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Abstract

The lithium-ion battery is the most expensive and weight-intensive component in
electric vehicles (EVs). Therefore, in the development of new EVs, the battery is often
the focus of optimization. In addition to the actual battery cell design, the serial and
parallel cell connection, the cooling capability, the battery’s mechanical integration in
the pack, and the electronics play a decisive role in a battery system. There are also
major direct dependencies between the optimal battery system and the necessary EV
requirements regarding energy, power, and system voltage. Moreover, fundamental
guidelines with regard to durability, safety, and general lifetime must be met and thus
taken into account in the battery system package design.

This thesis aims to combine the multitude of interfaces within battery system
development using a multiphysical framework capable of holistically evaluating,
comparing, and optimizing battery system concepts. The framework consists of
interconnected simulation models representing each major component group within
the battery system design.

The fundament is a generic cellmodule model capable of interdependently optimizing
cell and cellmodule geometries. The model is based on pooled data to geometrically
describe the entire integration pathway from the cell and its subcomponents to the
packaging specifications and the finalized module. The cellmodule model was
extended by electrical, thermal, and mechanical properties to be integrated within the
battery system simulation framework, consisting of additional parametrized models for
cooling, mechanics, and electronics design. Several interfaces between different
components were derived and defined in an interconnected submodel-concept. The
modular structure of this concept allows simple extension or decoupling of the
individual models for future developments. The resulting interconnectivity provides an
in-depth understanding of battery system design dependencies that are not observable
by standalone models. Machine learning optimization is used to derivate globally
optimized battery system design concepts. The optimization combines methods of
Gaussian process regression and classifications. Thereby, the solution space is
divided into multiple areas in which area-targeted search criteria are used.

Finally, analyses regarding optimized cell formats, beneficial system geometries, or
spot-on designed battery systems are conducted. Thereby, novel EV battery-related
issues are discussed from the cell to the module to the system level. Findings underline
the imperative need for component-coupled simulation models when evaluating battery
system designs.
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1 Introduction

1.1 Motivation and objective

With the Paris Climate Agreement, nearly every country commits itself to work towards
limiting the increase of the global average temperature to significantly below 2 °C
(shortening to 1.5 °C) compared to the level of the pre-industrial era. Significant
reductions in greenhouse gas (GHG) emissions across all emitting sectors are needed
to achieve this goal. The most relevant greenhouse gas is CO2 [1]. Therefore, other
greenhouse gases like methane are often converted into CO2-equivalents to make the
effect comparable. The share of total emissions is often divided into several sectors
like energy, industry, transport, buildings, or agriculture. The transport sector is usually
placed as the second or third most significant greenhouse gas emitting sector.
Depending on the calculation method, approach, and location, different emission
distributions result for Germany [2—6], the EU [7—10], and the global earth [11-14]. The
transport sector thus accounts for a GHG emission share of about 19% - 23%. Within
the transport sector, 72% - 96% of GHG emissions can be attributed to road transport.
Of these, 60% - 66% come from passenger cars and motorcycles. Figure 1.1 shows
the distribution of GHG emissions in more detail.

All sectors Transport Road transport

Share of greenhouse gas D-)-
emissions by sector

Road transport*

5 =

*Share transport *Share road transport *Share passenger cars
Global E1 ~21% Global EE1 ~76% = ~16% of total Global Bl ~60% = ~10% of total
EU B ~23% EU B ~72% = ~17% of total EU B ~62% = ~10% of total
GER ™= ~19% GER ™= ~96% = ~18% of total GER ™= ~66% = ~12% of total

Figure 1.1: Greenhouse gas emissions by sectors.

The shares of total emissions underline the significance of green mobility, especially
for road transport. However, while other sectors in Germany, such as industry or
buildings, have already achieved major savings in recent years, CO2-emissions in the
transport sector have remained essentially unchanged since 1990 [15, 16]. While the
energy efficiency of vehicles has primarily improved, the trend towards larger, heavier,
and generally higher traffic volume compensates for the savings given by higher
efficiencies [17].

In order to further drastically reduce the CO2-emissions of passenger and commercial
vehicles, vehicles powered by renewable energies are needed. While hydrogen
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production for vehicles is still not efficient enough, considering the still scarce
renewable energies, most car manufacturers are focusing on battery electric vehicles
(EVs). The battery electric vehicle represents a market-ready technology that can
reduce greenhouse gas emissions from the transport sector in the short term. The
effect grows with the share of renewable energies in the electricity mix [18, 19].

A battery system stores energy to operate the electric motors in battery-electric
vehicles. The system generally consists of several battery modules in which the
individual battery cells are stacked. To date, the batteries used in electric vehicles are
almost exclusively lithium-ion battery (LIB) cells. To ensure long-lasting and safe
operation, the battery cells are usually actively cooled by thermal management
systems and safely operated by an electronic unit. The battery system's outer frame
encloses the cells and all related components, providing safety in the event of a crash
[20-22].

In the complex development of battery systems, several physical aspects have to be
combined to meet the multitude of often conflicting requirements. Demands of
durability, safety, ecology, and economy must be addressed by conceiving the battery
system’s design from a holistic perspective. Additionally, novel approaches to battery
system design require detailed predictions already in the early stages of development.
In this context, the functional integration of individual battery cells in cell to pack
methods aims to integrate the cells deeper into the overall system structure [23-25].

In order to meet these challenges and ultimately satisfy the multitude of requirements
for each component of battery systems, prediction models with great accuracy and
reliability have to be developed. Simulation models (for this thesis, this term includes
also physical computation models and other approaches that use already executed
results from simulation models) offer cheap and fast evaluations to support the battery
system development process, especially in the early development stages. Standalone
models can represent individual components in great detail. Albeit, to make the best
overall design decisions for future battery systems, individual simulation models
representing each major battery system component must be coupled with each other.
Coupled simulations (for this thesis, this term defines interconnected or reciprocal
models, which exchange model parameters with each other) are often particularly
complex since multiple interfaces must be addressed, and the individual generic
models must be created based on the interfaces with sufficient accuracy for all
components. Within an optimization, the simulations must also take relatively low
computation time in order to be able to provide a wide range of supportive information
in the early development phase of the battery systems and thus derive otherwise
unrecognizable potentials.

This thesis aims to:

- Derive the challenges and opportunities in battery system design considering
the geometric properties of the cell, module, and system.

- Develop a design space parameterization for battery systems and elaborate a
methodology for different coupled simulation models for all main component
groups for battery system design.
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- Propose a nonlinear machine learning optimization framework using combined
Gaussian process regression and classification methods to ensure the
interchangeability of the variable simulation models.

- Ultilize the developed battery system optimization tool to derive and holistically
evaluate battery system designs from the system to cell level based on various
EV requirements.

1.2 Structure

The structure of the work is shown in Figure 1.2.

Chapter 2 briefly describes the fundamentals with regard to battery system engineering
and optimization relevant to this work. In particular, the structure of battery systems
and the relevant components will be presented. Furthermore, the basics of machine
learning optimization using Gaussian process regression methods are given. Finally,
the development process of battery systems is classified within the product
development process for passenger cars. Thereby, the role of simulation in the early
development stages is explained.

Chapter 3 stresses packaging differences and resulting utilization rates between
different battery cell formats used within a cellmodule. Subsequently, a generic
cellmodule model is derived and conditioned based on a literature review. This
cellmodule model enables to optimize both the module as well as the cell geometry.
The obijective function is varied to investigate the cost and energy perspectives.

In Chapter 4, a battery system optimization tool is developed based on different
simulation models for all main component groups. A cell model, which is resolved down
to the electrode stack level, is added to the cellmodule model developed in Chapter 3.
Additional models for cooling, mechanical system design, and electronics are added
to the framework. A novel parametrization of battery system space allocation defines
design space for each main component group, within which each component is
optimized. Different battery system concepts can be compared by varying the space
allocation between the components. In addition to electrical, thermal, or mechanical
comparisons, detailed weight and cost breakdowns can also be used to perform
quantitative comparisons of system designs.

In Chapter 5, a mixed integer optimization methodology is developed, combining
Gaussian process regression and Gaussian process classification methods. The
optimization framework evaluates iteratively changing battery system designs to
ultimately find a globally optimized battery system concept. A black-box approach
within the optimization framework is used, which enables individual simulation models
to be interchanged or replaced.

In Chapter 6, the optimization framework from Chapter 5 is coupled with the battery
system design simulation models described in Chapter 4. The holistic battery system
optimization tool is used to address battery system-related issues from the system
level down to the cell level. Different usage scenarios for the battery system
optimization tool are then presented. Optimizations of the total installation space, the
cell format, the cell geometry, the system geometry, and other variables are carried
out. The optimizations are based on different EV requirements in terms of energy,

3
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power, charging capability, and other sizes. An evaluation of battery system designs
with different cell integration levels quantitatively predicts the potential of the novel cell
to pack approaches.

Chapter 7 presents the conclusion and outlook of this thesis.

%

Chapter 7:
Conclusion and outlook

Chapter 6:
Applicative optimization of battery systems
and derivation of conclusive design guidelines

Chapter 5: Optimization strategy
for coupled battery ig '\

system design models

o

Chapter 4: Holistic battery system |- ‘
design analyses based 4 I
on a generic tool with TT T
multiphysically coupled
D submodels

| Chapter 3: Multiperspective optimi-
zation of cell and module
dimensioning for different

lithium-ion cell formats

Chapter 2: Fundamentals of battery
system engineering and
optimization

Chapter 1: Introduction: motivation,
objective and structure Q)

Figure 1.2: Structure of the thesis.



2 Fundamentals of battery system engineering and optimization

This chapter covers essential fundamentals for this thesis. First, the role of battery
system development within electromobility is introduced. Then, the electric vehicle’s
traction battery is presented as an overall system. Afterward, the different individual
component groups, cellmodule, cooling, mechanics, and electronics will be explained.
The component groups’ physical principles and their interaction within the battery
system will be briefly described. Subsequently, optimization principles, particularly
machine learning methods, are classified. Finally, the thesis will be thematically
integrated into the product development process of automotive manufacturers.

2.1 Electromobility and electrified vehicles

An electric car can generally be described as an automobile with an electric drivetrain.
The first development of electric cars dates back to earlier than 1900, but while internal
combustion engines for cars initially prevailed at that time, the development and
production of electric cars increased again, primarily due to the industrialization of the
lithium-ion battery at the beginning of the 21st century. EVs can be divided into hybrid
electric vehicles (HEV), plug-in hybrid electric vehicles (PHEV), and battery electric
vehicles (BEVs). Next to the battery-electric supply, hydrogen-based supplies of the
electric drivetrain are also used [26]. However, these fuel cell vehicles (FCV) will not
be discussed further in this thesis. In 2021, roughly 6.75 million electric passenger
vehicles, light trucks, and light commercial vehicles were registered. This represents
more than 100% growth compared to 2020 and almost 200% compared to 2019 [27].
Two phenomena mainly explain this growth. First, the global demand for individual
mobility, like passenger vehicles, has been growing for decades [28]. Second,
commitments such as the Paris Climate Agreement require countries to reduce global
CO2-emissions significantly [29]. Hereby, the mobility sector plays a crucial role. Many
governments around the world are subsidizing the purchase and use of electric cars.
These subsidies are often necessary to compensate for the price differences between
electric and equivalent combustion variants [29]. Other government measures include
tax breaks, special free parking spaces, free charging options, and many more [30,
31].

Although the prediction of a general vehicle service life is difficult due to the multiple
interdependencies, it is assumed that a standard mid-range vehicle should achieve an
average lifetime of 150000 to 250000 km. For EVs, this lifetime is expected to be higher
as less maintenance effort and lower maintenance intervals are needed for the electric
motor and the transmission [32]. In order to also reach a satisfactory battery lifetime,
special consideration must be given to the design of the traction battery. As the by far
most expensive component in the overall electric car, particular emphasis is placed on
the longevity and fail-safety of the battery. Therefore, different battery-related
components have to be well-matched to each other. Most car manufacturers
additionally guarantee battery functionality with a warranty period. Thus, the interest in
an optimized traction battery is crucial for both the consumer as well as the
manufacturer. The California Air Resources Board (CARB) plans to extend current
standard manufacturer battery lifetime guarantees by defining new rules for EV battery
lifetime. The CARB suggests that by 2026, every EV battery has to maintain 80% of its
certified range for 15 years or 240000 km [33].
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Given the premise of safety and durability, environmental reusability also plays a role
in traction battery design. Car manufacturers are planning return programs to reuse
the valuable materials from the battery. If batteries are to be recycled, it is of particular
importance that they can be disassembled in the best possible way. This approach is
partly opposite to the deep integration of battery cells within the vehicle with novel
integration methods such as cell to pack and cell to car [25]. In order to balance this
trade-off and further develop cost- and weight-optimized battery systems, competitive
advantages must be explored by synchronously optimizing major component groups
within battery systems.

2.2 High-voltage battery systems for battery electric vehicles

The design of high-voltage (HV) battery systems is directly dependent on the individual
vehicle requirements for which it is designed. Fundamental differences result from the
design of the energy storage system. While battery systems for hybrid electric vehicles
often require small, powerful battery storage units, pure electric vehicles usually place
more emphasis on the amount of energy available. Differences can also be found in
the space available for the battery system.

Figure 2.1 schematically depicts the packaging for the drive system of a battery-electric
vehicle. The main components of any battery system are the battery cells in the
corresponding module structure. The cells are the energy and power carriers and, at
the same time, represent the highest cost and weight component of the overall system.
The electronics consist of control units like the battery management system and
application units like the switch box, which is responsible for the inherent safety of the
battery system. A cooling system is installed in the battery system to ensure optimal
operating conditions of the battery cells to maximize their lifetime and power output.
All system components are embedded in the outer frame, ensuring external safety for
severe weather conditions or crash events.

| Cell || Module| Coolmg m

A__ ,
B \ n’/ i L
| = |
| 0 | = / |
| | Drive E [ ) |
train ]
I o I
L
| |
| |
| U w U U

Figure 2.1: Schematic battery and drivetrain structure for an electric vehicle.

As energy and power supply, battery systems require a significantly larger amount of
total vehicle installation space than the liquid or hydrogen fuel tank in combustion-
powered vehicles. While battery systems can achieve volumetric energy densities of
200 Wh/I — 400 Wh/I [34], diesel or gasoline has an energy density of about 25 — 50
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2.2 High-voltage battery systems for battery electric vehicles

times higher, at about 10 kWh/I [35]. This difference is narrowed if the energy use
efficiencies are put in perspective. In addition, fewer components (e.g., gearbox) are
used to power the EV, which frees up additional installation space that can be used for
the battery. In battery-powered vehicles, this needed battery space is typically located
in the underbody of the vehicle, which often results in slightly heightened vehicles.
Figure 2.2 shows a schematic of three battery system geometries integrated into the
vehicle’s underbody. Depending on the specific EV requirements and the other
components' design, each battery system geometry can be vehicle-type-specific
optimal. From the battery system view, a rather wide geometric design can lead to an
overall sizeable high installation space volume. However, battery cells must be
exceedingly well protected in a side crash due to the resulting short path of possible
energy absorption. A rather long design may require additional cross beams for
mechanical stiffness, adding weight to the system. A trade-off between the two can
generally lead to a smaller battery system leading to fewer battery cells for energy and
power supply. Every design geometry can furthermore directly influence the cellmodule
geometry, the cooling system, or the mechanical structure.

