~ Fraunhofer

ICT

Fraunhofer Institute for
Chemical Technology ICT

Thermal design optimization of

traction battery modules using
meta-model-based simulations

Johannes Liebertseder

Fraunhofer Verlag



Fraunhofer Institute
for Chemical Technology ICT

Johannes Liebertseder

Thermal design optimization of
traction battery modules using
meta-model-based simulations

Wissenschaftliche Schriftenreihe
des Fraunhofer ICT
Vol. 99

Fraunhofer Verlag



Contact:

Fraunhofer Institute

for Chemical Technology ICT
Joseph-von-Fraunhofer-Strasse 7
76327 Pfinztal (Berghausen)
Germany

Phone +49 (0)721 4640-0
www.ict.fraunhofer.de

Bibliographic information of the German National Library:

The German National Library has listed this publication in its Deutsche

Nationalbibliografie; detailed bibliographic data is available on the internet at

www.dnb.de.

ISSN: 0933-0062

ISBN (print edition): 978-3-8396-2025-0

DOI (free Open Access version): https://doi.org/10.24406/publica-3308
DE-90

Zugl.: Karlsruhe, KIT, Diss., 2024

Print and finishing: Fraunhofer-Druckerei, Stuttgart

The book was printed with chlorine- and acid-free paper.

[oMom

This work is licensed under a Creative Commons Attribution 4.0 International Public
License: https://creativecommons.org/licenses/by/4.0/legalcode

© Fraunhofer Verlag, 2024
Nobelstrasse 12

70569 Stuttgart

Germany
verlag@fraunhofer.de
www.verlag.fraunhofer.de

is a constituent entity of the Fraunhofer-Gesellschaft, and as such has no separate legal
status.

Fraunhofer-Gesellschaft zur Forderung
der angewandten Forschung e.V.
Hansastrasse 27 ¢

80686 Mlnchen

Germany

www.fraunhofer.de



Thermal design optimization of traction battery modules
using meta-model-based simulations

Zur Erlangung des akademischen Grades eines

DOKTORS DER INGENIEURWISSENSCHAFTEN (Dr.-Ing.)

von der KIT-Fakultit fiir Chemieingenieurwesen und Verfahrenstechnik des
Karlsruher Instituts fiir Technologie (KIT)

genehmigte

DISSERTATION

von
Johannes Liebertseder, M.Sc.

aus Landau in der Pfalz

Tag der miindlichen Priifung: 29.04.2024

Erstgutachter:  Prof. Dr. Jens Tiibke

Zweitgutachter: Prof. Dr. Martin Doppelbauer






Acknowledgements

This dissertation was written during my time as a research associate and group leader in
the department New Drive Systems at the Fraunhofer Institute for Chemical Technology ICT.
Here, I want to express my appreciation to various individuals who have supported me on
this dissertation journey.

For enabling, supervising and reviewing my doctoral thesis I would like to express my sincere
gratitude to Prof. Dr. Jens Tiibke. I am also grateful to Prof. Dr. Martin Doppelbauer for his
support and interest in my work and for taking over the co-review. Additionally, I would
like to thank Dr. Hans-Peter Kollmeier for the encouragement in pursuing a doctorate at the
Fraunhofer ICT.

A special thank goes to Dr. Lars Fredrik Berg for his continuous support, guidance and
motivation during the course of my work. The many regular discussions and valuable inputs
have contributed greatly to the success of this project.

Furthermore, I would like to thank all of my current and former colleagues at the Fraun-
hofer ICT who supported me and contributed directly or indirectly to this dissertation. This
applies in particular to Andreas Dollinger, Fabian Kirchenbauer, Jan Bokelmann, Martin
Miller, Mathias Pinnel and Thomas Sorg who have supported with the design of the battery
module demonstrator and various measurements. Many thanks also go to Stefan Hel$ and
Steffen Reuter for sharing their experiences of the same journey.

I am also thankful for the assistance of all the students, especially Adele Ardaillou, Aurélien
Royet, Christine Sonner, Trung Hieu Cao, Julian Ulrich, Lars Sollik and Susann Wunsch. Their
preliminary works and investigations formed a sound basis towards my doctoral topic.

To my dear friends Martin and Markus: Thank you for being there during the ups and downs!
The many consulting meetings with Markus ultimately pushed me to finish the thesis.
Finally, I would like to thank my wife and my family for their support, understanding and
encouragement. Mareike, you have been my anchor throughout this challenging journey and
I am lucky to have you by my side. Thank you!






Abstract

The thermal design of battery systems for electric vehicles aims to solve a conflict of objectives
between a high energy density, fast charging capability and a long lifetime. The solution
to this conflict is strongly influenced by the approach used for the cooling of the battery
cells. Currently, the predominant cooling approach for pouch cells is bottom cooling, but tab
cooling has shown potential as an alternative. It could potentially extend the battery lifetime
due to small temperature differences within the cell. However, the cooling performance
of tab cooling has not yet been investigated on module level and strongly depends on the
geometric design of the cells. Also, the prediction of the temperature difference within a single
cell with simulations is computationally expensive. Fast simulation models that predict the
temperature difference depending on the geometric cell design are missing. Yet, they are
needed for the evaluation, comparison and holistic optimization of battery modules with tab
cooling and other cooling approaches with respect to the conflict of objectives.

Here, a tab-cooled battery module prototype using thermally conductive plastic materials
is developed and analyzed. The prototype’s cooling performance is evaluated on a test
bench and with simulations, showing that the cooling performance is limited by the thermal
resistance of the cell tabs. Furthermore, a new simulation model based on a neural network
is proposed which rapidly predicts the maximum temperature difference in a single battery
pouch cell after a charging process. The model considers all relevant geometric and thermal
parameters and with it, a charging process of a battery module can be computed in less
than 18 s. This enables the thermal optimization of pouch cell designs and the comparison
of different cooling approaches on module level, which is demonstrated on two exemplary
test cases. They show that even with an optimized cell design, tab cooling is not the optimal
solution for cell cooling in automotive applications. With tab cooling, the lowest temperature
differences within a cell are achieved, but this advantage with respect to the cell lifetime is
weakened as the average temperature of the cells is significantly higher compared to bottom
cooling approaches.

Overall, the novel meta-model-based simulation model is an excellent tool for the thermal
design optimization of battery systems. It enables a fast and quantified solution of the conflict
of objectives leading to improved electric vehicle designs.
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Kurzfassung

Beim thermischen Design von Batteriesystemen fiir Elektrofahrzeuge muss ein Zielkonflikt
zwischen hoher Energiedichte, Schnelladefdhigkeit und langer Lebensdauer gel6st werden.
Die Losung dieses Zielkonflikts wird maBgeblich von der gewdhlten Methode zur Kiithlung der
Batteriezellen beeinflusst. Derzeit ist die vorherrschende Kithlmethode fiir Pouch-Zellen die
Bodenkiihlung, jedoch hat die Ableiter-Kiihlung Potenzial als Alternative gezeigt. Sie konnte
die Lebensdauer der Batterie aufgrund geringer Temperaturdifferenzen innerhalb der Zelle
verlangern. Die Kiihlleistung der Ableiter-Kiihlung ist jedoch noch nicht auf Modulebene
untersucht worden und zudem héngt sie stark von den geometrischen Abmessungen der
Zellen ab. Des Weiteren ist die Vorhersage der Temperaturdifferenz innerhalb einer einzelnen
Zelle mittels Simulationen sehr rechenintensiv. Schnelle Simulationsmodelle, die den Tempe-
raturunterschied in Abhdngigkeit vom geometrischen Design der Zelle vorhersagen, fehlen
bisher. Sie werden jedoch fiir die Bewertung, den Vergleich und die ganzheitliche Optimierung
von Batteriemodulen mit Ableiter-Kithlung und anderen Kiihlansidtzen benotigt.

In dieser Arbeit wird ein Prototyp eines Ableiter-gekiihlten Batteriemoduls mit thermisch
leitfdhigen Kunststoffmaterialien entwickelt und analysiert. Die Kiihlleistung des Prototyps
wird am Priifstand und mittels Simulationen untersucht. Es zeigt sich, dass die Kiihlleis-
tung durch den thermischen Widerstand der Zell-Ableiter begrenzt wird. Dartiiber hinaus
wird ein neues Simulationsmodell auf Basis eines neuronalen Netzes entwickelt, das die
maximale Temperaturdifferenz in einer Pouch-Zelle nach einem Ladevorgang schnell vorher-
sagt. Das Modell beriicksichtigt alle relevanten geometrischen und thermischen Parame-
ter und ermdoglicht die Berechnung eines Ladevorgangs eines Batteriemoduls in weniger
als 18 s. Dadurch wird die thermische Optimierung von Pouch-Zell-Designs und der Vergleich
verschiedener Kiihlansdtze auf Modulniveau ermoglicht, was anhand von zwei exempla-
rischen Testfdllen demonstriert wird. Diese zeigen, dass auch bei optimiertem Zelldesign die
Ableiter-Kiihlung nicht die optimale Losung fiir die Zellkiihlung in Automobilanwendungen
ist. Mit der Ableiter-Kiihlung werden zwar die geringsten Temperaturdifferenzen innerhalb
einer Zelle erreicht, dieser Vorteil wird jedoch hinsichtlich der Zelllebensdauer durch die
hohere Durchschnittstemperatur der Zellen im Vergleich zu Ansédtzen mit Bodenkiihlung
geschwicht. Insgesamt ist das neuartige, metamodelbasierte Simulationsmodell ein hervorra-
gendes Werkzeug fiir die thermische Designoptimierung von Batteriesystemen. Es ermoglicht
eine schnelle und quantifizierte Losung des Zielkonflikts, was zu verbesserten Designs von
Elektrofahrzeugen fiihrt.
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1 Introduction

1.1 Motivation

Battery electric vehicles (BEVs) become more and more accepted in transportation and their
market presence will continue to expand in the coming years [1]. This trend applies for all
vehicle types ranging from small vehicles such as e-bikes to passenger cars and large electric
trucks. Yet, challenges remain on the path towards electrification: Range anxiety and long
charging times are still an obstacle for some users and prevents them from using electric
vehicles [2]. Both of these aspects are mainly determined by the technical limitations of the
vehicle’s battery system. Thus, vehicle manufacturers focus their developments on higher
energy densities and the fast charging capability of the battery in order to increase the user
acceptance and gain market advantages [3].

In battery systems, lithium-ion based battery cell chemistries will stay dominant in the near
future [3, 4]. Consequently, the thermal management of the cells plays a crucial role in the
development and improvement of BEVs as these cell chemistries require an accurate control
of the cell temperature [5]. However, designing a thermal management system (TMS) that
satisfies the aforementioned user requirements leads to a conflict of interest: High charge
rates require a powerful cooling system to dissipate the generated heat during the charging
process. At the same time, they lead to an increased mass and thus, reduce the energy density
of the system. Furthermore, charging batteries with high charge rates decreases the lifetime of
the cells. Consequently, the design of the battery thermal management system is a challenging
task where the conflict of objectives between fast charging capability, energy density and a
long lifetime needs to be solved.

In thermal management systems of state of the art BEVs there are two predominant ap-
proaches to cool the battery cells: either by directly cooling the cell surface or by integrating
the cells into a battery module that is cooled from below [6]. Recently in literature, tab cooling
has emerged as an alternative, where the cells are directly cooled on their electrical tabs [7-10].
Hunt et al. [9] have shown that using tab cooling can increase the lifetime of a lithium-ion
pouch cell three times compared to surface cooling due to the more homogeneous temper-
ature distribution within the cell. However, it is not recommended to use standard pouch
cells for a tab cooling: Zhao et al. [7] found out that it is more effective if the geometry of
the tabs and the battery cell is specifically adjusted to the tab cooling system. Nonetheless,
the potential of a TMS with tab cooling is fairly unknown. Until now, the majority of the tab
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cooling studies focus their research on cell level and do neither provide an implementation
for tab cooling on module level nor apply holistic optimization to adjust the cell geometry to
the cooling approach or compare its performance on module level to other cooling methods.

Closing this knowledge gap with experimental investigations is not feasible, as many different
battery cells with varying geometries but an identical cell chemistry would be needed. Cell
manufacturers do not offer such a great variety of cell geometries. Hence, simulation models
must be used instead.

Performing the needed investigations and holistic optimization of battery thermal manage-
ment systems via simulation is associated with major challenges as well. To analyze the spatial
temperature distribution within a cell and thus, analyze the potentially biggest advantage
of tab cooling approaches, 3D simulation models are needed. However, the computation
times of 3D models on module or system level are high and in the range of several hours
for the simulation of one charge or discharge cycle [11-14]. Consequently, making multiple
simulations with different, varying parameters to optimize the cell design for a tab cooling or
other cooling methods would be an extremely time consuming process. On the contrary, 1D
simulation models, that are significantly faster and usually used to model the battery thermal
management on system level, are not capable to model temperature differences within a cell.
First approaches that try to overcome that shortcoming of 1D system models and integrate a
prediction of the temperature difference within a cell have been proposed [15-17], but do not
provide the flexibility to quickly change the dimensions of the battery cell. In a review article,
Tomaszewska et al. [18] explicitly pointed out that there is a lack of such fast and flexible
simulation models and state that this is a field of research which should be covered so that
the cell geometry can be holistically optimized for the cooling system. Thereby, the conflict
of objectives between fast charging capability, energy density and a long lifetime could be
solved and different cooling approaches could be comprehensively evaluated.

1.2 Objective

This dissertation aims to close the knowledge gap regarding tab cooling on module level
and missing, efficient simulation models for the comparison, evaluation and optimization of
different cooling approaches.

As current studies on tab cooling mainly focus on cell level, an engineering solution for a tab
cooling on module level will be developed in this thesis. The main challenge is the realization
of the thermal connection between the tabs and the cooling system, as an electrically insu-
lating but thermally conductive material is needed in-between the components. Thermally
conductive plastics are the most promising candidate to solve that problem as they are electri-
cally insulating and offer a high design freedom for the structural implementation. However,
their thermal conductivity is still inferior compared to metals. Thus, research question 1 aims
to analyze and quantify their influence on the thermal performance to evaluate the potential
of their usage in tab cooling approaches.



1.3 Outline

Research question 1: Is it possible to realize tab cooling with thermally conductive plastics
in a module and how is its performance influenced by the thermal conductivity of the plastic
material?

Having analyzed the feasibility of tab cooling on module level, the question regarding the
optimal thermal design of a battery cell as well as the overall evaluation of the cooling perfor-
mance remains. To answer this question, tab cooling is compared to bottom cooling, which
is currently the dominating, state of the art cooling approach in BEVs. Thereby, the conflict
of objectives between fast charging, energy density and a long lifetime must be considered
so that a clear and quantified conclusion about the thermal cell design and the ideal cooling
approach is possible. Hence, the goal of research question 2 is the derivation of a clear answer
to that problem.

Research question 2: For given boundary conditions and optimization objectives, what is the
optimal thermal design of a pouch cell with tab or bottom cooling and which cooling method
should be preferred?

Both of the research questions may only be answered with efficient simulation models be-
yond the state of research. They must provide a fast (<1 min) prediction of the temperature
differences within a single battery cell of a battery module while still being able to vary all
relevant parameters for the thermal design. Thus, besides answering the proposed research
question, the objective of this thesis is the development of such a new model.

It focuses on pouch battery cells and evaluates the performance of the cooling method
during a charging process, as this is the most demanding load case from a thermal point
of view [19, 20]. Also, only battery lifetime aspects are considered that are influenced by
temperature-related phenomena. Other aspects that have an influence on the battery lifetime
—like mechanical stresses within the cells — are neglected.

1.3 Outline

In chapter 2, the necessary fundamentals for the understanding of the thesis are described. At
first, the state of research in the design of vehicle battery systems and their thermal manage-
ment - including tab cooling - is presented. Afterwards, the design and simulation of battery
cells and systems is discussed, and relevant preliminary works that deal with efficient system
simulation models and the prediction of temperature differences within cells are analyzed.
Finally, some modeling and mathematical fundamentals are given to facilitate the under-
standing of the developed simulation model. In particular, this includes the basics about
meta-models using artificial neural networks, as they will be applied during the modeling
process.

In chapter 3 the novel battery module simulation model is developed. Starting with a de-
scription of the overall modeling approach, a simulation model for the used reference battery
cell is created using state of the art simulation models. Following that, two related mod-
ule simulation models are derived to answer the two research questions. At first, a novel
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tab-cooled battery module prototype is presented. It is investigated with experiments as
well as a simulation model that is validated with the experimental data. Secondly, a novel,
generic battery module model is developed that uses an artificial neural network to rapidly
predict the temperature differences within a cell after a charging process. It is integrated in
an optimization procedure to answer the second research question and solve the conflict of
objectives.

Chapter 4 contains the results of the developed simulation models and experiments. They
are analyzed and discussed in detail and the answers to the proposed research questions are
given. Furthermore, the computing performance of the developed simulation approach is
evaluated.

The thesis finally concludes in chapter 5 with a summary of the work including the novel
developments and findings as well as an outlook on future research topics and remaining
open questions.



2 Fundamentals

2.1 Electric vehicle battery systems and cells

In battery electric vehicles, the battery system has a strong influence on the vehicle design. It
is one of the most expensive components in the vehicle [21, 22], contributes heavily to the
mass of the vehicle and consumes a significant amount of design space [22, 23]. Also, the
requirements from a user and manufacturer perspective are high, which drives the current
research and development trends towards increased safety, reduced costs, higher energy
density, fast charging capability and longer lifetime [22]. The present thesis focuses on the
latter three aspects.

2.1.1 Packaging and energy density

For automobiles in general, there are three common approaches for the integration of the
battery system — also called battery pack — in the vehicle, which are shown in figure 2.1. Most
of the current electric automobiles use the floor architecture, as it leads to a low center of
gravity, an even axle load distribution and leaves sufficient design space and flexibility for the
other components and the passenger cabin of the car. Other electric vehicles like trucks or
buses may integrate the pack differently, however, in most of the cases the pack is the shape
of a rectangular cuboid [24, 25].

The general structure of a battery pack is depicted in figure 2.2. A subset of the battery cells
usually forms a module, that electrically and mechanically combines a certain number, but
not all of the cells. These modules are then integrated into the pack, together with all other

Floor architecture T-shaped architecture Rear architecture

Fig. 2.1: Packaging architectures of battery packs in automobiles (based on [26] and [27])



2 Fundamentals

Electronics
+ + BMS
+ + ™S
Safety features

Fig. 2.2: General setup and main components of a battery system (based on [22])

components for the connection and control of the pack: The electronic components for
the connection of the single modules and the pack to the rest of the vehicle, the battery
management system (BMS), the thermal management system (TMS) and safety features like
venting valves or additional structural parts that increase the stability of the pack. Especially
the thermal management system and the structural parts of the module and the pack have
a strong influence on the energy density of the system as they contribute to the mass and
take up space. To increase the energy density, so-called cell-to-pack approaches are a current
research topic, where the intermediate structural layer of the module is dropped and the cells
are directly combined into a pack [28, 29].

Another factor that strongly influences the energy density of the pack is the energy density of
the cells. Currently, in most of the automotive battery systems Li-ion batteries with lithium-
nickel-manganese-cobalt-oxide (NMC) as cathode material and graphite as anode material
are used [30-32]. This cell chemistry provides a higher energy density compared to other
commercially available materials [28].

The cell format also has a significant impact on the pack design and the energy density of
the battery system. Depending on the cell format, the structural and electrical integration of
the cells within the pack as well as the packing efficiency changes. The three most common
different cell formats are shown in figure 2.3. Up to this point, there is no clear decision or
dominating market share for one cell format [29, 33] and all three formats are used in present
automobiles [30, 31]. An ongoing research topic regarding the cell formats is the flexible
adaption of manufacturing plants to produce cells with varying dimensions [34]. With the
increasing variety of electrified applications, special applications with low cell unit numbers
will emerge or specifically optimized cells will be needed, that do not fit any cell dimensions
of a mass production cell.

2.1.2 Fast charging

There is no clearly defined time interval that defines when a charging process is considered to
be a fast charging process. Usually, a state of charge (SoC) of 80 % should be reached in 10 to
20 min [36-39]. Also, fast charging is correlated with the power of the charging infrastructure
and the maximum charging power the battery system can receive. Modern direct current (DC)
charging infrastructure for automobiles provides charging power from 50 kW to 350 kW [18,
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(a) Pouch (b) Round (c) Prismatic

Fig. 2.3: Illustration of different cell formats from [35]

40]. Current BEVs are with a maximum charging power of up to 270 kW not able to fully utilize
the capabilities of these charging posts [41]. The current charging power leads to charge rates
on the battery cells ranging from 1C to 3C whereas the rate is decreased at higher SoCs to
avoid exceeding the maximum voltage of the battery cells [18, 41, 42]. Extensive research is
performed to find the best load profile or charging protocol to enable a fast charging process
without damaging the cell or accelerating the aging [43-45]. Despite the ongoing research,
Keil et al. [45] conclude that the simple constant-current constant-voltage (CCCV) charging
protocol is a good universal choice.

The limiting factors for faster charging processes are manifold. The main factors are degra-
dation effects and low/high temperatures that lead to accelerated aging or are critical for
the safety of the battery system [18, 39, 46]. Especially the maximum temperature of the
battery system must be observed thoroughly during a fast charging process. Due to the high
current rates, losses occur inside the cell and heat is generated, which leads to a rapid increase
of the cell temperature. However, for the safety of the battery system it is crucial that the
temperature of the cell stays below the allowed maximum temperature as exceeding the
maximum temperature could lead to a thermal runaway of the cell. In section 2.2, the cooling
of battery cells and systems will be discussed.

A detailed description of the factors influencing the lifetime and aging of the cells is given in
the next paragraph.

2.1.3 Lifetime and aging

Automotive battery systems are designed for a calendrical lifetime of 8 to 12 years [22, 27] and
a cyclic lifetime of 1000 to 3000 full charge/discharge cycles [21, 22, 47].

The end of life (EoL) of a battery cell is usually defined as the point in time, when its usable
capacity has dropped to 80 % of its initial capacity [22, 32, 48]. An alternative definition
is an increase of the internal resistance by 100 % that marks the EoL of the cell [22, 48].
Consequently, the battery system must be designed in a way, that the loads on the single cells
do not lead to an EoL before the required calendrical or cyclic lifetime.
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Fig. 2.4: Influencing factors and mechanisms that lead to aging of battery cells from [49]

Figure 2.4 summarizes the influencing factors, mechanisms and modes that contribute to
the aging of battery cells, which is expressed in capacity and power loss respectively [49].
During a fast charging process, several of the influencing factors occur that accelerate the
aging, especially high current loads and high temperatures, but also high/low cell SoCs and
voltages at the beginning/end of the charging process. Depending on the initial temperature
of the charging process, also low temperatures are possible.

The understanding and quantification of the influence of the single factors on the aging is
currently subject to intensive research. In this work, the focus is set on the aforementioned
factors that play a significant role during fast charging. Other factors, like mechanical stress
due to the swelling of the cells or the pre-stressing during the assembly are not considered.
Preger et al. [50] point out, that the aging behavior strongly depends on the cell chemistry.
This is also confirmed by Keil et al. [45] where an LMO-NMC/graphite cell aged considerably
faster than an LCO-NMC/graphite cell. They also show the significant influence of the current
load: Increasing the C-rate from 0.8C to 4C reduces the number of cycles until EoL from
approximately 1000 to 600 for the LMO-NMC/graphite cell. In contrast to that, the LCO-
NMC/graphite cell shows a more robust behavior as increasing the C-rate from 0.91C to 4.55C
only leads to a reduction of cycles until EoL from approximately 1100 to 1000. Mussa et al. [51]
investigate with an LMO-NMC/graphite cell the influence of fast charging on the aging
behavior and conclude, that charging with a high current until 80 % SoC leads to a lower
capacity loss than charging with a low current CCCV profile until 100 % SoC. Su et al. [52]
investigate NCA/graphite cells and identify the charge current as the most influencing factor
on the capacity loss, followed by the cut-off voltage of the charge process and the ambient
temperature.



2.2 Thermal management in battery systems

Waldmann et al. [53] (LMO-NMC/graphite cells) and Schindler et al. [54] (NMC/silicon-
graphite cells) investigate the influence of the cell temperature on the aging behavior and
show, that high and low temperatures lead to an accelerated aging. Both identify an opti-
mum cell temperature in-between the temperature extremes that leads to minimal aging.
Paarmann et al. [55] and Werner et al. [56, 57] confirm that observation with NCA/graphite
cells and additionally investigate the influence of temperature differences within a cell on
the aging behavior. They find out, that the average cell temperature has the more signifi-
cant influence on the aging behavior compared to the temperature difference within the
cell but high temperature differences still show a negative impact. A similar result is derived
by Fleckenstein et al. [58] with LMO-NMC/graphite cells. They quantify the influence with
an approximation, stating that a cell with a high temperature delta ages like a cell without
a thermal gradient at a higher mean temperature. For the cells under investigation, that
equivalent aging temperature is [58]:

Tayg is the average cell temperature and ATy the maximum temperature delta occurring
in the cell. Hunt et al. [9] (NMC/graphite cells) also reveal a significant influence of the
temperature differences and the cooling method on the capacity loss under high current
loads. The capacity loss for a cell with surface cooling and a high thermal gradient in thickness
direction is three times higher than for a cell with tab cooling and a low thermal gradient.
Summarizing all of these findings, an exact and general quantification of the influencing
factors on the capacity and power loss is difficult as it depends on a multitude of influencing
effects. However, it is clear that the current load, the cell temperature and the temperature
differences within the cell are factors of great importance for the lifetime of the cell.

2.2 Thermal management in battery systems

As described previously, it is highly important for battery cells to operate at the right tempera-
ture level. In automotive battery systems, a thermal management system (TMS) is installed to
heat or cool the cells and keep them at the desired temperature. For the sake of simplicity, in
the following only the word "cooling" is used to describe the purpose of the TMS but heating
the cells is of course also one of the central tasks of the thermal management system.

2.2.1 Classification of thermal management systems

In general, different technical approaches can be used to cool the cells in a battery system. The
most common ones are air cooling and indirect liquid cooling, but also other novel cooling
approaches are currently the subject of research like phase change materials or immersion
cooling [59-67]. In a battery system with air cooling, a ventilation system is installed that
blows air around the cells for cooling. In a battery system with indirect liquid cooling, cooling
channels or plates are installed where a liquid cooling fluid — usually water-glycol — flows
through. The cooling structures are connected to the battery cells or modules to remove the
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Fig. 2.5: Design of an Audi battery system, showing exemplary the integration of an indirect liquid
cooling system that cools the battery modules at the bottom, taken from: [68]

heat. An example for such an indirect liquid cooling system is shown in figure 2.5, where the
battery system of an Audi BEV is shown [68]. The cooling system, depicted on the right, is
placed below the housing tray that contains the battery modules to cool the modules with
the battery cells from the bottom. Most of today’s BEVs use such an indirect liquid cooling
system [6] as it offers higher cooling power compared to air cooling, is technologically further
developed than other cooling approaches and may be well integrated in the rest of a BEV’s
thermal management system.

With respect to the battery cells, an indirect liquid cooling leads to three principle cooling
locations at the cell. As presented in figure 2.6, a cell may be cooled on its large side surfaces
(surface cooling), its small side surfaces (side cooling) or at the cell tabs (tab cooling). In
current BEVs, the cells are usually cooled at the surface (e.g. Tesla [6]) or the side (e.g. Audi or
NIO [6]).

