission gear ratio
(Oliveira et al., 2023). Electric Vehicles are characterized
by the presence of a single gear ratio — which means that
there is only a single, constant value for G. This is in
contrast with combustion engine powered vehicles, which
require many gear ratios to operate effectively at different
speed ranges. The simplified transmission system is one of
the inherit advantages of electric vehicles (Ehsani et al.,
2018).

Fypr = (G/rw) -1 x Ty, (6)
v = (rw/G) X wn (7)

During acceleration, the output propulsion power (P,)
delivered by the electric motor — given by (8) — is smaller
than delivered from the energy storage system to the
inverter (Pyatt). This is due to losses within the motor-
inverter system. In this scenario, the power extracted from
the battery pack is described by (9), where 7,,; is the
electrical efficiency of the motor-inverter system, a value
between 0 and 1. This efficiency value can be defined as a
constant, though it is typically described as a function of
torque and rotor speed; Figure 2 shows a motor-inverter
efficiency map along side a motor torque-curve (Miri et al.,
2021).

Ppr :Fpr - v (8)
Pbatt :Ppr/nmi (T, w) (9)
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Figure 2. Torque-curve graph with efficiency map. Black
line shows max available torque at any given speed,
colors indicate Motor/Inverter system electric effi-
ciency. Adapted from Mahmoudi et al. (2015).

2.3 Regenerative braking

Commercial electric vehicles include two modes of braking;:
friction and regenerative. Friction brakes decelerate the
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vehicle by dissipating the kinetic energy into sound and
heat. This is the standard kind of brake present in most
ICE vehicles. Electric vehicles, by contrast, are able to
recharge during deceleration. This is due to the capacity of
any electric motor to function as a generator. This ability
to charge the battery by braking during driving guarantees
extended driving range for EVs (Alcantara, 2022).

Regenerative braking is, however, limited. For one, it is
inefficient at low speeds, unsafe when deceleration is too
high, and unnecessary if the battery is nearly full; in
those circumstances, the friction brakes are used instead.
Additionally, it is constrained by a maximum power limit
(Preg*) which is typically smaller than the motor max
power output (Miri et al., 2021). All of this considered, the
power delivered to the battery from regenerative braking
is given by (10). Here, « is a value which varies between 0
and 1 depending on velocity, deceleration rate and battery
SoC; as per Miri et al. (2021). Note also that, as per (8),
P, is negative when braking.

a- P, if |a+ Py < | P
P att = Nimi X prs pri — reg 10
batt = 1) {Pﬁ‘;g", otherwise (10)

2.4 Drive cycle and Driver

To represent driver behaviour, this work uses a PI con-
troller model, shown in Figure 3, adapted from Miri et al.
(2021). A custom drive-cycle (longitudinal speed over
time) made by Alcantara (2022) is used as the reference
speed input; this value is compared to the measured output
vehicle velocity. The output of the PI controller is a value
between 1 and -1 which is interpreted as pedal commands
for the accelerator (if positive) and brake (if negative).

These pedal commands control the output propulsion
and braking force as described by (11) and (12). In
equation (11), aacc represents the acceleration command
and F™#*(v) is the maximum force available for a given
velocity v, as per the torque-curve and equations (6) and
(7). In equation (12), apx is the braking pedal command
and Fr®* is the maximum brake force is given by (13),
where kqq is the adhesion coefficient (around 0.8 for dry
asphalt conditions) (Miri et al., 2021).

The parameters for the PI controller were chosen following
trial-and-error simulations in order to minimize the RMSE
error between reference and measured speed (Oliveira
et al., 2023).

Fpr = Gace + ™ (v) (11)
Fyr = apri - Fpp™™ (12)
Fp® = kaa - Mg (13)

1 Acc. pedal
_/- ) command

PI ctrl
Driver

v_ref —>l4-
V —| =
-/'e
=1l

Figure 3. PI controller driver model.
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3. MODELLING LI-ION BATTERIES

The storage system is the single most important compo-
nent in an Electric Vehicle. Not only do battery packs rep-
resent a plurality of the total cost, it is only due to recent
cost reductions and improvements in battery technologies
(particularly within lithium based chemistries) that EVs
are at all viable. Despite that, batteries themselves are
complex, non-linear, electrochemical systems which are
inherently hard to model.