The functions of the individual component groups within the battery system are
consolidated in the following chapters.

- ————————— N - ————— = ——— [ pp—— )

S e L B e e )

Figure 2.2: Schematic of differently shaped battery systems.

2.2.1 Structure of cellmodules and overview of lithium-ion batteries

Several battery cells must be used to meet the electric vehicle’s energy and
performance requirements. Individual cells are usually combined as a unit to form a
cellmodule. A schematic of a cellmodule, consisting of 12 battery cells in two cellstacks,
is shown in Figure 2.3. The module housing protects the individual battery cells from
external influences and the mechanical expansion of the cells.

Battery
cell

Termina
Gassing
vent

Module
housing

Figure 2.3: Schematic structure of a battery cellmodule with prismatic cells.
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Several identically constructed cellmodules are usually used within a battery system.
Cellmodule-based battery system design enables to benefit from modularity,
economies of scale, easier maintainability, and reparability. The cellmodules thus
represent one of the main components of each battery system design.

2.2.1.1 Interconnection of battery cells

The battery cells within the cellmodule are electrically connected. While the
cellmodules are usually purely connected in series, the individual cells within the
cellmodules are connected in both series or parallel. The used interconnection is a
complex design decision associated with multiple dependencies [36]. Thereby, the
requirements of the battery system voltage play an essential role. The battery system’s
power can be nominally described using Psystem = Usystem * Isystem- 1he system voltage
can be increased by connecting more cells in series. The permissible total system
current on the other side can be increased by the parallel connection. However, omic
heating losses occurring, e.g. in the battery junction box or wires, according to P =
152ystem - Rgystem» @nd thus change quadratically to the current. Therefore, high voltages

and the associated high number of series connections are often favored over parallel
connections. Typical battery system voltages are around 400 V. Some manufacturers
also offer and plan vehicles with up to 800 V [37]. On the negative side, higher voltages
also have disadvantages due to more expensive components in the junction box and
can furthermore increase the risk in the event of a failure. Aghabali et al. reviewed the
benefits and challenges of 800 V systems in detail [38]. Purely serially connected
battery systems are also more susceptible to cell defects [39] and lead to larger
inhomogeneities in operation [40—42]. This results from the fact that the worst cell in a
serial row of cells determines the behavior of the complete cell string. Furthermore, a
defect in one cell can lead to a complete failure of the entire battery system. Therefore,
the parallel connection of cells generally enhances the system's lifetime and increases
homogenous behavior. Self-balancing between parallel connected cells increases the
system's overall homogeneity [43, 44]. In real-world EV applications, battery systems
are often built using combinations of serial and parallel connections [45]. Thus, the
advantages of both series and parallel connections can be combined [40]. Cell
connection, often mentioned as topology, is usually described using ‘xs x,p* with x;
being the number of cells connected in series and x;, the number of cells connected in
parallel. Table 2.1 shows some exemplary interconnections for different EVs. The
examples emphasize that no globally optimal solution for the best interconnection
exists. Rather, the optimal solution correlates with the specific vehicle, cell type and
system architecture.

Electric vehicle Battery system topology
Volkswagen 1D.3 58 kWh [46] Nine modules serial connected with 12s2p
Mitsubishi i-MIEV [47] Ten modules serial connected with 8s1p
Two modules serial connected with 4s1p
Smart Fortwo Electric Drive [47] 90 cells connected in 90s1p
VW e-Up [47] 17 modules serial connected with 6s2p
Tesla Model-S 85 kWh [47, 48] 16 modules serial connected with 6s74p
BMW i3 [48] Eight modules serial connected with 12s1p

Table 2.1: Exemplary battery system topologies for different electric vehicles.
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2.2.1.2 Overview of battery cell formats

Different battery cell formats are used in electromobility applications. The cell formats
can be classified as cylindrical, prismatic, and pouch. While in recent years, many
manufacturers used different cell formats for their battery system platforms, a number
of manufacturers are recently aiming to focus exclusively on one format. However, it is
difficult to make a reliable statement about the development potential of cell formats
due to the associated complexity and application specificity. Therefore, considerations
and analyses of cell formats must be made from the cell to the module and to the
system level [49]. This aspect will be extensively discussed in Chapter 3.

Depending on the cell format, the inner electrode stack is inserted differently into the
cell housing [50]. While cylindrical cells have wound electrode layer structures, the
electrode layers are usually stacked for pouch cells. Prismatic cells can be produced
with either wound or stacked electrode layers [51]. The winding process has the
greatest possible speed in production since electrode layers need to be cut less
frequently [52]. The resulting smaller capacity of cylindrical cells leads to a large
number of cells in EV applications. This can lead to more difficult cell monitoring for
the battery management system. In addition, the utilization rate at the module or
system level is often higher for the pouch and prismatic cells [53, 54].

2.2.1.3 Lithium-ion battery: overview and function principle

Today's electric vehicles almost exclusively use lithium-ion battery technology.
Lithium-ion batteries offer higher energy and power densities than other battery
technologies, enabling large amounts of stored electrical energy to be provided in a
small space and with low weight at high power levels. Comparative ragone plots can
underline their superiority over other electrical energy sources [55]. The broader
spread in energy and power density emphasizes the flexible usage possibilities for
various applications. The possibility of designing the cells as high energy or high
performance cells also enables flexible use for various applications, especially in the
field of electrification. This aspect will be further stressed in Chapter 2.2.1.5.

In the following, the functional principle of the lithium-ion battery is explained. For this
purpose, Figure 2.4 shows an example of the schematic structure of a lithium-ion cell.
The positive electrode is shown on the left, and the negative electrode is on the right.
A separator in the middle isolates the two electrodes from each other. The separator
is a porous membrane and prevents a short circuit between the two electrodes. An ion-
conductive electrolyte lies between the two electrodes and within their pores [56]. A
wide range of different materials is used in both electrodes. This will be further stressed
in Chapter 2.2.1.4. The positive electrode is equipped with a current aluminum
collector. As aluminum can react with lithium ions at high battery voltages, the current
collector on the negative side is usually made of copper [57].

The small and highly mobile lithium ions are the active part of the lithium-ion battery.
During charging, electrons flow to the anode through the external circuit. As a result,
lithium ions migrate from the metal oxide layer, with the help of the electrolyte, through
the separator to the opposite graphite electrode and are deposited in intercalation
compounds between the large graphite molecules. During discharging, this process is
reversed. As the lithium ions migrate back to the cathode, the electrons are released
through the external circuit and can thus be used as electrical energy (rocking chair
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principle). While anode and cathode generally change their designation depending on
the electrochemical reaction (charging or discharging process), the convention for
lithium-ion cells is to determine the designation during the discharge process [58].

e -

Electrolyte H Electrolyte
Separator

Figure 2.4: Schematic structure of a lithium-ion battery cell (charging direction).

2.2.1.4 Lithium-ion battery: materials, naming, voltage levels

Lithium-ion batteries gain some of their advantageous properties in particular from their
naming element lithium. Through the usage of lithium, some lithium-ion cell chemistries
can reach voltages above 4 V [56]. Generally, the voltage of a cell is significantly
influenced by the used electrode materials. A large difference between the anode and
cathode potentials increases the voltage and, thus, energy and power density of a cell.
Furthermore, material usage can also influence power capability, low or high-
temperature performance, and aging. This results in different advantages and
disadvantages depending on the material combination. The most commonly used
anode material is graphite. It has a low redox potential versus Li/Li* and gains low
volume expansion when lithium ions are intercalated. The downside of the low potential
is the risk that lithium can form metallic deposits on the electrode under certain
conditions. This effect of loss is called lithium plating (further aging phenomena are
described in Chapter 2.2.1.6). Another common anode material is titanium oxide
(LisTisO120r LTO) [59]. Its potential versus Li/Li* is higher. Due to its high potential, the
use of the material is inherently safer than graphite. However, it is rarely used in the
automotive sector because of the resulting low energy storage capability. Other novel
materials like silicon-based alloys promise the potential to increase energy density but
need special provisions to control the volume expansion during cyclic usage [60]. The
review by Feng et al. highlights the advantages and the state of research on silicon
alloy anodes [61].

An even greater variety of materials is given for the cathode. Cathode materials
generally aim for high redox potentials versus Li/Li* [59]. During the market launch,
lithium cobalt oxide cathodes were almost exclusively used. LiCoO2 has good
electrochemical properties, such as high specific heat capacity, low self-discharge, and
high voltage, with good cyclic aging performance. However, the material is expensive
and environmentally harmful. These and other reasons have led to research into new
material combinations. Nowadays, mixed materials such as nickel-manganese-cobalt
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oxides (LINIMNnCoO2 or NMC) or nickel-cobalt-aluminum oxides (LiNiCoAlO2 or NCA)
are primarily used. Another cathode material used is lithium iron phosphate (LiFePO4
or LFP). Due to the lower redox potential versus Li/Li*, battery cells with LFP cathodes
have lower energy density than cells with NMC or NCA cathodes [62].

The naming for different lithium-ion cell technologies is not consistent and can vary
between the cathode and anode material used. The NMC-Type cell represents a cell
with the eponymous cathode-side material combination of nickel-manganese-cobalt
oxide. Graphite is often used on the anode. NMC-Type cells have high voltages of up
to 4.3 V and can reach energy densities of 600 Wh/I and more. Individual properties of
the cell chemistry can be designed by the proportions of the materials nickel,
manganese, and cobalt leading to nickel-rich NMC cathodes having, e.g., larger
gravimetric capacities [63]. Closely related is the NCA cell. Usually, the nickel content
in this chemistry is more than 80%.

LFP is often considered a low-cost cell chemistry. The lithium iron phosphate cathode
gives the name to this cell type [62]. Due to the low potential versus Li/Li*, graphite is
used in the anode [64]. LFP cells reach voltages of up to 3.6 V. Their open-circuit
voltage is characterized by a particularly flat course over almost the entire SOC range.
This course is schematically depicted in Figure 2.5.
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Figure 2.5: Exemplary open circuit voltage ranges for different cell chemistries.

The LTO cell has its name based on to anode material titanium oxide. On the cathode
side, an NMC material combination is often used [59, 65]. LTO cells reach voltages of
upto2.8V.

New material combinations are continuously being worked on to complement
advantages and ultimately generate application-specific optimal cell chemistries. A
novel example is the LiMnFePO (LMFP) chemistry, which is expected to combine the
high safety of LFP with higher energy densities of NMC-Type battery cells [66].

2.2.1.5 Lithium-ion battery: high power and high energy electrode design

LIBs and other rocking chair batteries can vary widely in terms of power and energy
density. Different material combinations can change the properties of a cell
significantly. However, equally large changes can be made by the structure of the used
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electrodes. This leads to an often opposing trade-off between power and energy in cell
design.

Electrodes for high power applications are usually designed with thinner electrode
layers [67]. This makes it easier for the lithium ions to move between the electrodes
because the diffusion path lengths are minimized. As a result, the internal cell
resistance decreases. The work in [68] concludes that high power cells use lower coat
weights are areal capacities as well as smaller active particles, and higher cathode
porosities.

Conversely, the cell’'s electrodes are usually designed thicker for high energy
applications. While thicker electrodes generally increase the cell’'s energy density,
production costs can often be simultaneously decreased [69]. The work by Kuan et al.
[70] provides a wide-ranging overview of the principles, opportunities, and challenges
with regard to thick electrodes.

2.2.1.6 Lithium-ion battery: aging phenomena and aging effects

The usability of lithium-ion batteries deteriorates with time and use of the cell due to
changes in the electrochemical components, which leads to capacity and performance
degradation. Both phenomena are collectively named aging in the battery. Aging is
linked to multiple coupled aging mechanisms, which depend on various, often
correlated, factors, such as battery chemistry, cell design, as well as environmental
and operating conditions [71]. The point at which a battery no longer meets the energy
or power requirements needed for its specific application is generally referred to as the
end of life (EOL). Accordingly, the EOL is not firmly defined but is often fixed in the
literature at 80% relative remaining capacity [72, 73]. More dynamic approaches use
degradation “knee-points” as an indicator for estimating EOL [74, 75]. A widely used
and accepted subdivision of aging in the literature is divided into the loss of free lithium
ions (Loss of Lithium Inventory: LLI), the loss of active material (LAM), and the increase
in internal resistance [76].

The load-free calendar aging considers aging mechanisms that do not depend on the
cell's power output. The main influencing factors are the state of charge (SOC) and the
temperature at which the cell is stored. At high SOCs, only a few lithium ions are
located in the active material of the cathode. This increases the chemical affinity for
unwanted reactions with the electrolyte. High temperatures can accelerate these
reactions.

Cyclic aging occurs during the use of the battery cell. Thereby, the main factors are
the average charge or discharge voltage, the temperature and the cycle’s depth of
discharge (DOD), and the cell's charge or discharge current rates. Due to repeated
reactions in the cell, the condition quality of the internal materials continuously
decreases. The review by Barré et al. [77] summarizes these and other aging
phenomena. To prevent or decelerate some of the mentioned aging mechanisms, EV
manufacturers often restrict the usable SOC range [78]:

SOCcell,lower lim. < SOcusable,lower lim. < SOCusable,upper lim. = SOCcell,upper lim.- (21)

A particular challenge in the automotive sector arises from the increasing demand for
fast charging (also named quick charging) times. During fast charging, high
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overpotentials and lithium ion concentrations can occur. This can lead to a metallic
deposition of the lithium on the graphite anode. Lithium plating belongs to the LLI. In
extreme cases, lithium plating can short-circuit the cell, causing oxidation of the
electrolyte and dangerous thermal runaway [79, 80]. Thermal runaway describes the
exothermic reaction of LIB in which different stages lead to massive energy release,
which can destroy other cells within a cellstack. The cascading reaction is then called
thermal propagation. In-depth literature on thermal runaway and thermal propagation
can be found in [81-83]. Due to its low reversibility, lithium plating also leads to short-
term efficiency losses. Careful cell design and highly accurate predictive methods must
be used to operate the battery cells at specific operating point-dependent current and
voltage limits so that plating does not occur [84]. Further expositions of aging
phenomena and diagnosis methods for automotive applications are described in [85].

In addition, reversible aging effects are often mentioned in the literature. These include,
for example, the effect of the anode protrusion [86] and local inhomogeneities in the
distribution of the lithium ions [87].

2.2.1.7 Lithium-ion battery: swelling and cellstack compression

Significant volume changes can occur in lithium-ion cells. Reversible volume changes
of roughly 10% have been reported in lithiated graphite [88]. Even larger volume
changes come with the usage of silicon anodes [89]. Depending on the nickel content,
volume changes of the cathode were also proposed in the literature [90]. In addition,
various aging mechanisms (growth of solid electrolyte interface (SEI), lithium plating)
lead to irreversible swelling of the cell. Moreover, gas evolution in LIB can lead to
significant cell swelling, especially in prismatic and pouch cells [91, 92]. In order to
manage these cell volume changes, counter pressure plays a vital role in cellstack
packaging. Different preload pressures can influence the cell’'s aging behavior
differently [93]. Literature shows the existence of a cell- and stack-dependent
optimized pressure. Insufficient pressure can lead to the delamination of electrode
layers and separator deformation [94]. Mussa et al. [95] show that cyclic lithium losses
are reduced at optimum pressure.