2.2.2 Tab cooling

Tab cooling is more difficult to realize, as the cooling occurs at a current-carrying component.
However, it is a present subject of research as it also offers several advantages. Due to the
layered electrode stack inside the cell, the thermal conductivity is high in the direction of
the tabs and thus, heat may be removed efficiently and uniform cell temperatures can be
achieved [7, 8, 10]. As mentioned in section 2.1.3, Hunt et al. [9] show with pouch cells that
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Fig. 2.6: Principal cooling locations on a battery cell

this has a positive effect on the lifetime of the cells, which is three times higher with a tab
cooling compared to a surface cooling.

Most of the studies about tab cooling are focused on cell level and do not provide solutions
for the realization of a tab cooling in a module. Mayer et al. [69] present a module design
with a tab cooling for cylindrical cells and Heimes et al. [70] another one with pouch cells.
However, both studies only analyze the module with numerical simulations and without any
experimental investigation or validation.

Furthermore, studies from Li et al. [71] and Zhao et al. [7] point out, that the performance of
tab cooling systems strongly depends on the tab dimensions. However, they only optimize the
dimensions of the tab without considering the entire geometry of the cell and its integration
in a module/pack. As described in the introduction of this thesis, this underlines the need for
holistic design methods that take into account all geometric parameters of a battery cell for
the thermal optimization.

2.3 Design and simulation of battery cells and systems

The fundamentals and the state of research described in this section focus on simulation as-
pects that are relevant to answer the proposed research questions. Thus, the electrochemical-
thermal simulation of battery cells and systems as well as holistic simulation and optimization
approaches are described in the following subsections.

2.3.1 Simulation of battery cells

Various different approaches exist to model the electrochemical behavior of battery cells [72-
76]. Figure 2.7 shows the classification of the most common models. In general, a distinction
is made between empirical/data-driven models and physics-based models. Empirical models
try to describe the nonlinear relationship between current and voltage phenomenologically
with simplified mathematical equations but without considering the physical processes that
occur inside the cell. These models have a high computational speed but are less accurate
than physics-based models [74, 76]. As the name implies, physics-based models model the
electrochemical processes that take place inside the cell, namely the transport of the lithium-
ions between the electrodes. They are computationally more complex than empirical models
but provide a higher accuracy [74, 76].

11
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Li-lon Battery Models

Empirical / data-driven models Physics-based models

< : Computation speed :
: Accuracy : —

Fig. 2.7: Classification of simulation models for Li-ion battery cells (based on: [72, 74, 75])

In both modeling classes, again different modeling approaches exist. In the following, the
two approaches that are used in this thesis are presented in detail: The physics-based
Doyle-Fuller-Newman (DFN) model and the empirical equivalent-circuit model (ECM).

Doyle-Fuller-Newman model

The DFN model was developed by Doyle, Fuller and Newman [77] and is one of the most
popular physics-based battery simulation models [72]. The idea behind the model is depicted
in the middle of figure 2.8a. Anode (orange + blue), separator (light grey) and cathode (dark
grey + blue) of a battery cell are represented as a one-dimensional domain. The electrodes
and the separator are treated as porous materials that are filled with the electrolyte that
transports the lithium ions. Within the domain of the electrodes, the electrolyte is coupled
to the solid domain of the electrodes which is represented in the DFN model with spherical
particles (red and green) where the lithium ions are intercalated/released. For the spherical
particles, spherical symmetry is assumed so that the intercalation problem is reduced to a
one-dimensional problem. Thus, the DFN model couples the one-dimensional electrolyte or
electrode pair domain to multiple one-dimensional particle domains. For that reason, the
DFN model is also known as Pseudo-Two-Dimensional (P2D) model.

On the described electrode pair domain, the equations for charge conservation and lithium
conservation are solved to determine the electrode potentials and the lithium concentra-
tion over the domain. On the particle domain, the equations for lithium conservation are
solved as well and coupled to charge and lithium conservation equations of the electrode
pair domain with the Butler-Volmer equation to model the electrochemical kinetics. A de-
tailed overview of all governing equations may be found in the original paper from Doyle,
Fuller and Newman [77] or summarized in many other publications, for instance from Brosa
Planella et al. [72] or Marquis et al. [78].

Due to its 1D or pseudo-2D nature, the DFN model is computationally more efficient com-
pared to models that model the microstructure of the electrodes in detail, as depicted in
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(a) Modeling on electrode level (b) Multi-scale multi-dimensional modeling
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Fig. 2.8: Battery modeling approaches: (a) Physics-based battery models with a different level of detail
(from [72]), (b) Multi-scale multi-dimensional nature of battery modeling (from [79])

figure 2.8a at the top [72]. Still, with its physics based basis, it is able to accurately predict the
electrochemical behavior of batteries [72].

Usually, the 1D electrode pair of the DFN model is scaled in a manner, that it represents
an entire battery cell. Thus, central properties like SoC, current density, potential or heat
generation rate are only available as an averaged property for the entire cell and not as a three-
dimensional, spatial distribution over the entire cell. This extension to model 3D problems
with the DFN model is explained below.

Equivalent-circuit model

ECMs are the most popular approach to empirically model the dynamic behavior of batteries
and due to their computational speed widely used in BMS [72, 74]. The idea behind the
modeling approach is to describe the behavior of a battery with an electrical circuit that
consists of resistors, capacitances and other electrical elements. The electrical elements are
parametrized with experimental data to properly simulate the real cell behavior.

Many different configurations of ECMs are possible, depending on the combination of the
electrical elements [80-84]. The most popular configuration, described by Krewer et al. as
a simple ECM, consists of a voltage source connected in series with a resistor and one or
multiple resistor-capacitor (RC) elements. Figure 2.9 shows such a configuration with two
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Fig. 2.9: Network representation of an equivalent circuit model with two RC elements

RC elements. The voltage source represents the open circuit voltage (OCV) of the cell, the
single resistor corresponds to the internal resistance of the cell and the RC elements model
the dynamic or time-dependent behavior.

Mathematically, an ECM with two RC elements is described by the following set of equations
that defines the relation between the resulting voltage U of the battery cell and the current
load I [85]:

U=Uy.—RI-U;—-U, (2.2a)
dU; 1 1
- = Ui+—1 with i=1,2 (2.2b)
dr R;C; C;
dSoC 3 1 I (2.2
dr Qref .

U, is the open circuit voltage, U; and U> are the voltage drops due to the RC elements, R, R;
and R, are the resistances and C; and C, are the capacitances as indicated in figure 2.9.
Furthermore, SoC is the state of charge, ¢ the time and Q¢ the reference capacity of the cell.
In practice, the OCV, the resistances and the capacitances depend on SoC and temperature,
the resistances and the capacitances may also depend on the C-rate [85, 86]. That dependency
may be integrated in the equations above by modeling the respective quantities as a function
of C-rate, SoC or temperature. Generally, there is no distinct ECM that models the behavior of
a battery cell optimally. The final setup of an ECM - so the choice of the electrical elements,
integration of C-rate, SoC or temperature dependencies — depends on the problem and the
battery cell that is modeled.

Like the DFN model, the ECM models the central properties of the cell like SoC, current
and voltage as averaged properties for the entire cell. The extension to use the model for 3D
simulations as well as the coupling to thermal models is described in the following subsection.

Thermal coupling and extension to 3D

During the charging or discharging of a battery cell, losses occur that lead to a heat generation
within the cell. These losses may be divided in irreversible and reversible losses [72, 87, 88].
According to Richardson et al. [87], the irreversible losses mainly result from Ohmic losses in
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the solid parts of the electrodes, the heat of mixing in the electrode particles, the polarization
losses at the surface of the electrode particles as well as dissipative processes in the electrolyte.
Looking at a battery cell as a black box, the irreversible losses are usually referred to as the
internal resistance of the battery cell. The reversible losses stem from entropic changes in the
battery cell during the intercalation/deintercalation of the Li-ions in the electrode particles
(87, 89].

The total thermal losses Qqot, Which are the sum of the irreversible losses Qi;y and the reversible
losses Qrev, may be calculated as

ou
) (2.3)

Quot = I (Uoc = U) ~1 (T—
—_— oT
Qirv LY
QI’EV
where I is the current, U, the OCV, U the voltage and T the temperature of the battery cell.
Up to this point, all of the models described a lumped battery cell model where the central
quantities of the cell like current, voltage, SoC and temperature were assumed to be constant
over the spatial domain of the battery cell. However, this is a simplification compared to
reality, as these quantities may vary in space. For instance, due to the cooling of the cell
the temperatures may vary significantly and in consequence, also the current, potential
and SoC distributions become spatially inhomogeneous, as these quantities depend on the

temperature.

3D models of battery cells take these effects into account. With the extension to three spatial
dimensions, the modeling complexity increases as various different length scales and phys-
ical domains need to be coupled withing the model [79]. This is schematically depicted in
figure 2.8b. The DFN model connects the particle domain (also called microscale) and its very
small length scales with the electrode domain, where the length scales are of a higher order of
magnitude. By connection the DFN model with the cell domain (also called macroscale), again
length scales of a higher order of magnitude are introduced. Due to this large span of length
scales and dimension, these modeling approaches are called multi-scale multi-dimensional
(MSMD) models [79].

The coupling of the domains occurs by exchanging the relevant physical quantities, that are
of importance in each domain. The 3D physical domain of the cell is discretized with the
finite volume method (FVM) [79], i.e., the continuous domain is divided in multiple small
volume elements. This is a well-established approach for the simulation of thermal or fluid
dynamic problems [90-92]. In every finite volume an electrochemical-thermal battery model
is solved — namely the previously described DFN model or ECM - but the quantities are
scaled according to the size of the volume element. As depicted in figure 2.8b, the macroscale
provides the local values of the potentials @, and ®_ and the temperature T as an input for
the electrochemical-thermal model on the electrode domain. Having solved the problem
on the electrode domain, the results for the volumetric current rate i and the volumetric
heat generation rate g are returned to the macroscale. A detailed description of all governing
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equations for a 3D MSMD model may be found in the paper of Kim et al. [79]. Here, we will
focus on the 3D thermal equations as they are of importance for the later described modeling
approach.

To compute the temperature field T of the battery cell on the macroscale, the heat equation
is solved in the active volume of the cell. The active volume corresponds to the electrode
stack of the cell where the electrochemical reactions take place. However, not the single
electrodes are modeled on the macroscale but a homogenized material is assumed with aver-
aged properties for the entire electrode stack like the density p, the specific heat capacity ¢,
and the orthotropic thermal conductivity A. The thermal conductivity A is orthotropic as
the conductivity is higher in the in-plane direction of the stack compared to the cross-plane
direction perpendicular to the electrode foils. The heat equation then reads [79]:

oT .
pcpa —V-(AVT) = Giot (2.4)
Therein, t is the time and ¢ the total volumetric heat generation rate which is derived from
equation 2.3 and given as a function of volumetric current rate i, open circuit voltage Upc,
voltage U and temperature 7T

(2.5)

. . (.0oU
qtot:l(Uoc_U)—l(T )

T
For the integration of boundary conditions in the heat equation, like conductive or convec-

tive heat transfer on the outer surfaces of the investigated volume, the reader is referred to
literature [79, 90-92].

Depending on the electrochemical-thermal battery model that is solved on the electrode
domain, the computation time of a 3D model varies significantly. Using a DFN model leads to
higher computation times compared to an ECM as more equations — especially due to the
considered particle domain - need to be solved. The computation time for a charge cylce of a
single battery cell with the DFN model is in the range of several hours, with the ECM itis in
the range of several minutes to a few hours.

2.3.2 Simulation and optimization of battery systems

With the previously described 3D modeling approaches it is not only possible to simulate a sin-
gle cell, but also entire battery modules or packs including the thermal management system.
As the modeling approaches are based on well-established 3D simulation techniques (finite
volume or finite element method), a combination with any thermal or fluid dynamic problem
is seamlessly possible. However, the computing times are high and in design optimization,
usually only a very limited number of variants can be calculated [93, 94].

Consequently, for the design and optimization of battery systems including a thermal man-
agement system, 1D simulation approaches are used. The battery cells are then modeled as
lumped thermal masses with a 1D electrochemical-thermal battery model and connected via
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thermal boundary conditions like 1D pipe structures or convection boundary conditions for
the cooling [95-101].

However, information is lost through this reduction of dimensions, for instance about temper-
ature differences within a single cell or geometrical details of the cooling system. A solution
for this problem is the development of so-called meta-models or surrogate models. These
models reduce the complex model to a simplified model that only contains certain input and
output variables of interest [102]. The meta-model is usually build upon a limited number of
results of the more complex model [102].

In recent years, the usage of meta-models for the design and optimization of battery systems
increased strongly, as the review papers of Ebbs-Picken et al. [103] and Fayaz et al. [104] show.
However, with respect to a thermally optimal cell design, these meta-models focus almost
exclusively on the temperature difference between different cells and not on the prediction
of the maximum temperature difference within an individual cell and the consequences
for the battery lifetime (e.g. [105] or [106]). Lin et al.[15], Kerler [16] and Kerler et al. [17]
describe a meta-model that is able to predict the temperature delta within a single cell which
is integrated in a battery pack model to perform analyses on system level. However, the
geometrical parameters of the cell are not an input variable of the meta-model so that for
each cell geometry a novel meta-model needs to be derived.

Within the literature review, there was no model of a battery system or module found that
predicts the maximum temperature difference within a single cell while still being able to vary
all relevant parameters for the geometric and thermal design of the cell. This shows the lack
of flexible modeling approaches and analyses that connect the thermal behavior a battery cell
with the system level to find optimized battery cell geometries.

2.4 Meta-modeling using artificial neural networks

Various different meta-modeling techniques exist, ranging from polynomial approximations
over Gaussian process regression to artificial neural networks (ANN) [102, 107]. For the sake
of simplicity, artificial neural networks will simply be called neural networks (NN) in the
following. With the generally increasing interest in machine learning approaches over the past
years, neural networks became more attractive for the solution of battery modeling problems.
Having sufficient training data, with NNs complex and highly nonlinear problems can be
accurately modeled without any previous knowledge of the underlying processes or system.

In literature, NNs have for example successfully been used for the prediction of the state of
charge [108-113], state of health [114-118] or heat generation [119] of a battery cell. Also
the calculation of the average, core or surface temperature of battery cells using NNs has
successfully been demonstrated [11, 120-126]. The meta-model mentioned at the end of the
previous section that predicts the temperature difference within the cell, does not use a NN
but Gaussian process regression. To the authors knowledge, besides that approach there is no
meta-model that predicts the temperature difference within a single cell.
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The literature analysis shows that due to its high capabilities, the usage of NNs for meta-
modeling is very attractive. As the meta-model that is developed in the present thesis is also
based on a neural network, in the following section the fundamentals of neural networks are
briefly explained. For more detailed and extensive information about neural networks, the
reader is referred to literature: [127-135]

2.4.1 Multilayer feedforward neural networks

ANN:Ss try to mimic the functionality of biological brains [127]. Their key feature is the abil-
ity to learn the relationship between variables independently and purely on the basis of
training examples. Consequently, with the trained model, unknown output values may be
predicted. Thereby;, it is possible to predict discrete outputs (classification) or continuous
outputs (regression) [129], whereas in the following the focus is on continuous outputs.

The principal structure of a NN is displayed in figure 2.10 [134]. It consists of neurons
(the colored circles in figure 2.10) that are connected with each other for the exchange and
processing of the data. The neurons are grouped in so-called layers: The input layer accepts
and processes the input values, the output layer contains the predicted output values. The
layers in-between are called hidden layers. If multiple hidden layers exist, the network is
referred to as a multilayer neural network [131]. While the structure of the input and output
layer is predetermined by the problem, the network architecture of the hidden layers is
variable and can be optimized for the specific problem by adjusting the number of hidden
layers and the number of neurons in each layer.

The NN in figure 2.10 illustrates a feedforward network. This type of network is characterized
by the fact that the neurons are only connected to neurons in the next layer and the flow of
information is in forward direction [128]. This is indicated by the grey arrows connecting the
single neurons in figure 2.10.

The data processing within a single neuron is depicted in figure 2.11 [127]. The grey arrows
symbolize the same grey arrows as in figure 2.10 connecting the single neurons. The basic
tasks of the neuron are the aggregation of the information that comes as an input from the
previous layer and its neurons and the processing of that information, called activation, to
generate the new output.

Input 1 ‘ ‘ .

. . Output 1
Input 2 ‘

. . Output 2
Input 3 .

o o

Fig. 2.10: General structure of a multilayer feedforward neural network (based on: [134])
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its own output value — also called activity — with a defined activation function f(z). The

neuron computes the weighted average z.” of all inputs with the given weights and calculates
activation function is usually identical for all neurons of a layer. Simple activation functions
like the sigmoid or the ReLU function are preferred as the potential of a neural network does
not arise from the single activation functions but of the combination of many neurons with
simple activation functions. Still the activation function is a parameter that needs to be
optimized for the specific problem.

2.4.2 Learning process

During the learning or training process of the NN, the aforementioned weights within the
network are optimized so that the error between the true output value and the predicted
output value of the NN is minimized. This is done with an iterative optimization process [131].
The training examples are fed to the neural network and the predicted output values are
calculated. They are consequently compared to the true value and the error (also called
cost function) is calculated with a predefined error measure. The error value is propagated
backwards through the network and the weights are gradually adjusted to minimize the
error. This second step, where the weights are optimized, is called backpropagation. For a
detailed description of that process the reader is referred to literature: [128, 131, 132, 134].
Presenting all training values to the neural network and performing the forward phase and
the backpropagation once is referred to as one training epoch. Multiple training epochs are
repeated iteratively until the error is minimized. This marks the end of the training process.

Influencing numerical parameters

The training process is influenced by numerical parameters, two of them are briefly discussed
here. During backpropagation, a gradient descent is applied to adjust the weights and min-
imize the error. Like in every gradient descent process, there is a predefined step size that
determines the size of the step towards the minimum [131]. Choosing a large step size leads
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to a faster convergence of the algorithm but the minimum value might not be reached. On the
contrary, a small step size increases the chance to find the minimum value but slows down
the convergence. Thus, the step size — in the backpropagation algorithm called learning rate —
needs to be chosen appropriately.

The second influencing parameter is the so-called batch size. During one training epoch, the
weights of the network can be adjusted after every training sample (batch size = 1) or after the
network has seen a fixed size of n training samples (batch size = n). Adjusting the weights
after it has seen all of the training samples does theoretically lead to a more accurate gradient
descent vector which improves the convergence [131]. However, the probability is higher
that the optimization leads to a local minimum. In contrast to that, a small batch size makes
the gradient descent more stochastic in nature and thus, the probability is higher that local
minima are avoided and a global minimum is found [131].

Furthermore, it is also noted that the data for the training of the NN is usually scaled to
avoid numerical problems with different orders of magnitudes in the input and output values.
Typically, the values are scaled so that they are in the range between 0 and 1.

Overfitting and underfitting

The property of NNs that they are solely adjusted and fitted by learning from the training data
leads to the problem of overfitting or underfitting [131]. A model that is overfit, performs
exceptionally well on the training data and has a very low training error. However, as soon as
data is presented to the NN that it has never seen before, the predicted output is far away from
the true value and thus, the actual output error is high. A model that is underfit, performs
both on the training data and also on foreign data badly which results in high error values.

For both overfitting and underfitting there are two central causes: the network architecture
and the number of training epochs.

If the network architecture is too detailed and complex (i. e. a high number of hidden layers
and/or a high number of neurons per layer), the neural network is able to learn details that
are specific for the training data but not for the general modeling problem. This might lead to
overfitting. If the network architecture is too less detailed and simple (i. e. a very low number
of hidden layers and/or a low number of neurons per layer), the network is not able to model
the complex relations between the input and the output parameters and thus, performs badly.
This leads to underfitting.

The second cause for overfitting and underfitting — the number of training epochs —is illus-
trated in figure 2.12. If the number of training epochs is low, the optimization process may not
yet have reached the minimum error (underfitting). If the number of training epochs is too
high, the training error is minimized but applying the NN on new data — called validation/test
data in figure 2.12 — leads to increased error values (overfitting).

To avoid the problem of overfitting or underfitting and to create a model that generalizes
well, the architecture of the NN should be as simple as possible but as complex as necessary.
Also the training process should be observed thoroughly to end the training when the valida-
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Fig. 2.12: Typical relationship between the training and the validation/test error over the number of
training cycles (based on: [128])

tion/test error has reached its minimum (in figure 2.12 this is around the vertical, dashed grey
line in-between the underfitting and overfitting zone).

2.4.3 Hyperparameter optimization

All settings of a neural network that control the algorithms behavior and may be chosen by
the user are summarized under the term hyperparameters. In the sections above, several of
these hyperparameters have been introduced:

* Number of hidden layers

Number of neurons

Activation function in hidden layers

Batch size

* Learning rate

To develop an optimized neural network that leads to accurate predictions and generalizes
well, these hyperparameters need to be optimized. To do so, the following procedure is usually
applied. The available data is split in three data sets [128]:

1. Training set: The training set contains the majority of the data and is used for the
training of the NN.

2. Test set: The test set is used at the end of the training process to evaluate its performance
and generalization capabilities.

3. Validation set: The validation set is used during the hyperparameter optimization
process to evaluate the performance of the neural network.
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Consequently, the training and the validation set are used to optimize the hyperparameters
by training different neural network configurations and evaluating their performance with
the validation set. The test set is then applied at the end to judge the performance of the final
and optimized trained network.

The distinction between test and validation set is important. As the validation set influences
the design of the neural network by testing its performance during the hyperparameter
optimization, it has a direct influence on the model. Thus, the validation set is not "new" to
the neural network at the end of the training process and must not be taken to evaluate the
generalization capabilities and accuracy of the neural network. This should only be done with
the test set, which is entirely new to the trained NN.

To make the hyperparameter optimization process less dependent on the arbitrarily chosen
training and validation set and to reduce statistical errors, a methodology called k-fold cross
validation is used [128, 132]. During the hyperparameter optimization, the training and the
validation set are combined and split into k different data sets. Of these k sets, one is used
as a validation set and the others are used for the training. This is repeated k times so that
every set acted once as a validation set. Afterwards, the averages of the training and validation
errors are formed to evaluate the performance of the NN. Repeating the k-fold cross validation
multiple times reduces possible statistical errors even further and thus, improves the choice
of the right hyperparameters. This is called repeated k-fold cross validation.

2.5 Mathematical fundamentals

In the following, some general mathematical fundamentals used in this thesis are explained.

2.5.1 Latin hypercube sampling

If an experiment or a simulation is to be carried out with different, varying parameters,
the number of experiments can quickly become very high. To avoid such a high number
of experiments, the parameters must be chosen appropriately to ensure, that the entire
parameter space is covered but the number of experiments is as low as possible. This issue
is also referred to as deign of experiments. Simply choosing random parameters within the
parameter space does not lead to a good coverage of the parameters space.

Latin hypercube sampling is a statistical method that solves that issue [136]. Random samples
are created within the parameter space, but the sampling method ensures that the entire
parameter space is covered. The parameter space is divided in a prescribed number of
samples and the samples are subsequently drawn so that one sample lies in every division of
the space. This is depicted in figure 2.13b, where five samples are shown in a two-dimensional
parameter space. The division of the parameter space is represented by the black grid. In
comparison to that, figure 2.13a shows a random sampling in the same parameter space
where the five samples are clearly less equally distributed in the parameter space.
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(a) Random sampling (b) Latin hypercube sampling

Fig. 2.13: Visual comparison of random sampling (a) and Latin hypercube sampling (b) with two
parameters and five samples

2.5.2 Pearson correlation coefficient

To identify and analyze relationships between parameters in large data sets, correlation
coefficients can be used. One of the most commonly used correlation coefficients is the
Pearson correlation coefficient ryy [137]. It is defined as the covariance of two variable sets x
and y divided by the product of the standard deviations of x and y [138]:

P
oy = cov(x,y) Y (xi—0)(yi— ) 2.6

Ox0y \/Zl L (xi— %)? \/Z L i-

The coefficient ranges from —1 to +1 and describes whether there is a linear relationship

between two variables. Positive values indicate a positive relationship between the variables,
negative values a negative relationship. If the value is 0, there is no linear relationship be-
tween the variables (but a nonlinear relationship would still be possible). In figure 2.14 four
exemplary correlations and the corresponding Pearson correlation coefficient ryy are given to
clarify the understanding of the coefficient.

2.5.3 Error measures

The following error measures are used in this thesis to compare results or as a loss function
during the training of the neural network.

Mean absolute error

The mean absolute error (MAE) between the true values yiye and the predicted values ypeq is
defined as the arithmetic mean of the absolute error over n samples:

12
M AE(Ytrue) Ypred) = ; Z |)/true,i - .Vpred,i| 2.7)
i=1
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(a) Positive correlation (b) Positive correlation

—
—

X —

(c) Negative correlation (d) No correlation

—

Fig. 2.14: Exemplary scatter plots with the corresponding Pearson correlation coefficient ry,. The blue
line shows the mean value of the scattered points.

Mean squared error

The mean squared error (MSE) between the true values yiye and the predicted values ypeq is
defined as the squared error between the values over n samples:

12 2
MSE (Yirue Ypred) = ; Z (J/true,i - J’pred,i) (2.8)
i=1
Compared to the MAE, the MSE weights high error values stronger as the error between the
true and the predicted value is squared.

Root mean squared error

The root mean squared error (RMSE) is defined as the square root of the MSE:

RMSE (Yirue: Vprea) = \/ MSE(Virue: Vprea) (2.9)

Compared to the MSE, the RMSE has the same unit like the values under investigation.
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3.1 Overall modeling approach

As mentioned in section 1.2, the goal of the simulation model is a fast (<1 min) prediction of
the temperature differences within a single battery cell of a battery module during a charging
process, while still being able to vary all relevant parameters for the thermal design. To achieve
this goal, the modeling procedure was divided in three steps, that are depicted in figure 3.1.

At first, a 1D physics-based electrochemical-thermal model (ETM) of a battery cell is set
up (section 3.2). A physics-based model is chosen, as it is able to accurately predict the
electrochemical-thermal behavior of the cell (see also section 2.3). A central output of the
model that is needed for the further modeling process is the volumetric heat generation
rate. It quantifies the heat that is generated during the operation of the cell and is thus
crucial for the modeling of the thermal behavior of the cell. Due to its 1D-nature, the ETM is
computationally efficient but not able to predict a spatially resolved thermal behavior. It only
outputs volume averaged values.

As a second step of the modeling procedure, the ETM is used to calibrate and parametrize
an equivalent-circuit model (ECM) of the battery cell (section 3.3). The ECM is used in two
different ways: On the one hand, it serves as a 1D battery cell model for the later modeling
of the modules as it has an even higher computational efficiency than the ETM. On the
other hand, it is used to create a 3D model of the battery cell. The 3D model is able to
accurately predict the spatial temperature distribution occurring in the battery cell and
considers the spatial influence of the electrochemistry (e.g. current distribution, locally
different SoC, etc.). It is based on the finite volume method and couples via the MSMD
approach a spatially resolved thermal model with a spatially resolved electrochemical model,
whereas the electrochemical model is represented by the ECM. This results in a model with
computation times in the range of minutes to hours, which is still significantly faster than
coupling the computationally more expensive physics-based models in a 3D simulation. It
also enables the application of different thermal boundary conditions or interfaces to model
the heat exchange with the environment, for example the external cooling/heating of the
cells with different cooling methods. Consequently, all aspects for the electrical and thermal
integration of the cell into a module or pack are considered in this model.
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Electrochemical-thermal cell model

(Computation time: low)
1D Physics-based modeling of the
electrochemical behavior
« Computation of the heat generation rate

parametrization

Equivalent-circuit cell model

(Computation time: high (3D) / low (1D))

3D modeling of the spatially resolved
thermal behavior possible

* Computationally more efficient 1D model

1D cell model

Module models

(Computation time: low)

» 1D modeling of the electrical and thermal interaction of multiple cells and the
cooling/heating system

Tab-cooled battery module prototype

* Modeling of the tab-cooled * Model with flexible input and design
prototype as on the test bench parameters

Generic battery module model

Thermal cell meta-model
(Computation time: low)
+ Computationally efficient prediction
of the thermal gradient in a cell

application application
+ Validation of the simulation model « Estimation of an optimal cell
* Analysis of tab cooling with design under given constraints
thermally conductive plastics and optimization objectives

Fig. 3.1: Overall modeling approach
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However, the computation times of the 3D model are still too high to be used in an efficient
optimization procedure. This issue will be addressed in the third modeling step, where the
1D module models are created. Two different models are set up to address the two proposed
research questions (see section 1.2).

