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ABSTRACT An effortless charging experience will boost electric vehicle (xEV) adoption and assure driver
satisfaction. Tailoring the charging experience incorporating smart algorithms introduces an exciting set of
development opportunities. The goal of a smart charging algorithm is to lay down an accurate estimation
of charging power needs for each user. As recommender systems (RS) are frequently used for tailored
services and products, a novel RS based approach is developed in this study. Based on a collaborative-
filtering principle, an RS agent will customize charging power transient prioritizing the physical principles
governing the battery system, correlated to customer preferences. However, parallel to other RS applications,
a collaborative-filtering for charging power transient design may suffer from the cold-start problem. This
paper thus aims to prescribe a remedy for the cold-start problem encountered in RS specifically for charging
power transient design. The RS is cold-started based on multiphysical modelling, combined with customer
driving styles. It is shown that using 7 fundamental charging power transients would capture about 70% of a
set of representative charging power transient population. Matching a unsupervised learning based clustering
pipeline for 7 possible customer driving styles, an RS agent can prescribe 7 charging power transients
automatically and cold-start the RS until more data is available.

INDEX TERMS Electric vehicles, fast charging, heat transfer, physics-aware recommender system, RS cold-

start, thermomechatronic modelling.

I. INTRODUCTION

Conforming with the United Nations Sustainable Develop-
ment goals [1], electrification supports sustainable transporta-
tion. However, as the XxEVs need to be replenished with
frequent intervals, improved charging strategies and avail-
ability are crucial for customer satisfaction. The charging
experience of the xEV user is shaped by several factors
such as xEV configuration, grid and electricity infrastructure,
economics, energy and greenhouse gas emissions (GHG) as
well as user preferences. The building blocks of the rep-
resentative ecosystem is shown in Fig. 1, which musters
many sub-systems and a vast parameter space. Nowadays
large amounts of online and offline data populated in the car,
electric vehicle interface (EVI) and various cloud databases
enable an accurate prediction base for customer sentiments on
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FIGURE 1. lllustration of the charging ecosystem. The two elements in red
frames, customer and the xEV sub-systems, are considered in this study. In
the inset, various charging terms from recent literature are listed as a word
cloud.

the charging experience. As recommender systems (RS) are
frequently used for tailored services and products, XxEV
charging is appropriate as an RS governed smart service.
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A smart fast charging algorithm, thus, can include all the
above-described engineering considerations correlated with
user preferences. As many customers are actively using
social media, car culture portals, consumer sites, and internet
forums to share experiences [2], the resulting Big Data has the
prospects to determine even the charging experience. On the
premises that the charging preferences of the customer will
be recognizable patterns in a Big Data repository based on
the actual experience with the XEV, an RS can quantify this
information to allocate resources for future charging needs. In
the herewith proposed smart fast charging scenario, charging
power transients tailored for each customer can be prescribed
based on the usage data but also the Big Data populated
elsewhere as in the Fig. 1.

Il. STATEMENT OF THE PROBLEM

The appropriate engineering design of the Big Data supported
charging ecosystem is a multi-disciplinary undertake and con-
sists of numerous key-performance indices per multitude of
sub-systems. The charging power transient has the purpose
of enabling the customer to charge the XEV with maximum
amount of energy depending on the available time from the
customer’s side; but is also restricted by the cost of energy,
time of the day, infrastructure capabilities, charger type, traffic
situation, weather condition, geographical information, cus-
tomer preferences, emission restraints, age and state of health
(SOH) of the battery and its chemistry, thermal restraints,
vehicle design, peak shaving / scheduling, V2X (Vehicle to
Everything) needs, etc.

A. CHALLENGES OF FAST CHARGING

Fast charging is controlled by balancing the current from the
EVI with the battery pack’s charging time, energy loss, and
charging constraints [3] or via real-time dynamic queuing [4]
as well as power delivery schemes prescribed using EVI hard-
ware [5]. The direct current (DC) on-board fast chargers are
typically rated at 50 kW up to 350 kW [6]. Having such
high charging power has implications on the SOH of the
battery [7]. Repeated heat loads can also weaken structural
elements of a battery [8]. Thermal conditioning prior to the
fast-charging event is investigated by many authors, as cold
temperatures can also undermine battery health [9]. For this
reason, earlier work in the available literature devised effi-
cient ways to dissipate efficiently thermal loads due to the
losses [10], [11]. Being a multidisciplinary balancing act, the
fast-charging power transient waveform has an implication
in discipline electromagnetic compatibility (EMC) in power
dense xEV architectures. Earlier work from 2016 reports on
susceptibility of integrated circuits of battery management
system (BMS) could be a major threat to the safety of emerg-
ing EVs [12].