In addition to reduced aging, the thermal behavior of battery cells can also be pressure-
dependent influenced. Steinhardt et al. [96] measured a roughly 12% increased
through-plane thermal conductivity for prismatic cells with compression pressure
between 37.1 kPa and 74.2 kPa. Since the battery cell must also expand during its
lifetime, cell stress must also be considered throughout the life of the battery [97].
Different cushion pads offer the possibility to keep the pressure on the cells well during
their lifetime. The range of possible material combinations is broad, as the pads are
often used additionally to prevent thermal propagation [94].

2.2.1.8 Lithium-ion battery: load operation and heat losses

Heat losses occur in battery cells due to charging or discharging. Cell-specific
properties like cell format and cell chemistry can greatly influence the thermal behavior
of the cell. Generally, heat generation can be divided into reversible and irreversible
parts. The reversible parts result from entropy changes during the intercalation and
deintercalation of the lithium ions. The irreversible parts are, in particular, the occurring
resistive (joule) heating. Further, at the system level often negligible parts occur from
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intracellular side reactions. Derivations and methods to determine different heat losses
can be found in [98, 99].

In order to describe heat release as a transient function of power or current, electrical
equivalent circuit models (ECM) are often used. With ECMs, the electrical behavior of
LIBs can be described in sufficient detail for numerous applications. Additionally, ECMs
are useful electrical surrogate models in large simulation models because of their short
computation time.

Multiple RC circuits can be used to electrically describe the battery cells and their
dynamic behavior in a simplified way. Figure 2.6 illustrates a 2-RC model with a
corresponding schematic voltage drop for a pulse current. Cell-specific electrochemical
impedance spectroscopy (EIS) is used to condition these RC models. Several
measurements with dependencies in SOC and temperature are performed for model
generation. Further recent investigations and general comparisons about different RC
models and EIS measurements can be found in [100-102].
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Figure 2.6: Schematic of 2-RC-Model for a lithium-ion battery cell and corresponding
cell voltage diagram for a current pulse.

2.2.2 Thermomanagement in battery system engineering

In order to ensure optimized performance and the longevity of the battery system, the
battery cells must be optimally tempered. In EVs, a battery thermal management
system (BTMS) is therefore used to control the temperatures [103]. For most types of
LIBs, an operating temperature range of -20 °C to 60 °C applies. Outside these limits,
the risk of severe aging or even destruction of the battery cell due to thermal
propagation increases drastically. A smaller temperature range is usually
recommended to ensure optimal performance [104]. In order to additionally ensure
temperature homogeneity of the individual cells within a module or system, minimizing
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cell temperature differences should also be taken into account when designing the
cooling system. The literature recommends average temperature differences within
one operating cellmodule to be kept below 5 °C [105]. However, this difference can be
significantly increased while fast charging [98].

When evaluating heat generation within the battery, a distinction can be made between
profiles describing real vehicle cycles and intensive charging processes using fast-
charge profiles. In recent developments, fast charging is often considered particularly
challenging for temperature homogeneity and total cell load [106]. This makes fast-
charging capability one of the core design premises for the cooling circuit.

In order to effectively transport the heat release from the cell, module, and battery
system, a number of design criteria have to be considered for the design of the BTMS.
Air, coolant, refrigerant, or combinations of fluids can be used to transport the heat
losses from the cell to the ambient [107]. While air cooling is an inexpensive and
practicable approach, it is significantly less effective than liquid-cooled systems [98].
Due to the increasing demand for higher energy and power densities, a powerful
cooling system is becoming more and more important. Therefore, liquid cooling
systems are the most commonly used cooling methods in today's EVs (e. g. Chevrolet
Bolt, Tesla Model S, BMW i3, and BMW i8) [108]. Exemplary liquid flows for different
battery systems can be observed in the work of White et al. in [109].

Nevertheless, the choice of fluid also directly influences the connection options of the
cells to the cooling fluid. A distinction can generally be made between direct and
indirect cooling connections. In direct cooling systems, the fluid is directly in contact
with the cellmodule. Examples of direct cooling are air cooling or liquid immersion
cooling systems. The advantage of the method is its high effectiveness in heat
transport. Indirect cooling systems use cooling plates in which the fluid flows. The
cooling plates are thermally connected to the cell or cellmodule using different gap
fillers or gap pads. The advantage of indirect cooling is the distinct separation of wet
and dry battery system areas. When designing an optimized cooling plate, the following
interdependent design criteria must be taken in particular into account [110-114]:

- Pressure loss-dependent cooling plate design: Optimal cooling channel routing
and geometry of the cooling tubes determine the necessary fluid volume flow
rate. A suitable water pump must be selected based on the corresponding
cooling plate design. Additionally, the orientation of the cooling channel
depends on the module geometry. Furthermore, other production-specific
requirements, such as minimal tube-to-tube distances, must also be considered.

- The flow routing of the cooling channels describes how the cooling channels
are distributed to the individual battery modules. A distinction is often made
between different flow paths (parallel, perpendicular).

- The number of passes of each cooling tube along one cellmodule can be
modified.

- The cooling channel geometry depends on the available installation space and
is also subject to production constraints.

- Different thicknesses and types of gap fillers are used to optimize the thermal
connection from the cooling plate to the cellmodule.

15



2 Fundamentals of battery system engineering and optimization

Figure 2.7 shows a schematic diagram of a cooling system with indirect active liquid
cooling.
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Figure 2.7: Exemplary cooling plate with different design parameters and
construction sizes.

BTMS concepts with water/glycol-based coolant offer various integration options within
the vehicle. Often, a combination of two circuits is used. On the one hand, the coolant
temperature can be lowered to lower ambient temperatures using the low-temperature
cooler circuit. On the other hand, the coolant temperature can be adjusted by the
vehicle refrigerant using a chiller. Using the vehicle's air conditioning circuit is
particularly important at high ambient temperatures to ensure a low inlet temperature
of the coolant in the battery system. If battery heating is required, the coolant can also
be heated using, for example, a positive temperature coefficient (PTC) heater [115,
116].

In addition to the combination of coolant and refrigerant circuits, a direct refrigerant
cooling circuit can also be used. Thereby, the refrigerant evaporates inside the cooling
channels to transport the heat from the battery system. Refrigerant cooling is used in
the BYD Dolphin [117].

Compilations, advantages, and disadvantages of different cooling configurations are
summarized in the work of Deng et al. [115] and Xia et al. [118].

Various numerical model approaches can be used to evaluate thermal behavior.
Examples are computationally expensive 3D thermal models or simplified lumped
parameter models. The general advantage of lumped mass models lies in lower
computation times and simple coupling with further electrical or electrochemical
models [119, 120].
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2.2.3 Mechanics in battery system engineering

The safety of vehicle occupants plays a special role in the design of vehicles and also
in the design of the battery system, which is additionally protected by legal framework
conditions. The safety measures can be divided into two large groups. One is active
safety, and the other is passive safety. Avoiding collisions before they take place refers
to active safety systems, whereas passive safety systems are used to minimize the
impact of an accident during a crash. These include airbags, safety belts, and the
crumple zone [121]. In the ideal design, two fundamentally contradictory requirements
apply to the passenger compartment. Rigid structures are needed for the passenger
cell to protect the occupant, while flexible structures like the crumple zone are used to
dissipate the crash energy via plastic deformation [122]. The battery system of battery
electric vehicles is usually installed in the underbody of the vehicle and thus represents
a direct part of the vehicle mechanics. For this reason, the battery system must be
matched to the vehicle’s mechanical requirements.

When a metallic structure is deformed by an impact or collision event, kinetic energy
is converted into internal energy. The deformation of the structure can be divided into
two different mechanisms. Elastic deformation is reversible, and after reaching the
state of maximum deformation, springback occurs in which the elastic deformation
regresses. Plastic deformation, on the other hand, is irreversible and occurs in metallic
structures due to a migration of dislocations at the atomic level. During this process,
the energy required for plastic deformation is converted into thermal energy [21].

An exemplary force and displacement curve is depicted in Figure 2.8. The maximum
force F,.x is reached early. Afterward, the force is nearly constant until the maximum
deformation of x,,,, is reached. Elastic deformation lowers the absolute displacement
afterward. The integral within the curve can be described as the energy absorption of
the structure [123].
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Figure 2.8: Basic force-displacement curve for a deforming structure.

The maximum force that a crash structure can generally withstand is limited, for
example, by the fact that exceeding a critical force will damage other structures of the
vehicle or connection technology, such as welding points. In addition, forces suffered
by the vehicle or crash structures are directly related to the acceleration or deceleration
of the occupants, which should be as low as possible in the event of an accident. The
maximum deformation path, on the other hand, is limited by the available deformation
and installation space. Automotive manufacturers use a number of load cases to
design individual crash structures and complete vehicles according to passive safety
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aspects: e.g., front and side crash, crush, rollover, and vibration [123]. More details
and country-specific crash lists can be found in [124].

In order to test the load cases for a defined structure, finite element methods (FEM)
are often used. In a FEM model, various mechanical relationships, which can be
mathematically calculated using numerous differential equations, are solved
coherently. For this purpose, the component is discretized into finite elements.
Generally, the number of elements influences the result’'s accuracy potential.
Nevertheless, FEM is always an approximation method. The individual elements are
interconnected at nodes, where, e.g., forces are transferred. During the calculation
process, the node displacements and rotations are determined. The resulting stresses
due to external forces are calculated using kinematic relationships and material laws.
Afterward, interpolation with neighboring elements is used [125—-127].

Different unique parts have to be interdependently optimized to design the mechanics
framework for the battery system. Next to the top and bottom cover plate, design
optimization can be performed explicitly regarding the thicknesses and shape of the
outer battery frame profile. Additionally, cross and side members are used to increase
the system's stiffness. The resulting box-shaped space is used for the cellmodules or
the electronics within the battery system.
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Figure 2.9: Basic mechanical components for a battery system.

Another important role for reliability and robustness is the material choice for the
mechanical parts of the battery system. Aluminum is widely used as a lightweight metal
and is especially popular due to its rigidity and low cost. Furthermore, high
temperatures can be managed well from the metal case and even facilitate efficient
cooling of the battery modules and cells. Table 2.2 presents examples of the materials
used for battery housing in different vehicles.

Electric vehicle Main material used f.or battery system
housing

Tesla Model S Aluminium

Honda Fit EV Steel

Chevrolet Volt Steel

BMW i3 Aluminium
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Table 2.2: Overview of the main material used for the battery system housing in
different commercial cars. Data from [21].

Recent developments show that mechanical stability can be further increased by
integrating the battery cells as a mechanical unit. Examples are the Blade battery
system with the blade cell from BYD [128] or the cell to pack Qilin battery from CATL
[129]. Cell to pack, cell to chassis, or cell to car systems require direct integration of
the battery cells into the battery system or even the underbody of the vehicle. The cell's
mechanical behavior must be precisely known when using the battery cell as a
mechanical unit. Thereby, module housing structures can be made narrower or even
omitted. These measures can save weight and costs [24, 25, 130, 131]. One obvious
measure to integrate the cell within the battery pack is to glue it directly into the battery
housing. However, this makes disassembly almost impossible and thus effectively
precludes a replacement or partial repair of the battery cells or stacks. In the future, an
EU regulation will specify the level to which a traction battery must be replaceable and
thus also repairable and recyclable [132].

2.2.4 Electronics in battery system engineering

The electronics for the EV’s traction battery play an important role in the proper and
efficient operation of the battery system. Intelligent and optimized operation of the
traction battery increases reliability, safety, and the ecology of the battery system.
Furthermore, it is responsible for the safety and monitoring of the individual cells within
the battery system.

In particular, in the event of an error, for example, from a crash, the battery must be
switched off quickly to protect the vehicle occupants and enable any necessary rescue.
This task is usually performed by a battery junction box (BJB). The BJB is often also
named battery disconnect unit or E-Box. The main passive components are contactors
(relays), fuses, current sensors (shunt or hall sensors), capacitors for load shedding,
and a pre-charging circuit (consisting of a resistor and contactor). Additional interfaces
in the form of connector strips provide the connection between BJB and the battery
[133]. The overall package also requires a good seal and an easily accessible cover to
minimize susceptibility to faults and ensure good repairability. In some cases, the BJB
also has a cooling concept that is separate from the battery system.

The electronic control unit is the battery management system (BMS). The BMS is
subdivided into cell management controller (CMC), module management controller
(MMC), and battery management controller (BMC). Due to the hierarchical structure,
individual variables can be combined and monitored at different levels. Therefore, the
BMS monitors temperatures, currents, and voltages within the entire battery system
and initiates any necessary switching operations of the passive components described
above. Furthermore, necessary cell balancing is operated by charge and discharge
control between individual cells. In addition, the SOC of the cells can be used to
evaluate the expected remaining vehicle range. Together with the passive
components, the BMS represents the electronic control unit of the entire battery system
[50, 134].
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Battery electronics and charging unit
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Figure 2.10: Breakdown of battery electronics in EV battery systems.

2.3 Optimization methods

The terminology optimization describes the search for the best result of an objective
function with the help of mathematical procedures, heuristics, or other algorithm-based
methods. An essential challenge for the realization of optimization is to firmly define
the optimization problem with the help of the objective function and often multiple
constraints. The problem must be written mathematically in such a way that, on the
one hand, the technical problem to be examined is suitably represented and that, on
the other hand, the best solution exists which can be solved in a computing time
appropriate to the technical problem [135, 136].

Optimization problems can be classified by the types of variables used to describe the
initial problem. A distinction is made between integer, continuous, and mixed integer
optimizations. In general, an optimization problem can be described by some function

f:V-R:

minimize f(x)
X (2.2)
subjectto g;(x) <0,i=1,...,n

withx € V.

In addition, a distinction is made between different classes of optimizations. Linear
optimizations are characterized by a linear objective function and the linear
representation of the constraints for a system. A widely used solution methodology for
linear problems is the simplex method.

Much more common in science and engineering and, at the same time, more difficult
is handling nonlinear optimization problems, where the objective function, constraints,
or both are nonlinear. Examples can be typical cost or weight optimization of parts,
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components, or systems. Nonlinear influences of different parameters or constraints
on the decision variables lead to nonlinear optimization. Solving nonlinear optimization
problems is generally associated with significantly more challenges [137, 138]. For this
purpose, different evolutionary or gradient-based algorithms can be used, but also
machine learning provides promising possibilities [139]. The applied methods often use
an iterative approach to converge to the optimal solution. A general iterative
optimization procedure is illustrated in Figure 2.11. One common solution method for
nonlinear problems is based on dividing the total solution space into several
subdomains. If the individual subdomains are differentiable and convex, a local
minimum can be found using gradient-based methods. Local minima of the other
subdomains can then be compared to each other. Uncertainties and challenges can
be found, for example, in the quality of the search for the local minima as well as in the
computation time-adjusted partitioning of the subdomains. Machine learning
algorithms can help to evaluate and subdivide the solution space by previously
considered points [140].