In section 3.4 the model of the tab-cooled battery module prototype is described. The model
is based on a new battery module prototype with a tab cooling system using thermally conduc-
tive plastics. Experiments on a test bench are performed to investigate the thermal behavior
of the tab cooling system and to generate measurement data for the validation of the simu-
lation model. With the combination of the experimental investigations and the simulation
model, the first research question will be answered and the validity of the basic 1D module
modeling approach will be reviewed. However, neither the experimental investigations nor
the proposed model do include information about the temperature differences within the
single cells.

Therefore, in section 3.5 a second, generic battery module model is developed. The basic
modeling approach is identical to the validated 1D model of the module prototype but it
is extended with a novel thermal cell meta-model (CMM) that is able to rapidly predict the
maximum temperature delta in a single battery cell after a charging process. The CMM is
a data-driven, numerical simplification of a 3D model which uses all relevant cell design,
thermal and electrical parameters of a charging process as an input and outputs the maximum
and minimum temperature occurring within a cell. It consists of a neural network that is
trained with data generated by the 3D ECM. After the simulation of a charging process with
the generic 1D module model, the CMM is evaluated in a post-processing step and the
temperature difference within the single cells is predicted.

Providing very low computation times, the generic battery module model is used to answer
the second research question as it enables the analysis and optimization of the conflict
of objectives between fast charging, lifetime and energy density which was described in
chapter 1.

Reference cell KIT20

The physics-based model that is used as a basis of the previously described modeling ap-
proach is adjusted so that it fits to the reference cell that is used in the battery module
prototype. This enables the experimental validation of the proposed model. As a reference
cell a 20Ah pouch cell is used, called KIT20 cell, which was manufactured at the Battery
Technology Center (BaTec), Institute for Applied Materials - Energy Storage Systems of the
Karlsruhe Institute of Technology [139]. Table 3.1 summarizes the relevant data of the cell
and indicates the data sources. Most of the properties are given in the data sheet [139], but
some information about the internals of the cell were received directly from the manufacturer.
The thermal conductivity and the specific heat capacity were measured by M. Miller at the
Fraunhofer ICT and are in good agreement with values from literature [140, 141]. Also the
weight and the dimensions of the cell were measured, central dimensions of the cell are given
in figure 3.2.
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Tab. 3.1: Properties of the KIT20 cell

Property Value Source
Nominal capacity 20Ah [139]
Weight 543 g Fraunhofer ICT
Anode material Graphite [139]
Cathode material NMCI111 [139]

Max. operating voltage 4.2V [139]
Nominal voltage 3.7V [139]

Min. operating voltage 3.0V [139]

Max. continuous charge current 60A (3C) [139]

Max. continuous discharge current 100A (5C) [139]
Operating temperature charge 0°Cto40°C [139]
Operating temperature discharge -30°Cto60°C (139]
Thermal conductivity in-plane Aav =47.5Wm 1K ! Fraunhofer ICT
Thermal conductivity cross-plane Aav,. =1.16Wm 1K ! Fraunhofer ICT
Specific heat capacity Cp,av = 920Jkg 1 K! Fraunhofer ICT
Number of anodes 22 BaTec, IAM-ESS
Number of cathodes 21 BaTec, IAM-ESS
Number of separators 44 BaTec, IAM-ESS

Dimension anodes
Dimension cathodes

w=212mm x h =139 mm
w=208mm x h =135mm

BaTec, IAM-ESS
BaTec, IAM-ESS

——86.2 mm — ——86.2 mm —

--

Fig. 3.2: KIT20 cell including the central dimensions

width = 238 mm

b———— height=182mm ————




3.2 Electrochemical-thermal cell model

3.2 Electrochemical-thermal cell model

Several different physics-based approaches exist to model the electrochemical-thermal be-
havior of battery cells, as described in section 2.3. Here, the Doyle-Fuller-Newman (DFN)
model is chosen [77]. For a 1D model, it offers the highest accuracy and is applicable for a wide
range of operating conditions while still providing acceptable computation times [72]. Other
popular 1D models, like the Single Particle Model (SPM), are less computational expensive
but also less accurate at high C-rates [72], which is unsuitable for the present use case. For a
detailed description of the DFN model, the reader is referred to section 2.3.

Several implementations of the DFN model exist in commercial [142-144] or open-source
software codes [145-148]. In the present work, the implementation of the open-source
software tool PyBaMM, Version 22.9, is used [78, 149, 150]. PyBaMM is a battery simulation
tool written in the programming language Python. For the following reasons it is the preferred
choice for the modeling:

¢ Being an open-source software, it offers a greater flexibility for own model developments
compared to commercial software and an easier accessibility of the own work for other
researchers and future developments.

e As it builds on the popular programming language Python, it is easy to extend and link
the models to other, existing Python models.

e There are multiple, documented data sets for the parametrization of the physical model
parameters available. The parametrization of physics-based battery models is difficult
and crucial for their accuracy [151]. So having well parametrized data sets for different
cell chemistry available, is a great advantage compared to other tools.

Parametrization

The DFN model is parametrized so that is fits well to the KIT20 reference cell. From the
existing parameter sets in PyBaMM, the data set from Mohtat [152] was chosen as it is based
on a pouch cell with a graphite anode and an NMC cathode, which agrees with the electrode
materials of the KIT20 cell. Compared to the default data set, the PyBaMM parameters shown
in table 3.2 were changed in order to adjust the data to the KIT20 cell and improve the fit.

As there is only one width and height for both electrodes in PyBaMM, the average width
and height from the KIT20 cell (see table 3.1) was applied. The thicknesses of the separator,
electrodes and current collectors were adjusted so that the overall thickness of the cell and
the capacity are in good agreement with the KIT20 cell. The same applies for the specific
heat capacity of the electrodes. The entropic change of the electrodes was changed as later
results showed, that the parameters from the Mohtat data set did not fit well with the KIT20
cell experimental data. Consequently, the entropic change from the PyBaMM data set from
O’Regan [153] was used as this significantly improved the fit.
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Tab. 3.2: Changed parameters of the PyBaMM DFN model compared to the default parameter set from
Mohtat [152]

Parameter Value
Nominal capacity 20Ah
Lower voltage cut-off 3V
Number of electrodes connected in parallel to make a cell 42
Electrode width 210 mm
Electrode height 137 mm
Negative current collector thickness 5um
Negative electrode thickness 44 um
Positive current collector thickness 10 pum
Positive electrode thickness 51 pm
Separator thickness 56.5 um
Negative electrode specific heat capacity 1050 kg 1K !
Positive electrode specific heat capacity 1050 Jkg 1K1
Negative electrode OCP entropic change from [153]
Positive electrode OCP entropic change from [153]
Validation

In the data sheet of the KIT20 cell [139] experimental data is available which is used to validate
the parametrization of the 1D cell model. The charge and discharge behavior for different
C-rates at room temperature is given, as well as the open circuit voltage (OCV). For these
load cases, simulations with the parametrized DFN model were performed under identical
conditions. The ambient temperature is set to 20 °C and a sufficiently high heat transfer
coefficient of 1000 Wm™2K™! is applied to keep the battery temperature constant.

Figure 3.3 shows the voltage results for a discharging process with 1C to 5C over the capacity.
For low C-rates (1C, 2C), the DFN model overestimates the overall discharge capacity, for
high C-rates (4C, 5C) the overall discharge capacity is underestimated. Also the voltage drop
predicted by the DFN model at the beginning of the discharge process is always slightly higher
compared to the reference. Still, with a root mean squared error (RMSE) below 0.08V and a
mean absolute error (MAE) below 0.06 V the model agrees well with the reference data.
Figure 3.4 shows the voltage results for a charging process with 1C, 2C and 3C over time.
The time point where the DFN model reaches the upper cut-off voltage agrees for a 2C
charging very well with the reference data. During a 1C charging it is slightly overestimated
and during a 3C charging slightly underestimated. Also, the higher the C-rate the greater the
deviations between the model and the reference become. With a RMSE below 0.1V and a
MAE below 0.08V, the model fits well to the reference data.

In figure 3.5, the result for the OCV over SoC is presented. The DFN model is not able to make
a difference between the charge and discharge OCV, thus, there is only one graph for the
simulation model. With an RMSE of 0.09 V and an MAE of 0.07 V, the simulation is in good
agreement with the reference during discharge. An even better agreement is observed for the

30



3.2 Electrochemical-thermal cell model
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Fig. 3.3: Comparison of the discharge behavior between the measurements of the KIT20 reference
cell [139] and the 1D electrochemical-thermal simulation with the DFN model
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Fig. 3.4: Comparison of the charge behavior between the measurements of the KIT20 reference
cell [139] and the 1D electrochemical-thermal simulation with the DFN model
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Fig. 3.5: Open circuit voltage of the KIT20 reference cell [139] compared to the 1D
electrochemical-thermal simulation with the DFN model
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charging process with an RMSE of 0.02V and an MAE of 0.01 V. As charging is the load case of
interest in this work, a good agreement during the charging is more important than during
discharging.

Overall, the electrochemical parametrization of the DFN model is considered valid as all of
the simulated results fit well with the reference data of the KIT20 cell.

3.3 Equivalent circuit cell model

In the following section, the second step of the modeling procedure — the setup of the
equivalent-circuit model (ECM) - is described. Hereinafter, the 3D ECM is presented in
detail as the 1D model may easily be derived from the 3D model: The 3D thermal domain
becomes a lumped point mass and the parametrization of the ECM model parameters (Uy
and the RC elements) are identical, but only one system of equations is solved for the entire
battery cell.

The 3D model is based on the MSMD approach [79] (see also section 2.3.1). To keep the
3D simulation as simple as possible, no other components of the battery cell — like the tabs
or the pouch foil — are modeled but only the active material, so the electrode stack where
the electrochemical reactions take place. All other components will be modeled later in
the module model in a simplified manner and connected to the boundary surfaces of the
3D model. Figure 3.6 shows the cell domain of the 3D model. It is simply a rectangular
cuboid as no other, more complex pouch cell formats are considered here. Two different tab
configurations are modeled: A pouch cell, which has both tabs on one side (figure 3.6a) and a
pouch cell, where the tabs are on opposite sides of the cell, which is called butterfly design
(figure 3.6b). The one-sided tab design is used to compare the 3D ECM to the 1D DFN model,
the butterfly tab design is used for the data generation for the CMM of the generic battery
module model.

(a) One-sided tab design (b) Butterfly tab design

negative
\V‘/ tab width

positive |
tab width |

i .

negative
tab width

‘J
—
L —

Fig. 3.6: Geometries of the 3D cell models

cooling width
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For the sake of simplicity, heat transfer to the environment is only considered on five surfaces:
* On the two large side surfaces to model the heat transfer between adjacent cells.
* On the tab surfaces to model heat transfer through the tabs.

* On the bottom of the cells, a cooling/heating surface is modeled to account for the
typical bottom cooling/heating which is present in many BEVs.

The model is setup so that the dimensions of the cell (width, height, thickness), the width of
tabs and the width of the bottom cooling surface may be varied flexibly (see figure 3.6). The
electrical boundary conditions are applied on the tab surfaces.

The ECM is chosen to model the battery behavior on the electrode domain because of its
higher computational speed compared to physics-based models [72]. This leads to compu-
tation times between 0.5 and 2 hours for one charging process with the 3D model. For the
one-time data generation for the cell meta-model, this is considered to be an acceptable time
range, but it would be unsuitable for the direct use in an optimization process of a module.
The 3D simulations are performed with the commercial CFD software package Ansys Fluent,
Version 2023 R1 [143]. It provides an implementation of the MSMD model as well as the
possibility to define user-specific ECMs.

ECM and parametrization

As outlined in section 2.3.1, there are numerous different ECM approaches that differ depend-
ing on the electrical elements which are used to model the behavior of the battery [74, 80,
82-84]. Here, the simplest possible model is used to decrease the computation time. As only
charging scenarios with a constant current are investigated, the terms to model the dynamic
cell behavior in equation 2.2 are neglected:

U:UOC_RSI_Ul_UZ (3.1)
=0

Of the remaining model parameters, the open circuit voltage U,. depends on the state of
charge SoC and the temperature T. The resistance R; depends on the state of charge SoC,
the temperature T and the C-rate Cr. To account for that, U,; and Rg are modeled as a map
that is derived from the 1D DFN model. Even though the open circuit voltage U,. does not
depend on the C-rate Cr, it is still modeled with a map that depends on it. This enables the
usage of identically mapping routines in the underlying simulation software:

U=Uy(Crl|,T,50C) - Rs(ICrl|, T, SoC) I (3.2)
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The grid of the maps contains reference points at the following values for Cr, T and SoC,
in-between these points a trilinear interpolation is performed:

|Cr| ={1, 2, 3}inh™! (3.3a)
T ={-10, 0, 10, 20, 30, 40, 50} in °C (3.3b)
SoC ={0, 0.001, 0.002, 0.004, 0.006, 0.008, 0.01,
0.015, 0.02, 0.03, 0.04, 0.05, 0.075, 0.1, ..., 1.0}

(3.3¢)

The SoC grid is not spaced linearly, as for low SoC values U, and Rs change strongly and thus,
a finer spacing is necessary. The same approach is used to determine the heat generation
rate. Besides the open circuit voltage U,, also the entropic heating g_lTI is modeled as a map
depending on Cr, T and SoC with the same grid as in equation 3.3:

oU
G =i|Use(Crl,T,50C) = U = T-=(Crl, T, 50C) (3.4)

All values of the maps for Uy (ICr|, T, SoC), Rs(ICr|, T, SoC) and g—LT](ICrI , T, SoC) can be found
in the appendix in section A.1.

Validation

The validation of the 3D ECM compared to the 1D DFN model is performed with an exemplary
charging simulation of the KIT20 cell. The geometry of the active material as shown in
figure 3.6a is used. The cell dimensions are identical to the dimensions of the DFN model
described in table 3.2 which results in an overall thickness of the active material of 7 mm.
The width of both tabs is 86.2 mm. Adiabatic thermal boundary conditions are applied on
all surfaces. The initial temperature is set to 25 °C and the C-rate to 2.5C. Intentionally, these
values are chosen in-between the grid points of the maps to consider the influence of the
interpolation.

The most relevant results of the simulations are shown in figure 3.7. Figure 3.7a compares
the voltage over time for both models. With an RMSE and an MAE of 0.01V, the results are in
excellent agreement. The curve of the 3D ECM is slightly shifted towards smaller time values.
An analysis of the time step size that was used for the time integration in the transient 3D
simulation showed, that with smaller time steps, the deviation becomes also smaller. However,
as the error measures are extremely low, the initially chosen time step size was kept to avoid
increasing simulation times due to smaller time steps.

Also for the temperature, a good agreement between both models is observed with an RMSE
and an MAE of 0.05 K, as depicted in 3.7b. In the remaining subfigures of figure 3.7, the volu-
metric heat generation rates are compared. Overall, the reversible (3.7c), the irreversible (3.7d)
as well as the sum of both, the total heat generation rate (3.7e), agree well between both mod-
els. Noticeable deviations are mainly observed in the "peak" at the beginning of the charging
process in the reversible and the total heat generation rate. These deviations originate from
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the mapping approach and the linear interpolation between the grid points. However, the
small deviations in the temperature development confirm, that the observed errors in the
heat generation rates do not have a significant negative impact on the simulation results

Consequently, both modeling approaches fit well and the approximation of the DFN model
with the mapping based ECM is considered valid for charging processes.
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Fig. 3.7: Exemplary comparison of the 1D DFN model with the 3D ECM for a charging process with
2.5C starting at 25 °C. The voltage (a), the temperature (b), the reversible volumetric heat generation
rate grev (C), the irreversible volumetric heat generation rate ¢i., (d) and the total volumetric heat
generation rate o (e) are displayed over time. All shown quantities for the 3D ECM are volume

averaged values.
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3.4 Tab-cooled battery module prototype

3.4.1 Design of the module with tab cooling

A prototype module with a tab cooling was developed to experimentally investigate the tab
cooling on module level and to validate the corresponding simulation model of the battery
module. The experimental investigations as well as the design of the module have already
been published in an own paper: [154]. The following three paragraphs are based on this
paper.

Figure 3.8 shows the module design. It consists of twelve KIT20 cells that are connected in
series (12s1p), which results in a module with the electrical properties given in table 3.3. As
shown in figure 3.8a, the cells are held in place by plastic cell frames that are connected and
compressed via four tension rods to the module end-plates.

The tab cooling is realized with thirteen cylindrical channels and three 3D-printed compres-
sion parts that hold the channels in place, guide the tabs for the correct electrical connection
and compress the tabs for the electrical contacting. The cooling channels are made of alu-
minum. In the area, where they are in contact with the tabs for the cooling, they are coated
with a 78 um thick polyimide adhesive tape [154-156], visible as the orange material in fig-
ure 3.8b next to the tabs. Having a thermal conductivity of 0.46 Wm ™1 K™, the polyimide tape

(a) Exploded view (b) Partly assembled tab cooling

» | tabs | | polyimide tape |

A/‘. sectional

| view U

compression parts

A/]. sectional

| viewL

channels

module end-plate

W / L_g £
|module end-plate| | cells | | cell frames |

Fig. 3.8: Design of the module prototype (the pictures in (a) and (c) are taken from [154])
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3 Simulation models and experimental setup

offers approximately twice the thermal conductivity of similar plastic materials [157]. The
dielectric strength is 89.7 kVmm™!, which leads to a sufficient electrical insulation for the
application in a battery module. A thicker heat-shrink tubing, the black material visible in
figure 3.8b, covers the rest of the aluminum channels for electrical insulation.

The cross-sectional view in figure 3.8c depicts the bending of the tabs around the cooling
channels. From each cell, one tab is cooled by the upper cooling channels (figure 3.8c left,
"sectional view U") and one tab is cooled by the lower ones (figure 3.8c right, "sectional view
L"). This design was chosen to increase the safety during the tests. With it, each tab is only
connected to one cooling channel and thus, the tabs of one cell cannot be short-circuited
directly with one aluminum channel. In case of a damage to the electrically insulating coating,
which could occur for example during the assembly by hand, the risk of a short circuit and
consequently a thermal runaway is minimized.

Tab. 3.3: Electrical properties of the prototype module [154]

Parameter Value
Nominal capacity 20Ah
Cells in series 12
Cells in parallel 1
Max. operating voltage 50.4V
Nominal voltage 444V

Min. operating voltage 36.0V

3.4.2 Experimental setup of the tab cooling tests

The following description of the experimental setup of the tab cooling tests is again based on
the own publication: [154].

Figure 3.9a shows the assembled prototype module installed on the test bench. On the left
and the right side of the picture, the cooling hoses attached to the channels are visible. The
thick orange cables in the front and the back of the module are for the electrical connection.
The various smaller cables stem form sensors measuring the voltages between every cell as
well as from thermocouples (TCs) to measure the temperature at different locations. Five TCs
each are placed between cells 1 and 2, 6 and 7 (the middle of the module) and 11 and 12. In
figure 3.9b, the locations of these TCs on a cell are depicted: One TC is placed in the middle of
the cell surface and the other four TCs are close to the corners of the surface. Furthermore, at
the same cells, TCs are mounted at the top of the tabs to measure the tab temperature close
to the cooling channels.

Two different types of cooling tests are performed:

1. Heat-up-cool-down test: Without an electrical load, the module is heated up and cooled
down with the tab cooling only. Both the modules and the cooling fluids initial tem-
perature is 12 °C. Then, the fluid temperature is increased to 45 °C and the module is
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3.4 Tab-cooled battery module prototype

(a) Prototype module on the test bench (b) Thermocouple locations

1903

Fig. 3.9: Experimental setup of the prototype module (picture (a) is taken from [154])

heated up for approximately 2 h. Afterwards, the fluid temperature is decreased to 15°C
and the module is cooled down for approximately 2 h.

2. 2C charging test: Starting from an initial SoC of approximately 2.5 %, the module is
charged with a constant C-rate of 2C until the first cell reaches a voltage of 4.1 V. This
test is carried out with an activated and a deactivated tab cooling. In case the cooling is
active, it operates with a fluid temperature of 17 °C. The initial module temperature is
equal to the ambient temperature (with cooling 18 °C, without cooling 19 °C).

3.4.3 Simulation model

The corresponding simulation model to the previously described battery module prototype
is shown in figures 3.10 and 3.11. Figure 3.10 describes the entire module model and fig-
ure 3.11 the modeling of a single battery cell of the module. The simulation model consists
of a 1D thermal network that is coupled to a 1D electrical and a 1D fluid network. As the
module prototype is symmetric, only half of the module - six battery cells —is modeled and a
symmetry boundary condition is applied. The entire model was built up and simulated in the
commercial simulation software GT SUITE, Version 2023 [158].

Thermal and fluid network

The red lines and elements in both figures symbolize the thermal network which consists
of thermal resistances (red boxes) and thermal point masses (red dots) to model the single
components.

As figure 3.10 shows, the battery cells of the module are thermally connected to each other
with a thermal resistance Rajrgap that represents the influence of the pouch bag foil and the air
gap in-between the cells:

21pag Lair

(3.5)
Abag Wayhay  Aair Wayhay

Rairgap =
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— Thermal network
— Electrical network
== Fuid network

channel
channel

channel

channel

3x

end-plate

¢=o| BN I 1 - - S convection
(sym.) :vo ume: airgap :vo ume: :VO ume: airgap plate plate BC

© Umodule

Fig. 3.10: Simulation model of the tab-cooled battery module prototype. The modeling of the single
battery cells is depicted in detail in figure 3.11.
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Fig. 3.11: Simulation model of a single battery cell in the battery module prototype including the tab
cooling channels
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3.4 Tab-cooled battery module prototype

The left hand side of figure 3.10 represents the middle of the module where a symmetry
boundary condition g = 0 is applied. On the right hand side, the end-plate is modeled
consisting of a thermal mass Cpjate and two thermal resistances Rpjate:

Cplate =Cp,platePplate ( Way Nay tplate) (3.6a)
05 tplate
Rplate =——— (3.6b)
prate Aplate Wayhay

To the outer side of the end-plate, a convection boundary condition to the environment is
applied:
q = Qeny (Tplate,o - Tenv) with  aeny = 10Wm K™ 3.7

The channels of the cooling system are thermally connected to a fluid network, where each
fluid volume is modeled as a 1D finite volume, discretized with 10 elements. The volume flow
of the cooling fluid is distributed equally between all of the channels. The thermal coupling
occurs via a heat transfer coefficient agqy;q that is based on the Nusselt number [157, 158]:

NuMquid

p with Nu=3.66 (laminar flow) (3.8)
i

Afluid =

As can be seen from figure 3.11, the channels are modeled with a thermal mass Cip, ch, and
two thermal resistances Riap,ch,1 and Riap ch,2:

Ctab,ch =Cp,chPch (0.25(d0 - di)z wav) o
0.25(d, — dy)
] ] 3.9b
@b, eh 1 =4 o5 7d, Wtab,n/pAch -
0.25(do — dy)
. —d, (3.90)

0-577:di wtab,n/pAch

The plastic tape between the channels and the tab is solely modeled as a thermal resistance
Rplastic and its thermal mass is neglected:

tplastic
0.257 do Weap,n/p Aplastic

Rplastic = (3.10)

The tabs are again modeled with a thermal mass Ciap,n/p and two thermal resistances Rab,n/p

Ctab,n = Cp,tab,nptab,n ( Wtab,n htab,n ttab,n) (3- 11 a)
Ctab,p =Cp,tab,pPtab,p ( Wrab,p htab,p ttab,p) (3.11b)
0.5h
Reabyn = tabn 3.11¢)
Atab,n Wiab,n Ltab,n
0.5h
tab.p 3.11d)

Rtab p—
» f
Atab,p wtab,p tab,p
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3 Simulation models and experimental setup

The active volume of the cells is modeled with a thermal mass C,, and three thermal resis-
tances, two modeling the side surfaces of the active volume (R,y surf) and one modeling the
thermal resistance to the tabs (Ray,top):

Cav =Cp,avPav (Way Rav tav) (3.12a)
0.5ty

R = 3.12b

av,surf Aav,J_ Way hav ( )
0.5h,y

Ray,top —m (3.12¢)
The thermal network is coupled to the electrical network as indicated by the dashed blue
lines in figure 3.11. The losses due to Ohmic heating in the tabs are applied to the tab thermal
masses and the heat generation in the active volume — modeled by the ECM - is applied to the
active volume thermal mass. In return, the temperatures of the the components are returned
to the electrical network to consider the temperature dependence of the electrical properties.

Electrical network

The electrical network is symbolized by the black lines and electronic symbols in figures 3.10
and 3.11. All of the battery cells are connected in series, which results in the overall module
voltage of Unodule, displayed in figure 3.10. The voltage of the single battery cells and the
heat generation within the active volume is calculated according to the 1D ECM described in
section 3.3, equations 3.2 and 3.4. An ideal electrical connection between the single cells is
assumed and the electrical resistances Rej tab,n and Rej tab,p denoted in figure 3.11 are solely
used to calculate the heat generated in the tabs:

Qtab = IzRel,tab,n/p
1 htab,n/p (3.13)

Utab,n/p wtab,n/p ttab,n/p

=17

All of the input and model parameters used in the equations above are described and listed in
table 3.4.

Load case

With the simulation model, the 2C charging test described in section 3.4.2 is computed.
The initial and load conditions are given in table 3.5. To model the charging test with a
deactivated cooling system, the thermal conductivity of the plastic material Apjasic was set to
a sufficiently small value to deactivate the heat transfer from the tab to the cooling system
(Aplastic = 1 x 1077 Wm™ K ™1).
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3.4 Tab-cooled battery module prototype

Tab. 3.4: Geometry and material parameters of the battery module prototype simulation model

Part Parameter Symbol Value
Width Way 210 mm
Height Nav 137 mm
Active volume Thickness tav 7 mm
Thermal conductivity — Aay,|, dav,1 see table 3.1
Specific heat capacity Cp,av see table 3.1
Density Pav 2420kgm™3
Width Wiab,n 86.2 mm
Height Biab,n 40 mm
Thickness ftab.n 0.2 mm
Negative tab (Copper) Thermal conductivity Atab,n see table A.10
Specific heat capacity Cp,tab,n see table A.10
Density Ptabn 8933kgm™3
Electrical conductivity Otabn 5.8x10°Sm™!
Width Wtab,p 86.2 mm
Height Peab,p 40 mm
Thickness ttab,p 0.2 mm
Positive tab (Aluminum) Thermal conductivity Atab,p see table A.11
Specific heat capacity Cp,tab,p see table A.11
Density Ptab,p 2702kgm™3
Electrical conductivity O tab,p 3.538x 10’ Sm™!
. . Thickness Eolastic 0.078 mm
Plastic tape (Polyimide) Thermal conductivity Ailastic 0.46 Wm~1K™!
Inner diameter d; 9.5mm
Outer diameter dy 10.5mm
Tab channel (Aluminum) Thermal conductivity Ach see table A.11
Specific heat capacity Cp,ch see table A.11
Density Pch 2702kgm™3
Thickness pouch bag Ibag 0.2 mm
Airgap Thickness air in gap Lair 0.25 r1111n B
Th. cond. pouch bag Abag 0.25Wm™" K
Th. cond. air in gap Aair 0.026 Wm~'K™!
Thickness Iplate 10 mm
End-plate (PA 6.6) Therplal conductiv%ty Aplate 0.33Wm~!K™!
Specific heat capacity Cp,plate see table A.12
Density Pplate 1145kg m™3
Dynamic viscosity Ufluid see table A.14
Cooling fluid Thermal conductivity Mluid table A.14
(Water-Glycol (50/50)) Specific heat capacity Cp fluid see equation A.1
Density Pfluid see equation A.2
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3 Simulation models and experimental setup

Tab. 3.5: Initial parameters and load conditions of the battery module prototype simulation model for
the simulation of the 2C charging test

Parameter Symbol no cooling cooling
Cell nominal capacity Qnom 20Ah

C-rate Cr —2h7!