Within electrical engineering, Equivalent Circuit Models
(ECMs) is the technique most commonly used to represent
batteries. These models use a variable voltage source and
passive elements (resistors and capacitors) to represent
the dynamic response and ohmic losses (Hu et al., 2012).
To account for capacity and power loss which come with
aging, ECMs typically rely on an external aging model, of
which there are three main types: empirical, mechanistic,
and data-driven (Hu et al., 2020). Empirical models, the
simplest and most common ones, are based on establishing
heuristic correlations (expressed in simpler mathemati-
cal equations) between capacity fade and impedance in-
crease, and identified stress factors such as temperature,
average SoC, depth-of-discharge, and others (Ganesh and
D’Arpino, 2023; Hu et al., 2019). This approach is easy to
implement and is very computationally simple; however,
it has relatively low-accuracy and is typically only “tuned”
for a limited set of operating conditions (often these mod-
els are calibrated in ideal laboratory conditions). These
limitations mean this approach is not ideal for simulating
long-term degradation trends, which is the case in Second
Life applications (Hu et al., 2022).

For these more advanced applications, a mechanistic aging
model is more appropriate. These models are extensions of
physics-based battery cell models, an alternative to ECMs
which do model the internal electrochemical phenomena
mathematically. Consequentially, they are more accurate
and robust, though they also require significantly more
detailed parametrization and are much more complex com-
putationally. This work will make use of these mechanistic
degradation models. Section 3.1 explains the basics of
physics-based battery models; section 3.2 introduces to the
main kinds of degradation mechanism within a battery cell
and how each is modelled mathematically.

8.1 Physics-based Battery Cell Models

Physics-based battery models arise out of electrochemistry
(Newman and Balsara, 2021). The goal is to represent the
internal chemical state of a single battery cell by modelling
the reactions and movement of particles which take place
within the system. Most of the existing electrochemical
models are based on the Doyle-Fuller-Newman (DFN)
model first described in Doyle et al. (1993) and Fuller et al.
(1994).

Inside each battery cell, there are three regions: the nega-
tive electrode, separator, and positive electrode. The elec-
trode regions each have their own “active-material” (alter-
natively called the “solid-phase”) which holds onto lithium
atoms. The transfer of these lithium atoms between the
two electrodes occurs during charge and discharge. This
is possible due to the liquid electrolyte medium which
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permeates the battery and allows for the movement of ions
between the two electrode regions (Newman and Balsara,
2021; Marquis, 2020).

The DFN model represents this system as a continuum
model. Most variables change continuously along a one-
dimensional x-axis that starts in the negative electrode
current collector (z=0) and ends in the positive electrode
current collector (z=L). The one exception is lithium
concentration in the active material, which may vary
between the surface and the core of the solid-phase within
a given x value. In DFN, this variable is modelled as
varying along side the microscopic radius of a spherical
solid-phase particle (r-axis) as well as cell length (x-axis).
Because of this, this model is also known as “Pseudo
two-dimensional” (P2D). Figure 4 shows an illustrative
schematic of the DFN model, adapted from Lee and Onori
(2021).

Neg. Solid-Phase |:|Electrolyte .Pos, Solid-Phase

I

!

0
}

Figure 4. DFN model diagram, adapted from Lee and
Onori (2021).

The DFN model can be broken down into three main
phenomena. Charge conservation governs how the voltage
potential in solid-phase and in the electrolyte (¢s and ¢.)
changes in response to internal currents and movement of
ions. Lithium diffusion describes how the lithium concen-
tration varies within the electrolyte and within the solid-
phases (c. and c¢s) — note that lithium concentration on
the surface of the electrode (css) is the most important
variable for setting the solid-phase voltage potential which
itself is closely associated with open circuit cell voltage.
Transfer current describes the rate of the redox chemical
equations which causes the transfer of lithium ions from
the solid-phase into the electrolyte and vice-versa (ji).
When taken together, these processes are described by
dozens of interacting Partial Differential Equations with
non-linear elements. Mathematically describing this model
is outside of the scope of this work. Richardson et al. (2022)
is a good introduction to the mathematical side of this
theory for those without a background in electrochemistry;
see also Thomas et al. (2002); Prada et al. (2012) and
Hariharan et al. (2018).