Starting Optimization
configuration

Change
configuration

1l
-

Model | Model _ Optimum
calculation evaluation whed?

yes
h 4

Optimized
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Figure 2.11: Schematic flowchart of iterative optimization.

2.3.1 Machine learning

Artificial intelligence as a terminology was first defined in 1956 by McCarthy, Minsky,
Rochester, and Shannon at the Dartmouth Conference [141]. The term describes
machines, robots, or software systems that take on complex tasks independently,
without being given each individual step. Machine learning is a subfield of artificial
intelligence and has been recognized for decades as an established field of research
with rapid growth.

In general, machine learning terminology encompasses all methods that use defined
learning processes to identify relationships in existing data sets to make predictions for
further data points [142]. The areas of application for machine learning continue to
grow. Machine learning models aim to make future-relevant conclusions or predictions
based on self-learning effects with previously existing data without having to be
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2 Fundamentals of battery system engineering and optimization

explicitly specified. The algorithm can therefore adapt and improve itself based on the
input data. The data can be of different types, e.g., continuous, integer, or binary.
Generally, machine learning is divided into the following three categories: supervised,
unsupervised learning, and reinforced learning [143].

Artificial intelligence

Machine learning

Supervised Unsupervised Reinforcement
learning learning learning

Environment

it

.
L »

| | X X Reward

Figure 2.12: Overview of the sub-areas of machine learning.

Unsupervised learning refers to the method of machine learning in which the algorithm
learns to recognize patterns and relationships in the given data independently and
without supervision. The input data has no predetermined target variable, which means
the desired output data is not predetermined. Unsupervised learning helps detect
unknown patterns or categorizations in any data type [139, 143].

Reinforcement learning finds solutions and strategies to complex problems based on
a trial-and-error process and rewards received for specific actions performed. Unlike
the other learning methods, no initial data is required to train the learning system
(agent). The knowledge is thus created during multiple different optimization iterations.
The algorithms aim to maximize the rewards received. The individual actions are not
predefined but are determined by the utility generated from the rewards received.
Reinforcement learning is similar to human learning and uses, for example, artificial
neural networks [143].

The goal of the supervised learning procedure is to predict the output value with as
high an accuracy as possible using the available input values. In order to validate the
model parameters on previously unknown data, the entire data set is divided into a
training set and a test set. The actual learning process for predicting the target variable
is based on the training set, whereas the evaluation of this trained model is performed
using the test data set. This ensures that the evaluation variables, such as accuracy
and error rate, are determined with data from the test set that is unknown to the model.
Furthermore, hyperparameters can be used to adjust the learning algorithm to increase
the model's goodness [139, 143, 144].

22



2.3 Optimization methods

2.3.1.1 Bayesian optimization with Gaussian process regression

A common supervised learning method is the interpolation method based on a
Gaussian process controlled by prior covariances. This procedure, called Kriging, is
also known as Gaussian process regression (GPR) and is often used within Bayesian
optimization. For unknown objective or model functions, Gaussian process regression
can approximate the objective function by interpolation, extrapolation, or smoothing.
Bayesian optimization is commonly used when evaluating the objective function is
time-consuming, leading to only a limited number of possible function evaluations.
Based on the approximated GP-based model, the point selection within an iterative
optimization can be determined [145]. The iterative Bayesian optimization procedure
is shown schematically in Figure 2.13.

Observe data points

Build GP-based surrogate
model

Evaluate and add point to
observed data points
Bayesian _
, optimization l
Select next point to Use acquisition function on
- -_ N

Figure 2.13: Procedure of Bayesian optimization with Gaussian process regression.

GPR methodology is based on Gaussian processes (GP) that are controlled by the
covariance function. The GP model represents a probability distribution of the possible
interpolation functions that can be used to derive the solution with the highest
probability. The following steps describe the basic working principle of the Gaussian
process regression model [146]:

- By forming the a priori expected value function, the regression problem is first
estimated. A trend or offset of the total data known in advance can be
determined.

- The a priori covariance function, also called the kernel function, is set property-
specifically according to the nature of the optimization problem. By
hyperparameter tuning, the parameters of the covariance function can be
specifically adapted to the optimization problem.

- The already evaluated points of the unknown objective function are used to
determine the conditional a-posteriori Gaussian process for new points from the
a priori Gaussian process to subsequently determine the expected value as well
as the location-dependent variance for each point.

23



2 Fundamentals of battery system engineering and optimization

If the estimated GP model of the total solution area is available, the next step in
Bayesian optimization is to select the next query point to be evaluated. However, since
the actual objective function is unknown and only the approximation based on a
covariance function is available, the next query point must be selected based on the
expected value and location-dependent variance. An example of this is shown in
Figure 2.14.
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® Evaluated points @ Evaluated points
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Next evaluation

|

Large uncertainty

Figure 2.14: Query point selection for an exemplary GPR model.

Different procedures, named acquisition functions, for the query point selection are
frequently used in the literature [147]:

- Selecting the lowest expected value.

- Selection of highest standard deviation (upper confidence bound, lower
confidence bound).

- Combination of the expected value and the standard deviation (Expected
Improvement, Probability of Improvement).

- Selection of highest differential entropy (see, e.g., [148]).

The various acquisition functions must be selected problem-specific, as they pursue
different goals and can be associated with higher computation times. Here, the trade-
off between exploration and exploitation plays a decisive role, which is shown
schematically in Figure 2.15. While exploration allows a better search of the overall
solution space and the identification of promising solution regions, exploitation scans
smaller solution spaces in great detail [145].
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Figure 2.15: Basics of exploration and exploitation in optimization algorithms.

Different acquisition functions can be useful at different times in the optimization, for
example, to scan the overall solution space first and search deeper in certain attractive
solution areas later in the optimization.

A more detailed derivation and description of Gaussian process regression and various
acquisition functions can be found in [145].

2.3.2 Parallelization

In order to carry out optimizations even more efficiently, several data points can be
evaluated in parallel in the program instead of the continuous evaluation of one data
point. Often, one execution of the initial model is performed on each logical core of a
computer. The main goal of parallel optimization is to obtain more target function

evaluations per time unit and, thus, more knowledge gain per time unit [149]. The basic
parallelization principle is illustrated in Figure 2.16.

Parallelized

Choice of Evaluate
test points | results

Figure 2.16: Basics of parallel computing.
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The necessary steps in direct comparison to the non-parallel approach are, in
particular, the setup of the parallelization process, which can be divided into three
major areas:

- Definition of the points to be tested in parallel. It must be ensured that no
redundant points are evaluated.

- Performing the parallel objective function evaluation.
- Merging and evaluation of the individual results.

In order to make parallelization efficient, the parallelization process must be designed
optimally [150]. Figure 2.17 gives a schematic example to emphasize occurring
problems in non-efficient parallelization. A detailed review of parallel computational
optimization can be found in [151].

I 0] l T 0] l C P | Parallelization process
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Figure 2.17: Schematic comparison for serial computation (Case 0), beneficial
parallelization (Case 1), and non-beneficial parallelization (Case 2).

2.4 Integration of battery system concept development within the
vehicle product development process

In this chapter, the contents of this thesis are to be placed in the overall development
process of automobiles. The basis is the concept of a product development process
(PDP) commonly used in the automotive industry.

The product development of new automobiles is a highly complex balance between
innovation, cost-reduction, and development speed. The main objective of the process
is to develop a vehicle that is attractive to customers at the time of completion. Thereby,
the product's attractiveness must be so high that customers are willing to pay a price
for the vehicle that overcompensates for the previous development and production
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process costs [152]. This complex process involves a large number of participants with
many different competencies. The PDP includes a milestone plan that can be broken
down into the phases: product planning, concept phase, series development, and
production (see Figure 2.18).
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Figure 2.18: Schematic representation of development phases in the product
development process with different project phases to start of production
(SOP). Own graphic, adapted from [153] and [154].

In the product planning phase, the essential features and requirements of the end
product are defined on the basis of various market analyses together with the
development team involved [155]. In the subsequent concept phase, the first
evaluations on concept implementations are pursued. Hereby, the main task is to work
out a concept based on the previously defined requirements and to prove the feasibility
of this concept. This process is time-critical, as requirements can quickly change if
there is a delay within the development process. Findings from predevelopment, e.g.,
simulation models, can be used to support the development of the concept. Virtual
prototypes can additionally verify the feasibility of concept stages. The concept phase
ends with the decision and definition for a final concept with fully defined product
specifications. Subsequent concept changes can often only be implemented at high
technical risk and with an additional financial expense. Therefore, high-quality product
specifications from the concept phase are crucially necessary.

For this reason, targeted tool development for evaluating and illustrating concepts is of
particular importance for the early phase and can generate a strategic competitive
advantage. Tools to be used must be generically adaptable in order to be able to
evaluate development changes quickly. Simulation models can be used to derive
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2 Fundamentals of battery system engineering and optimization

changes in space allocation, resulting geometry changes, and their influence on the
physical properties of affected components within a short period of time [156].

After the concept phase, the series development optimizes the fully defined concept
into a finished product with the help of several sample stages. Physical prototypes can
additionally ensure feasibility. With the start of production (SOP), the ramp-up of series
production starts. Further literature on the automotive PDP can be found in [157].

An additional way to accelerate the development process is to standardize individual
components that have already been developed and can be used again in the new
vehicle project. Different individually designed hats are used to provide a vehicle
portfolio based on just one platform. This allows individual platforms to serve entire
vehicle families and thus significantly reduce vehicle development costs [158]. In
addition, the concept of carry-over-parts (COPs) allows the adoption of, e.g., large
parts of the powertrain directly into the new vehicle. COPs eliminate the need for new
developments and can also enhance brand recognition through, e.g., interior elements
or brand-specific driving dynamics [159, 160].

Carry-over-part

@ 7
@/H

Product
family

Figure 2.19: Relation between automotive platforms, hats, and carry-over-parts.
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3 Multiperspective optimization of cell and module dimensioning
for different lithium-ion cell formats

Parts of this chapter are published in a journal article [161] as part of this thesis. This
chapter contains minor modifications and extensions with respect to the original
publication. The use of the article content, including illustrations, is permitted with the
consent of Wiley-VCH.

The main challenge in developing electric and electrified vehicles is the drivetrain with
the associated battery system. Within the battery system, individual modules
consisting of multiple interconnected battery cells provide the engine with power and
energy. A crucial part of developing the electric vehicle’s battery is the optimized
dimensioning of modules and cells. Therefore, designing a unified cell format may be
a competitive advantage for original equipment manufacturers (OEMs) in rapidly
changing market situations. Different constraints, such as peculiarities of different
battery formats, module sizes, or required module voltages, must be evaluated for
optimized battery cell dimensioning.

This chapter provides a holistic cellmodule optimization based on geometric and
generic assumptions. The presented model considers various factors like cell format-
dependent geometries and their limits, cell-size specific cell-to-cell stacking distances,
as well as module geometries and voltage requirements. An application-dependent
energy and cost perspective analysis is provided that results in a user-defined
weighting model to optimize the cell format and its corresponding dimensions.
Furthermore, the optimized module dimensioning for prior-specified cells is introduced.
Pareto-optimal results within this analysis are discussed and enable the generic
cellmodule optimization to be used in higher integrated battery system optimization
models.

T

/ Em“l-\;l-odule ! y/ 7

Figure 3.1: Graphical abstract of cellmodule optimization framework.
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3.1 Introduction and scientific integration

Electric vehicles are an essential part of bringing the mobility CO2-emission to lower
levels and ultimately reaching the Paris Climate Agreement [162, 163]. In recent years,
EVs received considerable attention leading to car manufacturers announcing new
electric platforms and cars among all the different car classifications from A- to F-
segment. Already, EVs have achieved annual record sales for the last few years [28,
164—-167]. Yet, they are still relatively expensive, leading to different states subsidizing
electrified cars to make them more attractive to customers [31]. One major reason for
EVs being more expensive than the alternative combustion engine version is the still
expensive battery system. Thus, the “e-version” of a car can cost up to 75% more than
its combustion engine alternative, like the Opel Mokka and Mokka-e [168]. Although
cell costs have massively decreased over the past years, individual battery cell costs
still play a significant role within the battery system’s summarized cost [167].

As the lithium-ion battery has continuously improved over the last years, it is often
already considered a quite mature developed product. While improvements have
mostly been made at the component level, huge cost reduction still lies in the system
engineering process when integrating multiple cells in bigger applications like EVs [23].
In general, cell integration has to address a variety of challenges, from mechanical,
electrical, and thermal engineering [169-171]. Whereas high power and energy are
still one of the most important claims of customers, car manufacturers set goals on
reducing passive components within the battery system to reduce its weight and
general environmental impact while increasing its energy and power density [172, 173].
As the next evolution of the LIB with the solid-state battery is not yet ready for market
entry, car manufacturers like Tesla [174] and Volkswagen [175] recently started
announcing extensive provisions to increase range, power, and safety while still
reducing the costs of their EVs. One major emphasis lies on promising unified cell
formats, with which it may be possible to equip a wide set of EVs within the
manufacturer’s car portfolio. Through a firmly defined unified cell, manufacturing
equipment can be set at optimal cost, and new EVs with different specifications can be
designed around this cell. However, to enable this competitive advantage, the unified
cell must be tailored to the manufacturer’s requirements and meet the balancing act
between energy density, cost, and external specifications, such as the required voltage
level within the cellmodules. At least three different types of LIB cells can be identified
in the automotive industry [20, 173]. First, the often rather small solid-housed cylindrical
cells, usually in a standard format of 18650, 21700, or Tesla’s newly announced 4680.
Second and third, larger-format cells like the soft-housed pouch cells as well as solid-
housed prismatic cells. In contrast to the cylindrical cell format, no standardized pouch
or prismatic cell geometry is defined. Yet, the standards ISO/PAS 16,898:2012 and
DIN 91,252:2016—11 define some general regulations [20, 176]. Differences between
utilization rates, dimensions, mechanical structures, and costs are summed up in Table
3.1.

Category Pouch Cell Prismatic Cell Cylindrical Cell
Utilization rate [22, 34, Medium energy Lower energy density | Higher energy density
177-181] density on cell level; on cell level; on cell level;
Medium packaging Higher packaging Lower packaging
efficiency on module efficiency on module efficiency on module
and pack level and pack level and pack level
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Dimension possibilities

No standardized but

No standardized cell

Most common: 18650,

[182, 183] usually thin cell size; size; 21700, 4680;
Often large-format Often large-format Often small-format
cells cells cells
Mechanical structure Low mechanical
[22, 184] stability; High mechanical Highest mechanical

Thermal propagation stability and stiffness; stability;
difficult to control due Flexible gassing vent | Robust to high internal
to often missing positioning pressures
gassing vent
Cell costs [185-188] Often higher, .
. . Often lower, especially
Medium especially for small
cells for large cells

Table 3.1: Comparison of the three mainly used cell formats in different categories.