From several charging algorithms, the constant-current
constant-voltage (CC-CV) charging is the most commonly
used charging approach [13] for the Li-ion batteries. In this
study, the charging power transients not only include CC-CV
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FIGURE 2. B-spline based trial function approach taken to discretize
arbitrary charging power transients. 15 minutes are represented as 15
control points per B-spline.

mode, but also various other reported charging methods in-
cluding pulsed waveforms [14], [15].

B. COLLOBORATIVE-FILTERING AS AN RS

The collaborative-filtering based RS found widespread
adoption for tailored services and consumer products. How-
ever, the bulk of the RS research target shopping, music
& movies, travel, restaurants, people, and articles [2], [16].
Only a sub-set of the research reported is RS for xEV op-
eration. Zeinab et al. reported on an RS for charging station
choice [17], Tan et al. prescribe an RS for BEV taxi charging
locations [18]. Wang et al. present findings on BEV wireless
charging data security aspects of the recommendations [19].
In a review paper, Teng et al. lists approaches for EV charging
demand management [20], which does not report any RS for
the charging transient customization purpose. In the proposed
approach, trial functions for power transients are created as
shown in Fig. 2.

There is a significant knowledge gap in RS applications for
smart charging. An approach like the one proposed in this
study completely lacks from a recent comprehensive review,
where smart systems take the user as a rational agent and focus
instead on balancing the grid ability with the demand [21].

It is reported in the literature that a collaborative-filtering
based RS will suffer from the cold-start problem in case suf-
ficient data from other customers is lacking [22]. Cold-start
issue happens when a RS is deployed but not yet access
to sufficient data to draw conclusions about users. In a fast
charging scenario, this is the instant when a new customer
is receiving their vehicle, or an RS deployed for car sharing
purposes does not yet build up a decision base about new
drivers. Alternatively, when rental vehicles are rented by new
drivers instead of usual corporate customers, there is not yet
a large database about the charging habits and xEV usage
behavior. Despite the cold-start drawback, RS based systems
dominate on-demand services and thus applicable for a on
demand fast charging service aiming at automotive industry.

Adding a dimension of customer sentiments, RS can im-
prove the overall charging experience using machine learning
(ML). The novelty of the current study is in prescription of a
mathematical basis for the RS to operate on. Practically, such
an RS for XxEV charging would focus on the transfer of the
energy into the battery as a power transient as the delivery
goal.
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FIGURE 3. The essential for the proposed RS is parallel to collaborative filtering. In the left inset, an RS agent aims to propose a book for a user. In the
right inset, another RS agent builds up specific fast charging power transient for a driver.

C. PRESCRIPTION OF A FAST CHARGING RS
Starting from general collaborative-filtering principles, the
RS-agents build up products and services to satisfy the
customer needs. As shown in Fig. 3 in the left-side inset, an
RS for books mathematically establishes a probability density
for the customer on liking a new book, based on the former
book choices they have enjoyed. The RS for the smart xEV
charging will execute a similar mathematical operation, but
instead for a charging power transient targeting maximum
xEV user satisfaction. To prescribe the charging power tran-
sient as a product, the RS agent will use available data to
construct charging power transients as mathematical entities.
Given that the B-spline based trial function approximation
is a surface or curve construction technique which is widely
reported in the literature [23], the charging power transients
can be deterministically constructed using B-splines.

A B-spline for charging power transient is constructed as
a power function in the time domain of an arbitrary duration.
Essentially, each control point, aka. knot, on these B-spline
forms is a voting instant, as shown in Fig. 3 right-side inset.
The voting in this context is an automatized process based
on probability densities accumulated by each control point
following each charging event by the xEV users. The charg-
ing power transients will be quantified after each charging
instance, the more a charging power transient control point
gets voting from a certain type of XEV user, the more likely
that another user in same customer cluster with likely xXEV
receive a similarly positioned charging curve B-spline control
point. In case charging data from earlier customers is not
readily available, other usage characteristics which can be
correlated to charging can be detected in energy usage, speed
distribution, acceleration distribution, rate of road gradients,
etc.; an example of this approach is provided in Section VI-F.
The probability density gathered from earlier charging events
by the XEV customers including their SOC evolution, if avail-
able, destination etc. will guide the RS-agent to propose new
control point possitions on the power-time surface; this time
tailored for the specific XEV user.