The DFN model is accurate for a wide range of scenarios,
but it is also very computationally complex. Depending on
the application, it may be possible to use a simplified ver-
sion of the DFN. For example, Subramanian et al. (2005)
simplifies the diffusion equations and eliminates the r-
axis by representing the solid-phase lithium concentration
through polynomial equations. Alternatively, the Single
Particle Model (SPM) assumes that both the positive and
negative electrode regions are uniform such that each can
each be represented with a single particle (Guo et al.,
2010; Prada et al., 2012). These simplified models can be

ISSN: 2525-8311

3122

significantly faster than the original, though they often fail
to replicate cell behaviour at high C-rate values.

3.2 Mechanistic Degradation Models

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 et al.,
2019; Hu et al., 2020). Though the original DFN does
not account for the possibility of degradation, additional
equations can be added to the model to represent these
processes.

The single most significant battery degradation stress
factor is cell temperature (Waldmann et al., 2014), an
important component of which is caused by heat generated
within the battery itself. The simplest thermal model
which represents internal heat generation within a battery
cell is the so called ‘lumped’ model; named such because
it assumes a uniform cell temperature (T,e;) constant
throughout the entire battery. Equation (14) shows a
basic implementation of this thermal model, where T,
is the ambient temperature, U is open-circuit potential
(dependent on surface electrode concentration, ¢ss), Cp is
cell heat capacity, h is the cell convective coefficient, and
A. and M. are the cell’s surface area and mass, adapted
from Prada et al. (2012).

M.Cp- 4T = ((U=V) I —hAcen - (Teen — Tamb)) (14)

As for the degradation mechanisms themselves, there are
many chemical side-reactions which contribute to aging,
some more significant than others. To properly model a
battery, one should ideally model multiple degradation
mechanisms in order to better replicate the emergent
behaviour from the interaction between these multiple
mechanisms (Reniers et al., 2019; Edge et al., 2021).
For example, Yang et al. (2017) is able to replicate the
accelerated loss of capacity which occurs at the very end
of a battery life-cycle (known as ‘aging knee-point’) by
combining three degradation mechanisms:

e SEI Growth: Solid Electrolyte Interface (SEI) is a
layer of organic material between the negative elec-
trode and the electrolyte. This is the most significant
source of degradation for the initial stages of the
battery cell life. It is governed by complex mechanism,
as such, there are competing approaches for modelling
it mathematically (Reniers et al., 2019; Single et al.,
2018).

e Li plating: Lithium ions deposited as metallic par-
ticles on the electrode-electrolyte border. Accelerates
significantly near the End-of-Life, trigerring the aging
kneepoint. Can also be caused by fast charging and
low temperatures (Yang et al., 2017; Edge et al.,
2021).

e Pore-clogging: As the SEI and Li-plating films grow,
they take up space previously occupied by the elec-
trolyte. This leads to a decrease of electrolyte poros-
ity. Low porosity causes the acceleration of Li-plating
(Yang et al., 2017; Reniers et al., 2019).
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These three degradation models reinforce each other. In
doing so, they recreate real battery cell behaviour. Yang
et al. (2017) was the first to replicate the aging knee-point
using these mechanistic models. Since then, others have
replicated this finding using modified and/or additional
SEI and plating models, see Atalay et al. (2020); Miiller
et al. (2019) and O’Kane et al. (2022). The goal for this
work is to replicate the aging knee-point curve using these
basic degradation model components.