Battery systems are usually built from numerous individual battery modules. The
battery modules contain the battery cells that serve the EV’s engine with energy [189].
In addition to an easier scaling of the battery system, the modular construction of the
cell, module, and system can improve in-operation monitoring and reduce repairing
efforts [21, 190, 191]. One often-mentioned example of modular battery system
construction is the Modular Electrification Toolkit (MEB) by Volkswagen [192]. When
developing new unified cell formats, it must be noted that the optimal battery module
size may correlate with the chosen cell format and dimension [20]. While battery cell
performance is usually measured using health, energy, and power indicators,
performance rating on the pack level also includes optimized packaging, system
integration, and topology [193, 194].

Various analyses of battery cells and their module and system integration have been
presented in the literature. Thereby, several studies with individual cell formats or cell
sizes focus on different objectives, such as electrical integration [51], aging [195-198],
thermal management [199-201], or mechanical integration [202]. Lobberding et al.
consolidate the energy densities of various cell formats at the different integration
stages from the cell to the module to the system level [34]. Lensch-Franzen et al. report
the challenges of cell integration on the system level [184]. Saw et al. additionally show
the differences between various cell formats in system integration [22]. Large prismatic
cells are found to be advantageous, especially for the utilization ratio within the module.
Furthermore, their results also show that battery systems with high voltages and large
cells can have advantages in assembly, thermal management, monitoring,
controllability, as well as service, and maintenance [22]. Pierri et al. present a cell
integration optimization into a given module size considering four different cells
resulting in nine different configurations [177]. Reiter et al. use a framework for cell
selection, modularization, and thermal management. Particular emphasis lies on the
cell connection of serial and parallel connected cells without addressing the resulting
achieved system energy density [203].

Previous studies often use only a few or even just one exemplary cell to draw
conclusions regarding the entire cell format and its general performance in the battery
system. Furthermore, module dimensions are usually considered fixed, and restrictions
regarding, e.g., the module voltage or cell topology, are not being observed.

Aiming to bridge this research gap, this chapter sets the following summed objectives:
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- How to optimize the battery module dimension given a fixed-sized cell and
certain voltage restrictions (Chapter 3.4.1).

- How to optimize the battery cell dimension given a fixed-sized battery module
(Chapter 3.4.2).

3.2 Model motivation

In order to meet the restrictive installation space limitations for battery systems,
components must be selected optimally not only in terms of energy, performance, and
costs but also geometrically. As the main component of battery systems, the battery
cell geometry must be matched to the associated module configuration. The occurring
problem can be stressed by stacking random cell geometries in different total module
geometries. Figure 3.2 depicts the results of a 2D stacking model for different cell
geometries within multiple module geometries. Three example cell sizes were
assumed and stacked in the battery module without any restrictions regarding module
energy or voltage. Different module sizes are depicted in the x- and y-axis of the figure.
Based on the resulting utilization rate, the best cell geometry for the respective module
size can be seen in the upper left part of the diagram. In the lower right part of the
diagram, the actual corresponding utilization rates achieved by the best cell geometry
are shown. This utilization rate is defined as the utilization space of the cells divided
by the total module space. The z-axis was not considered for this illustration. A
diagonal axis divides the two surfaces since the results are mirror-symmetric. The
illustration emphasizes how the optimal cell format changes depending on the selected
module size.
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Figure 3.2: 2D stacking model results for comparison of different cell geometries
depending on various module geometries.

Generally, utilization rates increase with larger module sizes. However, the figure
shows that, given the three exemplary cell geometries, there are more and less
advantageous module sizes. Moreover, different cells are rated optimal for different
module installation space areas. Even the cylindrical cell is rated optimal in some
areas, although literature often declares the cylindrical format as suboptimal for
cellstacking [22, 179, 180]. Consequently, when only considering different cell
geometries, no superior format can be determined without further analysis of cell
format differences.

In Figure 3.3, two further factors are taken into account in addition to the pure cell
geometrics. Firstly, a restrictive parameter that describes the ratio of usable and non-
usable module space due to, e.g., passive components or packaging space. This non-
usable space can be increased for pouch cells as they usually need to be framed due
to their flexible casing and larger cell connectors [204, 205]. Equivalently, cellmodules
with cylindrical cells use space-consuming spacers to form the cell package [206].
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Secondly, the cell’'s volumetric energy density is modified between the different cell
formats. Even though the actual value of the volumetric energy density varies
significantly from cell to cell, literature considers cylindrical cells ahead of the pouch
and prismatic cells [29, 34, 179, 207]. Figure 3.3, Figure 3.4, and Figure 3.5 depict
different model results based on variations in the two restrictive stacking parameters
mentioned above.
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Figure 3.3: Trivial 2D stacking model for comparison of different cell geometries
depending on module geometries. Assumption example 1.
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Figure 3.4: Trivial 2D stacking model for comparison of different cell geometries
depending on module geometries. Assumption example 2.
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Figure 3.5: Trivial 2D stacking model for comparison of different cell geometries
depending on module geometries. Assumption example 3.

The results generally show widely differing ratings of the three cell geometries
depending on the model assumptions. In Figure 3.3 and Figure 3.4, the prismatic cell
dominates in most module geometry regions. In Figure 3.5, especially the pouch cell
shows advantages in larger and also quadratic-shaped module geometries. The
phenomenon of application-dependent pros and cons of the different formats is one of
the major reasons no unified cell format or geometry is declared superior. If anything,
deciding on a format is a multicriteria optimization, in which the weighting of different
technical aspects and further preferences play the decisive role. The illustrative
examples above show that based on different assumptions, one or the other cell
geometry is advantageous in certain module geometry regions. For this reason,
automotive manufacturers are interested in a cell format that can serve a wide range
of vehicles at an optimal cost for their portfolio of vehicles, specifications, and
requirements.

In the following, a cellmodule model is presented that can generically combine and
evaluate different module and cell geometry configurations. First, the geometric model
is presented. Herein, a simplified base cell model is developed with included
placeholders for, e.g., cell frames, connectors, and busbars. In addition, geometric
models of the cell and associated production-related boundaries in cell sizing are
derived and defined. Furthermore, external specifications, such as the cell-to-cell
stacking distances, are included in a cell size-specific manner. This is followed by the
electrical model, which also addresses the cellstacking procedure. A simplified cost
reduction model also evaluates the observed cell dimensions cost-specifically. The
combined model and the assumptions made are then summarized.

Figure 3.6 depicts an overview of the cellmodule model's workflow. This procedure and
the working principle will be introduced for multiple scenarios. The model's applicability
will be verified by analyzing the resulting optimized cell dimensions from different
perspectives. Lastly, the model is validated based on real-world EV module packages.
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B
Evaluation | \
Configuration

Input parameter | Geometric cell model I Cell cost model l Cell-stacking model l Cellmodule model |

> Capacity > Topology
»Voltage > E. Density
»Num. Cells > Cost

Figure 3.6:

Basic procedure of cellmodule model. Figure adapted from [161].

3.3 Generic cellmodule model

Since battery modules within the battery system are usually equal in construction, this
model operates based on one single module instead of the whole battery system.
Furthermore, modules are assumed as cuboid formats maximizing flexibility and
battery volume usage rates.

From the three commonly used cell formats, this chapter observes cell dimensioning
of prismatic and pouch cells as cylindrical cells have so far only been used as small
cells in EV applications which could lead to model biases. The cellmodule optimization
model uses generic geometric assumptions to optimize cell and module dimensions
given different initial requirements and parameters. Variables described in the following
chapters may vary between applications and can therefore be easily adapted between
individual optimizations.

3.3.1 Geometric model

As the first step, the initial geometric cell model with its corresponding limits and
assumptions is derived. This model will be used to describe the stacking process when
dimensioning a cellmodule. Generally, very different geometrically sized cells are being
produced for EV applications. Yet, it is possible to assume some production-specific
limits for cell sizing. Table 3.2 shows the assumed geometrical limits, cell- and module-
specific sizes, as well as distance premises for cell-stacking. Spatial directions for the
model parameters are given. Since cells are flexible in their stacking orientation, there
are often multiple possibilities for the actual parameter’s spatial direction. Figure 3.7
illustrates a detailed depiction of the different geometric model parameters and can be
used to comprehend the base model with the parameters' spatial direction and
orientation.

Possible spatial

Geometric/model (_jlrectlon Identifier Prismatic Pouch cells

arameter (Figure 3.7): (Figure 3.7) cells [min., max.]
g and >’ & g : [min., max.] ” :

g 9 tl I 1

Cell limit thickness [mm] [20,
208-214] x|y (ID a1) [20, 50] [6, 18]
Cell limit length [mm] [20,
208-214] x|y (ID a2) [80, 300] [140, 550]
Cell height [mm] z (ID a3) max. possible | max. possible
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Cell terminals and busbar

size [mm] [210, 213, 215] xlylz (IDb) 15 30
Cell frame length and height (D a2) + 25
[mm] [176, 204, 205, 214, x&z)|(y&2z) (IDc) (1) 0

216] (IDa3)+25
Cell frame additional

thickness for cell-to-cell

distance [mm] [184, 205, xly (IDe) () 0 2-49
214, 217-220]

Cell-to-cell distance [mm] . .
[176, 184, 205, 214, 217— X &y (ID d) 1-3 contained in
221] (ID c) (2)
Module housing thickness

[mm] [176, 214, 222] x8ys&z (IDe) S S
Volumetric energy density on

cell level [Wh/I] [29, 34, 179, - (ID f) 625 650
207, 223, 224]

a) Linear interpolation: 4/3 mm + (60" Ah-" mm) - ((cell capacity)) [Ah]
b) Linear interpolation: 2/3 mm + (60-' Ah-* mm) - ((cell capacity)) [Ah]

Table 3.2: Parametrization assumptions for the cellmodule optimization base model.

While predefining limits regarding thickness and length (ID a1, ID a2), state-of-the-art
battery systems and prospects in production processes were carefully analyzed. The
assumed limits depict a large geometric variability for prismatic and pouch cells. Yet,
these limits in cell length and thickness may lead to unorthodox results in cell
dimension since no further dependencies on length and thickness are implemented
within the base model. When generating results, each optimized and calculated cell
dimension must therefore be discussed for feasibility. The height of the cell (ID a3)
corresponds to the maximum possible cell size in the z-direction, directly resulting from
the module height. Therefore, it is cell-independent and assumed fixed for most of the
analysis since the module height is often considered an exogenous size for battery
module construction [176].

The spatial direction, as well as the width for cell terminals, connectors, and the
corresponding busbars (ID b), can generally vary depending on different requirements.
The exemplary dimensioning in Table 3.2 defines the terminals to be at the top of the
cell for prismatic cells and on both the left and right sides for the pouch cell geometry.
Additionally, the softer pouch cells are modeled with an included frame (ID c) to be
stackable within the battery module [204, 205, 216]. The cell framing (ID c), which lies
beyond the actual active part of the battery cell, is modeled as a placeholder. Thereby,
the pouch foil cutting edge is to be assumed within this cell’s frame (ID c(1)). Pressure
and stiffness within and between cells and module housing can have different effects
on the aging behavior of LIBs, like particle cracking in the active material, irreversible
separator damage, or clogging of active material pores. Results from Deich et al. show
that both too high and too low stiffness and compression can be unfavorable for the
battery’s aging behavior [225]. In a publication from Li et al. [218], the influences on
swelling forces within a battery pack are discussed regarding lifetime and safety. The
authors suggest enhancing cell-to-cell distance (ID 4) dependent on the cell capacity.
For the pouch cell, this distance is calculated using the cell frame thickness (ID c(2)).
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The distance range reflects the individual distances for different cell sizes and
corresponding capacities. The space can be used for PET foils, aluminum sheet metal
with thermal conductive pastes, compression, or thermal pads, and thermal
propagation prevention with, e.g., mica sheets [184, 205, 217, 220, 221, 226].
Capacity-related cell spacing models are also consistent with the generally easier
thermal management for geometrically smaller cells [227]. For thermal propagation
prevention, 1 mm space for each cell is suggested for a 25 Ah pouch cell from Feng et
al. in[219]. 2 mm - 2.4 mm is used in the analysis by Li et al. [218]. Cell-to-cell spacing
from 1 mm - 10 mm is used in [202] by Coleman et al. Daubinger et al. found thickness
changes of 17.5% for large 94 Ah aged prismatic cells [228]. Swelling space should
also be modeled differently depending on the observed cell format and their
corresponding packaging pattern. While the prismatic packaging material is usually an
aluminum alloy, pouch cells are packaged with a flexible aluminum composite film
[229].

This chapter's base model models cell-to-cell distance capacity-related from 1 mm —
3 mm for prismatic and from 2 mm - 4 mm for pouch cells, addressing additional risk
prevention from swelling forces for pouch cells. The space varies linearly between a
lower than 20 Ah to more than 140 Ah battery cell. It is important to note that if direct
air-cooled systems are observed, spacing should be further increased [230-233].

The module housing thickness (ID e) may include the actual metal housing as well as
possible mica sheets for thermal propagation protection [226]. It is assumed to be a
fixed value for both the prismatic and pouch cells. Furthermore, the cell’s volumetric
energy density (ID f) is being modified between the different cell formats. Out of the
three commonly used cell formats, literature generally considers decreasing energy
densities from cylindrical to pouch to prismatic cells [29, 34, 179, 207]. Furthermore,
widely scattered values and ranges for volumetric energy densities are being cited [34,
207, 223]. In the VDMA Battery Production Report for 2020, prismatic cells are listed
at 550 Wh/I, pouch at 600 Wh/I, and cylindrical at 850 Wh/I. For 2025 prismatic cells
with 700 Wh/I, pouch cells with 800 Wh/I, and cylindrical cells with more than 950 Wh/I
are expected. For 2030 the authors expect pouch and cylindrical cells to be almost
equal in energy density [224]. For the following investigations, the energy density is
assumed as 625 Wh/I for prismatic and 650 Wh/I for pouch cells.

The values shown in Table 3.2 represent the cellmodule basic model in which the
geometric parameters can be adapted accordingly for various applications. The cell
module model is built modular. Therefore, changes can be application-dependent
applied to the model. However, unless otherwise stated, the above values are used as
the default for the results of this chapter. Model variations are depicted in
Chapter 3.4.2.4, investigating overall model robustness.
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Figure 3.7: Schematic illustration and orientation of the cellmodule model
parameters from Table 3.2.

3.3.2 Electrical model

In order to not exceed the component protection limits within the application and
generate fewer losses, EVs are operated at high voltages. These are usually up to
400V, and for some premium vehicles, even up to 800 V [234]. These voltages are
generated by the serial connection of LIBs. The used nominal voltage for NMC-Type
LIB with a graphite anode is set as 3.7 V. LFP, and LTO LIBs with lower voltages are
not explicitly observed within this model yet could be analyzed using different initial
parameters.
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Scheme for a 6-Serial-Cell-Stack installation
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Figure 3.8: Scheme of the cellstacking process. At the top part, different stacking
orientations for a 6-cellstack are depicted. The module integration for an
exemplary module size is shown in the bottom part. Only identical
cellstacks (cellstacks of one color and orientation) can be integrated in
parallel into one module. The resulting utilization factor can be
determined as the ratio of the used module area (red, blue, green, or
yellow) divided by the initial module area (gray).