For the current study, the inbuilt flexibility of the scripted
pipeline allows for an arbitrary duration for the charging
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events. To align with the contemporary XEV capabilities, the
overall charging time for this study is fixed at 15min.

IIl. Al FRAMEWORK TO PRESCRIBE REALISTIC FAST
CHARGING POWER TRANSIENTS

Fast charging data from human users has not been available
for this project. Many public data repositories do not provide
the actual usage behavior, but rather concentrate on controlled
charging-discharging events [24], [25], [26], [27]. To include
charging behaviors realistically, charging transients from open
literature are studied [28]. However, real charging power tran-
sients have not been available for the current project, instead
an artificial intelligence (AI) based set up is undertaken to
populate a substantial amount of charging power transients
acting in battery operating envelope boundaries. Mimicking
human users, the Al tasked with populating charging power
transient curves also aimed to transfer as much energy into
battery as possible. From the Al toolbox, a multi-objective
genetic algorithm (MOGA) based optimization pipeline is
scripted using Python as depicted in Fig. 4. In the AI gov-
erned process, the MOGA agent spawns possible charging
power transients evolutionarily for a given fast charging dura-
tion. This is realized by improvements on an initially random
charging power transient while the MOGA agent explores the
overall design parameter space.

As a fail-safe policy, the charging power transients which
lead to off-design behavior like high temperatures, mechan-
ical loads, induced electric field rates were discarded. To
accurately quantify the operation envelope for the battery, ade-
quate spatial and temporal resolution is required. The detailed
multi-physics Finite Element Model (FEM) of a battery pack
during fast charging event aims to describe, then tailor using
available parameters like thermal conditioning, what a battery
can safely deliver to an XEV user. This leads to feasibility of
any charging power transient inside the locus of safe vehicle
operation and allowed by the EVI.

A Dbattery pack design is chosen to represent the
state-of-the-art applications in light duty vehicles. Simplifi-
cations are made to include only the key components and
properties for fast charging; heat generation from the battery
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FIGURE 4. The complete virtual modelling flowchart comprising 0D battery model, 3D thermal, 3D mechanical, quasi-3D electromagnetic and

optimization modules.

cell to the tab, the mechanical stress due to the heat gen-
erated on the busbars and the electromagnetic interference
(EMI) from switches in the power electronics package, were
prioritized. The hierarchical approach starts from system-of
systems level. At this level, a Thévenin-circuit based equiva-
lent circuit model for the battery is used to compute generated
losses in the fast charging process including instantaneous
battery heating and cooling needs. These losses are subse-
quently passed to a 3D conjugate heat transfer model (CHT)
to resolve accurate distribution of hot spots in the chosen bat-
tery packaging geometry. Quantified temperature distribution
information is likewise fed into structural mechanics compu-
tations to pinpoint mechanical loads on soldered battery parts.
An additional computation is done to consider the packaging
constraints due to EMI.

The MOGA agent discards optimization results which tres-
pass thermal, mechanical or electrical limits of the battery
system using specific look-up tables, thus multiobjectively
optimized charging power curves are populated. From left to
right, two start points in the flowchart on Fig. 4 is discernable.
The upper-hand start station is related to automatic creation
of charging power transients and their FEM characterization.
The lower-hand start station corresponds to real human data,
here only the drivestyles are investigated to detect clusters, but
method is designed with the flexibility to include more data as
shown in Fig. 5.

Data gathered during driving and charging, comprising re-
lated social media feeds and similar content with sentiment
updates, can all be agglomerated in a big database. Therefore,
the lower-hand positioned database station in Fig. 4 is a mod-
ular allocation for Big Data, when available once the RS is
cold-started. Two fundamental flow structures in the chart on
Fig. 4 are met in a matching process. In its simplest from, if
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FIGURE 5. RS feature space. The large dataset including all the customer
data; only a subset of this is comprised by the power transient choice
done by the customer while EV charging event.

the number of clusters detected in human driver behavior will
be same as principal components contained in innumerable
charging power transients populated inside the operating do-
main of the battery, power transients can be recommended for
the actual drivers. This is the result out of the pipeline, which
can be based on integral of fast charging power transients, i.e.,
energy supply with the clustered regions in the driving style
plot, which corresponds to energy demand.