4. SIMULATION DEMONSTRATION

This simulation attempts to combine a drive-cycle con-
trolled electric vehicle model with a physics-based battery
model in order to simulate degradation using the more
advanced mechanistic SEI and plating models. The goal is
to replicate the plating triggered aging-knee-point demon-
strated in Yang et al. (2017); Atalay et al. (2020) and
others.

The electric vehicle powertrain is modelled using MAT-
LAB/Simulink, based off the equations described in Sec-
tion 2. The drive-cycle data used in this test is of a bus
route within the UFMG Pampulha Campus, measured by
Alcantara (2022); the drive-cycle time-step is equal to d¢
= 1s. Once the drive-cycle ends, the vehicle parks for 5
minutes and the process starts over again; this is repeated
for 10 hours or until battery SoC reaches 10%. Table 1
lists the parameters being used in the Simulink model,
including information for the electric bus (BYD, 2022) —
including the PI values for the driver model — and the
battery thermal model (Prada et al., 2012; Taylor, 2023).

To model and simulate the battery, PyBaMM (Python
Battery Mathematical Modelling) — an open-source bat-
tery simulation library available for Python — was cho-
sen (Sulzer et al., 2021). It codifies and solves various
physics-based battery models using systems of differen-
tial equations. As a modelling tool, it is very flexible; it
includes battery models of different levels of complexity,
many options for degradation mechanisms, and some pre-
installed battery parameter sets from the literature. It also
has very thorough and didactic documentation available
online (Marquis, 2020; Sulzer et al., 2021).

Though not a built-in functionality, communication be-
tween PyBaMM and Simulink is possible as first demon-
strated in Tranter (2021). Note that adjustment are re-
quired due to this being an older version of PyBaMM.

A challenge for physics-based battery models is the large
number of parameters needed to describe the system. For
this work, instead of independently measuring and charac-
terizing a battery cell, one of the pre-installed parameter
sets was used. The battery chosen for this study is a
LGMS50 cell, made with NCM811 chemistry, described in
O’Kane et al. (2022) and Taylor (2023). The battery model
used for this work is a DFN model with simplified active
material concentration profile (quartic), as per Subrama-
nian et al. (2005). The O’Kane et al. (2022) parameter
set includes degradation parameters which were modified
— as per Table 2 — in order to showcase an accelerated
degradation simulation for demonstration purposes. All
others parameter values are left unaltered.
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Lastly, though PyBaMM allows for battery models with
built-in thermal models, this part was simulated within
Simulink as described in (14). By simulating the thermal
model outside of the PyBaMM model, the simulation
convergence time is able to be significantly reduced. The
same thing was done in Tranter (2021). The thermal
parameters are listed in Table 1 based on O’Kane et al.
(2022) and the data sheet for the LGM50 cell (Taylor,
2023). Of note, the sides of the cylindrical cell were
disregarded when estimating battery surface area (Acen)
for (14). This is meant to represent the way in which a
real cell would only ever be one of many within a pack
and be surrounded by all sides.

Table 1. BYD electric-bus parameters for sim-
ulation, adapted from BYD (2022), Taylor
(2023), and Prada et al. (2012).

Parameter Name Value
Mass (M) 20300 kg
Max torque (Timaz) 1100 Nm
Max power (Pmaz) 300 kW
Max regenerative power (P5* 180 kW

Gear ratio (G) 22

Wheel radius (74) 0.502 m
Front area (A) 8.20 m?
Transmission efficiency (n¢) 0.80
Rotational Inertial (kn,) 1.3
Air drag coeff. (Cyrag) 1.3
Rolling resistance coeff. (Cyrr) 1.0
Driver model P and I values (0.3 and 0.08)
Ambient temperature (Tamp) 300 K
Mass of battery cell (Mcen1) 0.068 kg
Surface area of battery cell (Acenr) 0.0007 m3
Battery cell Heat capacity (Cpcen) 653.3 J/kg/K
Battery cell convective coeff. (hcen) 10 W/m? /K

Table 2. Battery degradation parameters
(Reniers et al., 2019; O’Kane et al., 2022)