Figure 3.8 illustrates the scheme of the cellstacking model as well as the numerous
possibilities in installing the 6-serial-cellstack (6 - 3.7 V = 22.2 V) for one exemplary
cell and module size. The model generally permits stacking cells along both the shorter
or wider part of the module. Other stacking possibilities, such as stacking in the z-
direction or mixed stacking of cells (stacks of different colors in Figure 3.8 within one
module), are not being considered.
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3.3.3 Cell cost and cell capacity correlation model

General cost reductions for LIBs are widely addressed in the literature [166, 186, 235—
237]. The cost reduction model used for this chapter represents a qualitative analysis
of cost reduction potential for cells of different sizes. It is intended to show how cost
functions may influence the choice of the optimal cell format, depending on the
available module space. While larger-format cells with higher capacities can offer
significant cost reductions, smaller cells may lead to higher flexibility in module sizing
and therefore achieve higher system energy densities. Consequently, an optimized cell
format must achieve the ideal trade-off between specific cell costs and stacking
density. While therefore modeling the cost reduction potential of the battery cells plays
a major role within optimization models, the actual costs may vary significantly between
manufacturers depending on multiple factors [238-241]. Significant manufacturing
cost savings on the cell level have already been reported, especially due to less
complexity for cutting and stacking steps in production [237, 240, 241]. For LIBs,
thickening the electrode layer, and thus the energy storage capacity of each cell, favors
the electrode-to-current collector ratio per stack and volume. In general, thicker
electrodes, without changing the actual cell dimensions, increase energy densities and
decrease power densities [242, 243]. In order to compensate for the loss of power, cell
dimensions may be increased, leading to varying cost reduction potentials when
scaling the overall cell size and capacity [186, 236].

Different cost reduction potentials from doubling the electrode coating thickness are
being mentioned in recent literature articles. Patry et al. published an article that
suggests about 25% reduction potential [235]. Wood et al. calculate cost savings of
more than 30% [240]. Duffner et al. expect potential cost reductions of about 22% in a
recently published study [242]. Ciez et al. additionally mentioned larger format cells
are less expensive [186].

Furthermore, pouch cells can offer even lower production costs in comparison to solid-
housed prismatic cells. Roughly 10% less has been reported by Schroder et al. [185].

Given this literature-based analysis, an initial prismatic reference cell with 25 Ah at
100 %¢/kKWh and a reference pouch cell with 25 Ah at 90 %¢/kWh are assumed.
Based on the literature analysis, the following cost reduction model is assumed to
depict the cell capacity xc,pacity dependent costs:

_ % %€
Cprismatic(xcapacity) =70 kWh + 30 KkWh ) (1 — ®prismatic

N(— R

)

- % : ) 2
Cpouch(xcapacity) = 70% + 20 k\//\fh . (1 - apouch)<< /Cref.pouch) _ (3.2)

With the reference cell capacities:

Cref.prismatic = Lrefpouch = 25 Ah. (33)
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A non-changeable material-based cost of 70 %¢/kWh and a maximum cost reduction
potential of 15% are assumed for doubling the cell capacity. This leads to a regressive
strength of:

Xprismatic — Xpouch = 0.15. (3.4)

This results in a non-linear cost decrease with increasing cell capacity. Figure 3.9
shows the qualitative dependence on cell cost reduction and cell capacity represented
by Egs. (3.1) and (3.2) for different regressive strengths.

110
Format (regressive strength «)
“ Ref. Prismatic Cell * Ref. Pouch Cell
105 - Prismatic (o = 0.1) Pouch (a = 0.1)
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Figure 3.9: lllustration of the regressive qualitative cost reduction potential function
depending on the cell capacity for different regressive strengths «. Bold
blue and red lines are used for further analysis (@ = 0.15). Reference
cells: Prismatic 25 Ah at 100%; Pouch 25 Ah at 90%.

While this proposed cost model only compares cost reduction potentials for varying
cell capacity and size, detailed holistic approaches to cell cost modeling, which take
into account product, production, and economy-related parameters can be found in the
work of Schinemann [244]. Another approach from Nelson et al.,, the “Battery
Performance and Cost Model (BatPaC) evaluated costs for entire battery systems
incorporating necessary cell specifications based on various EV requirements [187].
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3.3.4 Model overview and summary

Figure 3.10 summarizes the presented cellmodule optimization tool with its submodels
in their overall context. Input, modeling, and output variables, as well as sub-
processes, are being illustrated and interconnected in a process-related manner.

In the input section, module space, the voltage restriction, and the observed cell format
are determined. With the given voltage restriction, the minimum number of cells is
defined. Both the module size and the cell size can be optimized iteratively depending
on the optimization’s objective (Chapter 3.4).

In the modeling section, the cell dimensions with their geometries and cell-to-cell
distances are evaluated and summarized as the cell model. This cell model is used as
input for the cellstacking and module integration (see Figure 3.8).

In the output section, the generated result for the observed module or cell size is
evaluated. Achieved energy density, as well as the resulting cost reduction potential,
are being calculated and stored for later comparison. This process has to be executed
for each module and cell dimension setup.

Input Modeling Output

Module space: Module energy:

Usable module instal- Module e. density and
lation space \ usage rate evaluation

Module cost:

i
Voltage restriction: | Cell sizes: Cell model:

Cell cost reduction
depending on cell size

Module voltage = ! Cell length and thick- Including cell, frames, |}
min. number of cells Bl ness (heigth fixed) | connec tors, distances f
i |

Module setup:

Cell format: ] Cell distances:
| Topalogy, cell + mod-

Observed cell format ] Cell to cell distance ] ulaslze. number of

with initial limits : depending on cell size i =" Input parameters cells, capacity, ...

=——p Model parameters

= Cell parameter

=—p Qutput parameters

M Iterable (user-defined)

Figure 3.10: Flowchart of the cellmodule optimization model with an overview of input,
output parameters, and dependencies.

3.4 Model results and discussion

This chapter emphasizes the results for two applications as examples of the presented
model. Assumptions were mentioned and documented during model derivation. Major
changes in both assumptions and inputparameters may change the results of the
model optimization (see Chapter 3.4.2.4). A special focus of the result presentation is
to evaluate both the energy and the cost perspective. This is especially emphasized in
Chapter 3.4.2. The two examples of applications depict different settings in terms of
degrees of freedom within the model. On the one hand, cell dimension optimization
based on predefined cellmodules can be performed. On the other hand, module sizes
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can be optimized around an exogenously defined cell dimension. The former is
presented in Chapter 3.4.2, and the latter in the following Chapter 3.4.1.

3.4.1 Optimizing module size for different cell dimensions

In some application cases, a firmly defined battery cell with fixed dimensions may be
exogenously optimal. This may be due to ongoing supply contracts, known failure
behavior, and other predetermined reasons. Yet, dimensioning the module size around
the cell remains to be optimized. Maximizing the module size may increase energy
density on the module level since the amount of passive material can be minimized.
However, large modules have to be operated with higher voltages to achieve the
summed-up system voltage of up to 400 V or above. The required module voltage is a
core value for the possible sizing of the module. In general, different module voltages
are being used in the battery systems of EVs by different manufacturers. Often, battery
modules are designed with voltages below 60 V, minimizing safety risks and ensuring
handling without additional safety precautions [245]. Chapter 3.4.1.1 analyzes
achievable module voltages depending on the module size for two different cell sizes.
Chapter 3.4.1.2 focuses on achievable energy densities on the module level for various
cell sizes.

3.4.1.1 Optimizing for module voltage

Two different cells are being compared for the exemplary analysis between the
required module voltage and module space. Observed cell dimensions for the pouch
and prismatic cell are given in Table 3.3. Also, the calculated cell capacity, as well as
the resulting cell-to-cell distance, is shown. The module heights were assumed to be
fixed at 100 mm. Using the cell model assumptions from Chapter 3.3.1 results in a cell
height of 80 mm for the pouch and 75 mm for the prismatic cell.

Cell Cell Cell Vol. energy Resulting cell Cell-to-cell
Cell type length | thickness height density capaclty [Ah] distance

[mm] [mm] [mm] [Wh/I] [mm]
Cell 1 Pouch 360 10 80 650 50.62) 2.18
Cell2 134 28 75 600 45.66 1.43%
Prismatic

a) (3.6 x0.10 x 0.80 ) dm3 - 650 Wh I - (3.7 V)" = 50.6 Ah
b) Linear interpolation, see Chapter 3.3.1: 2/3 mm + (60 mm Ah-') - 45.6 Ah = 1.43 mm

Table 3.3: Cell dimensions for two exemplary observed cells.

Figure 3.11 illustrates the differences in the required installed module space depending
on the required module voltage for two cells using the optimization model. Results for
the pouch format cell are depicted in the upper left area of the figure. The prismatic
format cell can be found in the bottom right. A diagonal axis divides the two surfaces
for the pouch and prismatic cell since the results are mirror-symmetric. Module voltage
restrictions are depicted from a nominal module voltage of 3.7 V < Upoquie < 22.2Vin
yellow color (at least one serial connected cell) to Upoquie = 88.8 V in green color (at
least 24 serial connected cells) in four steps. The gray areas are not feasible since the
observed cell dimension cannot be placed within the corresponding module size.
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Installed module space z: 100 mm
1000 gzmzzs EEEEENNEEEEREEEEEEENEEEEEEE IS EESEEEEEEEEE e Ty
Color Legend
N Not Feasible (=0 V)

9200

Module voltage Um

od areas:

800
700

-+ > &

600

500 134 x 28 x

400

Installed module space y [mm]

300

200

100

T
100 200 300 400 500 600 700 800 900 1000
Installed module space x [mm]

Figure 3.11: Achievable voltage level comparison. Results for the two exemplary cells
from Table 3.3. A diagonal axis divides the two surfaces for the pouch
and prismatic cell since the results are mirror-symmetric. Equivalent
volume lines enable easier comparison at achievable module voltages at
certain installed module spaces with corresponding volumes. The colors
represent the different achievable voltage areas. The higher the voltage
restriction, the larger the needed corresponding installed module space.
The gray areas are not feasible since the observed cell dimension cannot
be placed within the corresponding module size.

In general, optimal module sizes are illustrated by each edge of the left-sided outer line
of any voltage area for both formats. Module dimensions situated on this edge offer
the lowest space requirements within the observed voltage restriction. The comparison
of the exemplary cells shows that although both cells have approximately the same
capacity, more flexibility is achieved using the prismatic cell. Equivalent volume lines
at51,101, 151, and 20 | help compare both cells distinctively. With the 10 | module, a
nominal voltage of 88.8 V can already almost be achieved with the prismatic cell. In
contrast, the pouch cell’s minimum module dimension for this voltage restriction is at
approx. 440 x 320 x 100 mm? and therefore roughly 14 I.

3.4.1.2 Model result: Volumetric energy density (module level)

For the analysis of achievable energy density on the module level, a total of eight
different cells (four in each format) were examined. The module height was again set
fixed at 100 mm. Furthermore, a commonly used nominal module voltage of 44.4 V
was defined, which requires a serial cell connection of 12 cells for each optimization.
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The results are shown in Figure 3.12. Each subplot (a-d) compares one specific pouch
with one specific prismatic cell dimension. Results for pouch format cells are depicted
in the upper left area of the figure. The respective prismatic format cells can be found
in the bottom right. The calculated, achieved energy density on the module level is
depicted at every feasible module size. The colors represent a range of
100 Wh/I - 550 Wh/I, from red (low energy density) to blue (high energy density) color.
Average energy densities are around 350 Wh/I - 450 Wh/I for prismatic and around
250 Wh/I - 400 Wh/I for pouch cells. Similar energy densities at the module level can
also be found in real-world field studies [29, 34]. The individual cell sizes of the
observed cells increase in length (x-direction) and thickness (y-direction). The gray
areas represent module dimensions where no configuration was found with the
selected cell size because the required module voltage could not be accomplished. It
can be seen that the gray, non-feasible area generally increases with larger cell sizes,
especially with the length of the cells.

Various pareto-optima can be analyzed for each observed cell dimension. These are
the blue (for prismatic) and light blue (for pouch) areas. Pareto-optimal areas depict
the highest achieved energy densities on the module level at different module
dimensions. Accordingly, from a system-specific point of view, every module
dimension from the pareto-optimal areas can be rated equally regarding achievable
energy density. Looking into more detail, a varying number of pareto-optima depending
on the cell size can be observed. While the shorter cells (Figure 3.12a, c) achieve a
large number of pareto-optima, the length of the cells causes a negative influence on
the number of optima. As the number of pareto-optima decreases, the flexibility in the
use of the cell also decreases, leading to a lower number of optimal module
dimensions.
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Figure 3.12: Comparison of achievable volumetric energy densities for eight different
cell sizes in four sub-graphs (Figure 3.12a - Figure 3.12d). In each sub-
graph, two cells of different formats are compared to each other. The x-
and y-axis show the installed module space. A diagonal axis divides the
two surfaces since the results are mirror-symmetric in the x- and y-
direction. The colors represent the achieved volumetric energy density
on the module level and correspond to the second y-axis. The bottom left
sub-graph (Figure 3.12a) compares the two smallest cells. Cells grow in
length to the right-handed side (Figure 3.12b) and in thickness to the top
(Figure 3.12c). The top right sub-graph compares the two largest cells
(Figure 3.12d). Different numbers of Pareto-optima can be observed. The
gray area is not feasible since battery modules with the nominal voltage
restriction of 44.4 V cannot be achieved.
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3.4.2 Optimizing cell dimension for different module sizes

3.4.2.1 Derivation

The results of the previous chapter illustrate the multi-dimensional difficulties in
defining advantageous module and cell dimensions. In addition to the energy-specific
analysis, economic aspects must also be taken into account. This chapter aims to
derive application-dependent cell dimensions. When optimizing cell dimensions,
exogenously specified module configurations are required. A defined module volume
of roughly 13 | was selected, on which three geometrically different module sizes were
defined. Choosing the same volume for each module size maintains the highest degree
of comparability. The module height is fixed at 100 mm for every configuration.
Furthermore, the nominal module voltage of 44.4 V (12 serial cells) was applied to the
model.

Table 3.4 sums up the three predefined module geometries used for the upcoming cell
optimization. The defined module shapes can also be found in real-world applications:
Module long could correspond to, e.g., the first generation Bolt from Chevrolet or
models from Tesla, Module medium in Volkswagen's MEB Platform, and Module
quadratic in BMW's i3.

Module x-length [mm] y-width [mm] z-height [mm]
Module long 800 166 100
Module medium 550 241 100
Module quadratic 364 364 100

Table 3.4: Definition of the different module shapes (long, medium, quadratic).