Being part of a larger ecosystem of xEV-related RS com-
prising Big Data, a sub-system for tailored fast charging
can be created concentrating solely on the charging power
transient as shown in Fig. 5. For the scope and to protect
Intellectual Property, further simplifications need to be made.
To eliminate the need to resort to various charging character-
istics from the drivers, just two features; namely, speed and
acceleration data, are used to quantify the driving styles. As
hyperplanes of higher orders are impossible to plot, the choice
of just two features from the numerous features logged as
driver data, enables interpretable plots like in Fig. 6. In this
plot normalized speeds per each of the 8 drivers as well as
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FIGURE 7. Driving dynamics assumed as a cursor for charging needs. For a
small set of eight drivers, the user on the left side of the
acceleration-speed-limit-breach plot will use less energy, thus, needs less
charging power for a comparable trajectory.

speed limit breaches are plotted, where the speed limit breach
is the difference between the speed limit at the anonymized
GPS position and the actual vehicle speed. A Kernel Density
Estimate (KDE) for each of the drivers are investigated for
the exploratory analysis [29]. KDEs for bivariate functions
transform the data using continuous probability density distri-
butions. These plots show the diverse driving habits among the
drivers, e.g., Driver8 consumes more energy than the Driverl,
thus will need more charging instances for a given trajectory.
Accordingly, it is assumed that the drivers with higher speeds
and accelerations are the ones which will need more energy
content in their power transients. For drivers who are placid,
the situation will be the vice-versa as depicted in Fig. 7.
Many methods from ML are available to discern and classify
driving styles, which may lead to detection of the energy
consumption, vehicle dynamics, aggressivity, usage patterns,
etc. Appropriately, a K-means based clustering is used to find
patterns in driving habits of drivers [30]. As shown in Fig. 8
for eight drivers, unsupervised clustering approaches are able
to cluster the dataset in same number of clusters, albeit in
different morphologies.

To match the user preferences in fast charging, the FEM
based charging power transient set further used to create
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reduced order charging power transients using a pattern recog-
nition algorithm from the ML toolbox. While discerning the
most important charging power transients, order reduction
process keeps the most relevant features, which relates to the
most dominant charging power transient waveforms, used by
the assumed XEV users. This is achieved using unsupervised
learning where a Principal Component Analysis (PCA) of the
charging power transients removes charging power transients
of least usage, as this set of power transients would correspond
to the set of XEV users at the fringes of the fast charging be-
havior. To combine the battery behavior with customer choice
prediction, real driving data of eight customers is investigated.
It is assumed that the driving style of the drivers will be a
cursor for their energy usage, thus their charging needs.

In the case of modeling for battery modules and packs,
the heat generation and heat transfer between the connectors
differ due to manufacturing which also leads to an inconsis-
tency between cells within the pack. The Al pipeline allows
for extra robustness search by creating additional candidates
with geometry morph. A Python script-based module which
changes CAD prior to meshing is prepared but not used for
the reported work.

IV. EXPERIMENTAL DATA

To relate the possible charging power transients to the hu-
man drivers, anonymized data from 50 drivers is used [31].
Comprising only 50 drivers, the dataset used for this study is
relatively limited. However, this is aligned with a RS cold-
start scenario, where there is scarce data on the charging traits
of the customer. Additionally, there also is a general trend
towards smaller datasets, for instance insufficient dataset us-
age in health [32], small datasets for transformers [33], small
datasets <5000 samples in software engineering [34] are re-
cently reported. The research on small datasets are mostly
investigated for image processing [35], thus, the current study
tackles another domain for small dataset application.

The total number of Al populated power transients are only
limited by the available High Performance Computing (HPC)
resources, thus in theory, an infinite set of variants of charging
power transients are possible to capture all the smart charging
design space.
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FIGURE 9. Vehicle as a system-of-systems level modelling instance. The battery in orange in the figure is cascaded into its modules and cells.
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FIGURE 10. Illustration of innumerable charging transients captured by Al.
Three set of transients are of interest: charging power transient, cooling
and heating power transients.

V. COMPUTATIONAL APPROACH

In this work charging events are modelled as power tran-
sients provided by the EVI to the vehicle On-Board Charging
(OBC) unit, which are simulated using FEM. As the battery
chemistry thrives at certain ambient temperatures, the thermal
conditioning of each cell is even more crucial for fast charg-
ing [11]. To better capture the physics, the power transients
for heating and cooling of the battery are also computed. As
illustrated in Fig. 10, thermal effects on charging are modeled
by individual power transients designed by AI. When all the
reasonable charging transients are created based on detailed
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physics, it will allow for further studies in pattern recognition
as will be described in Section V-F. Only when thermal con-
ditioning is included, the setup will enable the system to be
connected to customer choices and preferences. In this way
a thermomechatronically dimensioned charging transient will
be prescribed for the customer.