Value

solvent-diffusion limited
1.25 x 10720 m?/s

5.0 x 10~* m3/mol

Parameter Name

SEI growth model

SEI solvent diffusivity
SEI partial molar volume
Li-plating model Irreversible
Li-plating kinetic rate const. 5.0 x 10713 m/s
Initial negative porosity 0.20

4.1 Simulation workflow

Physics based battery models are expressed by dozens
of interconnected differential equations. These are imple-
mented and solved within PyBaMM with CasADi, an
open-source symbolic math software tool which can be
used to represent and solve systems of differential equa-
tions (Andersson et al., 2018). CasADi is available in
Python, Matlab/Octave and C++. This makes it possible
for the battery model to be exported between programs.
The workflow required for this project is pictured in Figure
5.

In the first stage of Figure 5, PyBaMM is used to describe
the initial battery model. In this stage, the model details,
degradation sub-models, parameter set, solution time-step
and the simulation inputs (power demand, temperature)
and outputs (voltage, capacity lost to SEI and plating,
etc.) are all chosen. Then, a short simulation initializes
the CasADi model which then makes it possible to extract
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the models internal state variables and the integrator and
output functions out of the PyBaMM model.

The internal variables (y) is a [1 x N] array which includes
all simulation values at a instant tg, where N depends
on model options. The integrator is a CasADi function
which updates the model internal variables by solving
the system of differential equations for a given time-step
dt. In the case of this work, the battery time-step is
equal to dt=0.5s. The integrator function is represented
by (15), where i is the array of input parameter values.
The output variable function is a set of equations which
relates the internal variables (y) and the input values (i)
to the output variable values (o), as shown in (16). Each
of these three objects can be exported as a file: y.mat,
integrator.casadi, and outvar.casadi.

Yn+1 = FInt(yn7 ln)
on = Fous (Yna in)

(15)
(16)

In the second stage of Figure 5 (now in MATLAB), a
Simulink block (matlab.System class) loads the internal
y variables from the .mat file and the integrator and
output functions using the CasADi package at start-up.
Then, at each simulation step, this simulink block runs
the integrator and output functions. A simplified diagram
of the simulink is shown in Figure 6. It is composed of the
simplified EV model, as described in Section 2; a battery
thermal model (implemented outside the battery model
itself), based on (14); and the CasADi battery block, which
runs the battery model previously declared in PyBaMM.
Of note, the CasADi battery block simulates a single
representative cell, meaning this model effectively assumes
a homogeneous battery pack. As such, the block power
input (Peen) is given as a fraction of battery pack power,
as calculated in accordance to the EV model in Section 2.
Figure 7 shows the power profile required from a battery
cell for a given drive cycle period.

With this, a functional PyBaMM model is operational
within Simulink. However, the simulation times in Simulink
are significantly longer than in PyBaMM. In order to more
efficiently run many cycles, the final internal variables y
and the cell power and temperature time series are all

pybamm_cycle.py

load model, y.mat

run charge_step

for i in range (N)
run discharge_step
run charge_step

save y.mat (replace)

T

simulink EV model

> import casadi.*

load model, y.mat
run discharge cycle
save y.mat (replace)
save pow, tempe data

pybamm_setup.py

> create model

> export y.mat,
integrator & varout
casadi files

vV V V VvV VvV Vv

vV V VvV Vv

Figure 5. Simulation experiment workflow.
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exported and saved as files once the MATLAB simulation
ends. Then, in the third stage of Figure 5, PyBaMM
creates a new model with variables y from the Simulink run
as the model initial conditions and uses power and temper-
ature time series as discharge cycle inputs. PyBaMM then
runs many charge and discharge cycles, this can be done
significantly faster than what’s possible in Simulink (Li
et al., 2024). After a given number of cycles, the internal
variables vector y is saved to file and the Simulink EV
model is run once again — this is done to periodically obtain
new power and temperature profiles as the battery ages.
In this work, there were nine cycles on PyBaMM for every
one done in Simulink.

Steps two and three are repeated as many times as is
necessary for the simulation experiment. In the case of
this work, the goal is to replicate an aging knee point.