Initial SoC S0Cinit 25%

Max. cell voltage Uend 411V

Initial temperature components Tinit 19°C 18°C
Temperature environment Tenv 19°C 18°C
Initial temperature fluid Tinit,fluid 19°C 17°C
Volume flow rate cooling fluid Vituid 30/13Lmin~!
Outlet pressure Pout 1bar

3.5 Generic battery module model

3.5.1 Generic design

The general design idea of the generic battery module model is shown in figure 3.12. As the
model serves the purpose, to find the optimal thermal cell design, the dimensions displayed
in the picture are only exemplary. All of the dimensions of the model will be varied but the
general arrangement of the components shown in figure 3.12 will stay identical.

The generic module consists of six pouch cells which are all connected in series (6s1p). In
contrast to the battery module prototype introduced in the previous section 3.4, pouch cells
with a butterfly tab design were chosen. Firstly, that tab design is used more frequently in

pouch cells

tab cooling channels

end-plate / housing

bottom cooling channel

positive tab

Fig. 3.12: Design of the generic battery module model
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state of the art battery electric vehicles, secondly, the tests with the self-developed battery
module prototype showed, that the realization of a tab cooling system is more difficult with
the one-sided tab design, as there is less design space for the electrical connection of the cells
as well as for the integration of the tab cooling channels. Thus, using a butterfly tab design is
the more general and application-oriented approach.

The model only includes the most important parts for the thermal modeling of a module so
that the major thermal effects are considered but at the same time, the model stays as simple
and general as possible. Like in the previously presented battery module prototype, the tab
cooling channels are made from aluminum and the tabs are bent around the round channels
to electrically contact the cells with each other. Again, a thin, thermally conductive but
electrically insulation plastic layer is assumed between the channels and the tab. Besides the
tab cooling channels, also an aluminum bottom cooling channel is included in the model to
be able to compare the different cooling approaches. It is placed in the middle of the thin cell
side which is called for the sake of simplicity bottom of the cell. Again, between the bottom
cooling channel and the cells a thin plastic layer is assumed. Theoretically, an electrical
insulation is not necessary here, but many cooling systems include such an insulating layer
for safety purposes [6].

On the large side surfaces of the module, thin aluminum end-plates are modeled to account
for the heat that is dissipated on the cell sides of the first and the last cell. Other module
housing structures are not considered as their contribution to the thermal behavior is assumed
to be small. Moreover, a generic design of such structures is difficult to describe as it strongly
depends on the integration of the module in the pack.

3.5.2 Simulation model

Figures 3.13 and 3.14 show the corresponding simulation model of the generic battery module.
The model of the entire module is displayed in figure 3.13 and the model of a single battery
cell is shown in figure 3.14. The modeling approach is very similar to the model of the battery
module prototype. Again, a 1D thermal network is coupled to a 1D electrical and a 1D fluid
network. Additionally, as mentioned in section 3.1, a cell meta-model (CMM) is applied as a
post-processing step to determine the temperature difference within the cell after a charging
process. The CMM is described in detail in the subsequent section 3.5.3. It is implemented
using the programming language Python and afterwards integrated in the simulation model
of the entire battery module which was again built up and simulated in the commercial
simulation software GT SUITE, Version 2023 [158].

Again, the red lines and elements in figures 3.13 and 3.14 depict the thermal network con-
sisting of thermal resistances (red boxes) and thermal point masses (red dots) to model all
of the components. As the modeling approach is very similar to the model of the battery
module prototype, in the following, only formulas are given if they differ from the previously
described model.
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Fig. 3.13: Simulation model of the generic battery module. The modeling of the single battery cells is
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The thermal connection between the battery cells is modeled identically to the battery module
prototype model with a thermal resistance Rajrgap, representing the influence of the pouch
bag foil and the air gap in-between the cells. At the end of the module, indicated in figure 3.13
on the left and the right side, there are the end-plates consisting of a thermal mass Cpjace and
two thermal resistances Rpjae. In the generic module, aluminum is chosen as the material of
the end-plates.

In contrast to the previous model, there is not a convection boundary condition on the outer
side of the end-plates but a conduction boundary condition to a defined air volume. This
is assumed, as in a real battery pack the modules are arranged closely together and there is
much less space around the modules compared to the test bench setup. Consequently; it is
very unlikely that convective flow conditions are established. Instead, a small air volume is
placed in the generic battery module model next to the end-plates having a thermal mass Cg;;
and connected with a thermal resistance R,;; to the end-plates:

Cair = Cp,air Pair ( Way hay tair,o) (3.14a)
0.5%iro
Ryjr =——7— (3.14b)
o Aair,o Way Nay

The tab cooling channels are thermally connected to the fluid network in the same way as in
the battery module prototype model. Additionally, there is a thermal connection between
the bottom cooling channel and the fluid network of the bottom cooling channel. The
fluid volume is modeled as a 1D finite volume with a rectangular cross-sectional area. It
is discretized with 30 elements and the thermal coupling occurs again with a heat transfer
coefficient afqyiq thatis based on the Nusselt number [157, 158]. The volume flow is distributed
between all of the channels in such a way, that the average flow velocity is identical and thus,
identical flow conditions in all of the channels prevail. As depicted in figure 3.14, the bottom
cooling channel is modeled with a thermal mass Cy o ch and two thermal resistances Ry, ch:

Cbot,ch =Cp,chPch ((wch hch — (Wech — 21ch) (hch —21ch)) (tav +2 tbag + tair)) (3.15a)
0.5t
Rootch =7———— (3.15b)
Ach Weh tay

The connection between the bottom cooling channel and the active volume is modeled with
the thermal resistance R,y ¢h. It includes the thermally conductive plastic tape between the
channel and the cell, as well as the cell’s components on the bottom side. Figure 3.15 shows an
X-ray photo of the side of a pouch cell from Larsson et al. [159] (similar photos can be found
in [160-162]). In the photo on the left hand side, the transition from the active volume to the
outside of the cell can be seen. It is clearly visible that the "homogeneous" active volume
does not extend until the side of the cell where the pouch bag foil marks the end of the cell.
There is a transitional area in-between where the anodes are larger than the cathodes and
remaining volume is filled with electrolyte. Also the anodes do not extend until the beginning
of the pouch bag foil but there seems to be a small electrolyte film in-between.
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Fig. 3.15: X-ray photo of the side of a pouch cell, taken from: [159]

Consequently, the thermal resistance R, ¢, was modeled as a series connection of four
thermal resistances: The thermal resistance Ryans Of the "transition area" where the anodes
are larger than the cathodes, a thermal resistance Relyee Of the electrolyte film, the thermal
resistance Rpag ch Of the pouch bag foil and the thermal resistance Rpjastic,ch Of the plastic tape.
This results in:

Rav,ch = Rirans + Relyte + Rbag + Rplastic (3.16)
with:
R _ ltrans (3.172)
trans = .
(O.5A|| + O-SAelyte) Weh tay
telyte
Rejyte =——— (3.17b)
ewte Aelyte Weh fav
Iba
Rbag,ch = %8 (3.17¢)
Abag Weh tay
tplastic

Rplastic,ch = 1 (3.17d)

plastic Wch fav
The tab cooling channels are modeled identically to the battery module prototype model with
the thermal mass Ci,p o and the thermal resistances Rip ch,1 and Riap,ch,2- Also the thermal
resistance of the plastic Rpjastic is identical as well as the thermal masses Cap,n and Cyap, p and
resistances Reapn and Reap p of the tabs. The same holds for the thermal mass of the active
volume C,y and the thermal resistance of the active volume to the large side surfaces Ray surf-
The thermal resistances R,y b Within the active volume to the tabs changes due to the
butterfly design of the cell and the thermal resistance R,y pot Of the active volume towards its
bottom is newly introduced:

R 0-5Wa (3.18a)
) b =T 7 . *
anta /lav, I hav lav
0.5h,y
R = 3.18b
av,bot /1av, | Way fay ( )

The coupling between the thermal network and the electrical network (dashed blue lines
in figure 3.14) is done in the same manner as in the battery module prototype model. The
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same holds for the modeling of the electrical network itself, indicated by the black lines and
electronic symbols in figures 3.13 and 3.14. The cell chemistry is assumed to be identical to
the KIT20 cell so that all parameters of the ECM stay the same. The nominal capacity Qnom is
always scaled according to the dimensions of the cell keeping the volumetric energy density
constant all the time.

All of the fixed geometry and material parameters used in the equations above that differ from
the parameters of the battery module prototype model (see table 3.4) are listed in table 3.6.
The parameters that will be varied and do consequently not have a fixed value are described
and listed in table 3.7. These are the major geometric parameters of the battery cell and the
cooling system that have an influence on the thermal design. In section 3.5.4, where the
optimization procedure is described, the exemplary load cases and the value ranges of the
variable parameters are described in detail.

Tab. 3.6: Geometry and material parameters of the generic battery module model that are fixed and
differ from the battery module prototype model

Part Parameter Symbol Value
. Height heh 6 mm
Bottom channel (Aluminum) Wall thickness - 0.5 mm
Thickness air volume Lair 5mm
. Thermal conductivity Aair.o see table A.13
Air volume . . '
Specific heat capacity Cp,air see table A.13
Density Pair see table A.13
Thickness Iplate 2mm
End-plate (Aluminum) Thermal conduc’uv%ty Aplate see table A.11
Specific heat capacity Cpplate  See table A.11
Density Pplate 2702kgm™3
Interface active Thickness transition area Lirans 1 mm
volume to bottom Thickness electrolyte layer Lelyte 0.2mm
cooling channel Th. cond. electrolyte ([141])  Agye  0.18Wm™'K™!

Tab. 3.7: Variable geometry parameters of the generic battery module simulation model

Part Parameter Symbol
Width Way
Active volume Height Nav
Thickness Lav
. Wldth wtab'n
Negative tab (Copper) Thickness fiabn
Positive tab (Aluminum) Wl.dth Wtab,p
Thickness ltab,p
Bottom channel (Aluminum) Width Weh
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3.5.3 Thermal cell meta-model

The thermal cell meta-model (CMM) is a novel meta-model that predicts the maximum
temperature delta within a battery pouch cell after a charging process. It is based on a
neural network where the central parameters that influence the cells spatial thermal behavior
are given as an input, and the maximum and the minimum temperature in the cell are
predicted to obtain the maximum temperature difference as an output. The neural network
is implemented in Python using the two machine learning libraries TensorFlow [163] and
scikit-learn [164]. As measurement data for the training of the neural network is not available
for a high variety of different cell dimensions and boundary conditions, it is trained with data
generated by the 3D ECM described in section 3.3.

Below, the data generation is described in detail. Afterwards, the development of the neural
network is explained including setup, parametrization, training and evaluation.

Data generation

With the 3D ECM a great number of different charging processes are computed. At the end
of the charging process, the maximum and the minimum temperature within the cell are
evaluated. For all of the simulations, the 3D geometry given in figure 3.6b is used. The material
properties of the active volume correspond to the materials of the KIT20 cell and are given in
table 3.1.

The following parameters and boundary conditions determine the spatial temperature distri-
bution within the active volume of a cell and are thus varied:

* Height, width and thickness of the active volume (h,y, way and t,y).

» Negative and positive tab width as well as the width of the bottom cooling channel
(Wtab,n» Wrab,p and wep). These widths define the location, where heat is exchanged with
the cooling system.

» Heat flux at the positive and negative tab as well as at the bottom cooling channel (Gap,n,
Grab,p and gcn). These fluxes determine the amount of heat that is transferred at the
boundary interfaces to the cooling system.

* Heat flux at the side surfaces (§surr1 and gsurf2). This flux determines the amount of
heat that is exchanged at the large side surfaces of the cells (e.g. heat exchange between
the single cells or between the outside cells and the end-plates).

e Initial temperature Ti,j. As the heat generation within the cell depends on the tempera-
ture, the initial temperature influences the thermal behavior.

e C-rate Cr. Like the initial temperature, the C-rate influences the heat generation within
the cell as it depends on the C-rate.
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The simulation of the charging process is a transient simulation which always starts at an
initial voltage of 3.0 V and ends as soon as the maximum voltage of 4.2V is reached. Naturally,
from the above mentioned variation parameters the geometric parameters do not vary over
time. As a simplification it is assumed that also the C-rate and the fluxes, which could also
be non-constant during a charging process, are constant over time. These assumptions are
justified in the following.

Assuming a fast-charging process with a CCCV charging protocol (which is, as explained in
section 2.1.2, a good universal choice for a charging process), the C-rate is constant over a
long time period and a very high state of charge is usually reached at the end of that constant
current phase. This usually marks the end of the fast charging process as during the following
constant voltage phase the electric load on the battery cell drops drastically as it is limited
by the maximum voltage of the cell. Thus, the SoC increases much slower and the heat
generation within the cell is significantly lower. Consequently it is reasonable to evaluate the
temperature delta at the end of the fast charging phase with the constant current/C-rate until
the maximum voltage is reached.

The heat fluxes across the boundary faces of the active volume could be non-constant over
time, for instance because of a specific control scheme for the cooling fluid temperature. Still,
they are assumed to be constant over time as a) including control schemes for the cooling
temperatures increases the complexity significantly and b) controlling the cell cooling in a
way that the heat flux is as constant as possible is an attractive strategy as the heat generation
within the cell is also nearly constant for a wide time range (see figure 3.7e). Simple test
simulations have shown, that the deviation in the temperature delta is small (approx. 0.5 K)
when a constant, averaged heat flux is used compared to a transient profile.

The variation parameters are varied within the value ranges given in table 3.8. The value
ranges for height, width and thickness are derived from [29]. The tab widths and the channel
width are varied between 5 % and 95 % of the active volume height and active volume width
respectively. The values for the tab and channel heat fluxes are obtained from a rough
calculation that assumes, that the largest cell with the largest tab cooling widths could be kept
at a constant temperature of 40 °C with tab cooling only during a 3C charging process. The
side surface heat flux values are also obtained from a rough calculation, and correspond to the
heat flux between two 5 mm thick cells when there is a temperature difference of 1 K between
the cells. The range of the initial temperature corresponds to the operating temperatures
during a charging process that are specified for the KIT20 cell [139]. The C-rate is varied
between 1C and the maximum allowed charging C-rate for the KIT20 cell, which is 3C [139].

With the variation parameter ranges given in table 3.8, a Latin hypercube sampling [165,
166] is preformed to generate 2500 random samples of the variation parameters for the 3D
simulations. On the created samples, a simple check is performed to eliminate parameter
combinations that lead to extreme temperatures. The average volumetric heat generation
rate gor,avg Within a cell is estimated via linear interpolation on a grid created with the 1D ETM
described in section 3.2 for the C-rates and temperatures given in equation 3.3a and 3.3b
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3 Simulation models and experimental setup

Tab. 3.8: Maximum and minimum value of the variation parameters for the data generation

Parameter Symbol Min. value Max. value Unit
Active volume height Rav 90 230 mm
Active volume width Way 200 600 mm
Active volume thickness tav 5 15 mm
Negative tab width factor  riapn 0.05 0.95 -
Positive tab width factor I'tab,p 0.05 0.95 -
Channel width factor Tch 0.05 0.95 -
Heat flux negative tab Gtabn -5527 5527 Wm™2
Heat flux positive tab Grab,p -5527 5527 Wm™2
Heat flux channel dch -5527 5527 Wm™?
Heat flux surface 1 Gsurf,1 -232 232 Wm™2
Heat flux surface 2 Gsurf,2 -232 232 Wm™2
Initial temperature Tinit 0 40 °C
C-rate Cr -3 -1 h!

respectively. The final temperature Tepq of the cell is then estimated based on the parameters
of the sample and the assumed constant heat generation rate with the following formula:

Jrot,avg Vav + £ Qboundary 1
T = Tine + (tot,avg Vav Qboundary (3.19)
pavVavCp,av |Cr|

Therein, Qboundary are the heat flow rates on the boundary surfaces of the active volume. If
the final temperature Tg,q is below —10 °C or above 60 °C, the sample is dropped. After that
check, 2108 parameter sets remained for the 3D simulations. During the 3D simulations, 19
simulations failed due to convergence issues that could not be resolved.

The results analysis of these remaining 2089 3D simulations showed, that in average a maxi-
mum temperature delta A Tpax of 10.4 K was reached, defined as the difference between the
maximum and the minimum cell temperature. The results of the 3D simulations are analyzed
in more detail using the Pearson correlation coefficient between the variation parameters and
the main outputs, namely the maximum, minimum and average cell temperature as well as
the maximum temperature delta. The resulting correlation matrix is shown in figure 3.16.

Because of the random sampling of the variation parameters there should not be a correlation
between them. However, a correlation between the tab widths and the active volume height
and the channel width and the active volume width is observed. This results from the choice,
that the tab and channel widths are always a fraction of active volume height and width. Also a
slight correlation between the heat fluxes is observed. Due to the elimination of parameter sets
that lead to extreme temperatures, this correlation is introduced. As extreme temperatures are
usually reached, when all fluxes are positive or negative at the same time, these combinations
are more likely to be eliminated. Consequently, a slightly negative correlation coefficient is
observed.
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3.5 Generic battery module model

Looking at the influence of the variation parameters on the output values it stands out, that
the temperature delta is mainly influenced by the geometric parameters and the C-rate and

less by the heat fluxes. Also, the thickness of the active volume does not seem to have a

significant influence on the temperature delta. In contrast to that the cell temperatures are
mainly influenced by the heat fluxes, C-rate and the initial temperature. The heat fluxes at the
tabs have less impact than the heat flux to the cooling channel and again, the cooling channel

heat flux has less influence than the side surface fluxes.

Overall, the variation parameters seem to be a good choice as they all are influencing the

thermal behavior of the cell including the maximum temperature delta.
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Fig. 3.16: Pearson correlation coefficient of the variation parameters and the main thermal outputs
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3 Simulation models and experimental setup

Neural network

The structure of the neural network is shown in figure 3.17. All of the input quantities are
depicted on the left at the input layer, the output quantities — the maximum and the minimum
temperature within the cell (Tax and Thin) — are displayed on the right at the output layer.
In-between the hidden layers are sketched.

Besides the variation parameters of the data generation (table 3.8) that are used as input
quantities, several tests revealed, that adding additional, available input parameters to the
neural network improves the result. The following input parameters were added:

e End time f¢pq. The point in time when the charging process ends and the terminal
voltage of 4.2V is reached.

* Average temperature T,yg. The average temperature of the cell is available in the 1D
simulation model of the module.

* Heat flow rates Q. Besides the average heat fluxes (in Wm™2) also the average heat flow
rates (in W) of all boundary interfaces were added.

80 % of the data generated with the 3D ECM model is used for the training and the hyperpa-
rameter optimization of the neural network, 20 % of the data is set aside as a test set that is
solely used to test the performance of the neural network after the training process. Prior to
inputting the data in the neural network, it is scaled so that all inputs are within the range
of 0 to 1.

In four steps, the hyperparameters of the neural network are optimized. During all of the steps
when the hyperparameters are varied, repeated k-fold cross validation is used with 5 folds
and 3 repetitions.

In the first step, the number of hidden layers is varied between 1 and 5 and the number of neu-
rons between 5 and 60, depending on the number of hidden layers. A detailed summary of the
hyperparameter inputs is given in the appendix in table A.15. Figure 3.18a shows the results of
the first optimization step: For each number of hidden layers, the five neuron configurations
with the lowest RMSE values are depicted. The overall lowest RMSE is achieved with 2 layers
and 40 neurons in the first and 35 neurons in the second hidden layer. Consequently, for all
following calculations these values are used.

In the second step, the activation function is varied (sigmoid vs. ReLU (rectified linear unit)) as
well as the batch size, which is varied between 2 and 16. Again, the detailed hyperparameter
inputs are given in table A.17. In figure 3.18b the results of that optimization process are
displayed. The lowest RMSE is obtained with a sigmoid activation function and a batch size
of 2. These values are used for the further calculations.

In the third step, the learning rate is varied between 1 x 1074 and 1 (detailed inputs in ta-
ble A.18). The results of the third optimization step are shown in figure 3.18c where the RMSE
is displayed over the learning rate. The lowest RMSE is achieved with a learning rate of 0.001,
which is consequently used in the following.
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Fig. 3.17: Structure of the neural network for the prediction of the maximum and minimum
temperature within the battery cell active volume
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Fig. 3.18: Optimization results of the neural network hyperparameters

Tab. 3.9: Final hyperparameters of the neural network

Hyperparameter Value
Number of hidden layers 2
Number of neurons in hidden layer 1 40
Number of neurons in hidden layer 2 35
Activation function in hidden layers sigmoid
Activation function in output layer linear
Batch size 2
Learning rate 0.001
Training epochs 1000
Loss function mean squared error
Optimization algorithm Adam




3.5 Generic battery module model

As a fourth and last step of the hyperparameter optimization procedure, the number of epochs
is analyzed during the training process. As mentioned in section 2.4, this is a useful check
to avoid overfitting. As can be seen from figure 3.18d, the error of the cross validation set
decreases notably for the first 1000 training epochs, afterwards, it remains nearly constant
while the training error still decreases. Thus, the training is stopped after 1000 training epochs
to avoid overfitting. The final set of hyperparameters is given in table 3.9.

Evaluating the final, trained neural network with the test data leads to the results in table 3.10.
The maximum temperature Tpax, the minimum temperature Tij, and the maximum temper-
ature delta ATy are compared using the RMSE and MAE between the reference result from
the 3D simulations and the prediction of the neural network.

The error for the temperature delta is slightly higher than the errors for the max. and min. tem-
perature as the delta value is based on both of the other values and thus, the errors sum up.
Also, evaluating the error values only for test data up to 50 °C or 60 °C it may be observed that
the errors decrease. Thus, the prediction of the neural network seems less accurate for high
temperatures at the boundaries of the training data.

In summary, with a maximum RMSE of 0.79 K and a maximum MAE of 0.52 K the prediction
of the neural network for the absolute temperatures is accurate. The same holds for the
maximum temperature delta: Considering the fact, that the average A Ti,ax of the datais 10.4 K,
the maximum RMSE of 1.05 K and maximum MAE of 0.71 K are low error values. Thus, the NN
is considered valid for the prediction of the maximum temperature delta within a cell.

Tab. 3.10: Results of the neural network applied to the test data

Tiax T'min ATmax
Temperature range | RMSE MAE | RMSE MAE | RMSE MAE | Unit
Entire range 079 052 | 0.64 047 | 105 0.71 K
up to 60°C 066 048 | 059 044 | 095 0.68 K
up to 50°C 061 044 | 057 043 | 090 0.65 K

3.5.4 Optimization procedure

As mentioned in chapter 1, the thermal design of a battery system or module leads to a
conflict of objectives between fast charging capability, energy density and lifetime of the
system. From a thermal point of view, the fast charging capability is mainly limited by the
maximum temperature within the battery system. Lowering the maximum temperatures in a
battery system requires a more capable cooling system, which results in larger structures and
thus an increased weight. At the same time, locally high cooling rates could lead to an uneven
distribution of the heat within the cells, and thus larger temperature differences that lower
the lifetime of the cells.

This conflict of objectives is analyzed with the developed generic battery module model. The
optimization objectives are:

* Minimization of the maximum temperature Tp,.x in the battery module.
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3 Simulation models and experimental setup

e Minimization of the mass m of the cooling system. The mass of the cell tabs is consid-
ered in the cooling system mass as they are counted as a part of the cooling system due
to the heat transfer during tab cooling. (The mass of the active volume is not considered
as it does not contribute to the cooling system.)

e Minimization of the maximum temperature delta A Ty,,x within one cell of the module.

A multi-objective Pareto optimization is performed to find as many Pareto-optimal designs
as possible. A genetic algorithm, namely NSGA-III [167, 168], is used for the solution of the
optimization problem. It is implemented in the used simulation software GT SUITE, Version
2023 [158]. Two exemplary design optimization scenarios are set up to analyze the thermal
design of the generic battery module.

Scenario 1

In the first design optimization scenario, the geometric parameters of the active volume are
fixed and only the parameters of the cooling interfaces are varied. This is done to compare the
cooling designs — tab cooling vs. bottom cooling vs. combined cooling — on a cell with dimen-
sions similar to the dimensions of a given state of the art battery pouch cell. As an example,
cell dimensions similar to the LG Chem E66A cell of the Porsche Taycan are selected [169].
The dimensions are given in table 3.11.

Tab. 3.11: Fixed geometry parameters of scenario 1

Parameter Symbol Value

Active volume height Ray 104 mm
Active volume height Way 350 mm
Active volume height Lav 12mm

The cooling interface parameters that are optimized are summarized in table 3.12. The
upper and lower bounds of the optimization variables are inserted to limit the design space.
This avoids the optimization towards unreasonably low or high values and ensures that the
variables remain within the training space of the CMM.

As a load case for the optimization a 2C charging process is selected. All load and initial
conditions are summarized in table 3.13. The optimization is performed individually for
a module with tab cooling only, a module with bottom cooling only and a module which

Tab. 3.12: Optimization variables of scenario 1 including the upper and lower bounds of the variables

Optimization variable Symbol Lower bound Upperbound Unit

Negative tab thickness ttabn 0.2 5 mm
Positive tab thickness ttab,p 0.2 5 mm
Negative tab width factor  riapn 0.5 0.9 -
Positive tab width factor I'tab,p 0.5 0.9 -
Channel width factor Tch 0.25 0.9 -
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3.5 Generic battery module model

combines both cooling systems. The given volume flow rate of the cooling fluid is in all three
cases distributed over all channels to obtain similar flow conditions over all cooling variants.

Tab. 3.13: Initial and load conditions of design optimization scenario 1

Parameter Symbol Value
Cell nominal capacity Qnom 43.4Ah
C-rate Cr —2h7!
Initial SoC SoCinit 0.0%
Max. cell voltage Uend 4.2V
Initial temperature components and air Tinit 30°C
Initial temperature fluid Tinit,fluid 20°C
Volume flow rate cooling fluid Viwia  10Lmin™!
Outlet pressure Pout 1 bar

Scenario 2

In the second design optimization scenario, also the geometric parameters of the active
volume are optimized. As in many battery module design processes a certain capacity of the
cell is required, it is assumed that the capacity of the cell is always constant in the second
scenario and the optimal thermal design of the cell is sought. For the sake of simplicity,
the thickness of the active volume is kept constant as the sensitivity analysis of the training
data revealed that its influence on the thermal behavior is neglectable (see figure 3.16). The
width and the height of the active volume will be varied though. The width is chosen as the
optimization variable and the height is adjusted so that the capacity of the cell always equals
Qnom = 60Ah. The formula for the calculation is given in table 3.14 where the fixed geometry
parameters are listed.

The variable parameters are shown in table 3.15, where also the upper and lower bounds are
given. Again, the three different cooling approaches are taken into account during the opti-
mization (tab cooling, bottom cooling, combined cooling). To investigate also the influence
of the C-rate, the system is optimized with two different charging C-rates: 2C and 3C. The
optimization is performed individually for the each cooling type and C-rate configuration.
Table 3.16 displays the initial and load conditions of the second optimization scenario.