A. SYSTEM-OF-SYSTEMS LEVEL MODELLING

A MOGA based approach is chosen for system-of-systems
level quantification. In MOGA, the individuals with the best
gene pool will survive the natural selection, transmitting their
DNA for later generations. This will be reflected on the choice
of concept solutions from the concept pool populated using
FEM in several disciplines. Analogue to four biological pro-
cesses in nature; reproduction, mutation, recombination, and
selection, the MOGA will deem the merit of each concept
solution per investigated discipline. The mathematical model
of this theory starts with a randomly selected population of
concept designs on the parameter space, where each of the
unique design parameters form a DNA [36]. Through an it-
erative process, the algorithm reaches to a design point in
the solution domain that minimizes the objectives of the opti-
mization. An in-built randomness in this process enables the
algorithm to perform well in several optimization problems
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encountered in automotive system design, as the algorithm
is agnostic about the gene pool. Subsequently, the MOGA
agent creates a pool of generations, monitoring the concept
designs on the parameter space by evaluating their fitness.
The algorithm then selects the parents for the next generations
from the set of fittest concept designs. The crossover and
mutation operations are then used to create new offsprings in
the concept design domain. Finally, the algorithm discards the
least fit concept solutions to ensure survival of the fittest.

For the reported research, the MOGA is tuned for prob-
lems involving discrete variables and an evolution strategy
with self-adaptation for problems with continuous variables
is incorporated [36]. For this, the Al software makes use of
a two-point crossover technique to exchange genetic string
values between the members of the population during the EA
breeding process. A cross-over rate of 0.8 is chosen.

B. SYSTEMS LEVEL MODELLING

A complete High Voltage (HV) system of a representative
xEV is modeled using Modelica language [37]. The schemat-
ics of various levels of system modelling is shown in the
lower part of the Fig. 9 where the detail is cascading from
battery level on the left-hand side subplot, to module level in
the middle subplot, and finally to cell level in the right hand
side subplot. As the AI based approach needs to populate
an extensive number of charging power transients to learn
from, the speed of the system-of-systems level model is of
crucial importance. A surrogate model is prepared for this
purpose. To present battery, module, and cell system mod-
els, a Functional Mock-up Interface (FMI) is prescribed. The
MOGA agent uses the FMI comprising of a battery pack and
its charging as well as the thermal conditioning input for the
optimizing the cooling power transient as illustrated in the
Fig. 10. The MOGA is used to reduce the battery losses and
to come up with the dynamic charging and cooling power
transients within the dedicated charging time. The FMI also
comprises of the thermal path consisting of bus bar, dielectric
thermal conductor sheet and aluminum sheet to the car body.
The thermal conditions governed by a time dependent energy
equation modified from [38] as shown in (1).

dT dUocy
Cp| — ) =1, -V IT | —
mP<dt) (Uocv )+ < 3T )

+ hA (T - Tamb) + Pcool/heat (1)

In (1), Cp is the specific heat of each material at constant
pressure and 4 is the convective heat transfer coefficient. /
represents the current through the tabs of the battery. V is the
battery voltage. T is the battery temperature under the actual
boundary conditions and 7y, is the temperature field expe-
rienced by the battery. Peooi/near 1S the term representing the
power expended for cooling or heating the battery as needed.
Upcv is the open circuit (or equilibrium) voltage [39].
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C. DISCIPLINE HEAT TRANSFER
In the Finite Volume Method, Navier-Stokes equations and the
energy equation for fluids and solids are discretized over ele-
ments constituting a computational mesh representation of the
battery module [40]. The solver used is chtMultiRegionSim-
pleFoam from the OpenFOAM CFD tool [41]. As described
in the source code header, chtMultiRegionSimpleFoam is a
steady solver for buoyant, turbulent fluid flow and solid heat
conduction with conjugate heat transfer between solid and
fluid regions [41]. The solver handles the fluid domain con-
tinuity as

ap

ot
where u is the velocity vector and p is the fluid density.

Subsequently, the momentum in the fluid domain is mod-

elled by the Navier-Stokes equation in 3D as

d (pu)
ot

V. <u [(Vu)T - %rr(va I]) =-Vp+of @3

+V.-(ou)=0 (2)