Figure 3.13 shows the resulting cell dimensions obtained by the cellmodule
optimization tool. A total of nine individual graphs are given. Each row, consisting of
three graphs, corresponds to one module size (Module long, Module medium, or
Module quadratic). On the x- and y-axis, different cell dimensions are observed and
evaluated. The evaluation is differentiated into energy perspective in yellow and cost
perspective in blue color. The energy perspective depicts the achievable volumetric
energy density rating on the module level for the specific observed cell dimension. The
cost perspective represents the corresponding normalized cell costs. In each graph,
suitable cell dimensions for the pouch and the prismatic cell format can be seen. The
summed perspective is depicted in green color on the right, adding up both
perspectives and representing an overall evaluation. The brighter the yellow, blue, or
green color, the better the specific perspective is evaluated. For each module
configuration (long, medium, and quadratic), the evaluation/rating of the energy
perspective, cost perspective as well as summed perspective is calculated as follows:

lpsum.persp. = a)long[(/lenergy ) elong) + (Acost ) §long)] +
wmedium(lenergy ’ gmedium) + (Acost ’ Cmedium)] + (35)
a)quad.([)-energy ) gquad.) + (Acost ) §quad.)]

With energy and cost perspective-specific weightings:
Zie{energy,cost} A =1 (3.6)
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And module-specific weightings:

Zje{long,medium,quad.} wj = 1. (3.7)
The energy perspective rating is defined as:

Emodule = SxyCmin. o [0,1]; module € {long, medium, quad. }. (3.8)

€max.~€min.

With e, , being the system energy density achieved with cell length x and thickness y.

Furthermore, the cost perspective rating is defined as:

Crodute = —2"%Y € 10,1]; module € {long, medium, quad. }. (3.9)

Cmax.~Cmin.

With ¢, , being normalized costs achieved with cell length x and thickness y.

The following simplification applies to the illustration of the summed perspective in
Figure 3.13:

W]ong) Wmediums @Pquadratic € {0,1}, (3.10)
Aenergy = Acost = 0.5. (3.11)

Resulting in individually observed module sizes with equally weighted energy and cost
perspectives. Therefore, the summed perspective weighting function from Eq. (3.5)
becomes simplified to:

¢sum.persp.,module =05 (gmodule + Cmodule):

(3.12)

module € {long, medium, quad. }.
In addition, some data points are marked separately in each graph. The Top10 rated
cell dimensions out of both the prismatic and pouch format are depicted in purple color.

The very best-rated dimension is marked in red color. This particular cell size
represents the optimum in the energy, cost, or the summed perspective.
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Figure 3.13: Results from the optimization of the cell dimension in nine individual

graphs. The axes show the cell length (x-axis) and thickness (y-axis) for
the pouch and prismatic format. Optimization in achievable energy
density is depicted in the yellow graphs (energy perspective).
Optimization in cell cost reduction potential is depicted in the blue graphs
(cost perspective). The weighted result from the energy and cost
perspective is depicted in the green graphs (summed perspective). The
brighter the yellow, blue, or green color, the better the specific
perspective is evaluated. Each graph additionally marks the best results
found (red) and the 10 top-rated cell dimensions (purple). The gray areas
are not feasible because the minimum requirement of 44.4 V nominal
module voltage could not be achieved. Cell heights: Prismatic: 75 mm;
Pouch 80 mm.

3.4.2.2 Model result and discussion: Optimizing cell dimension

For Module long, the results show the prismatic cell format as the overall best rated.
While in the energy perspective, only prismatic cells appear in the Top10 rated cells,
especially smaller cells with a size of up to approx. 90 mm x 50 mm are evaluated as
superior. This cell dimension is uncharacteristic since it is rather thick with respect to
its corresponding length. In real-world usage, this cell dimension should be carefully
analyzed regarding its actual producibility. Furthermore, different other sizes are
depicted within the Top10 rated geometries for the energy perspective. The cost
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perspective results show pouch format cells as superior. Especially cells with approx.
340 mm x 18 mm are evaluated optimal. Yet, the summed perspective shows the
optimum in medium-length but thick prismatic cells (approx. 195 mm x 49 mm).

For Module medium, prismatic cells with lengths of about 105 mm and thicknesses of
about 37 mm are rated optimally. The cost optimum is again within the pouch format
area with a length of 480 mm and a width of 15 mm. In contrast to the Module long
results, the summed optimum for Module medium is the same pouch cell format as
from the cost optimum.

For Module quadratic, smaller prismatic cells show the largest advantages in terms of
energy perspective. Sizes of approx. 120 mm x 28 mm represent the best-rated result.
From the cost perspective, rather small but thick pouch cells of up to 290 mm x 18 mm
are determined optimally. Yet, in the summed perspective, large and thick prismatic
cells at 170 mm x 50 mm are evaluated as superior. Within the Top10 rated results are
also pouch cell dimensions at approx. 290 mm x 13 mm.

Summing up the results, the prismatic cells show to be better from an energy
perspective, while the pouch cells offer advantages from the cost perspective.
Although the prismatic cell format was rated superior in two of the three module sizes
considered, the Top10 rated cell dimensions show balanced results for both the pouch
and prismatic format. Especially the results from Module quadratic emphasize the need
for trade-off analysis as the optimal summed perspective cell geometry was not rated
optimally in either the energy or the cost perspective.

3.4.2.3 Further weighting model analysis

Mathematically, the weighting model from Eq. (3.5) is not associated with any
restrictions. Yet, it is essential to consider if an actual weighting is reasonable.

In order to bring the technical and ecological requirements into a suitable trade-off
relationship while maintaining the flexibility of the optimized battery cell, the weightings
can be adapted to specific industry applications. Therefore, a weighting of only the
energy or the cost perspective will not be sufficient in most cases. The same applies
to module geometry factors. For example, a weighting of the Module quadratic
geometry, even if only slightly, cuts off a larger part of the solution space, which can
be seen in Figure 3.13.

Figure 3.14 depicts an exemplary application-related weighting, in which the energy
perspective is weighted higher than the cost perspective. The Module medium
geometry is to be optimized while securing the cell to also be applicable in the Module
long variant. This was taken into account by weighting w;ong slightly above zero. Such
weighting may be advantageous if the optimized cell geometry is intended to optimally
serve one main vehicle with Module medium, while still being feasible in another
smaller battery with Module long. The exact weightings can be seen in Figure 3.14.
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Figure 3.14: The summed perspective of cell dimension optimization for a specific
application weighting. The brighter the color, the better the specific
perspective is evaluated. Red circles mark the Top10 rated results. Cell
heights: Prismatic: 75 mm; Pouch 80 mm.

The result shows that a prismatic cell with a length of approx. 260 mm and a width of
34 mm is optimal. Additional Top10 rated areas are at approx. 180 mm x 49 mm,
120 mm x 43 mm, 110 mm x 36 mm and 90 mm x 36 mm.

3.4.2.4 Result-robustness investigation

The above results show that given the derived model and weighting parameters, the
prismatic cell geometries are superior in comparison to the pouch ones. In order to
verify this in more detail, the model’s robustness was analyzed in Figure 3.15 by
changing the model parameters in favor of the pouch cell format. The changes in the
model parameters refer to the cell connector size (ID b) as well as the cell’s frame (ID
c) and corresponding cell-to-cell distances of the pouch cell (see Chapter 3.3.1). For
result generation, the same weightings used in Figure 3.14 were applied. The result
shows that the pouch cell is now rated slightly better. However, among the Top10 rated
resulting cell sizes, only one dimension is assigned to the pouch format. Moreover, the
superior-rated prismatic cell geometry only slightly changed. The figure illustrates the
general result robustness within the chosen model weightings.
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Figure 3.15: The summed perspective of cell dimension optimization for a specific
application weighting with changed model parameters of the initial base
model in favor of the pouch cell. The brighter the color, the better the
respective cell size is evaluated. Red circles mark the Top10 rated
results. Updated cell height: Prismatic 75 mm; Pouch 80 mm.

3.4.3 Model validation on real-world vehicle module and cell
configurations

Multiple different application examples for the use of the cellmodule model have been
shown in the last chapters. In the following, a real-world validation is carried out. Since
cellmodule construction between different manufacturers is generally not uniform, has
majorly evolved in recent years, and also depends on systemic variables, an evaluative
validation of the results is only possible to a limited extent. Nevertheless, replicating
real-world cellmodule configurations can provide a good benchmark for examining
model accuracy. Thus, one cellmodule with prismatic cells and one cellmodule with
pouch cells will be examined in more detail. The raw real-world module data and
geometric dimensions are taken from the literature. The results will be used to review
and verify the plausibility of the defined assumptions in the cellmodule model.

3.4.3.1 BMW i3 comparsion

The details of the battery system, including the system, module, and cell dimensions,
are given in [48]. The described BMW i3 Mk1 22kWh battery system uses modules
with dimensions of 360 x 311 x 150 mm?3. These dimensions were used as input for the
cell geometry optimization. The BMW i3 packs 12 cells in each module which equals
a nominal cell voltage of 44.4 V (12 - 3.7 V).
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Figure 3.16 shows the aggregated optimization results. The result generally shows that
the prismatic cell format is optimal for the examined module geometry. The height of
the cell geometries is fixed at 130 mm for each length and thickness. Three different
regions can be identified among the Top10 cell geometries. The first region is located
at about 150 mm in length and 50 mm in width. The second region is at about 300 mm
in length and 25 mm in width. In between lies a region with several geometries within
the top10 results. The best cell format found is also located in that third region. The
optimum cell geometry is approximately 175 x 46 x 130 mm?3. The cell used by BMW
has dimensions of 173 x 45 x 123 mm?. The deviation is thus marginal and can be
attributed, for example, to slightly different assumptions of module housing
thicknesses. The cell height is overestimated by the cellmodule model by 7 mm.
Additional module housing, space for cable routing, or increased space requirements
for cell terminals and busbars may explain this difference.
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Figure 3.16: Cellmodule optimization validation with BMW i3 module size. Module size
[48]: 360 x 311 x 150 mm?; Original cell configuration BMW i3 module
[48]: Prismatic cell of 173 x 45 x 123 mm? with 12 (12s1p) cells; Optimized
cell dimensions = 175 x 46 x 130 mm?. Cell height is not depicted in the
graphic.

3.4.3.2 Renault Zoe comparison

The battery system, including the system, module, and cell dimensions, are described
in [246]. The battery system of the Renault Zoe uses cellmodules with dimensions of
374 x 204 x 140 mm?3. These dimensions were used as input for the cell geometry
optimization. Furthermore, 16 cells per module were assumed.
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Figure 3.17 shows the aggregated results. Since the battery modules in the Renault
Zoe are not embedded in a separate housing (see [246]), the module housing
thickness was set to 0 mm for cell geometry optimization. In general, the result shows
that the pouch cell format is optimal for the examined module geometry. The height of
the cell geometries is fixed at 130 mm for each length and thickness. Among the Top10
resulting cell geometries, a wide range of different cell lengths can be identified. The
range shows cell lengths of approx. 265 mm to approx. 315 mm. In between lies the
superior cell format. The optimum geometry is at approx. 285 x 10 x 130 mm3. The cell
used by Renault has dimensions of 325 x 11.2 x 135 mm?. The slightly larger difference
compared to the BMW results above can be attributed in particular to the modeled cell-
to-cell distance. For larger cell lengths, the cell-to-cell distance becomes higher due to
the increasing cell energy, resulting in a model-predicted possible cell thickness of only
about 9 mm for a cell length of approx. 315 mm. Reducing the energy density from the
base assumptions (Table 3.2) would reduce the cell-to-cell distance due to the resulting
lower cell capacity and could bring the result closer to the cell geometry used by
Renault. Nevertheless, the optimization shows promising results which compare well
with the real-world design.
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Figure 3.17: Cellmodule optimization validation with Renault Zoe module size. Module
size [246]: 374 x 204 x 140 mm?3; Original cell configuration in Renault
Zoe module [246]: Pouch cell of 325 x 11.2 x 135 mm?® with 16 (8s2p)
cells; Optimized cell dimensions = 285 x 10 x 130 mm?. Cell height is not
depicted in the graphic.
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3.5 Model limitations

This chapter provides a model to systematically compare and evaluate cell formats
and cellmodules with differing dimensions. Several assumptions and simplifications
were described for this study. Geometric limits, as well as spatial directions for the
different geometric sizes, like connectors, frames, or cell distances, may vary between
different circumstances. Although cell height assumptions were considered, detailed
analyses of different cell heights were not performed. It should be noted that for a
definite application, specific design changes in the variables (e.g., different nominal
voltage), as well as adding new variables, can easily be implemented. The validation
results with real-world battery modules of different EVs confirmed the assumptions
made to a large extent. In this chapter, generic assumptions regarding various
parameters of the cell, the module, and the cellmodule package were collected and
holistically modeled to derive application-related conclusions. Yet, specific changes to
the model parameters, different weightings of cost and energy, adaptations in the
model approach or variances in geometric shapes, and dependencies can lead to
different results and conclusions.

3.6 Conclusive summary

A comparative evaluation of the pouch and prismatic cell formats was performed,
analyzing the energy and cost perspective. For this purpose, a generic and geometry-
related model was developed. On the one hand, this model allows the ideal module
size to be calculated with a given cell format regarding the influence of energy and
voltage level and, on the other hand, allows an optimal cell dimension to be evaluated
for different module sizes and premises. The prismatic cell format showed particular
advantages from the energy perspective, as it can be stacked well as a square robust
body. The pouch cell may have advantages if the actual energy density on the module
level is not the major optimization factor. Furthermore, specific module geometries like
the Renault Zoe module also underlined the need for thinner pouch cells. Moreover,
developments in cell formats and also in design technology could mitigate several
advantages and disadvantages of both cell formats and change the results.
Additionally, the analyses were performed purely on the module level and could be
verified on the system level, including analysis of further possible influencing battery
system components such as the cooling system, the electronics, and the mechanical
construction in multiphysical battery system models. The presented cellmodule model
can then be used as a subcomponent since it is built on modular submodels for cell
geometry, cell stacking, and cell cost reduction, allowing individual adaptation as well
as higher system integration.
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4 Holistic battery system design analyses based on a generic
tool with multiphysically coupled submodels

Parts of this chapter are published in a journal article [247] as part of this thesis. This
chapter contains modifications and extensions with respect to the original publication.
The use of the article content, including illustrations, is permitted with the consent of
Elsevier.

Significant challenges appear in the multiphysical engineering process of battery
systems for electric vehicles. Thereby, individual standalone simulation models offer
essential opportunities to assist the development of components for the cellmodule,
cooling, mechanics, and electronics. However, in order to address requirements in
range, performance, and general installation space shortage for the battery system,
interdependencies between the different components have to be considered.

This chapter presents a novel approach to a fully parametrized high-voltage battery
optimization tool based on coupled simulation models for the battery system’s main
components. Thereby, several essential aspects of battery system engineering are first
derived, then assigned and modeled in the submodels, and finally consolidated into an
overall submodel-concept. Thus, the submodel-concept can both optimize each
component individually and additionally perform an overall cost- or weight optimization
in which components are designed, considering essential interdependencies.