Tab. 3.14: Fixed geometry parameters of scenario 2. The height of the active volume is calculated so
that the nominal capacity of the cell is constant and the volumetric energy density equals the
volumetric energy density of the KIT20 cell.

Parameter Symbol Value
: 3 — Qnom Vnom,KITZO
Active volume height hay = Wastas Ounrtizo.

Active volume thickness tav 12mm
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Tab. 3.15: Optimization variables of scenario 2 including the upper and lower bounds of the variables

Optimization variable Symbol Lower bound Upperbound Unit

Active volume width Way 250 550 mm
Negative tab thickness ltab.n 0.2 5 mm
Positive tab thickness ftab,p 0.2 5 mm
Negative tab width factor  ripn 0.5 0.9 -
Positive tab width factor I'tab,p 0.5 0.9 -
Channel width factor Tch 0.25 0.9 -

Tab. 3.16: Initial and load conditions of design optimization scenario 2

Parameter Symbol Value
Cell nominal capacity Qnom 60Ah
C-rate Cr {=2, —=3}in h™!
Initial SoC S0Cinit 0.0%
Max. cell voltage Uend 4.2V
Initial temperature components and air Tinit 30°C
Initial temperature fluid Tinit fluid 20°C
Volume flow rate cooling fluid Valuid 10 Lmin~!
Outlet pressure Pout 1 bar
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4 Resulis

4.1 Tab-cooled battery module prototype

4.1.1 Results of the tab cooling tests

The results of the tab cooling test were previously published in an own publication [154], as
already mentioned in sections 3.4.1 and 3.4.2. The following paragraphs are based on this
publication.

At first, the results of the heat-up-cool-down test are analyzed. They are shown in figure 4.1
where in 4.1a the average temperature of the fluid, the tabs and cells are given over time and
in 4.1b the difference between the fluid temperature and the tab temperature over time.

As can be seen from figure 4.1a, the tab temperature is always close to the fluid temperature
and reacts directly to the temperature changes when the heating or the cooling phase starts.
In contrast, the temperature change of the cells is significantly slower. At the beginning of the
heating phase, the maximum heating rate of the cells is 0.36 Kmin~!. When the cooling starts,

a maximum cooling rate of —0.40 Kmin™!

was measured for the cells. Still, even after the
cooling and heating for 2 h a stationary state is not reached for the average cell temperature.
This indicates a thermal bottleneck between the cells and the fluid. However, since the tab

temperature is always very close to the fluid temperature, the plastic material between the
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Fig. 4.1: Results of the heat-up-cool-down test: (a) shows the average temperature of the fluid, the tabs
and the cells; (b) shows the temperature difference between the fluid and the tabs (from: [154])

61



4 Results

12
no cooling: cells
10 7 no cooling: tabs
— cooling: cells
81 - cooling: tabs
7
=
= 67
<
4 -
2 -
0 U e o e o o o o o e o e o o e e o o TR

1 T T T T T T
0 200 400 600 800 1000 1200 1400
Timeins

Fig. 4.2: Average temperature increase of the cells and the tabs of the 2C charging tests (based
on: [154])

tabs and the cooling channels does not appear to be the limiting factor in the thermal path. It
seems, that the cross-section of the tabs itself causes the slow heat transport.

The temperature difference between the fluid and the tabs in 4.1b shows, that during the
heating phase the magnitude of the average temperature difference is with 3.0 K slightly higher
compared to the cooling phase with in average —1.5 K. From this difference in magnitude it
can be concluded, that the tab TCs are slightly sensitive to the ambient temperature.

In figure 4.2, the average temperature results of the 2C charging tests are displayed. The
orange lines depict the results of the charging test without cooling, the blue lines depict the
results with an activated cooling.

Without the tab cooling, the cell temperature increases by 10.5 K, with the cooling activated,
the cell temperature increase is 8.5K. Thus, the tab cooling reduces the maximum cell
temperature by approximately 2 K. Without the tab cooling, the tab temperature is slightly
higher than the cell temperature because of the Joule heating in the metallic tabs. In contrast
to that, the activated tab cooling reduces the tab temperature drastically and nearly no
temperature increase is observed for the tabs. Again, this shows that the thermal conductivity
of the plastic material is sufficient but the high temperature difference between the tabs and
the cells indicate an inefficient thermal path between the tabs and the cells.

Figure 4.3 compares the average cell temperature increase in the three measurement sections
between the cells in the module for the 2C charging tests.

The cell temperatures in the middle of the module (between cells 6 and 7) are 2K to 5 K higher
than the temperatures in the outer measurement sections (between cells 1 and 2 and between
cells 11 and 12). That temperature difference is higher when the cooling is not activated. It
originates from the high thermal capacity of the module end-plates and the convective heat
transfer to the environment. Even though the tab cooling is able to lower that difference, it is
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Fig. 4.3: Average cell temperature increase in the three different measurement sections during the 2C
charging tests (based on: [154])

surprising that despite the symmetric design of the tab cooling these temperature differences
between the inside and the outside of the module are so clearly present.

Conclusion

The following three key findings can be derived from the experimental investigations:

1. The technical realization of a tab cooling system in a battery module using thermally
conductive plastics could be proven. For the tested cells, the thermal conductivity of
the plastic material is sufficient to transport the heat from the tabs to the cooling system
and thus, the plastic material is not the thermal bottleneck. So with respect to research
question 1 a first answer may be given: Tab cooling with thermally conductive plastics
is technically possible. However, its effectiveness in the presented configuration is very
limited.

2. The thermal bottleneck in the tab cooling system are the cell tabs. Their cross-sectional
area is too small and the distance between the active volume of the cell and the cooling
channels is too large to transport the heat efficiently to the cooling fluid. Thus, tab
cooling could only work if the cells are thermally optimized for the cooling system. This
finding underlines the need for an answer to research question 2.

3. Despite the symmetric design of the tab cooling system, significant temperature differ-
ences between the single cells occurred. Thus, it is important to consider the thermal
influences of the surrounding module structures to achieve equal temperatures in all
cells. Of course, in a vehicle battery system with multiple modules, that effect is less
present as there is less convective heat transfer to the environment and the module
housing structures are thinner. Still, countermeasures on the outer sides of the battery
system could be reasonable to enable equal cell temperatures.

4.1.2 Validation of the simulation model

With the measurements, the 1D simulation model of the battery module prototype introduced
in section 3.4.3 is validated.
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Fig. 4.4: Comparison of the average temperature increase between the measurements and the 1D
simulation model of the battery module prototype with activated cooling.

Figure 4.4 compares the temperature results of the 2C charging test for the inside and the
outside cell with the tab cooling activated. In the two plots, the increase of the average
temperature is displayed over time. The measured temperature increase is illustrated by the
orange line and the simulated temperature increase by the blue, dashed line.

The average temperature of the simulation model is slightly below the measured temperature,
but overall, the curves are in good agreement, both for the inside cell and the outside cell.
Even the non-linear start of the temperature rise at the beginning of the charging process is
captured well by the simulation model. The visually good fit is confirmed by the error values,
which are with an RMSE of 0.50 K and MAE of 0.45 K for the inside cell and an RMSE of 0.46 K
and MAE of 0.41 K sufficiently low.

In figure 4.5, the same comparison is displayed for the 2C charging test with a deactivated
tab cooling. Again, the simulation model slightly underestimates the temperature increase.
The deviation is a little greater in magnitude than in the previously presented results with the
activated tab cooling. Still, both for the inside and the outside cell, the simulation fits well
to the measurements as the error values are sufficiently low. The error for the outside cell is
with an RMSE of 0.70 K and MAE of 0.64 K slightly lower than for the inside cell with an RMSE
0f 0.92 K and MAE of 0.83 K.

Conclusion

Overall, the agreement between simulation and measurement is high for both load cases and
the error values are low. The slight underestimation of the temperatures could originate from
the data of the underlying DFN model (section 3.2). The used data sets are close to the cell
chemistry of the KIT20 cell but of course not specifically parametrized for that exact cell. This
could lead to the observed deviations.

Still, with errors below 0.92 K, the overall fit of the simulation results to the experimental data
is good and the 1D simulation model of the battery module prototype is considered valid. It
is able to accurately predict the average thermal behavior of the cells in a charging process
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Fig. 4.5: Comparison of the average temperature increase between the measurements and the 1D
simulation model of the battery module prototype without cooling.

under different cooling conditions (activated vs. deactivated tab cooling) and at different
locations within the module (inside vs. outside cell). Thus, it is further used to analyze the
influence of the plastic thermal conductivity in the battery module prototype and, as outlined
in section 3.5, the modeling approach also forms the basis for the generic battery module
model.

4.1.3 Analysis plastic thermal conductivity

The analysis of the experimental results leads to the hypothesis, that the plastic thermal
conductivity is not the limiting factor in the tab cooling system. In contrast to that, the
cell tabs itself were identified as the limiting factor for the removal of the heat. Both of
these hypotheses are further investigated using the simulation model of the battery module
prototype.

Solely by looking at the values for the thermal resistances of the plastic tape Rpastic, the
negative tab Rep n and positive tab Rep p the hypothesis can be confirmed for the battery
module prototype with the KIT20 cells:

Rplastic =0.24KW ™! (4.1a)
Riabn =2.89KW ! = 12 Rjjastic (4.1b)
Riab,p =4.89KW ! = 21 Ryjastic (4.1c)

AS Riap,n and Ryap p OCcur two times in the simulation model in each tab, the thermal resistance
of the tabs is by a factor of 24 to 42 higher than the thermal resistance of the plastic tape.

A possible countermeasure to reduce the thermal resistance of the tabs would be an increased
tab thickness. To further analyze that influence in interaction with the plastic thermal con-
ductivity, the 2C charging process with activated tab cooling was repeated with the simulation
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Fig. 4.6: Average cell temperature T,y of the inside cell at the end of the 2C charging process
depending on the tab thickness i, and the thermal conductivity of the plastic tape Apjastic

model and the following parameter variations:

feab =10.2, 0.4, 0.8, 1.4, 2, 3} in mm (4.2a)
Aplastic ={0.1, 0.25, 0.5, 1, 2, 3} in Wm ™ 'K ™! (4.2b)

The results of that analysis are shown in figure 4.6 where the average temperature of the inside
cell after the 2C charging process is displayed depending on the tab thickness #,p, and the
plastic thermal conductivity Apjastic-

Increasing the tab thickness has clearly a strong influence and the average temperature is
reduced by approximately 2 K when the thickness is increased from 0.2 mm to 3 mm. However,
the vanishing slope of the surface at greater tab thicknesses indicates that further increasing
the thickness does not lead to significantly lower temperatures. The influence of the plastic
thermal conductivity is nearly insignificant. Even when the thermal resistance of the tabs is
low (#ap = 3mm), there is only a temperature difference of 0.31 K between the highest and the
lowest thermal conductivity configuration.

Conclusion

The further investigations with the simulation model confirm that the thermal conductivity
of the plastic material is not the limiting factor for the realization of a tab cooling system in
a battery module. As the plastic’s influence on the average cell temperature is small, there
would be even room for design variations like a thicker plastic layer to improve the electrical
insulation.

Also, the preceding analysis underlines that tab cooling is only effective if the thermal design
of the battery cell is adjusted to the cooling approach. Increasing the tab thickness of the
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KIT20 cells improves the cooling up to a factor of 2 compared to the initial configuration.
However, this improvement is limited as soon as a certain tab thickness is reached. This leads
to the assumption that all geometric parameters of the battery cell need to be optimized for
an efficient tab cooling of the cell. The following section will investigate that issue using the
generic battery module model.

4.2 Optimization with the generic battery module model

4.2.1 Computing performance

Before the results of the optimization scenarios are presented, the computing performance of
the proposed simulation model is discussed.

The computation time for a single charging process with the generic battery module model
took between 15s and 18s on a single core of a desktop computer (processor: 2x Intel®
Xeon® CPU E5-2697 v4 (2.30 GHz), memory: 256 GB). The majority of the time is needed
for the transient solution of the 1D model. The post-processing with the evaluation of the
neural network is remarkably fast and takes less than 1s. It does not significantly increase
the overall computation time. Thus, the goal of a fast (<1 min) prediction of the temperature
differences in a module after a charging process was successfully achieved. With that speed, in
the optimization run of the first scenario, 864 designs could be computed per cooling method
in around half a day (overall 2592 designs). In the second optimization scenario, also 864
designs per cooling method and per C-rate were calculated (overall 5184 designs), which took
around one day.

Compared to other modeling approaches, these are excellent times for optimization during
the development process of battery modules and systems. Equivalent 3D models, that are
usually used for the prediction of spatial temperature differences in a module, require several
hours of computation time for the simulation of a charging process. To achieve these times,
the 3D simulations are performed on a powerful computing machine with multiple nodes
and cores to parallelize the execution.

For instance, Damblanc [12] performed a 3D simulation of a battery system containing 456
cells and a bottom cooling. On a computer cluster with 128 cores, the computing time of the
model was around 2 h for a 2C charging process [12]. Table 4.1 compares that computing time
to the computing time of the generic battery module model. The scaling of the computing
times to a single cell on a single core shows, that the novel model is faster by a factor of
approximately 670. This is a significant reduction which enables the calculation of a high
number of different designs in a short amount of time, as presented in the last row of table 4.1.
With the novel model, 4800 different designs of a module with six cells can be calculated on a
single core within one day. With the state of the art 3D model, only 7 module designs could be
calculated in the same amount of time using the same resources.
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Thus, the novel model enables and speeds up the optimization process significantly, as the
computation time is decreased by two to three orders of magnitude compared to common
approaches to date.

Tab. 4.1: Comparison of the computing performance between the developed generic battery module
model and a state of the art 3D simulation from Damblanc [12]

Generic battery State of the art
module model 3D model [12]

Number of cells in the module/pack 6 456
Number of used cores 1 128
Computing time charging process 18s 2h=7200s
Computing time per cell on a single core 3s 2021s

Number of designs of a 6-cell-module

. . . 4800 7
in one day using a single core

4.2.2 Results scenario 1

In the first design optimization scenario, the cooling parameters determining the cooling
interface of a state of the art automotive battery cell were optimized (see section 3.5.4).
The results of that optimization are shown in figure 4.7 and figure 4.8. As there are three
optimization objectives — maximum temperature T ax, maximum temperature delta A Tiyax
and mass m — the Pareto front of the optimization is a three-dimensional surface. Both of
the result figures contain three two-dimensional projections of that surface to facilitate the
graphical visualization. In the two-dimensional projections, the Pareto points are plotted for
two optimization variables each. In figure 4.7 the coloring of the points represents the third
optimization variable. In figure 4.8, the points are colored according to the underlying cooling
type.

In figure 4.7, three distinct points are marked with orange triangles. They represent the
solutions where the minimum of each optimization objective was reached.

The minimum T}y« is with 30.7 °C only slightly above the initial temperature of the simulation
and is reached with a combined cooling, when both tab and bottom cooling were active. As
can be seen from figure 4.7c, this choice also leads to a high mass due to the usage of both
cooling types and a moderate temperature delta within the cell.

The minimum A Ty5 of 2.2 Kis achieved with a configuration where only the tab cooling is
active. However, this configuration also leads to a high maximum temperature and very low
weight, indicating that the cooling is overall limited and thus, also the temperature difference
within the cell stays at a moderate level. An evaluation of the tab thicknesses and widths
confirms that assumption as both the tab thicknesses fp n = 0.32mm and fap , = 0.27mm as
well as the widths wiap n = 52.4mm and wyp p = 62.9mm are close to the lower limits of the
optimization parameters.
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Fig. 4.7: Results of design optimization scenario 1. The three plots show the Pareto-optimal points of
the optimization.

A configuration with bottom cooling only achieved the result with the minimum mass m.
Here the disadvantage of the configuration is the high maximum temperature and the high
temperature delta that results from the narrow cooling channel.

Looking at figure 4.8, the general trends and characteristics of the single cooling approaches
are analyzed.

As can be seen from figure 4.8a, tab cooling leads to the lowest temperature differences
within the cell, as also stated in literature [7, 8, 10]. However, the overall cooling potential is
very limited and temperatures below approximately 35.5 °C are not reached. With a bottom
cooling, also lower temperatures around 32 °C are possible, but the temperature delta is with
a minimum around 3 K limited. Interestingly, there are two clusters for optimal solutions with
the bottom cooling. One, on the right towards higher temperatures and one to the left towards
lower temperatures. In the right cluster, the cooling channel width is always particularly
small to achieve a low weight, in the left cluster, the opposite is the case. Both clusters are
further influenced by the tab thickness and width. Increasing both parameters leads to lower
temperature differences but also a higher mass, as depicted in figure 4.8b by the increasing
mass at the left-hand side of both clusters.

With the combined cooling the overall lowest maximum temperatures are achieved and also
the achievable temperature difference is lower compared to the bottom cooling. However, as
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Fig. 4.8: Results of design optimization scenario 1 depending on the used cooling type. The three plots
show the Pareto-optimal points of the optimization.

can be seen from figure 4.8c, the minimum mass is always a bit higher compared to the other
two cooling methods.

Conclusion

On the first look, all of the cooling systems have their distinct strength as the results above

show:

* Combined cooling is best for low maximum temperatures.
e Bottom cooling is the preferred choice for a minimum weight.
* Tab cooling leads to the lowest temperature differences within the cell.

However, regarding the tab cooling results in detail, the low temperature differences do not
necessarily lead to a longer lifetime of the cell. As, according to equation 2.1, the temperature
delta is only added with a weight of 10 % to the equivalent aging temperature, it could be more
attractive to lower the overall temperature of the battery cell to increase the lifetime. Here,
bottom cooling with a wide cooling channel or a combined cooling could be advantageous as
the overall cooling potential of the tab cooling is limited with the given battery cell dimensions.
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4.2.3 Results scenario 2

As described in section 3.5.4, in the second design optimization scenario also the dimensions
of the active volume — namely the active volume width and height — are optimized for a cell
with a fixed capacity of 60 Ah.

The results of that optimization in form of the Pareto-optimal points are presented in fig-
ures 4.9 and 4.10. Again, like in the previous section, the 3D Pareto front is reduced to three
two-dimensional projections. They are displayed in both figures for the two different C-
rates (2C and 3C) with identically scaled axes. As before, in figure 4.9 the distinct points that
mark the minimum values for the three optimization objectives are depicted with orange
triangles.

Although the geometry of the active volume is free to change now, the results for the overall
minimum values are identical to the previous optimization in scenario 1. For both C-rates, the
minimum Ty, is reached with a combined cooling, the minimum A Ty« with a tab cooling
and the minimum mass m with a bottom cooling configuration.

In the combined cooling configuration, when the minimum Ty, is achieved, the width of the
cell and the cooling channel are maximized and close to the upper bound values specified
in table 3.15. At the same time, the tabs are thickened moderately to remove a bit of heat
through the tab cooling and decrease the heat generated in the tabs due to Joule losses.

In the tab-cooled configuration with the minimum A Ty,4, the width of the cell is reduced
close to the lower bound and the width and thickness of the tabs is increased. Interestingly,
the optimization lead to a thicker and wider negative tab (Copper) than the positive tab
(Aluminum). This indicates, that it is more attractive to remove the heat through the thermally
better conducting negative tab than the positive tab.

In the bottom cooling configuration with the minimum mass, the width of the cell is also
reduced close to the allowed minimum value. Here, a slight difference between the C-rates oc-
curred as the width was closer to the allowed minimum in the 3C charging process compared
to the 2C charging. Both times, the channel width is also minimized to reduce the weight,
which however also results in a high maximum temperature as can be seen from figures 4.9a
and b.

Figure 4.10 displays the Pareto-optimal results depending on the different cooling methods.
Again, the results are similar to design optimization scenario 1. Also, there is no significant
difference in the trends between the two different C-rates.

In general, with the combined cooling the lowest temperatures may be achieved while the
weight is higher compared to the other cooling approaches. The tab cooling once again
leads to the lowest temperature delta within the cells. Interestingly, as the shape of the active
volume is now also optimized, the disadvantage with respect to the minimization of Tyay is
smaller than before. Still, the lowest achievable temperatures are higher compared to the
other cooling types. For the bottom cooling, again the slight trend to form two clusters with
either a narrow cooling channel and a moderate to low cell width or a wide cooling channel
with a high cell width is observed.
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Fig. 4.9: Results of design optimization scenario 2. The three plots show the Pareto-optimal points of
the optimization.
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Conclusion

Despite adding an additional optimization variable and allowing flexibility in the geometry
of the active volume, the strengths of the cooling approaches are nearly the same as in
optimization scenario 1:

e Combined cooling is best for low maximum temperatures and medium-low temperature
deltas, which comes at the cost of a higher weight.

* Bottom cooling is the preferred choice for a minimum weight and moderate maximum
temperatures but also leads to high temperature differences within the cell.

 Tab cooling achieves the lowest temperature differences at a moderate weight, but with
a disadvantage regarding the maximum temperatures.

Again, it may be noted, that even with the optimized geometry of the active volume, the low
temperature deltas of the tab cooling are not necessarily an advantage with respect to the
lifetime. Using a bottom cooling or a combined cooling, overall lower temperatures may
be achieved that contribute stronger to the reduction of the equivalent aging temperature.
Looking for example at figure 4.10a, the A Trhax is approximately 2 K lower with the tab cooling
compared to the bottom cooling. So the equivalent aging temperature would be reduced
by 0.2K. However, with an optimized bottom cooling, T is approximately 1.5K lower
which directly lowers the equivalent aging temperature by 1.5 K. Thus, tab cooling seems only
attractive if low temperature differences are explicitly needed or if the cells age stronger with
the temperature difference than the ones used by Fleckenstein et al. [58].

4.3 Discussion

With the results presented above, it is possible to answer the two research questions posed in
section 1.2:

Research question 1: Is it possible to realize tab cooling with thermally conductive plastics
in a module and how is its performance influenced by the thermal conductivity of the plastic
material?

With the experimental results and the validated 1D simulation model of the battery module
prototype a clear answer may be given to the first research question: Yes, it is possible to
realize a tab cooling system in a battery module using thermally conductive plastic materials.
The plastic material is not the limiting factor for the heat transfer between the battery cells
and the cooling system. On the contrary, there is even some room for variation regarding the
material properties or its thickness without significantly influencing the thermal performance
of the cooling system. The thermal bottlenecks in the tab-cooled battery module are the
tabs of the cells itself. Due to the small cross-sectional area, their thermal resistance is high
and limits the heat transfer to the cooling system. Thus, for a tab cooling system to work
effectively, the thermal and geometric design of the cells must be specifically adjusted.
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Research question 2: For given boundary conditions and optimization objectives, what is the
optimal thermal design of a pouch cell with tab or bottom cooling and which cooling method
should be preferred?

For both cooling types, the optimal thermal design strongly depends on the desired optimiza-
tion objectives and boundary conditions. However, from the determined results, the following
general trends are derived.

Bottom cooling works best with cells with a high width-to-height-ratio. Wide and slightly
thickened cell tabs reduce the heat that is inserted into the cells active volume through the
Joule losses in the tabs which leads to a lower temperature difference within the cell. Of course,
wide channels are beneficial for the cooling, but increase the weight of the system. In terms
of minimum weight, bottom cooling is the preferred cooling method while still providing low
maximum temperatures and acceptable temperature differences in the cell.

Tab cooling works best on cells with a low width-to-height-ratio as well as wide and thick tabs
to reduce the thermal bottleneck in the tabs. With such a cell design, the lowest temperature
differences within a cell may be achieved. However, this does not necessarily lead to an
advantage for the lifetime of the battery cells as the achievable maximum temperatures are
higher compared to the bottom cooling and thus, the equivalent aging temperature of the cell
is still higher despite the low temperature difference in the cells active volume.

The combination of both cooling approaches could be an interesting option for applications
that need a high cooling performance. At the cost of an increased weight, the combined
cooling leads to the lowest maximum temperatures and low temperature differences in the
cell. However, this is also the most complex solution for the design of the cooling system. In
general, the presented analysis focuses on the thermal effects and influences to evaluate the
cooling potentials of the different cooling approaches. Other important aspects towards the
real implementation of the identified cell designs are neglected. The thickening of the cell
tabs could for example bring new difficulties in the manufacturing of the cells as the welding
of the tabs to the electrodes and also the sealing of the pouch bag becomes more challenging.

Overall, the plurality of the possible designs depending on the specific application and their
requirements underlines the importance of multidisciplinary and fast simulation models
during the design process. With the novel approach, that uses a meta-model based on a neural
network, an excellent solution to that issue was demonstrated. The results are accurate and
obtained very quickly as demonstrated in the two different optimization scenarios. The model
could be easily used in other application scenarios with given optimization objectives and
design parameters. Thus, it enables the design of optimized battery systems with an improved
thermal management system, leading to faster charging rates, higher energy densities and an
increased lifetime.
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The key challenge will be to find a good data basis for the training of such models as well as
the creation of generally applicable models that cover for example not only one cell format or
one specific cell chemistry. Still, it could be an option that cell manufactures provide such
models for their cells or provide the data from cell test so that customers could use them to
create their individual models.
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Summary

The present thesis deals with the conflict of objectives in the thermal design of battery systems
in electric vehicles. This conflict consists between the design requirements "fast charging
capability”, "long lifetime" and "high energy density". To find an optimal solution, different
cooling methods need to be compared, ideally with fast simulation models so that many
different variants may be analyzed depending on given constraints.

Among the cooling approaches for pouch cells, tab cooling was identified in the previous
years as an interesting alternative compared to the predominant bottom cooling. It reduces
the temperature differences within the cell and is consequently able to extend their lifetime.
However, tab cooling was mainly analyzed on cell level and no experimental investigations
of its performance on module level exist. Also, simulation models of battery modules that
enable a fast prediction of the temperature difference within a single cell are not available to
optimize the thermal design of a battery module/cell regarding the conflict of objectives and
to compare the different cooling approaches.

These knowledge gaps are closed in the present thesis for pouch battery cells. A novel, tab-
cooled battery module prototype was developed using thermally conductive plastic materials.
The cooling performance of the prototype during a charging process was investigated on a test
bench as well as with a validated 1D simulation model. In addition, a novel simulation model
was developed that enables the fast an accurate prediction of temperature differences in a
single pouch battery cell of a module after a charging process. It is based on a neural network
that takes various geometric and thermal parameters as an input and predicts the maximum
and minimum temperature occurring in the battery cell after charging it with a constant C-
rate. The neural network was trained with data generated by an accurate 3D simulation model.
Consequently, it was applied in a generic battery module model to compare tab cooling to
bottom cooling approaches and find the optimal thermal design of a battery module/cell
depending on the cooling method.

The following findings and conclusions were achieved with the developed demonstrator and
the simulation model:

* Realizing a tab cooling system using thermally conductive plastic materials between
the cell tabs and the cooling channels is possible. The plastic material is not the limiting
factor for a high cooling performance.
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* In the battery module prototype, the tabs itself were identified as the thermal bottleneck

between the battery cell and the cooling system. In the tested configuration, their
thermal resistance is by a factor of 24 to 42 higher than the thermal resistance of the
plastic material. As a result, the tab cooling system only lowered the cell temperatures
by 2 K compared to the uncooled module during a 2C charging process. Thus, it was
shown that tab cooling only works effectively if cell and tab dimensions are specifically
adjusted to the thermal design.

Optimizing the thermal cell design with the novel simulation model shows, that tab
cooling works best when the cell has a low width-to-height-ratio and the cross-sectional
area of the tabs is high. Then it leads to the lowest temperature differences within a cell
but its overall cooling performance is still inferior compared to bottom cooling. Thus,
tab cooling seems not to be suitable for the usage in automotive applications where
typically cells with a high width-to-height-ratio are used.