+ V.- (puu)+V - (uVu)

where f is body force vector, p is the pressure, ; denotes the
dynamic viscosity of the cooling fluid [42]. In (3), the operator
tr takes the trace of a tensor in 3-dimensions. The exchange
of energy is modeled in both domains; in the fluid as

d (ph) d (pk) ap
T4V, h+ —— 4+ V. k) — =

o + V- (puh) + o + V- (puk) o
= pu-g+V - (asrVh) + pr + pMRF 4)

where & is the enthalpy of the coolant [43], [44]. Enthalpy is
sum of internal energy of the fluid system and its work on
its boundaries. The term r is representing the source terms
from radiation heat transfer, multiple reference frame (MRF)
is another source term dependent on type of solutions. k is
the kinetic energy of the cooling fluid. The term e,y is the
sum of laminar and turbulent thermal diffusivities. Thermal
K

diffusivity « is o and « is the thermal conductivity of the

coolant. Finally, energy equation in the solid is modeled as
a (pCpT
% —V(VT)=0 (5)

where « is the thermal conductivity of the different materials
used for modelling [41]. For the creation of computational
meshes, the hexahedral volume mesher from OpenFOAM is
used. Both the meshing and computations are parallelized on
min. 64 CPUs.

D. DISCIPLINE STRUCTURAL MECHANICS

FEM in 3D is used to quantify thermomechanical loads on
critical parts of the battery module. In this approach, the cell
tabs are taken as hot spots and the dissipation from one hotspot
region to another region through a soldered tab is modeled.
The software tool used for the purpose is Calculix [45] which
quantifies the strain using the Lagrangian strain tensor E for
elastic media. For deformation plasticity, the Eulerian strain
tensor e and the deviatoric elastic left Cauchy-Green tensor is
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FIGURE 11. The vehicle as a system level modelling instance. In the inset (a) 3D FEM model for thermal elongation for the battery busbar (b) 3D FEM
model for conjugate heat transfer analysis for the battery module hot spot distribution (c) quasi-3D FEM model for magnetostatics.

used for incremental plasticity [46]. In the Cartesian coordi-
nate system, the Lagrangian strain satisfies:

Exr = Uk + ULk +UnxkUn1)/2,

K.LLM=1,2,3 (6)

where Uk are the displacement components in the material
frame of reference and repeated indices imply summation over
the appropriate range. In a linear analysis, this reduces to the
following form [46]:

Ex; = Uk, +ULk)/2,

K,L=1,2,3 @)
The Eulerian strain will satisfy:
el = (U1 + up g — U klm,1)/2,
k,l,m=1,2,3 8)

where u; are the displacements components in the spatial
frame of reference. The deviatoric elastic left Cauchy-Green
tensor is defined by [46]:

€))

where J is the elastic Jacobian and xj ;- is the elastic de-
formation gradient. The stress measure consistent with the
Lagrangian strain is the second Piola-Kirchhoff stress S. This
stress is for all applications, can be transformed into the first
Piola-Kirchhoff stress P and into the Cauchy stress ¢. All input
and output to the used FEM tool is in terms of true stress [46].

7e __ ge—=2/3 e e
by =J" "X kX k

E. DISCIPLINE ELECTROMAGNETICS

To cover eventual crosstalk in tightly packaged vehicle plat-
forms, EMI is quantified using a magnetostatic approach.
Here a switching effect in the battery electronics is affecting a
signal cable in the vicinity. In Fig. 11 battery module is shown
in quasi-3D domain, where symmetry conditions represent the
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direction into the page. The magnetic flux created is shown
in enlarged inset. Incorporating solenoidal property of mag-
netic flux, Ampere’s circuit law and non-linear constitutive
relationship for materials [47], a FEM based tool [48] solves
the EMI problem via time-stepping. FEM calculations start
from the given current condition on the battery management
system electronics, which

VX<—VX_A’>=7 (10)
w(B)
will give X, afterwards curl of X

VxA=B8 (11)

Solving (11) will provide a magnetic flux density distribu-
tion on an arbitrary battery section with prescribed material
information, an example of which is shown in Fig. 11. The
inductance couples the magnetic flux linkage to the current
producing the flux linkage. In this work the current induced in
a conductor will be quantified using FEM.

L=-—

. 12)
1

where L is induction, A is flux linkage by the current i.

F. MACHINE LEARNING

1) PATTERN RECOGNITION FOR CHARGING POWER
TRANSIENTS

PCA uses an orthogonal transformation to project the original
data onto new components that better describe the data, that
have been created through linear combination of the original
features. For finding the principal components, PCA uses a
method called Singular Value Decomposition (SVD), which

has the following equation [30]:
M=uzvT (13)
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FIGURE 12. 3D FEM model for conjugate heat transfer analysis. Perspective view with temperature field with an inset showing mesh detail on the left

and XY-section temperature distribution plot on the righthand side.