Drive cycle Veet_,, Driver

ATEIET — an(lj\/llcr)wt);’rter

dynamics | [P System
EV Powertrain model

E)cell Ceen | . I:)pack T
CasADi - Copack| - amb
Battery ;rce" ]
T vcs [ A
117 1
v, I,C... lheat
Figure 6. Simplified Simulink model diagram.
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Figure 7. Graphs of vehicle velocity (reference and mea-
sured), cell input power, and cell output voltage over
a 3 minute period.

4.2 Results

At the end of each charge and discharge step, porosity
and capacity data was saved to file. Figure 8 shows the
evolution of capacity loss and negative electrode porosity
relative to total battery throughput. Note that capacity
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lost to Li-plating has been doubled in value in the plot of
Figure 8 so that it is more visible relative to SEI capacity
loss.

Initially, the rate of SEl-led capacity loss is elevated as
the initial SEI layer is formed; this result is consistent
with what has been observed experimentally elsewhere
(Yang et al., 2017; Single et al., 2018). Capacity fade
then stabilizes and grows linearly with throughput ca-
pacity during the “middle” stage of the battery life-cycle,
but as “porosity” falls, the rate of Li-plating increases —
particularly once porosity is less than 0.05. This is more
evident when comparing the cumulative capacity loss due
to plating with its linear trend in Figure 8.

After 71 charge and discharge cycles, however, the simu-
lation crashes — the solution fails to converge. This tends
to happen as porosity (which is inversely proportional to
electrolyte resistivity) approaches zero. This isn’t that bad
seeing as, by that point, the battey is quickly approaching
its definitive end of life anyway due to the accelerating
rate of Li-plating, which increases the risk of short-circuit
or thermal runaway. The simulation can be made more
stable by adjusting the CasADi solver tolerance settings,
but that comes at the cost of solution time. As currently
constituted, the simulation takes about 25 hours to solve
71 full cycles (at which point, it crashes). Balancing ac-
curacy, stability and simulation runtime is an important
balancing when solving a physics based battery model, this
topic is discussed in Li et al. (2024). In the future, this
project will aim to better optimize for speed by simplifying
the PyBaMM model even further and tinkering with the
CasADi solver options.

0.08 - SEI capacity loss [A.h]

2 x Li-plating capacity loss [A.h]
0.06 |~ = ~Li-plating linear trend

0.04 -

Capacity loss [A.h]

0.02 -

0 100 200 300 400 500 600 700 800

Throughput capacity [A.h]
0.2 T T T T
——Mean negative porosity
015 = = Separator porosity
£ o1t
0.05 -
0 . . . . . . . .
0 100 200 300 400 500 600 700 800

Throughput capacity [A.h|

Figure 8. Loss of capacity over SEI growth and Li-plating
overtime and Decrease in negative electrode porosity
(mean and near separator) overtime.

5. CONCLUSION

The test described in Section 4 of this work is an example
of Simulink — a common simulation and testing tool used
in many areas of academia — interfacing with PyBaMM
— a python library specifically specialized in simulating
physics-based electrochemical battery cell models. With
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the more complete and complex battery degradation mod-
els, it is possible to run more accurate and through battery
degradation simulations.

This work has some limitations, however. For one, the
simulation itself is merely illustrative due to the artificial
degradation variables used for the purposes of demon-
strating accelerated degradation. This itself isn’t an issue
since the goal of this work is to demonstrate the workflow
and viability of Simulink and PyBaMM integration. More
important, the simulation is generally slow, taking roughly
one day to run 70 cycles. This can be further optimized
by simplifying the battery model and tinkering with the
CasADi solver options, as described in Li et al. (2024).
Additionally, a big reason for the slow simulation time is
the small time-steps required to run the EV powertrain
models (d¢t=0.5); other applications that don’t require such
small time-steps, ie. storage for grid-support, might make
for a more appropriate use-case for this kind of simulation.

Future work within this project will focus on using the
workflow described here to simulate the Second Life degra-
dation for an electric vehicle battery cell.
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