Optimizing the cell dimensions in a battery module for bottom cooling leads to cells
with a high width-to-height-ratio as well as wide and slightly thickened cell tabs. Bottom
cooling is the best choice if a low weight and a good cooling performance is needed at
the cost of the highest temperature differences within the cells.

Still, the higher temperature differences in a bottom-cooled cell are not necessarily
a disadvantage. The advantage of tab cooling with respect to the lifetime vanishes
as the cell aging is not only influenced by the temperature difference but also by the
average temperature of the cell. As lower average temperatures may be achieved with a
bottom cooling system, the lifetime of a bottom-cooled cell might be higher despite a
higher temperature difference within the cell. Consequently, bottom cooling is not only
because of the cell dimensions a good choice for automotive applications.

Combining both cooling approaches is complex to realize in practice but enables the
highest cooling performances and low temperature differences within the cell. The
weight is higher but it could be an attractive solution for special applications that
demand a powerful cooling system.

The novel simulation model to predict the temperature differences in a cell works excel-
lently. The evaluation of the neural network is fast (<1 s) and its accuracy is satisfactory
with a MAE of 0.71 K on the prediction of the temperature difference (whereas the
average temperature difference within the data set was 10.4 K). Integrated in the 1D
generic battery module simulation model, a charging process was simulated in 15s
to 18s. Thus, extensive design optimization during the development of battery systems
are possible and the final selection may be made based on quantified optimization
objectives.
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Outlook

Both the developed tab cooling design with thermally conductive plastics and the neural-

network-based simulation model offer the potential for further improvements and research.

Below, the most interesting aspects are listed.

Design of tab cooling systems for pouch cells

Fast,

Pouch cells with a one-sided tab design were used in the battery module prototype.
That design offers less design space around the tabs and makes the integration of the
cooling channels as well as the electrical connection of the cells difficult. The design
should be adopted and tested with pouch cells having a butterfly tab design.

Furthermore, the presented design could be improved regarding its usage and manufac-
turing in a high-volume application. For instance, a welded connection could be used
for the electrical contacting of the tabs instead of the compression approach. This leads
to a mechanically stronger connection and less electrical resistances. However, it also
brings new challenges as the welding could damage the underlying plastic material.

meta-model-based simulation model

The meta-model was entirely trained with data from the 3D simulation model and the
occurring temperature differences were solely predicted by that simulated data. Even
though these 3D simulation models provide a high accuracy, validating at least some of
the data points with experimental data would be beneficial to ensure that the simulated
data fits well to reality. This would require several cells with a different geometry but an
identical cell chemistry and entails a great deal of effort.

The proposed cell designs from the optimization contain some challenging parameters
for the manufacturing of the pouch battery cells. For example, tab thicknesses in the
range of 2 to 5 mm. Further investigations should be performed to check if the proposed
designs are feasible for manufacturing and corresponding manufacturing constraints
could be integrated in the model.

Currently, the meta-model is only able to predict the temperature differences within the
cell after a charging process with a constant C-rate and averaged boundary heat fluxes.
Changing the meta-model to a truly transient model, so that the thermal behavior is
predicted for a certain small time step would be an attractive modeling alternative,
as this also enables predictions under transient load conditions. A first step in that
direction was achieved in an own publication where the average temperature of a
battery cell is predicted in such a manner using a nonlinear autoregressive exogenous
network [170]. A similar approach could be created for the maximum and minimum
temperature within the cell.
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e Furthermore, the 1D simulation model including the cell meta-model could be extended
to include additional physical effects of relevance. For instance, the lifetime is currently
solely evaluated based on the thermal influence. However, as described in section 2.1.3,
it depends on further effects that should be considered in the model, for instance the
mechanical stresses.
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A.1  ECM parameters

All values of the maps for Uy (ICrl, T, SoC), Rs(ICr|, T, SoC) and ‘3—IT](|Cr|, T,S0C) are given in
the following. As the maps are three-dimensional they are split up for the documentation
according to the C-rate. They are displayed as two-dimensional tables for the three different
C-rate values.
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Tab. A.1: Values of the OCV map U,:(|ICr| = 1h™!, T,S00C)

SoC | -10°C  0°C  10°C  20°C  30°C  40°C  50°C | Unit

0.000 | 3.0000 3.0000 3.0000 3.0000 3.0000 3.0000 3.0000
0.001 | 3.2273 3.2154 3.1973 3.1740 3.1487 3.1250  3.1046
0.002 | 3.3352 3.3128 3.2811 3.2442  3.2078 3.1755  3.1485
0.004 | 3.4245 3.3978 3.3606 3.3181 3.2763  3.2387  3.2070
0.006 | 3.4575 3.4344 3.4007 3.3605 3.3193 3.2814  3.2491
0.008 | 3.4727 3.4542 3.4253 3.3889 3.3503 3.3138  3.2824
0.010 | 3.4811 3.4663 3.4419 3.4096 3.3740 3.3397  3.3100
0.015 | 3.4917 3.4826  3.4663  3.4427 3.4147 3.3867  3.3626
0.020 | 3.4978 3.4909 3.4796 3.4621 3.4405 3.4185 3.3998
0.030 | 3.5106 3.5004 3.4937 3.4836  3.4707 3.4575  3.4468
0.040 | 3.5282 3.5076 3.5016  3.4951 3.4871 3.4792  3.4729
0.050 | 3.5468 3.5161 3.5073 3.5025 3.4971 3.4922  3.4883
0.075 | 3.5812  3.5474 3.5222 3.5148 3.5116 3.5093  3.5076
0.100 | 3.6023 3.5745 3.5477 3.5298 3.5229  3.5202 3.5186
0.125 | 3.6121 3.5974 3.5728 3.5544  3.5440 3.5379 3.5344
0.150 | 3.6192 3.6117 3.5918 3.5782 3.5683 3.5623  3.5588
0.175 | 3.6255 3.6206 3.6114 3.5967 3.5886  3.5847  3.5822
0.200 | 3.6319 3.6273 3.6222 3.6157 3.6095 3.6043  3.6009
0.225 | 3.6388 3.6337 3.6301 3.6264 3.6229 3.6205 3.6188
0.250 | 3.6469 3.6403 3.6368 3.6343 3.6322 3.6305 3.6292
0.275 | 3.6563 3.6474 3.6437 3.6412 3.6394 3.6380 3.6370
0.300 | 3.6671 3.6550 3.6510 3.6483 3.6464 3.6451  3.6440
0.325 | 3.6793 3.6633 3.6590 3.6560 3.6540 3.6525 3.6514
0.350 | 3.6933 3.6726 3.6676  3.6644 3.6622 3.6606 3.6594
0.375 | 3.7109 3.6834 3.6771 3.6736 3.6711 3.6694 3.6681
0.400 | 3.7278 3.6965 3.6873 3.6835 3.6809 3.6790 3.6776
0.425 | 3.7420 3.7124 3.6988 3.6944 3.6915 3.6894  3.6879
0.450 | 3.7557 3.7333 3.7123 3.7062  3.7030 3.7008  3.6991
0.475 | 3.7700 3.7558 3.7300 3.7199 3.7157 3.7131 3.7113
0.500 | 3.7852  3.7732 3.7552  3.7384 3.7312  3.7275  3.7252
0.525 | 3.8013 3.7892 3.7790 3.7657  3.7547  3.7483  3.7445
0.550 | 3.8184 3.8057 3.7970 3.7897 3.7831 3.7777  3.7738
0.575 | 3.8365 3.8231 3.8142 3.8078 3.8031 3.7996  3.7970
0.600 | 3.8556  3.8415 3.8321 3.8255 3.8209 3.8175 3.8150
0.625 | 3.8756 3.8608 3.8509  3.8441 3.8392 3.8357 3.8331
0.650 | 3.8967 3.8811 3.8707 3.8635 3.8584 3.8547  3.8520
0.675 | 3.9187 3.9023 3.8914 3.8839 3.8786 3.8747 3.8718
0.700 | 3.9417 3.9244 39131 3.9052 3.8997 3.8956  3.8926
0.725 | 3.9658 3.9475 3.9357 3.9275 3.9217 3.9175 3.9143
0.750 | 3.9883 3.9716 3.9593 3.9507 3.9447 3.9403  3.9370
0.775 | 4.0067 3.9965 3.9837 3.9749 3.9686 3.9640  3.9606
0.800 | 4.0245 4.0225 4.0092 4.0000 3.9934 3.9887  3.9851
0.825 | 4.0426 4.0489 4.0356 4.0260 4.0192 4.0143 4.0106
0.850 | 4.0613 4.0696 4.0630 4.0531 4.0460 4.0409 4.0371
0.875 | 4.0810 4.0887 4.0915 4.0811 4.0738 4.0685 4.0645
0.900 | 4.1019 4.1082 4.1140 4.1103 4.1026  4.0971  4.0930
0.925 | 4.1241 4.1288 4.1338 4.1375 4.1326  4.1269  4.1226
0.950 | 4.1479  4.1509 4.1543 4.1579 4.1603  4.1578 4.1534
0.975 | 4.1558 4.1745 4.1763 4.1781 4.1800 4.1817  4.1825
1.000 | 4.1558 4.1745 4.1849 4.1908 4.1943 4.1963 4.1976
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A.1 ECM parameters

Tab. A.2: Values of the OCV map U,:(ICr| = 2h™1, T, S00)

SoC | -10°C  0°C  10°C  20°C  30°C  40°C  50°C | Unit
0.000 [ 3.0000 3.0000 3.0000 3.0000 3.0000 3.0000 3.0000 [ V
0.001 | 3.2339 3.2273 32164 32001 3.1792 3.1560 3.1334 | V
0.002 | 3.3484 3.3355 33148 32860 3.2523 3.2182 3.1870 | V
0.004 | 3.4408 34256 3.4008 33669 3.3279 3.2886 3.2525 | V
0.006 | 3.4717 34593 3.4378 3.4071 3.3703 3.3320 3.2958 | V
0.008 | 3.4847 34751 3.4578 34315 3.3985 3.3627 3.3281 | V
0.010 | 3.4915 34840 34701 3.4479 3.4187 3.3859 3.3534 | V
0.015 | 3.5024 34954 3.4867 34719 34507 3.4252 3.3988 | V
0.020 | 3.5139 3.5020 3.4953 3.4849 3.4693 3.4496 3.4288 | V
0.030 | 3.5425 3.5153 35052 3.4988 3.4896 3.4777 3.4651 | V
0.040 | 3.5674 3.5323 35129 35067 3.5005 3.4929 3.4851 | V
0.050 | 3.5839 3.5510 35220 35125 3.5076 3.5023 3.4971 | V
0.075 | 3.6057 3.5857 35539 35287 3.5197 3.5160 3.5131| V
0.100 | 3.6171 3.6075 35808 35549 3.5362 3.5274 3.5238 | V
0.125 | 3.6279 3.6180 3.6036 35795 3.5608 3.5494 3.5422 | V
0.150 | 3.6380 3.6256 3.6175 35988 3.5839 3.5735 3.5664 | V
0.175 | 3.6481 3.6325 3.6263 3.6170 3.6028 3.5929 3.5882 | V
0.200 | 3.6582 3.6395 3.6333 3.6275 3.6204 3.6140 3.6082 | V
0.225 | 3.6688 3.6473 3.6401 3.6353 3.6307 3.6266 3.6235 | V
0.250 | 3.6800 3.6563 3.6473 3.6422 3.6386 3.6357 3.6334 | V
0275 | 3.6921 3.6667 3.6549 3.6495 3.6457 3.6430 3.6410 | V
0.300 | 3.7055 3.6783 3.6633 3.6573 3.6532 3.6503 3.6482 | V
0325 | 3.7211 3.6913 3.6724 3.6658 3.6614 3.6582 3.6559 | V
0.350 | 3.7365 3.7058 3.6827 3.6751 3.6702 3.6668 3.6643 | V
0375 | 3.7510 3.7230 3.6948 3.6852 3.6799 3.6762 3.6734 | V
0.400 | 3.7656 3.7420 3.7091 3.6962 3.6904 3.6863 3.6834 | V
0425 | 3.7810 3.7584 3.7261 3.7086 3.7018 3.6974 3.6942 | V
0450 | 3.7974 3.7738 3.7475 3.7236 3.7144 3.7094 3.7059 | V
0475 | 3.8148 3.7895 3.7703 3.7428 3.7292 3.7228 3.7188 | V
0500 | 3.8334 3.8059 3.7887 3.7687 3.7491 3.7393 3.7338 | V
0525 | 3.8531 3.8233 3.8057 3.7920 3.7772 3.7641 3.7557 | V
0550 | 3.8703 3.8417 3.8232 3.8105 3.8006 3.7922 3.7853 | V
0575 | 3.8859 3.8610 3.8416 3.8284 3.8190 3.8121 3.8070 | V
0.600 | 3.9008 3.8813 3.8609 3.8470 3.8373 3.8303 3.8252 | V
0.625 | 3.9156 3.9026 3.8812 3.8666 3.8565 3.8491 3.8438 | V
0.650 | 3.9303 3.9248 39024 3.8872 3.8765 3.8688 3.8632 | V
0.675 | 3.9452 39480 3.9245 3.9087 3.8975 3.8895 3.8836 | V
0.700 | 3.9603 3.9706 3.9476 3.9311 3.9195 3.9111 3.9049 | V
0.725 | 3.9756 3.9888 39717 3.9545 3.9424 3.9336 3.9272 | V
0.750 | 3.9914 4.0051 3.9966 3.9788 3.9662 3.9571 3.9504 | V
0.775 | 4.0077  4.0211  4.0226 4.0040 3.9909 3.9815 3.9745 | V
0.800 | 4.0247 4.0372  4.0450 4.0302 4.0166 4.0068 3.9996 | V
0.825 | 4.0425 4.0537 4.0634 4.0574 4.0433 4.0331 4.0256 | V
0.850 | 4.0612 4.0709 4.0803 4.0843 4.0710 4.0604 4.0526 | V
0.875 | 4.0809 4.0890 4.0974 4.1042 4.0997 4.0888 4.0807 | V
0.900 | 4.1019 4.1083 4.1152 4.1218 4.1252 4.1182 4.1098 | V
0925 | 4.1211 41289 41341 41394 41442 41460 4.1400 | V
0950 | 4.1211 4.1511 4.1544 41581 4.1617 4.1650 4.1663 | V
0975 | 4.1211 41525 4.1712 4.1782 4.1801 4.1819 4.1836 | V
1.000 | 4.1211 41525 41712 41822 41888 4.1927 4.1952 | V
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A Appendix

Tab. A.3: Values of the OCV map U,:(|ICr| = 3h71, T,S00)

SoC | -10°C  0°C  10°C  20°C  30°C  40°C  50°C | Unit

0.000 | 3.0000 3.0000 3.0000 3.0000 3.0000 3.0000 3.0000
0.001 | 3.2361 3.2317 3.2239 3.2117 3.1946 3.1738 3.1516
0.002 | 3.3531 3.3442 3.3290 3.3064 3.2770 3.2444  3.2123
0.004 | 3.4467 3.4363 3.4183 3.3913 3.3568 3.3191 3.2821
0.006 | 3.4769 3.4687 3.4536  3.4298 3.3981 3.3622  3.3258
0.008 | 3.4894 3.4831 3.4713 3.4515 3.4239 3.3912 3.3571
0.010 | 3.4963 3.4909 3.4815 3.4654 3.4417 3.4124  3.3809
0.015 | 3.5110 3.5015 3.4950 3.4847 3.4684 3.4466  3.4217
0.020 | 3.5275 3.5106  3.5023  3.4948 3.4832 3.4669  3.4475
0.030 | 3.5632 3.5317 3.5131 3.5061 3.4991 3.4893 3.4775
0.040 | 3.5847 3.5553 3.5254 3.5134 3.5078 3.5014  3.4937
0.050 | 3.5965 3.5748 3.5412 3.5205 3.5140 3.5090  3.5037
0.075 | 3.6164 3.6042 3.5770 3.5473 3.5278 3.5214 3.5178
0.100 | 3.6312 3.6176 3.6031 3.5756  3.5517 3.5359  3.5289
0.125 | 3.6435 3.6269 3.6183 3.5970 3.5766 3.5601  3.5500
0.150 | 3.6549 3.6358 3.6275 3.6166 3.5959  3.5838  3.5740
0.175 | 3.6664 3.6455 3.6350 3.6276 3.6166 3.6021  3.5939
0.200 | 3.6784 3.6561 3.6423 3.6357 3.6286 3.6214 3.6148
0.225 | 3.6913 3.6672 3.6500 3.6430 3.6375 3.6324 3.6281
0.250 | 3.7053 3.6791 3.6582 3.6504 3.6449 3.6407 3.6375
0.275 | 3.7205 3.6918 3.6676 3.6584 3.6524 3.6481  3.6450
0.300 | 3.7352 3.7055 3.6784 3.6671 3.6605 3.6559  3.6525
0.325 | 3.7486 3.7208 3.6909 3.6765 3.6693 3.6642  3.6606
0.350 | 3.7623 3.7386 3.7049 3.6868 3.6789 3.6734 3.6694
0.375 | 3.7761 3.7559 3.7206 3.6983 3.6893 3.6833  3.6790
0.400 | 3.7903 3.7721 3.7387 3.7117 3.7006 3.6941 3.6894
0.425 | 3.8056 3.7883 3.7601 3.7276 3.7131  3.7058  3.7008
0.450 | 3.8207 3.8050 3.7796  3.7467 3.7275 3.7186  3.7131
0.475 | 3.8346 3.8225 3.7970 3.7710 3.7456  3.7333  3.7266
0.500 | 3.8480 3.8411 3.8143 3.7941 3.7702 3.7526  3.7431
0.525 | 3.8615 3.8606 3.8322 3.8129 3.7968 3.7804  3.7675
0.550 | 3.8751 3.8812 3.8511 3.8311 3.8169 3.8057 3.7964
0.575 | 3.8888 3.9024 3.8709 3.8500 3.8354 3.8249 3.8171
0.600 | 3.9027 3.9188 3.8916 3.8697 3.8545 3.8436  3.8357
0.625 | 3.9167 3.9345 39133 3.8904 3.8744 3.8631  3.8547
0.650 | 3.9310 3.9491 3.9360 3.9120 3.8953 3.8834  3.8747
0.675 | 3.9456 3.9634 3.9596 3.9346 3.9172 3.9047 3.8956
0.700 | 3.9604 3.9777 3.9841 3.9581 3.9400 3.9270 3.9175
0.725 | 3.9757 3.9921 4.0026 3.9825 3.9637 3.9502  3.9403
0.750 | 3.9915 4.0068 4.0195 4.0079 3.9884 3.9743  3.9640
0.775 | 4.0078 4.0218 4.0348 4.0343 4.0140 3.9994  3.9887
0.800 | 4.0248 4.0374 4.0499 4.0561 4.0406 4.0254 4.0143
0.825 | 4.0426  4.0537 4.0652 4.0743 4.0681 4.0524  4.0409
0.850 | 4.0613 4.0709 4.0810 4.0902 4.0936  4.0805 4.0685
0.875 | 4.0811 4.0890 4.0976 4.1060 4.1122  4.1095 4.0971
0.900 | 4.0927 4.1083 4.1152 4.1223  4.1287 4.1318 4.1268
0.925 | 4.0927 4.1290 4.1342 4.1395 4.1449 4.1496 4.1512
0.950 | 4.0927 4.1332 4.1546  4.1581 4.1618 4.1654  4.1685
0.975 | 4.0927 4.1332 4.1586 4.1741 4.1801 4.1819  4.1837
1.000 | 4.0927 4.1332 4.1586 4.1741 4.1835 4.1893  4.1929
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A.1 ECM parameters

Tab. A.4: Values of the resistance map Rs(|Cr| = 1h™!,T,SoC)

SoC —-10°C 0°C 10°C 20°C 30°C 40°C 50°C Unit
0.000 [ 1.3917x1072  1.0900x 1072 8.5332x10™3 6.6670x 1073 5.1468x 1073 3.8820x10°  2.8505x 1073 | VAL
0.001 | 1.2973x1072 9.9784x1073  7.6786x1073 5.9126x1073  4.5164x 1073 3.3891x 1073 2.4936x 1073 | VA~!
0.002 | 1.2554x1072 9.6084x1073  7.3704x1073 5.6594x1073  4.3052x 1073 3.2154x 1073 2.3583x107% | VA~!
0.004 | 1.2146x1072 9.2579x1073  7.0660x10™3 5.3803x1073 4.0495x 1073 2.9966x 1073 2.1860x 1073 | VA~!
0.006 | 1.1941x1072 9.0714x1073 6.8810x10™3 5.1942x107% 3.8760x 1073 2.8492x10%  2.0689x 1073 | VA~!
0.008 | 1.1815x1072 8.9418x1073 6.7396x10™3  5.0500x 1073  3.7436x 1073  2.7369x1073 1.9786x 1073 | VAL
0.010 | 1.1726x1072  8.8382x1073  6.6220x1073  4.9318x1073  3.6363x 1073  2.6456x 1073 1.9044x 1073 | VA~!
0.015 | 1.1573x1072  8.6316x1073  6.3896x1073  4.7056x 1073  3.4320x 1073 2.4705x 1073 1.7607x 1073 | VA~!
0.020 | 1.1467x1072 8.4649x1073  6.2123x1073  4.5375x1073  3.2800x 1073  2.3394x 1073  1.6526x 1073 | VA™!
0.030 | 1.1332x1072  8.2038x1073  5.9499x1073  4.2909x1073  3.0563x 1073  2.1463x 1073  1.4951x107% | VA~!
0.040 | 1.1193x1072  8.0126x1073 5.7567x1073  4.1090x 1073  2.8913x 1073  2.0054x1073 1.3831x 1073 | VA~!
0.050 | 1.1054x 1072 7.8684x107% 5.6036x107% 3.9641x1073 2.7603x 1073 1.8956x 1073  1.2981x107% | VA~!
0.075 | 1.0778x1072  7.5807x1073 5.3244x10~3 3.6932x1073 2.5191x1073 1.7004x107% 1.1514x1073 | VAL
0.100 | 1.0539x1072 7.3664x1073 5.1172x1073  3.4994x1073 2.3504x 1073 1.5692x 1073  1.0556x 1073 | VA~!
0.125 | 1.0364x1072  7.2062x1073  4.9535x1073  3.3467x1073  2.2242x 1073 1.4742x107% 9.8756x107* | VA~!
0.150 | 1.0240x1072  7.0674x 1073  4.8223x10™3  3.2239x1073  2.1247x1073  1.4007x107% 9.3554x107* | VA~!
0.175 | 1.0149x1072  6.9539x1073  4.7096x1073  3.1246x 1073  2.0447x 1073 1.3426x 1073 8.9481x107* | VA~!
0.200 | 1.0078x1072  6.8621x1073  4.6162x10~3  3.0403x1073 1.9801x1073 1.2962x1073 8.6244x107* | VAL
0.225 | 1.0033x1072 6.7876x1073  4.5362x1073  2.9705x1073  1.9260x 1073 1.2576x107%  8.3566x107* | VA~!
0.250 | 1.0011x1072  6.7259x1073  4.4697x1073 2.9113x1073 1.8811x107% 1.2259x107% 8.1371x107* | VA~!
0.275| 1.0001x1072 6.6747x1073  4.4138x10™3 2.8618x1073 1.8433x1073 1.1992x107% 7.9530x107* | VA~!
0.300 | 9.9956x107%  6.6328x1073  4.3667x1073  2.8202x107% 1.8118x1073 1.1770x10%  7.8000x 10~* | VA~!
0.325 | 9.9907x1073  6.5995x 1073  4.3274x1073 2.7853x1073 1.7854x 1073 1.1584x1073 7.6718x107* | VAl
0.350 | 9.9818x10™3  6.5763x1073  4.2951x1073  2.7563x1073  1.7634x 1073 1.1429x107% 7.5649x107* | VA~!
0.375 | 9.9619x1073  6.5663x1073  4.2693x1073  2.7325x1073  1.7452x 1073 1.1301x 1073  7.4762x107* | VA~!
0.400 | 9.9346x107%  6.5637x1073  4.2497x1073  2.7135x1073  1.7305x 1073  1.1197x107%  7.4040x107* | VA™!
0.425 | 9.9336x1073  6.5619x1073  4.2371x1073  2.6990x1073  1.7190x 1073 1.1114x107%  7.3466x107* | VA~!
0.450 | 9.9558x1073  6.5622x1073  4.2337x1073  2.6891x1073 1.7105x1073 1.1052x107% 7.3032x107* | VA~!
0.475 | 9.9919x1073  6.5585x 1073  4.2334x107% 2.6852x1073 1.7054x 1073 1.1011x10"3 7.2733x107* | VA~!
0.500 | 1.0038x1072  6.5605x 1073  4.2353x1073  2.6858x 1073 1.7047x1073  1.0999x107% 7.2628x107* | VA~!
0.525 | 1.0095x1072 6.5786x1073  4.2368x1073  2.6868x1073  1.7056x 1073  1.1008x 1073  7.2700x107* | VA~!
0.550 | 1.0161x1072  6.6070x1073  4.2453x1073 2.6885x1073 1.7055x 1073 1.1002x 1073  7.2613x107* | VA~!
0.575 | 1.0239x1072  6.6436x1073  4.2630x10™3  2.6961x1073 1.7087x1073 1.1016x1073 7.2687x107* | VA~!
0.600 | 1.0330x107%2  6.6885x1073  4.2875x10™3  2.7094x107% 1.7161x 1073 1.1058x107%  7.2948x107% | VA~!
0.625 | 1.0435x1072  6.7423x1073  4.3184x1073 2.7274x107% 1.7266x 1073 1.1122x107%  7.3352x107% | VAL
0.650 | 1.0557x1072  6.8058x1073  4.3562x1073  2.7500x 1073  1.7403x 1073 1.1206x 1073  7.3890x107* | VA~!
0.675 | 1.0698x1072 6.8812x1073  4.4018x1073 2.7778x1073 1.7573x 1073 1.1312x107% 7.4570x107* | VA~!
0.700 | 1.0862x1072 6.9699x 1073  4.4566x1073 2.8118x1073 1.7782x1073 1.1443x107% 7.5412x107* | VA~!
0.725 | 1.1052x1072  7.0732x1073  4.5214x1073 2.8525x1073 1.8035x 1073 1.1603x 1073  7.6443x107* | VA~!
0.750 | 1.1750x1072  7.1938x 1073  4.5976x10~3  2.9007x1073 1.8337x1073 1.1794x10% 7.7678x107* | VA~!
0.775 | 1.2605x1072  7.3355x1073  4.6874x1073 2.9579x1073 1.8696x 1073 1.2021x107% 7.9148x107* | VA~!
0.800 | 1.3491x1072  7.5033x1073  4.7939x1073  3.0258x1073  1.9123x 1073 1.2291x107%  8.0903x107* | VA~!
0.825 | 1.4471x1072  7.7725x1073  4.9212x1073  3.1071x1073 1.9636x 1073 1.2616x107%  8.3005x107* | VA™!
0.850 | 1.5576x1072 8.5191x1073  5.0754x1073  3.2056x 1073  2.0256x 1073  1.3009x 1073  8.5547x107* | VA~!
0.875| 1.6830x1072 9.2290x1073 5.2656x1073 3.3266x1073  2.1017x1073 1.3490x103 8.8656x 10~* | VAL
0.900 | 1.8248x1072 1.0001x1072 5.7610x107% 3.4793x1073 2.1974x 1073 1.4093x1073 9.2536x107* | VA~!
0.925 | 1.9829x1072 1.0852x1072  6.2452x1073 3.7334x107% 2.3217x1073 1.4871x107% 9.7525x107% | VA~!
0.950 | 2.1540x1072 1.1782x1072  6.7605x1073  4.0457x 1073  2.5043x 1073 1.5930x 1073  1.0425x 1073 | VA~!
0.975 | 2.2099x1072  1.2768x1072  7.3259x1073  4.3736x1073  2.7072x 1073  1.7306x 1073  1.1365x 1073 | VA~!
1.000 | 2.2099x 1072 1.2768x1072  7.5518x1073  4.5908x10~3  2.8705x1073 1.8449x1073 1.2172x1073 | VA~!
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Tab. A.5: Values of the resistance map Rs(|Cr| = 2h7!, T,S00)