SVD diagonalizes any real or complex matrix, e.g. a matrix
of charging power transient spline control points as columns
and individual charging power transient concept as rows. The
output of SVD is three matrices: U, with the left-singular
vectors of the input matrix as columns; ¥, a diagonal matrix
with the singular values of the input matrix on the diagonal;
and transpose of V, with the right-singular vectors of the input
matrix as rows. The right-singular vectors are the principal
components and the singular values describe how important
each component is.

2) PATTERN RECOGNITION FOR CUSTOMER BEHAVIOR

A clustering algorithm is used to cluster the customer be-
havior. In this the assumption is that the customers who use
the most energy will need to charge the most. The K-means
algorithm divides a set of N samples X into K separate clusters
C, each described by the mean p ; of the samples in the cluster.

n
> min(l — ;1)

i=0

(14)

with p; € C. The means are commonly called the cluster cen-
troids. The K-means algorithm aims to choose centroids that
minimize the inertia, or within-cluster sum-of-squares crite-
rion [30]. Alternatively, Density Based Scanning (DBSCAN)
searches for dense regions of sample probability distribution
space for clusters. An improvement of this, the Hierarchical
DBSCAN includes the clusters with different magnitude of
density [49]. In density based clustering, excess of mass of C
is described for an arbitrary density function f and C spans
a subset of f as C) = {x € C|f(x) > A} as formulated in
15 [49].

EC, M) = | (f(x)—A)dx, (15)

Ci

where X is representing the level for density clusters.

VI. RESULTS

A. RESULTS FROM SYSTEM-OF-SYSTEM LEVEL MODELLING
For the MOGA with the chosen cross-over rate, the result
of the breeding process is a population comprised of the 60
best parent design points (aka. the elitist strategy) plus 100
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new child design points. The EA optimization process will be
terminated after either certain number of iterations (genera-
tions of the EA) or a finite number of function evaluations.
Total number of concept candidates for the study is about 200.

B. RESULTS FROM FEM IN DISCIPLINE HEAT TRANSFER
The MOGA based agent receives the dissipated heat from
the loss computations from the Thévenin-circuit model
of the battery module to communicate this as a heat source
to 3D FEM computations. In this model, the high detail
of the geometry and material physics are retained through
a mesh size of ca. 556000. In an effort to capture all the
physics, FEM model comprises 37 individual regions with in-
dividual thermophysical parameters and individual mesh. The
Finite Volume Method mesh is hexa-dominant. In Fig. 12 a
representative computation results for discipline heat transfer
is shown. The operation of the battery leads to heat release,
which in turn will be distributed throughout the 37 matching
mesh regions creating the battery model.

C. RESULTS FROM FEM IN DISCIPLINE STRUCTURAL
MECHANICS

3D FEM is used to quantify strain due to heating of two
different metal regions in perfect contact to each other. A
tetrahedra dominant mesh of size ca. 2700 elements is pre-
pared as shown in Fig. 13. For discipline structural mechanics,
the MOGA agent receives the dissipated heat from the loss
computation from the Thévenin-circuit model of the battery
module to propagate this further as a temperature front to 3D
FEM based structural mechanics computations. As detailed
in [50], the lumped parameter models may lack the accurate
geometric detail, which may include intrigue geometric detail
and material anisotropy. When ML is applied to reduced or-
der models, the learned variance may be due to the lacking
features lumped as agglomerate detail. The high detail of the
geometry and material physics are retained in the structural
mechanics model for good accuracy in 3D.
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FIGURE 13. Example results by 3D FEM model for thermal elongation of the battery tab.

AIR dome_lip
N cable
=
BATTERY domain __‘ \\
744747*\\\\\\\ 2

FIGURE 14. The quasi-3D FEM model for magnetostatics. Cable position
detailed in the inset. Real part of the magnetic field potential is depicted
as field lines. For this field, maximum magnetic field flux reaches to
1.4E-4 T.

D. RESULTS FROM FEM IN DISCIPLINE
ELECTROMAGNETICS

A quasi-3D FEM method, where the third direction is mod-
eled as symmetry conditions, is used to compute the electro-
magnetic behavior. For this, a representative switching effect
is assumed in a magnetic material in the vicinity of the battery
cell using through a mesh size of ca. 34000. A nearby signal
cable is represented with a copper wire just below the bat-
tery cell illustrated in Fig. 14. Accordingly, each time a new
charging power transient is designed by the MOGA agent, a
different magnetic flux will be created by the battery control
electronics. This magnetic flux will be radiated to the victim
represented by the copper wire under the battery and a voltage
will be induced. The MOGA agent is designed to minimize
this voltage. In the inset, the detail in the cable vicinity is
depicted. Magnetic field potential lines in the XY-plane shows
the region in Fig. 14 where the cable is protected from the
dipole due to the switching by being positioned in a silent
region of the magnetic field.

E. PATTERN RECOGNITION FOR REPRESENTATIVE
CHARGING POWER TRANSIENTS

In this study, PCA is used to represent principal types of
charging power transients with the battery chemistry at hand.
The 8 principal components of all the populated charging
power transients are listed in the Table 1. It can be observed
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TABLE 1. 8 Principal Components in Charging Power Transients

Charging Power Transients  variance = cumsum
Power transient 1 0.145 0.145
Power transient 2 0.122 0.267
Power transient 3 0.098 0.365
Power transient 4 0.092 0.457
Power transient 5 0.080 0.537
Power transient 6 0.076 0.613
Power transient 7 0.067 0.679
Power transient 8 0.058 0.737

that, 7 PCA components contain about 70% of all the informa-
tion entailed in all the populated charging power transients.

F. PATTERN RECOGNITION FOR REPRESENTATIVE
CUSTOMER BEHAVIOR

To represent the customer behavior, a subsampled dataset for
50 drivers from [31] on the speed limit breach - acceleration
feature plane is investigated in Fig. 16. On the lefthand
side of Fig. 16, an HDBSCAN on the speed limit breach -
acceleration feature plane discerns seven clusters. Following
this step, a K-means clustering algorithm [30] is prescribed
to distribute individual driving styles of 50 drivers into seven
clusters as shown in the same figure. Thus, a correlation
between customer habits and preferences with hard coded per-
formance characteristics of an engineering system like XEV
is established. The connection to the driver behavior is ad-
dressed via 7 customer clusters representing 7 driving styles.
Studying the identified patterns in Fig. 16, there are drivers
which are positioned at lower speeds than the actual speed
limit who are also decelerating excessively, shown in region
in light blue. For charging curve choice, these individuals will
receive tailored curves which will include less overall energy
as they are recuperating often. On the other side of the Fig. 16,
there are drivers who are above the actual speed limits often
and accelerate frequently, this driver cluster represented by
grey color will receive the charging power transient with the
highest energy content.
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FIGURE 17. Charging curves matched to different driving styles of human automobilists. The pulsed charging limits for a representative charging process

is shown in left inset in yellow.

Aligned with the above explained logic, 7 designs for
charging power transients are then coupled to 7 principal
driving styles as depicted in Fig. 17. It is worth noting that the
size of the dataset has an impact on distance based clustering
algorithms like K-means. In Fig. 16 with 50 drivers, the seven
drivers are distributed principally on the speed limit breach
principal component, alternatively, in Fig. 8 with 8 drivers,
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the drivestyles are distributed on both axes, albeit more dom-
inantly on the speed limit breach direction.

VIl. DISCUSSION

Except the system-of-system level and 3D meshing all the
physical modeling is done using open-source software. This
aligns with UN Secretary-General’s Roadmap for Digital
Cooperation.
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The recourse to use synthetically generated fast charging
data is due to the fact that there is no publicly available fast
charging data. The method provides a viable approach to pop-
ulate realistic user data, conform with General Data Protection
Regulation.

VIil. CONCLUSION

An RS based approach to devise tailored power transients
for XEV charging is presented. The cold-start problem,
a known shortcoming for collaborative-filtering based RS,
is tackled using a physics-informed approach. Two Al
agents are designed to cooperate. A MOGA agent, mimics
humans charging maximum electric energy in given time
and an RS agent gathering information from charging power
transients populated based on battery physics to recommend
tailored charging for human drivers. MOGA agent governs
detailed multi-physics comprising 3D FEM solutions for
thermal, mechanical and electromagnetic disciplines are pre-
scribed to accurately model the heat generation of the battery
while filtering the charging power transients incorporating
maximum allowable cell temperatures. Introducing clustering
and data reduction, the physics of the battery during charging
is coupled to the customer choices via the driving dynamics.
From hundreds of charging power transients created based
on physical models, 7 principle charging power transients
are computed. To enable RS cold-start, driving data from an
experimental data set is used. Using clustering, 7 principal
driving styles from a driving-dynamics point of view were
additionally discerned. By combining these two patterns, 50
drivers are matched with 7 power transient curves for XEV
fast charging, where there assumed to be no information on
charging power transients preferred by the customers were
available. The RS based approach will thus be informed by the
inherent physics to enable a cold-start ability. The presented
solution can easily be extended to contain more customer data
as well as dynamic pricing for the electricity.
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