SoC ~-10°C 0°C 10°C 20°C 30°C 40°C 50°C Unit
0.000 [ 9.2813x1073  7.3997x1073 59144x10~3 4.7323x1073 3.7896x 1073  3.0172x10° 2.3662x 1073 | VAL
0.001 | 8.8107x107% 6.9091x1073 5.4327x1073  4.2806x1073  3.3831x 1073  2.6666x107%  2.0780x 1073 | VA~!
0.002 | 85758x107%  6.6882x1073 5.2362x1073  4.1148x1073  3.2454x 1073  2.5502x 1073  1.9790x 1073 | VA~!
0.004 | 83310x1073  6.4709x1073 5.0495x10~3 3.9534x1073 3.0981x1073 2.4123x107% 1.8543x 1073 | VA~!
0.006 | 8.2029x107%  6.3621x1073 4.9517x10"3 3.8579x1073 3.0011x1073 2.3178x107% 1.7692x 1073 | VA~!
0.008 | 8.1265x1073  6.2958x 1073  4.8853x1073 3.7859x1073 2.9255x 1073  2.2449x107% 1.7042x 1073 | VA~!
0.010 | 8.0791x10™% 6.2500x1073  4.8332x1073  3.7260x1073  2.8629x 1073  2.1856x 1073  1.6513x 1073 | VA~!
0.015 | 8.0507x107%  6.1739x1073  4.7304x1073  3.6065x1073  2.7419x 1073  2.0722x 1072  1.5500x 1073 | VA~!
0.020 | 8.0872x1073  6.1227x1073  4.6470x10~3  3.5138x1073 2.6514x1073 1.9878x1073 1.4741x1073 | VA~!
0.030 | 8.1354x107%  6.0618x1073  4.5139x1073 3.3751x1073 2.5183x1073 1.8634x107% 1.3620x 1073 | VA~!
0.040 | 8.1608x1073 5.9962x 1073 4.4159x10~3 3.2726x1073 2.4201x1073 1.7714x107% 1.2794x 1073 | VA~!
0.050 | 8.1548x 1073 5.9260x107% 4.3414x107% 3.1915x1073 2.3418x1073 1.6981x1073 1.2145x107% | VA~!
0.075 | 8.0407x1073 5.7826x1073  4.1899x10~3  3.0447x1073 2.1952x1073 1.5616x107% 1.0971x 1073 | VAL
0.100 | 7.9783x107% 56576x1073  4.0772x1073  2.9343x1073  2.0899x 1073  1.4648x107% 1.0168x107% | VA~!
0.125 | 7.9771x107%  55660x1073  3.9931x1073  2.8470x1073  2.0058x 1073 1.3910x 1073 9.5781x107* | VA~!
0.150 | 7.9868x1073 5.5017x1073 3.9209x10~3 2.7784x1073 1.9376x1073 1.3323x107% 9.1171x107* | VA~!
0.175 | 7.9910x10™% 5.4557x1073 3.8622x10™3 2.7181x1073 1.8827x1073 1.2848x107%  8.7500x 10~* | VA~!
0.200 | 7.9904x1073 5.4215x1073 3.8155x10™3  2.6688x 1073 1.8354x1073 1.2463x107% 8.4571x107* | VAL
0.225 | 7.9884x107% 5.4014x1073 3.7781x1073  2.6267x1073 1.7965x 1073  1.2140x107% 8.2125x107* | VA~!
0.250 | 7.9871x107% 53932x1073  3.7473x1073  2.5919x1073 1.7634x 1073 1.1870x 1073 8.0112x107* | VA~!
0.275 | 7.9873x1073  5.3907x1073 3.7219x10"3 2.55627x1073 1.7358x 1073 1.1645x107%  7.8428x107* | VA~!
0.300 | 7.9880x10™% 5.3904x1073 3.7015x10™3 2.5382x107% 1.7125x 1073  1.1456x107%  7.7021x10~* | VA~!
0.325 | 7.9852x1073 5.3901x1073 3.6857x1073 2.5179x1073 1.6931x1073 1.1298x107% 7.5844x10~* | VA~!
0.350 | 7.9980x10% 5.3880x1073 3.6765x1073 2.5013x1073 1.6769x1073 1.1166x 1073  7.4862x107* | VA~!
0.375 | 8.0370x1073 53816x1073 3.6740x1073 2.4883x1073 1.6638x 1073 1.1058x 1073  7.4052x107* | VA~!
0.400 | 8.0942x1073 5.3686x1073 3.6743x1073 2.4787x107% 1.6534x1073 1.0971x1073 7.3395x107* | VA~!
0.425 | 8.1632x1073 53654x1073 3.6748x1073  2.4737x1073  1.6456x 1073  1.0903x 1073  7.2880x 107* | VA~!
0.450 | 8.2407x1073 5.3766x1073 3.6761x1073 2.4735x1073 1.6407x1073  1.0854x107% 7.2494x107* | VA~!
0.475 | 8.3263x1073 53968x107% 3.6742x107% 2.4739x1073 1.6395x 1073  1.0826x 1073  7.2244x107* | VA~!
0.500 | 8.4205x103 5.4232x1073 3.6764x10"3 2.4760x1073 1.6400x1073 1.0826x10% 7.2183x107* | VAL
0.525 | 8.5240x107% 5.4551x1073  3.6877x1073  2.4772x1073  1.6412x1073 1.0832x107%  7.2248x107* | VA~!
0.550 | 8.9037x10™% 5.4926x1073 3.7048x10™3 2.4831x1073 1.6427x1073 1.0836x107% 7.2230x107* | VAL
0.575 | 9.2702x1073  5.5360x 1073  3.7265x1073  2.4943x1073 1.6479x1073 1.0859x107% 7.2335x107* | VA~!
0.600 | 9.5885x107% 55862x1073  3.7527x1073 25093 x1073  1.6565x 1073  1.0908 x 1073  7.2629x 107* | VA~!
0.625 | 9.9333x1073  5.6449x1073 3.7837x10"3 2.55278x1073 1.6678x1073 1.0978x107%  7.3062x107* | VAL
0.650 | 1.0316x1072 5.7136x1073  3.8210x1073 2.5504x1073  1.6818x1073 1.1066x107% 7.3625x107* | VA~!
0.675 | 1.0748x1072 5.7925x1073  3.8652x1073 2.5780x1073  1.6992x 1073 1.1176x107%  7.4330x107* | VA~!
0.700 | 1.1230x1072 5.9781x1073 3.9167x10™3 2.6111x1073 1.7206x1073 1.1312x107% 7.5212x107* | VA~!
0.725 | 1.1773x1072  6.4165x1073  3.9767x1073  2.6497x1073  1.7459x 1073 1.1477x107%  7.6286x107* | VA~!
0.750 | 1.2387x1072  6.7974x 1073  4.0470x10~3  2.6953x1073 1.7758x1073 1.1672x107% 7.7563x107* | VA~!
0.775 | 1.3084x1072 7.2058x1073  4.1301x1073  2.7491x1073 1.8113x1073 1.1904x 1073 7.9081x107* | VA~!
0.800 | 1.3877x1072  7.6526x 1073  4.3841x10™3 2.8134x1073 1.8536x1073 1.2181x107% 8.0895x10~* | VA~L
0.825 | 1.4787x1072 8.1565x 1073  4.7249x10™3  2.8908x 1073 1.9046x 1073 1.2514x107% 8.3074x107* | VA~!
0.850 | 1.5831x1072 8.7236x1073  5.0588x1073  3.0103x1073  1.9667x 1073 1.2919x107% 85721x107* | VA~!
0.875 | 1.7030x1072 9.3678x 1073  5.4237x10™3 3.2701x1073 2.0440x1073 1.3421x107% 8.8984x107* | VA~!
0.900 | 1.8396x1072 1.0100x107%2 5.8280x107% 3.5113x1073 2.1751x1073 1.4059x107% 9.3106x107* | VA~!
0.925 | 1.9717x1072  1.0924x1072 6.2796x10™3 3.7690x 1073 2.3463x1073 1.4963x107% 9.8523x107* | VAL
0.950 | 1.9717x1072 1.1829x1072 6.7825x1073  4.0552x1073 2.5164x1073 1.6127x107% 1.0595x 1073 | VA~!
0.975 | 1.9717x1072 1.1883x1072  7.2016x1073  4.3778x1073 2.7091x 1073 1.7318x107% 1.1395x107% | VA~!
1.000 | 1.9717x1072 1.1883x1072 7.2016x1073  4.4439x10~3 2.8061x1073 1.8154x10~3 1.2031x1073 | VA~!
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A.1 ECM parameters

Tab. A.6: Values of the resistance map Rs(|Cr| =3h™!,T,SoC)

SoC —-10°C 0°C 10°C 20°C 30°C 40°C 50°C Unit
0.000 | 7.3043x1073 5.8467x1073 4.7198x10~3 3.8175x1073 3.0943x 1073 25098 x 103  2.0236x 1073 | VAL
0.001 | 7.0085x10™3 55179x1073  4.3854x1073  3.4936x1073 2.7931x 1073 2.2399x 1073  1.7906x 1073 | VA~!
0.002 | 6.8437x1073 53597x1073  4.2390x1073  3.3654x1073  2.6853x 1073 2.1495x 1073  1.7132x107% | VA~!
0.004 | 6.6616x1073 5.1970x1073  4.0964x10"3 3.2433x1073 2.5782x1073 2.0503x107% 1.6199x 1073 | VA~!
0.006 | 6.5587x1073  5.1132x1073  4.0243x1073  3.1773x1073  2.5128x 1073 1.9840x 1073  1.5556x 1073 | VA~!
0.008 | 6.4953x1073  5.0631x1073 3.9792x1073 3.1309x1073 2.4627x1073 1.9322x107% 1.5059x 1073 | VA~!
0.010 | 6.4602x1073  5.0309x1073  3.9467x1073  3.0937x1073  2.4209x1073 1.8893x107% 1.4654x107% | VA~!
0.015| 6.4808x1073 4.9920x1073 3.8886x10~3 3.0194x1073 2.3380x1073 1.8066x10™% 1.3880x 1073 | VA~L
0.020 | 6.5301x1073  4.9938x1073  3.8441x1073 29597 x1073 2.2743x1073  1.7449x107% 1.3302x107% | VA™!
0.030 | 6.6136x1073  5.0038x1073 3.7781x1073 2.8660x1073  2.1799x 1073 1.6541x107% 1.2450x 1073 | VA~!
0.040 | 6.6800x1073 4.9871x1073 3.7276x10™3  2.7957x1073 2.1102x1073 1.5871x107% 1.1819x 1073 | VA~!
0.050 | 6.7256x 1073 4.9646x 1073  3.6768x107% 2.7424x1073  2.0547x 1073 1.5335x1073  1.1316x107% | VA~!
0.075 | 6.8962x10"3 4.8715x1073 3.5704x10™3  2.6408x1073 1.9529x1073 1.4330x10% 1.0382x 1073 | VAL
0.100 | 7.0419x1073  4.7890x1073  3.4956x1073  2.5635x1073  1.8777x1073 1.3606x 1073 9.7206x107* | VA~!
0.125 | 7.1245x1073  4.7380x1073  3.4316x1073 2.5056x1073  1.8177x 1073 1.3030x107% 9.2185x107* | VA~!
0.150 | 7.1922x1073  4.7191x1073 3.3835x10™3  2.4558x1073 1.7691x1073 1.2565x10"3 8.8189x107* | VA~!
0.175 | 7.2703x1073  4.7162x1073  3.3484x1073 2.4159x1073 1.7287x1073 1.2190x 1073  8.4962x107* | VA~!
0.200 | 7.3648x1073  4.7179x1073 3.3218x10™3 2.3825x107% 1.6947x1073 1.1871x107% 8.2362x107* | VAL
0.225 | 7.4773x1073  4.7193x1073  3.3009x1073  2.3558x 1073  1.6659x 1073 1.1609x 1073 8.0188x107* | VA~!
0.250 | 7.6108x1073  4.7192x1073  3.2850x1073 2.3338x1073  1.6419x107% 1.1387x107% 7.8382x107* | VA~!
0.275 | 7.7720x1073  4.7177x1073  3.2761x1073 2.3155x1073 1.6219x1073 1.1202x107% 7.6873x107* | VA~!
0.300 | 7.9764x1073  4.7151x1073  3.2732x1073  2.3006x1073  1.6051x 1073 1.1047x107%  7.5611x107* | VA~!
0.325 | 8.1947x1073 4.7109x1073 3.2732x10™3 2.2886x1073 1.5911x1073 1.0917x107%  7.4554x10~* | VA~!
0.350 | 8.2867x103  4.7023x1073  3.2743x1073  2.2794x1073 15797 x 1073  1.0809x 1073  7.3674x107* | VA~!
0.375 | 8.3520x1073  4.6989x1073 3.2755x1073  2.2741x1073 1.5706x 1073 1.0721x107% 7.2950x107* | VA~!
0.400 | 8.4212x1073  4.7095x1073  3.2754x1073  2.2732x1073 1.5637x1073 1.0651x107%  7.2368x107* | VA™!
0.425 | 85132x1073  4.7309x1073  3.2721x1073  2.2741x1073 1.5594x1073 1.0598x 1073 7.1916x107* | VA~!
0.450 | 8.6204x1073 4.7592x1073 3.2690x10~3 2.2751x1073 1.5583x1073 1.0563x1073 7.1588x107* | VA~!
0.475 | 8.7424x 1073  4.7929x1073  3.2748x107% 2.2771x1073 1.5590x 1073  1.0552x 1073  7.1397x107* | VA~!
0.500 | 8.9008x10~3 4.8316x1073 3.2873x10™3 2.2771x107% 1.5601x1073  1.0557x107%  7.1390x10~* | VA~!
0.525 | 9.0856x1073  4.8753x1073  3.3040x1073 2.2815x1073  1.5615x 1073 1.0565x 1073  7.1443x107* | VA~!
0.550 | 9.2982x1073  4.9244x1073 3.3242x1073  2.2910x1073 1.5644x 1073 1.0574x 1073  7.1466x107* | VA~!
0.575 | 9.5422x1073  4.9941x1073 3.3478x10™3  2.3037x1073 1.5711x1073 1.0606x1073 7.1614x107* | VA~!
0.600 | 9.8218x1073 52750x1073  3.3757x1073  2.3193x1073 1.5803x 1073 1.0661x 1073  7.1938x107* | VA~!
0.625 | 1.0141x1072 5.5344x1073 3.4091x10~3 2.3383x1073 1.5918x1073 1.0732x107% 7.2392x107* | VA~!
0.650 | 1.0503x1072 5.7658x1073  3.4482x1073 2.3615x1073  1.6061x 1073 1.0822x107% 7.2969x107* | VA~!
0.675 | 1.0918x1072 6.0193x1073 3.4931x10~3 2.3891x107% 1.6239x1073 1.0936x10%  7.3699x107% | VAL
0.700 | 1.1383x1072  6.2951x1073 3.5452x1073 2.4212x1073 1.6450x1073 1.1076x107%  7.4614x107* | VA~!
0.725 | 1.1915x1072  6.5984x1073  3.7775x1073  2.4589x1073  1.6698x 1073 1.1241x107%  7.5713x107* | VA~!
0.750 | 1.2518x1072  6.9349x1073  4.0248x10™3 2.5032x1073 1.6991x1073 1.1436x107% 7.7012x107* | VA~!
0.775 | 1.3205x1072  7.3129x1073  4.2578x1073  2.5560x 1073  1.7340x 1073 1.1669x 1073 7.8559x107* | VA~!
0.800 | 1.3990x1072 7.7424x1073  45116x1073  2.7012x1073 1.7758x 1073  1.1947x 1073 8.0410x107* | VA~!
0.825 | 1.4893x1072 8.2279x1073  4.7905x1073  2.9031x1073 1.8265x 1073 1.2284x107% 8.2644x107* | VA™!
0.850 | 1.5934x1072 8.7833x1073  5.1041x1073  3.0937x1073 1.9139x1073 1.2697x107% 8.5371x107* | VA~!
0.875 | 1.7129x1072 9.4178x1073 5.4541x10"3 3.2984x1073 2.0620x1073 1.3216x1073 8.8771x107* | VAl
0.900 | 1.7876x 1072 1.0142x107%2 5.8519x107% 3.5255x1073 2.2032x 1073 1.4106x1073 9.3141x107* | VA~!
0.925 | 1.7876x1072  1.0959x 1072  6.3008x10~3 3.7777x107% 2.3517x1073 1.5123x107% 9.9391x107* | VA~!
0.950 | 1.7876x1072 1.1128x1072  6.7987x1073  4.0624x1073  2.5193x 1073 1.6148x107% 1.0650x 1073 | VA~!
0.975 | 1.7876x1072  1.1128x1072  6.8976x1073  4.3140x1073  2.7105x 1073  1.7324x 1073  1.1400x 1073 | VA~!
1.000 | 1.7876x 1072 1.1128x1072  6.8976x 1073  4.3140x10~3 2.7475x1073 1.7879x1073  1.1897x1073 | VA~!
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A Appendix

Tab. A.7: Values of the entropic heating map ‘;—2{ (ICrl=1h"1, T, SoC)

SoC -10°C 0°C 10°C 20°C 30°C 40°C 50°C Unit
0.000 | —1.7580x10~% -1.7580x10"% -1.7580x10"% -1.7580x10"% -1.7580x10"% -1.7580x10"% —1.7580x10"% | VKT
0.001 | —2.0826x107* —-2.0581x10"* -2.0237x10"* -1.9833x10"* -1.9435x10™* -1.9094x10"* -1.8822x107* | VK!
0.002 | —2.3916x107* —-2.3098x107* —-2.2139x10* -2.1224x10"* -2.0473x107* -1.9899x10™* -1.9472x107* | VK!
0.004 | —2.9441x107* -2.7182x10™* -2.5028x10"* -2.3311x10"* -2.2051x10"* -2.1149x10™* -2.0505x10"* | VK~!
0.006 | —3.3966x107* —3.0455x107* -2.7357x10"* -2.5026x10"* -2.3374x107* -2.2219x10™* -2.1411x107* | VK!
0.008 | —3.7501x10™* —3.3184x10™* -2.9380x10™* -2.6553x10™* -2.4573x107* -2.3206x107* -2.2264x107* | VK™!
0.010 | —4.0120x10™* —-3.5497x10™* -3.1192x10™* -2.7959x10™* -2.5697x10™* -2.4147x10™* -2.3093x107* | VK!
0.015 | —-4.3270x10™* -3.9826x10™* -3.5037x10™* -3.1109x10"* -2.8303x10™* -2.6393x10™* -2.5136x10"* | VK™!
0.020 | —4.2834x107™* -4.2450x10"* -3.8099x10™* -3.3873x10™* -3.0716x10™* -2.8563x107* -2.7186x107* | VK!
0.030 | —3.6937x107* —4.3731x10™* -4.2232x10"* -3.8429x10™* -3.5089x10™* -3.2761x107* -3.1316x107* | VK!
0.040 | —2.8779x10™* —4.1358x107* —4.3988x10* —4.1710x10"* -3.8815x10™* —3.6659x10™* —-3.5308x107* | VK!
0.050 | —2.1230x107* —3.6969x10™* —4.3682x10™* -4.3649x10™* -4.1712x10"* —4.0004x10™* -3.8875x107* | VK!
0.075 | —1.0404x10™* —-2.3563x10™* —3.6588x10* —4.2551x10"* —4.4109x10™* —4.4232x10™* —4.4067x107* | VK!
0.100 | —6.8339x107™> —1.3616x10"* —2.5693x10™* —3.4687x10™* -3.9066x10™* —4.1010x10™* —4.1925x107* | VK!
0.125 | —5.1880x 107> —8.2932x107> —1.6093x10™* —2.4185x10"* -2.9249x10™* —3.2009x10™* -3.3522x107* | VK!
0.150 | —3.9094x107°> —5.7141x107> —9.7469x10™°> -1.5052x10"* -1.9032x10™* —2.1491x10™* -2.2951x107* | VK!
0.175 | —2.7413x107%> —-4.1809x107> —6.1713x107> —8.9767x10™> -1.1383x10™* -1.3017x10™* —1.4050x10* | VK!
0.200 | —1.6678x107> —3.0036x 107> —4.1755x107> —5.5375x10"°> —6.7682x10™°> —7.6652x10™> —8.2630x107° | VK!
0.225 | —7.0883x107% —-1.9872x107> -2.8778x107°> —3.6233x107°> —4.2469x10™> —-4.7104x10™° -5.0321x107° | VK!
0.250 1.2197x107%  —1.0989x 107> -1.8780x 107> —2.4011x107"> —2.7785x10™> —3.0490x10™> -3.2396x107° | VK!
0.275 8.2470x107%  —3.3694x107% —1.0468x107° —1.4814x107° —1.7653x107°> —1.9588x107> —2.0941x107°> | VK!
0.300 1.4110 x 1075 3.0358x 1076 —-3.4902x107% -7.3153x107® -9.6965x1076 —1.1265x107° -1.2343x107° | VK!
0.325 1.8997 x 1075 8.3636 x 1076 2.3247x107%  -1.0973x107® —3.1598x107® —4.4810x10® -5.3706x107% | VK!
0.350 23117 x107° 1.2807 x 107> 7.1592 x 1076 4.0614 x 1076 2.2518x1078 1.1264 x 1076 3.8776 x 1077 | VK~!
0.375 2.6675x107° 1.6575 x 107> 1.1220 x 107° 8.3707 x 1076 6.7580 x 1076 5.7866 x 1076 5.1683 x107¢ | VK1
0.400 2.9841x107° 1.9857 x 107° 1.4709 x 1075 1.2039 x 107° 1.0571 x 107> 9.7145x 1076 9.1867x 1076 | VK~!
0.425 3.2748 x 1070 2.2812x107° 1.7800 x 107° 1.5253 x 107° 1.3885 x 107° 1.3109 x 1072 1.2645x 1075 | VK~!
0.450 3.5490 x 1075 2.5558 x 107° 2.0631 x 1075 1.8162 x 107° 1.6860 x 107° 1.6138 x 107° 1.5717x 1075 | VK~!
0.475 3.8133x107° 2.8177x107° 2.3300 x 107° 2.0880x 1075 1.9618 x 107° 1.8929 x 1072 1.8535x 1075 | VK~!
0.500 4.0717x107° 3.0723x107° 2.5874 x 107° 2.3481x107° 2.2244x107° 2.1574x107° 2.1197x107° | VK~!
0.525 4.3270x107° 3.3229x107° 2.8395 x 107° 2.6017 x 1075 2.4793x107° 2.4135x107° 2.3767x107° | VK1
0.550 4.5956 x 107° 3.5724x107° 3.0888 x 107° 2.8518x107° 2.7301x107° 2.6648 x 107° 2.6285x107° | VK~!
0.575 5.0530 x 10~° 3.8481 x 107° 3.3418 x 107° 3.1014x107° 2.9791x107° 2.9139x107° 2.8778x107° | VK~!
0.600 6.4037 x 107° 4.4259x107° 3.6911 x 1075 3.3869 x 107° 3.2441x107° 3.1711x 107 3.1314x107° | VK~!
0.625 8.7097 x 10~° 6.1450 x 107> 4.7180x 107° 4.0539 x 107° 3.7390 x 107° 3.5796 x 107° 3.4932x107° | VK~!
0.650 9.2010x 107 8.3648 x 107° 7.0267 x 1070 5.9728 x 1070 5.2869 x 107° 4.8573x107° 4.5845x107° | VK~!
0.675 7.4249x 107 8.0050 x 107° 8.2548 x 107° 8.0355x 107 7.6469 x 1070 7.2633 x107° 6.9404 x 107> | VK1
0.700 6.3621 x 107> 6.1344 x 107° 6.6664 x 10™° 7.2510x 1070 7.6573x107° 7.8918 x 107° 8.0116 x 107> | VK1
0.725 6.3450 x 107° 5.4455 x 1072 5.2632x107° 5.4398 x 107° 5.7435x 1070 6.0548 x 107° 6.3277x107° | VK1
0.750 6.5318 x 107° 5.5533 x 107> 5.1012x107°  4.9280x107° 4.8967 x 107° 4.9345x 107 5.0013x107% | VK~!
0.775 6.6411 x 1075 5.7920 x 1072 5.3111x107° 5.0784 x 107° 4.9639x 107° 4.9086 x 102 4.8839x107° | VK™!
0.800 6.7152 x 1075 6.0383 x 1072 5.5564 x 1073 5.3203 x 1075 5.1995 x 1075 5.1352 x 1075 5.0998 x 107% | VK~!
0.825 6.7666 x 1075 6.2766 x 102 5.8029 x 103 5.5668 x 1075 5.4458 x 1075 5.3812x 107 5.3454 x 107% | VK!
0.850 6.8008 x 1075 6.4263 x 1072 6.0494 x 1072 5.8133x107° 5.6923 x 1075 5.6277 x 1075 5.5919 x 10™° | VK~!
0.875 6.8229 x 1075 6.5336 x 102 6.2959 x 102 6.0599 x 10° 5.9389 x 1075 5.8743 x 1075 5.8385x107° | VK™!
0.900 6.8385 x 107° 6.6251 x 1072 6.4712x107° 6.3064 x 107° 6.1854 x 1075 6.1208 x 1075 6.0850 x 107° | VK!
0.925 6.8550 x 1075 6.7102 x 1072 6.6074 x 1072 6.5285x107° 6.4320 x 1075 6.3674 x 1075 6.3316 x 107° | VK!
0.950 6.8822 x 1075 6.7978 x 1072 6.7370x 1072 6.6920 x 107° 6.6569 x 1075 6.6139 x 1075 6.5781 x107° | VK~!
0.975 6.8949 x 1075 6.8961 x 107> 6.8712x107° 6.8510 x 107° 6.8352 x 1075 6.8234 x 1075 6.8139x107° | VK~!
1.000 6.8949 x 1075 6.8961 x 107> 6.9235x107° 6.9478 x 107° 6.9659 x 1075 6.9787 x 107° 6.9877 x107° | VK~!
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A.1 ECM parameters

Tab. A.8: Values of the entropic heating map ‘3—[7{ (ICrl=2h"1, T, S00)

SoC ~10°C 0°C 10°C 20°C 30°C 40°C 50°C Unit
0.000 | -1.7580x107% -1.7580x107"% — -1 -4 - 1
. 0 1.7580 x 10 —1.7580 x 10 —-1.7580x107%  —1.7580 x 107% -1 T
0.001 | —2.0979x107* —-2.0 -4 - -4 - . - ' Y0010 | VK
.0836 x 10 2.0612 x 10 -2.0302x107*  -1.9935x107* -1.9562x107* -1.9230x107* | VK™!
0.002 | —2.4478x107* -2.3938x10* -2.3182x10* -2.2298x10"* -2.1436x10"* -2.0704x107* 7240127 1074 -1
0.004 | -3.1210x107% -2.9461x107* —-2.7361x10™* —2.5338x107% -2.3680x107* 72.2425 x1074 . } -4 VK-l
0.006 | —3.6819x107* -3 -4 - -4 - . . 720630104 | VK
3970 x 10 3.0702 x 10 —2.7778x107%  —2.5511x107* —2.3855x107% -2.2663x107* | VK™!
0.008 | —4.0728 x 10*1 —3.7494x107% -3.3478x107%* -2.9885x107% —2.7132x107* -25142x107* 2.3726 x 1074 | VK!
0.010 | —-4.2765x107% -4.0116x10™* —3.5819x 1074 3.176 —4 - . 3,
. . —-3.1761 x 10 -2.8615x107* —2.6341x107* -2.4731 -4 -1
0.015 | —4.1452x107% -4.3330x10™* —4.0156x 1074 3 —4 - . . 10 | v
. . -3.5699 x 10 -3.1905x107*  -2.9 -4 - -4 -1
0.020 | —3.6012 x 10*1 —4.3002x107*  —4.2713x107%* -3.8773x107% -3.4745x107* -3 1gggi 18*4 i'ggig i ig*‘* ¥E*1
0.030 | —-2.3126x107% -3.7356x107* —4.3725x 1074 4.2 —4 ' - . 3,
. . —4.2733x 10 -3.9292x107*  —3.6027x107*  -3.359 -4 -1
0.040 | —1.4422x107% -2.9373x10™* —4.1066 x 1074 —4 - . 250104 | VK
. . —4.4129 - 4 - 4 - -
0080 | —1e422x 1070 -2 oo B x 107 4.2376 x 107 3.9658 x 10 -3.7425x107* | VK!
0.050 L0025 107 1772 %10 : 3.6454 x 10 -4.3373x107*  —4.3975x107*  —4.2335x107%*  -4.0621x107* | VK1
. -6. x107°  -1.0389x107% —2.2734x10™* —3.5307x 1074 4.1789x 1074 - '
B . -4, 10 -4.3882x107*  —4.4246x107* | VK!
0.100 | —4.1743x107° -6.3375x107°> —1.2772x 1074 2 —4 B .
. . 24039 x 1 - 4 - 4 - -
0100] —41743x 1077 -6 <o - - x 07 3.3155 x 107 3.8055 x 10 —-4.0387x107* | VK!
4538 % 10 7.4760 x 10 -1.4615x107* —2.2515x10™* —2.7907 x107* -4 -1
0.150 | —1.2749x107> -3 5 -5 - ' - . 0510104 | VK
0150 L2mo 1070 .0881 x 10 4.9098 x 10 -8.6013x107° —-1.3678x107* —1.7798x107%* -2.0514x107* | VK!
. ~1. x107%  -1.9378x107> -3.3944x10™° -52950x 107> -7.9759x107° 4 .
- . . —1.0443 x 10 -1.2232x107* | VK!
0.200 7.8415x 1076  —9.5082x107% -2.2728x107° 3 -5 B
. . -3.4599 - 5 - -5 -5 -
0200 rAo 107 -9 oo o x 107 4.8119 x 107 6.0924 x 10 —-7.0859 x 107% | VK1
.1596 x 10 1.3493 x 10 -2.2733x107°  -3.0617x107° —3.7428x 107> -4.2769x107° | VK!
8.250 2.1915 x 10*2 5.7881x10°% —57370x107% —-1.3741x107° -1.9473x10"°> —2.3808x 107 2.7079 x107° | VK!
.275 2.7181 x 10~ 1.1524 x 1073 7.3185x1077 6.418 -6 . B . g
. . —-6.4187 - 5 -5 - -
0275 27181 <107 - - x 107 1.1158 x 107 1.4462 x 10 —-1.6848x107° | VK!
1.6279 x 10 6.0936 x 10 -3.6301x1077 —4.4539x107% —7.1844x107% -6 -1
0.325 3.5546 x 107° 2 -5 -5 -6 ' B . 2010 | VK
0325 so8a6 107 0289 x 10 : 1.0557 x 10 4.6583 x 1076 1.0691x 107  -1.2447x107% -2.8212x107% | VK!
. . x 107 2.3763 x 10~ 1.4335x 107° 8.8603 x 1076 -6 -6 . -6 -
0.375 4.2326x107° 2.6874 x 1075 1.7625 x 107° 1.2450 : 18*5 g'ggg; i 12*6 Toua 10*6 65675 IO*Z o
o370 a0 107 2 - - . ) . K 7.7874x 10 6.6758 x 10 VK1
0400 soa 10 9747 x 10 . 2.0584 x 10 1.5610 x 107° 1.2891 x 1075 1.1317x 107> 1.0351 x 1075 | VK~!
. . x 10~ 3.2473x 10 2.3333x107° 1.8485 x 107° 1.5894 x 1075 B '
B . . . 1.4436 x 1075 1.3570x 107> | VK~!
0.450 5.1333 x 107° 3.5107 x 107> 2.5954 x 1075 2.118 -5 -5 '
. . 1180 x 10 5 -5 - -
0450| 51383107 35107107 o x10° 1.8670 x 107 1.7285 x 10 1.6483x107° | VK!
.7688 x 10 2.8502 x 10 2.3770x107° 2.1306 x 107> 1.9965 x 1073 -5 -1
0.500 5.8695 x 107° 4 -5 -5 B ' B . 15054 10 VK
0500 oaees 0 0252 % 10 . 3.1009 x 10 2.6299 x 1075 2.3861x 107° 2.2545x107° 2.1805x 107° | VK~!
. . x 107 43148 x 10~ 3.3506 x 107> 2.8796 x 107° -5 -5 ' - -
0.550 8.6583 x 107° 4.9307 x 107° 3.6276 x 107° 3.1302 : 18*5 i'gigi i 18*5 2.5069 } 10*; 7043 ¢ 10*2 VK 1
0550 | 856« 107 - - . - . - 7564 x 10 2.6843x107° | VK~
6.6475x 10 4.2123x 10 3.4388x107° 3.1469 x 107° 3.0079 x 107° 2.9337x107° | VK~!
0.600 9.8568 x 1072 8.7712x107° 5.9357 x 107 4.2498 x 107° 3.5946 x 102 3.3344 x 107 3'2173 1072 -1
0.625 8.8221x107° 8.4307 x 107° 8.1378 x107° 6.3624 x 1070 4.9994 x 107° 4'2542 x107° 3.8708 ) 1075 VK*
0.650 7.6627 x 1072 6.6199 x 10> 7.7703x 1072 8.1030x 107 7.3936x 1072 6.4935 x107° 5.7694 ) 1075 VK*
0.675 7.0714 x 10-: 5.9279 x 10™° 5.9090 x 10~ 6.9206 x 107° 7.7294 x 107° 7'9775 x107° 7.8612 i 107° XE*
0.700 6.8891 x 10~ 6.0141 x 107 5.2234x107° 5.265 -5 ' B ' '
. . .2650 x 10 5.8440 x 107° 6.5424 x 1072 7.1188x107° -1
0.725 6.8766 x 10™° 6.1506 x 10> 5.3312x 1075 4.9 -5 - - ' 105 | i
. . 9217 x1 5 -5 -5 -
0725 | 6.8766x 107 61 - - x o_ 4.8545 x 10_ 5.0153 x 10 5.2937x107% | VK~!
2577 x 10 5.5699 x 10 5.1036x 107>  4.8757x107°  4.7798x10™°  4.7642x107° | VK!
0.775 |  6.9124x 10-: 6.3461 x 1075 5.8162x107°  53474x107°  5.1069x 107>  4.9795x107° 4’9112 x107% | VK!
0.800 6.9173 x 10~ 6.4216 x 1072 6.0135x 107 5.593 -5 - - .
. . .5939 x 10 5 -5 - -
0600 69175 107 64 - - x 10 5.3531 x 10_ 5.2243 x 10 5.1529 x 1075 | VK~!
.4866 x 10 6.1589 x 10 5.8404 x 1075 5.5996 x 1075 5.4708 x 1072 5.3993 x 1075 | VK~!
0.850 6.9013 x 10-2 6.5456 x 1072 6.2803 x 1072 6.0756 x 1075 5.8461 x 107° 5.7173 x 107 5.6459 x107° | VK!
0.875 6.8867 x 10~ 6.6015 x 1072 6.3929 x 102 6.246 -5 . - - .
. . 2467 x 1 5 -5 - -
0475 68867 107 - - x 0_ 6.0926 x 10 5.9639 x 10 5.8924 x 107° | VK~!
6.6587 x 10 6.5036 x 10 6.3951 x 1075 6.3108 x 1075 6.2104 x 1072 -5 -1
0.925 6.8703 x 1075 -5 -5 - . - S 3050105 | VK
6.7226 x 10 6.6172 x 10 6.5418 x 1075 6.4875x 1075 6.4436 x 1072 6.3855x107° | VK~!
0.950 6.8703 x 1075 6.7996 x 102 6.7382x107° 6.6927 x 1075 6.6584 x 1075 6.6332x107° . -5 -1
0.975 6.8703 x 1075 -5 -5 -5 . - S o127 4105 | VK
0.975 667 ; 6.8046 x 10 : 6.8385 x 10 6.8507 x 1075 6.8349 x 1075 6.8224 x 1072 6.8127 x107° | VK~!
. .8703 x 10~ - -5 - - - .
x 6.8046 x 10 6.8385 x 10 6.8816 x 107° 6.9158 x 1075 6.9407 x 1072 6.9586 x 107> | VK~!

89



A Appendix

Tab. A.9: Values of the entropic heating map ‘;—2{ (ICrl=3h71, T, SoC)

SoC -10°C 0°C 10°C 20°C 30°C 40°C 50°C Unit
0.000 | —1.7580x10~% -1.7580x10"% -1.7580x10"% -1.7580x10"% -1.7580x10"% -1.7580x10"% —1.7580x10"% | VKT
0.001 | —2.1035x107* —-2.0934x10™* -2.0770x10"* -2.0526x10"* -2.0210x10™* -1.9854x10"* —1.9506x10* | VK~!
0.002 | —2.4695x107* —2.4297x107* -2.3696x10"* -2.2917x10"* -2.2065x10"* -2.1270x10"* -2.0607x107* | VK~!
0.004 | —3.1948x107* —-3.0579x107* -2.8728x10"* -2.6700x10"* -2.4861x10"* -2.3386x107* -2.2268x10* | VK~!
0.006 | —3.7972x107* -35774x10™* -3.2789x10™* -2.9715x107* -2.7110x10™* -2.5116x10"* -2.3648x107* | VK!
0.008 | —4.1709x10™* —-3.9606x10™* —3.6045x10* -3.2254x10™* -2.9066x10™* -2.6652x107* —-2.4892x107* | VK!
0.010 | —4.2831x107™* -4.2041x10"* -3.8617x10"* -3.4443x10™* -3.0821x10™* -2.8061x10™* —2.6052x10"* | VK!
0.015 | —3.8426x10™* -4.3018x107* —-4.2570x10"* -3.8724x10™* -3.4575x107* -3.1213x10™* -2.8723x107* | VK!
0.020 | —3.0306x107* —-3.9835x10™* —-4.3712x10"* -4.1611x10"* -3.7613x10™* -3.3970x10™* -3.1173x107* | VK!
0.030 | —1.6270x107* —2.9768x10™* —4.0849x10™* —4.4002x10™* -4.1868x10"* —3.8506x10"* —3.5558x107* | VK!
0.040 | —1.0209x10™* —2.0153x107* —3.4882x107* —4.2944x10™* -4.3917x10™* —4.1763x10™* -3.9225x107* | VK™!
0.050 | —7.7460x 107> —1.3687x107™* —2.7894x10™* -3.9660x10™* -4.3986x107* —4.3676x107* —4.2008x107* | VK!
0.075 | —4.7111x107% —6.8944x 107> —1.4108x10™* —-2.7329x10™* —3.7684x10™* —4.2496x10™* —-4.3979x107* | VK!
0.100 | —2.6093x 107> —4.4561x107> —7.5061x10"> —1.6061x10"* —2.6894x10™* —3.4501x10"* -3.8515x107* | VK!
0.125 | —9.5438x107% —-2.8102x107> —4.7401x10> —9.0481x10™°> —1.6727x10"* -2.3818x10™* —-2.8451x107* | VK!
0.150 3.6718x107% —1.5072x107> —3.1537x107> —5.3850x107° —9.6785x107°> —1.4495x10™* -1.8171x107* | VK!
0.175 1.4097 x 107> —4.4771x107%  -1.9825x107> -3.4472x107°> -5.6205x10™> —8.2883x10™> —1.0566x 107 | VK!
0.200 2.2299 x 107° 4.1139x107%  —1.0368x 107> -2.2242x107° -3.4483x10™° —4.8100x 107> —6.0324x107° | VK1
0.225 2.8847 x 107° 1.1051x10™°  -2.6161x107% -1.3122x107° -2.1684x10™° —2.9394x107> -3.6032x107° | VK1
0.250 3.4233x107° 1.6679 x 1073 3.7226x107%  —58026x107% —1.2772x107° -1.8116x107> —2.2328x107°> | VK!
0.275 3.8838 x 107° 2.1327x 107 8.9123x10°6 1.9109x 1077 -5.8180x10"® —-1.0072x10™°> -1.3216x107° | VK!
0.300 4.2502x 107° 2.5280 x 107° 1.3215x 1075 5.1347x107%  —1.5495x 1077 -3.7231x107® —6.2584x1076 | VK~!
0.325 4.5670 x 107° 2.8762x 107° 1.6871 x 1075 9.2656 x 1076 4.5313x 1076 1.4749x107%  -6.2097 x 1077 | VK1
0.350 4.8431x107° 3.1937x107° 2.0081 x 1075 1.2799 x 107° 8.4750x 1078 5.8039 x 1076 4.0429x107% | VK!
0.375 5.1030 x 107> 3.4917 x 107° 2.2998 x 107° 1.5919 x 107° 1.1880 x 107° 9.4850 x 1076 7.9707 x107% | VK1
0.400 5.3389 x 10~° 3.7773x 107° 2.5731 x 1070 1.8767 x 107° 1.4914 x 107° 1.2707 x 107° 1.1365x 107> | VK~!
0.425 5.5580 x 10> 4.0549 x107° 2.8354x 1075 2.1446 x 1075 1.7709 x 107° 1.5622 x 1075 1.4393 x 1075 | VK~!
0.450 5.7894 x 1075 4.3294x107° 3.0913 x 107° 2.4026 x 1075 2.0357 x 1070 1.8343 x 107° 1.7184x 1075 | VK~!
0.475 6.0671x107° 4.6409 x 107° 3.3438x 107° 2.6550 x 1075 2.2918x107° 2.0947 x 1070 1.9829 x 1075 | VK~!
0.500 6.6369 x 10> 5.2781 x 107° 3.6014 x 107° 2.9045x107° 2.5432x107° 2.3484 x 107° 2.2390x107° | VK~!
0.525 7.6893 x 107° 6.9360 x 107> 3.9712x107° 3.1573x107° 2.7924 x 107° 2.5985 x 107> 2.4903x107° | VK1
0.550 9.0428 x 107 9.0006 x 1072 5.0305 x 10> 3.4996 x 1075 3.0497 x 107° 2.8480x 107° 2.7394x107° | VK1
0.575 1.0044 x 1074 8.8276 x 107° 7.2790 x 107° 4.4771 x107° 3.4578 x 1070 3.1314x 107 2.9967 x10™° | VK~!
0.600 9.9849 x 107° 7.5660 x 10™° 8.4451x107° 6.7265x 1070 4.7221x107° 3.7818x 107 3.4067 x10™° | VK~!
0.625 8.9493 x 107° 6.6556 x 107> 6.9200 x 10™° 8.0765x 1075 7.1099 x 1075 5.6692 x 107° 4.6876 x10™° | VK~!
0.650 7.7828 x 1070 6.2231x107° 5.5386 x 107> 6.5979 x 107° 7.7746 x 1070 7.7654 x 1072 7.0911x107° | VK1
0.675 7.1555 x 107> 6.2057 x 10> 5.3675x 107> 5.1317 x107° 5.9630 x 107> 7.0470 x 1072 7.7131x107° | VK1
0.700 6.9347 x 1070 6.2527 x 1072 5.5752 x 107> 4.9238 x 107° 4.8241x107° 5.2201 x 107° 5.8771x107° | VK1
0.725 6.9109 x 107° 6.3193 x 107° 5.7401x 107> 5.1267 x 1070 4.7881 x 107° 4.6809 x 107° 4.7593x107° | VK~!
0.750 6.9218 x 107° 6.3822x107° 5.8839 x 107° 5.3716 x 107° 5.0133 x 107° 4.8255x107° 4.7340x107° | VK~!
0.775 6.9299 x 107° 6.4377 x107° 6.0014 x 1075 5.6180 x 107° 5.2592 x 1075 5.0670 x 107> 4.9606 x 10~° | VK~!
0.800 6.9287 x 1075 6.4867 x 1072 6.1074 x 1073 5.8161 x 105 5.5057 x 1075 5.3134 x 107 5.2066 x 107° | VK~!
0.825 6.9191 x 1075 6.5314 x 1072 6.2083 x 103 5.9800 x 105 5.7522 x 1075 5.5599 x 1075 5.4531 x107% | VK~!
0.850 6.9036 x 1075 6.5739 x 1072 6.3069 x 102 6.1205 x 1075 5.9773x 1075 5.8064 x 1075 5.6996 x 107° | VK~!
0.875 6.8859 x 1075 6.6174 x 1072 6.4059 x 102 6.2584 x 107° 6.1541 x 1075 6.0530 x 1075 5.9462 x 107° | VK~!
0.900 6.8769 x 1075 6.6658 x 1072 6.5086 x 107> 6.3979 x 107° 6.3198 x 1075 6.2598 x 1075 6.1927 x107° | VK!
0.925 6.8769 x 1075 6.7245x 1072 6.6181 x 10> 6.5416 x 107° 6.4859 x 1075 6.4460 x 1075 6.4147 x107° | VK!
0.950 6.8769 x 1075 6.7374x107° 6.7375x107° 6.6922 x 107° 6.6577 x 1075 6.6314 x 1075 6.6117 x107° | VK~!
0.975 6.8769 x 1075 6.7374 x107° 6.7614 x 102 6.8180 x 10~° 6.8347 x 1075 6.8223x 107 6.8124 x107° | VK!
1.000 6.8769 x 1075 6.7374x107° 6.7614 x 10> 6.8180 x 10° 6.8668 x 1075 6.9032 x 1075 6.9296 x 107° | VK~!
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A.2 Material parameters

A.2 Material parameters

If not stated differently, in all of the following tables that contain temperature dependent data,

linear interpolation is used between the given values.

Copper

Tab. A.10: Copper: Temperature dependent thermal conductivity A and specific heat capacity ¢, (data

from [158])

Aluminum

TemperatureinK AinWm 'K™! ¢, inJkg ' K™!

100.0
200.0
300.0
400.0
600.0
800.0
1000.0
1200.0

482.0
413.0
401.0
393.0
379.0
366.0
352.0
339.0

252.0
356.0
385.0
397.0
417.0
433.0
451.0
480.0

Tab. A.11: Aluminium: Temperature dependent thermal conductivity A and specific heat capacity c,

(data from [158])

TemperatureinK  Ain Wm™ 'K~

1

cpinJkg ' K!

100.0
200.0
300.0
400.0
600.0
800.0

302.0
237.0
237.0
240.0
231.0
218.0

482.0
798.0
903.0
949.0
1033.0
1146.0
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Polyamide 6.6

Tab. A.12: Polyamide 6.6: Temperature dependent specific heat capacity ¢, (data from [158])

Temperature inK ¢ in Jkg K!

123.15 730.0
173.15 930.0
223.15 1150.0
273.15 1380.0
293.15 1480.0
323.15 1680.0
373.15 2150.0
423.15 2600.0

Air

Tab. A.13: Air: Temperature dependent thermal conductivity A, specific heat capacity ¢, and density p
(data from [158])

TemperatureinK A in Wm™'K™! Cp in Jkg "K' pinkgm™3

100.0 0.00934 1032.0 3.5562
150.0 0.0138 1012.0 2.3364
200.0 0.0181 1007.0 1.7458
250.0 0.0223 1006.0 1.3947
300.0 0.0263 1007.0 1.1614
350.0 0.03 1009.0 0.995
400.0 0.0338 1014.0 0.8711
450.0 0.0373 1021.0 0.774
500.0 0.0407 1030.0 0.6964
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A.2 Material parameters

Cooling fluid water-glycol

Tab. A.14: Water-glycol (50/50): Temperature dependent dymanic viscosity ¢ and thermal

conductivity A (data from [158])

TemperatureinK pinkgm's™! AinWm™TK™!
253.15 0.02207 0.344
258.15 0.01653 0.349
263.15 0.01274 0.354
268.15 0.01005 0.359
273.15 0.00809 0.364
278.15 0.00663 0.368
283.15 0.0055 0.373
288.15 0.00463 0.377
293.15 0.00394 0.38
298.15 0.00339 0.384
303.15 0.00294 0.387
308.15 0.00256 0.391
313.15 0.00226 0.394
318.15 0.002 0.397
323.15 0.00178 0.399
328.15 0.00159 0.402
333.15 0.00143 0.404
338.15 0.00129 0.406
343.15 0.00117 0.408
348.15 0.00107 0.41
353.15 9.8E-4 0.411
358.15 8.9E-4 0.413
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Polynomial approximation of the specific heat capacity ¢, fyig from [158]:

Cp fluid =1 +2az (T — Trer)

with :
(A.1)
a; =3300Jkg 1K}
a, =1.9308Jkg 1 K2
Polynomial approximation of the density pgyiq from [158]:
Piiid =Pret + @1 (T = Trep) + @ (T = Trer)® + a3 (T = Tret) (P = Pref) + aa (P = Pret)
with :
Pref =1071.11kgm ™3
Tpef =298K
Pref =1 bar (A.2)

a, =—0.459749kgm 3K !

a, =—0.002432kgm > K2

a3 =1.6481 x 10 *kgm 3K 'bar™!
as =0.0385kgm > bar™!
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A.3 Hyperparameters during neural network optimization

A.3 Hyperparameters during neural network optimization

For an easier understanding, the varied parameters are always marked in blue.

Step 1

Tab. A.15: Hyperparameters in step 1 of the optimization procedure

Hyperparameter Value
Hidden layers {1, 2, 3, 4, 5}
Neurons in hidden layers see table A.16
Activation function in hidden layers sigmoid
Activation function in output layer linear

Batch size 2
Learning rate 0.001
Training epochs 1000

Loss function mean squared error
Optimization algorithm Adam

Tab. A.16: Step 1 of the hyperparameter optimization: Number of neurons in the hidden layers
depending on the number of hidden layers

Number of hidden layers Hidden layer Number of neurons

1

1 {5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60}

2

{20, 25, 30, 35, 40}
{15, 20, 25, 30, 35}

{20, 25, 30, 35, 40}
{15, 20, 25, 30, 35}
{10, 15, 20, 25, 30}

{20, 30, 40}
{15, 25, 35}
{10, 20, 30}
{5, 15, 25}

{30, 35, 40}
{25, 30, 35}
{20, 25, 30}
{15, 20, 25}
{10, 15, 20}

Ol W N R WDN HWDND DN -~

95



A Appendix

Step 2
Tab. A.17: Hyperparameters in step 2 of the optimization procedure
Hyperparameter Value
Hidden layers 2
Neurons in hidden layer 1 40
Neurons in hidden layer 2 35
Activation function in hidden layers {sigmoid, ReLU}
Activation function in output layer linear
Batch size {2, 4, 8, 16}
Learning rate 0.001
Training epochs 1000
Loss function mean squared error
Optimization algorithm Adam
Step 3
Tab. A.18: Hyperparameters in step 3 of the optimization procedure
Hyperparameter Value
Hidden layers 2
Neurons in hidden layer 1 40
Neurons in hidden layer 2 35
Act. funct. in hidden layers sigmoid
Act. funct. in output layer linear
Batch size 2
Learning rate {0.0001, 0.0005, 0.001, 0.005, 0.01, 0.01, 0.05, 0.1, 0.5, 1.0}
Training epochs 1000
Loss function mean squared error
Optimization algorithm Adam
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Nomenclature

Abbreviations

ANN Artificial Neural Network

BaTec Battery Technology Center

BEV Battery Electric Vehicle

BMS Battery Management System
CCCv Constant-Current Constant-Voltage
CMM Cell Meta-Model

DC Direct Current

DFN Doyle-Fuller-Newman

ECM Equivalent-Circuit Model

EoL End of Life

ETM Electrochemical-Thermal Model
FVM Finite Volume Method

IAM-ESS Institute for Applied Materials - Energy Storage Systems
ICT Institute for Chemical Technology
KIT Karlsruhe Institute of Technology
LCO Lithium-Cobalt-Oxide

LMO Lithium-Manganese-Oxide

MAE Mean Absolute Error

MSE Mean Squared Error

MSMD Multi-Scale Multi-Dimensional
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Nomenclature

NCA
NMC
NN

OoCP
OCV

P2D

PA
PyBaMM
RC

ReLU
RMSE

SoC
SPM

TC
T™MS

Symbols

MAE
MSE
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Lithium-Nickel-Cobalt-Aluminium
Nickel-Manganese-Cobalt
Neural Network

Open Circuit Potential
Open Circuit Voltage

Pseudo-Two-Dimensional
Polyamide

Python Battery Mathematical Modelling

Resistor-Capacitor
Rectified Linear Unit
Root Mean Squared Error

State of Charge
Single Particle Model

Thermocouple
Thermal Management System

heat transfer coefficient
specific heat capacity
capacitance

thermal mass

C-rate

diameter

temperature difference
maximum temperature difference
height

volumetric current rate
current

thermal conductivity
mean absolute error
mean squared error
dynamic viscosity
Nusselt number

Wm—2K™1)
kg 'K™)
(F)

gKh

(h™h

(m)

(K)

(K)

(m)

(Am™)

A)
(Wm~'K™)
)

)
(kgm~ts7
)



Nomenclature

pressure
electric potential
heat flux

volumetric heat generation rate

battery cell capacity

rate of heat flow

width factor

Pearson correlation coefficient
electrical resistance

thermal resistance

root mean squared error
density

state of charge

electrical conductivity
standard deviation

thickness

time

temperature

equivalent aging temperature
voltage

open circuit voltage

volume

volume flow rate

width

Subscripts and superscripts

(-)air
(')airgap
(av
(Javg
(')bag
(-)bot
(')boundary
()ch
(el
(')elyte
(-)end
(-)env

() fluid

air

air gap
active volume
average
pouch bag
bottom
boundary
channel
electrical
electrolyte
end
environment
fluid

(Pa)

%)
(Wm™2)
(Wm™3)
(Ah)
(W)

)

)

(9)
(Kw™h
)
(kgm™3)
)
(Sm™)
)

(m)

(s)

(°C)
°C)

(m?)
(Lmin™1)

(m)
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Nomenclature

(i
(-)init
(irv
(')max
(*)min
()n
(-)nom
(o
(')out
()p
(*)plastic
(’)plate
(-)pred
(ref
(')rev
(-)surf
(-)tab
()top
()tot
(*)trans
()true
()-
)
()1
)+
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inside
initial
irreversible
maximum
minimum
negative
nominal
outside
outlet
positive
plastic

end plate
predicted
reference
reversible
surface

tab

top

total
transition
true
negative
parallel / in-plane
perpendicular / cross-plane
positive
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Fast simulation models that predict the temperature difference in a battery cell
depending on the geometric cell design are needed for the evaluation, comparison
and thermal optimization of battery modules with tab cooling and other cooling
approaches.

Here, a new simulation model based on a neural network is proposed which rapidly
predicts the maximum temperature difference in a single battery pouch cell after a
charging process. The model considers all relevant geometric and thermal parame-
ters. Using this model, a charging process of a battery module can be computed in
less than 18 s. This enables the thermal optimization of pouch cell designs and the
comparison of different cooling approaches on module level, which is demonstrated
on two exemplary test cases.

Furthermore, a tab-cooled battery module prototype using thermally conductive
plastic materials is developed and analyzed. The simulation model is partly validated
with the prototype and its cooling performance is evaluated on a test bench.
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