The resulting observed battery system concepts are thoroughly determined in their
physical (geometrical, electrical, thermal, mechanical) properties and also graphically
described with millimeter accuracy. Comparisons between different concepts illustrate
the cause-effect principles between multiple battery system components in great detail.
Besides, integration repercussions for different lithium-ion cells are analyzed from the
cell level to the system level. Thereby, in-depth evaluations of the cell, module,
mechanical system frame design, cooling topology, and electronics integration are
discussed. Lastly, battery systems from the field are used to validate the modeling
approach and verify the plausibility of the weight prognosis.

Gl 4
)

-
P

Figure 4.1: Graphical abstract for the holistic battery system optimization tool.
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4.1 Introduction and scientific integration

As the most expensive component in electromobility, the lithium-ion battery plays a
significant role in future vehicle development [31, 164, 248]. Usually, battery systems
consist of connected battery modules containing numerous LIB cells in order to meet
the EV’s energy, power, and voltage level requirements [48, 249]. In addition, different
types of electric vehicles have different requirements that greatly affect the design of a
high-voltage battery system, including its internal components [250, 251]. Next to
interior components, also size and shape requirements of components from
cellmodule, mechanics, cooling, or electronics need to be adapted adequately. Figure
4.2 schematically depicts various influencing parameters from different components
within the battery system. Major challenges must be addressed and consolidated in
order to develop a cost- and weight-optimized battery system. Therefore, the
coordination process for designing a battery system is an immense organizational
effort associated with many iterative partial optimizations.
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Figure 4.2: Overview of the main component groups cellmodule, mechanics,
electronics, and cooling in battery system design. Each component has
several dependent parameters. The components also depend on the
parameters of the other components.

The literature proposes various reports, frameworks, and simulation models to
delineate individual components in great detail. Dechent et al. report on battery cell
lifetime for different cell formats, sizes, and chemistries [207]. Pierri et al. [177], Reiter
et al. [203], and Saw et al. [22] propose cell integration frameworks and discuss
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challenges in cell selection. Li et al. analyze thermal characteristics for different cooling
specifications, including single and double-sided liquid cooling [252]. Chung et al.
propose a thermal simulation model for a commercial pouch cell with various pack
designs [216]. Kalnaus et al. report on the mechanical deformation of a large
automotive pouch cell [253]. Uerlich et al. analyze battery pack packaging efficiency
based on crash performance considering energy absorption from the cell level to the
system level [123]. Arora et al. summarized mechanical design challenges and
strategic placement techniques for optimal battery pack design [21]. The EV’s battery
junction box is generally only little addressed in the literature. However, analyses for a
battery junction box testing the spring force of relays were, for example, executed by
Carvou et al. [254].

In contrast to standalone simulation models, coupled models are, for example,
performed by Zhao et al. [213]. Thereby, the cell geometry of a LIB pouch cell is
optimized for a tab cooling strategy. Furthermore, Li et al. consider various components
and propose a methodology for one whole battery pack design, focusing on cell
selection and investigating the effects of different cell materials [255]. However, at the
time of initial publication, no comparable work concerning combined battery system
models that include all major components and ways to address EV-specific
requirements was found in the literature. Nevertheless, in battery system engineering,
the interdependencies of components are one of the biggest challenges, especially
concerning installation space allocation. Therefore, coupled battery system design
models must be developed to adequately represent the dependencies between the
individual component simulation models while simultaneously performing technical and
economic evaluations.

This chapter aims to bridge the aforementioned research gap and provide a novel
model approach to optimize space allocation for battery systems using coupled
simulation models of the main system components of cellmodule, cooling, mechanics,
and electronics.

This chapter’'s major contributions are:

- A novel model approach to parametrize installation space allocation within a
battery system using five independent superordinate design variables.

- Providing an innovative framework consisting of a holistic multiphysical
approach to evaluate different components within the battery system from the
cell level to the system level.

- Combining universal and fully parametrized submodels for each main system
component, including multiple interdependencies between the technical
submodels.

- Unique approaches for evaluating multiple battery system components with low
computational time.

- Detailed comparison of multiphysical changes between different battery system
concepts.

- Elaboration of holistic battery system designs based on exemplary battery
systems from the field.
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4.2 Introduction of HV-Battery-Optimization-Tool

4.2.1 Basics

The High-Voltage-Battery-Optimization-Tool (HV-BOT) is a software tool for optimizing
HV battery systems within (hybrid) electric vehicles. The tool's main application is the
optimization of battery system concepts given user-defined requirements. Different
battery system concepts can be evaluated mutually with respect to feasibility, costs,
and weight utilizing abstracted and fully parameterized technical submodels for the
main component groups of cellmodule, mechanics, cooling, and electronics. Further
applications include the evaluation of concept differences with regard to the total
number of modules as well as the analysis of small differences, such as the stacking
direction or size of battery cells, from an overall system-specific perspective.

The general procedure of the HV-BOT is depicted in Figure 4.3. The tool works based
on the user-defined inputparameters describing the general requirements for the
battery system. These are, for example, the overall installation space, the system
energy, and power demand. By updating the design variables, which describe the
space allocation for each component, different battery system designs can be
evaluated. The submodel-concept, described in Chapters 4.2.2 and 4.3, evaluates the
battery system given the specified space allocation.

Input-Parameter
(partly optienal)

Internal Optimization 4
Energy -
Power Mechanics
Installation Space

Designvariables

?
» Spec. Submodel
Parameters ?

Figure 4.3: Flow diagram of the HV-BOT. Different inputparameters can be entered
user-defined into the tool (e.g., energy, power, total installation space). A
parameterization of the design variables x,,..,x; is selected,
representing space allocation for the different components. The
respective submodels use the space allocation for cellmodule,
mechanics, electronics, and cooling to evaluate the optimal configuration
for the given inputparameters.

Submodel-Concept Result-Evaluation

Y ¥V ¥ ¥

Five design variables are used to describe the battery system's space allocation, as
exemplified in Figure 4.4. The design variables are mathematically defined as follows:

x; = Share of battery module installation space within the overall battery system
installation space in the x-direction.

x, = Share of battery module installation space within the overall battery system
installation space in the y-direction.
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x3 = Share of battery module installation space within the overall battery system
installation space in the z-direction.

x4, = Number of modules within the battery system in the x-direction.
xs = Number of modules within the battery system in the y-direction.

With x4, x5, x3 €]0,1[; x4, x5 € N\{0}.
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Figure 4.4: Exemplary HV-BOT parametrization for a fully evaluated battery system
based on the five independent design variables x;, x,, x5, x4, x5 from the
top and the side view.

4.2.2 Mathematical model of the submodel-concept

The submodel-concept is based on four submodels i € {1, 2, 3,4}. The submodels are
used to evaluate the technical specifications of the different components within the
battery system design. The modular design of the submodel-concept enables the
technical submodels to be updated frequently and, therefore, be adaptable to new
developments in battery system engineering. Moreover, technical submodels can be
individually elaborated from each other or even exchanged or added (i € {1, ...,n},n €
N). In addition to the technical specifications, each submodel returns a degree of
feasibility (DOF) as output. The DOF is important as it may vary significantly based on
the user-defined inputparameters. For each given design variable set x
(%1, X5, X3, x4, x5), €very submodel i returns the cost estimation c¢;(x) € Rt of the
corresponding technical component and the degree of feasibility DOF = &;(x) € R*. A
DOF of @;(x) <1 corresponds to a feasible solution for the submodel i, whereas
values of @;(x) > 1 describe an, at least partly, infeasible solution. The physical
derivation for costs and DOF of each submodel is described in Chapter 4.3.
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For each design variable set x, the submodels’ DOFs @;(x) can be combined to infer
the total feasibility F(x) of the evaluated battery system design, which is defined as:

Feasibility F(x)
_{ 1, for@d,(x)<1Ad,(X)<1AP;(X)<1Ad,(x)<1 (4.1)
0, foro;(x) >1vd,x)>1ve;x)>1ve,(x)>1°

4.3 Physical models of the submodel-concept

In order to enable an iterative working procedure for the HV-BOT, the individual
submodels have to run with low computation time. Internal optimizations of each
submodel lead to an optimized concept for each component, given the available
installation space allocation. Additionally, the HV-BOT submodel-concept has
implemented interdependences between the individual submodels. Therefore, the
chosen cell, its chemistry, or the mechanical battery structure directly influences other
components like the cooling plate and its related costs. Figure 4.5 illustrates some
major dependencies within the submodel-concept. The next chapters will introduce the
different submodels from a technical perspective and describe how the different
physics are implemented and abstracted. Further model descriptions, derivations,
methodologies, references, and default assumptions for model parameters can be
found in the appendix in Chapters 8.1 to 8.5.
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Figure 4.5: Schematic of the submodel-concept of cellmodule, mechanics,
electronics, and cooling components. Main inputs and outputs are
described for each submodel. Major implemented interdependencies are
depicted on top of the arrow paths.

4.3.1 Submodel cellmodule
Cellmodule development is associated with multiple physics, resulting from its

geometric, electrical, and thermal design. The main task is to design the battery module
optimally for the respective application in terms of energy and power [189].

62



4.3 Physical models of the submodel-concept

Furthermore, aspects of costs and other essential constraints regarding voltage,
mechanical stability, electrical behavior, and thermal properties are design-relevant
parameters [21, 190, 191].

In the following sections, the various aspects of modeling the cellmodule submodel are
derived in different subchapters. First, the system-based stacking and packaging
model is redescribed. Second, electrical and thermal modeling is defined. Third, the
cellmodule cost model is derived. Lastly, aging-relevant packaging requirements are
proposed.

4.3.1.1 Geometric stacking model

The HV-BOT cellmodule submodel uses a modified version of the stacking model
described in Chapter 3. This chapter will briefly summarize the basic model and, in
particular, describe the integration and extension used for this chapter.

In Chapter 3.3, the general procedure of the cellmodule model for stacking cells into
the associated module geometry was already described. The cellmodule model used
here also permits stacking cells along the module's shorter or wider side. Other
stacking options (stacking in height and mixed stacking topologies) are not being
considered. The overall available cellmodule space is defined given the global design
variables x; to x5 (see Chapter 4.2).

N
Input parameter | Geometric cell model ] Cell cost model l Cell-stacking model l Cellmodule model | Evaluation | N

Configuration \

> Capacity > Topology
»Voltage > E. Density
»Num. Cells > Cost

Figure 4.6: Schematic representation of the cellmodule submodel procedure.
lllustration oriented to the original model from [161].

4.3.1.2 Cell topology requirement

System voltage results from the number of serially connected cells ngeriy Within the
system and the cell chemistry-dependent maximum cell voltage Ucejmax.ocy- FOr this
model approach, the cellmodules within the battery system are exclusively connected
in series. Therefore, the necessary number of cells ncejspermodule 1S Pased on the user-
defined requirement of the system voltage Ugysiemmax. @nd the number of modules

Nmodules @S follows:

Usystem,max. NparallelCells (4 2)

NcellsPerModule € N; NcellsPerModule ~ U
cell,max.ocv Nmodules

Thereby, the number of parallel cells for each module np,,qe1cens describes the degree
of freedom in optimizing the cellmodule’s electrical topology. Maximum cell open circuit
voltage Ucenmaxocy 1S Chemistry-dependent defined in the appendix in Chapter 8.1.
Based on the total number of modules n,,,ques;, SOMe system configurations may
contain more cells than others, although the same system voltage is required. This
results from Eq. (4.2), as the number of cells in each module is rounded depending on
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the system voltage and the total number of modules. After determining the number of
cells for each module, a geometric, electrical, and thermal cellmodule model is built
next. The deviation for these models is described in the following.

4.3.1.3 Geometric packaging properties

This section derives the geometric cellstack and module packaging properties for the
different cell formats, sizes, and chemistries. First, the necessary cell-to-cell space is
derived based on cell swelling and thermal propagation precautions. Second, methods
for determining the frontplate and endplate thickness are developed. Third, spacing for
the sideplates, coverplate, and bottomplate is defined.

Various studies in the literature are executed to describe reversible and non-reversible
cell swelling. The work from Winsch et al. in [215] showed cell swelling above 20% of
the cell’s thickness for an uncompressed pouch cell. Generally, cell swelling is directly
influenced by the stacked electrode layers and, therefore, the corresponding cell
thickness d ;. In cellstack construction, cushion pads (also named compression pads)
can be used to reduce cell swelling and thereby minimize specific aging effects [256,
257]. Thereby, cushion pads with compressive properties can be placed between the
cells in the cellstack. The intrusion into the pad gradually increases the counterforce
from the pad to the adjacent cells. Thus the thickness changes caused by cell swelling
can be minimized. Figure 4.7 shows this behavior schematically for different exemplary
cushion pads.

Exemplary cushion
pad characteristics
Pad1 —

Different material
compositions

Compressive force

e ————

v

Deformation

Figure 4.7: Exemplary cushion pad strain/force curve for different pad options.

By using different materials for the cushion pad, the deformation and force curve can
be adjusted and thus be optimally adapted to the swelling behavior of the cell in use.

Space between individual cells within a module can also be reserved for other pads or
materials to prevent cascading thermal runaway (see Chapter 2.2.1.6) [94]. As larger
cells with higher capacities generally contain more potential thermal runaway energy,
the cell-to-cell space should be correlated to the respective cell capacities C.e (see
Chapter 3.3.1). In order to combine both the effects of swelling influenced by the cell
thickness [218] as well as cell energy-related thermal propagation cascading, a
dynamic cell-to-cell space is used. For pouch cell packaging, the cell-to-cell space is
defined as:
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0.006 mm - Cceqp

“RCeell 4 0.08dcey ). (4-3)

Cell — to — cell — spacepouchnmc = (1.5 mm +

The more robust internal housing of prismatic cells is generally advantageous for cell
swelling [258]. Furthermore, the gassing vent in prismatic cells allows for a more
controlled thermal runaway in the event of failure. Thus, the cell-to-cell space for
prismatic cells is defined as:

0.006 mm- Ccep

Gl 4 0.04den).  (44)

Cell —to — cell — spaceprismaticnmMc = (1 mm +

For LFP-Type cells, a simplified approach is used. As LIBs with LFP chemistry are
safer inherently [259] and thus less likely to run into unintended thermal runaway, the
cell-to-cell space is defined smaller:

Cell — to — cell — spacepoych,Lrp = 1.5 mm, (4.5)
Cell — to — cell — spaceprismatic,Lrp = 1 mm. (4.6)

Further important mechanical structure components in the cellmodule packaging are
the frontplates and endplates. These plates are used to brace the stack of cells within
the module and can also gather force occurring from cell swelling. Distances from cell
to endplate and cell to frontplate are 50% of the previously defined cell-to-cell space
values.

In order to better understand the direction of the forces within a cellstack, the occurring
swelling forces in a cellmodule with stacked electrode layers are schematically
depicted in Figure 4.8. Thereby, the cellstack-included cushion pads absorb the
geometric swelling of the cells. With increasing intrusion into the compression pad, the
counterforce on the cell also increases (see Figure 4.7 above). The compression pad
is uniformly intruded and cannot move because the next adjacent cell in the cellstack
pushes it in the opposing direction (see red arrows in Figure 4.8). This setup can
ensure a homogeneous force distribution within the entire cellstack.

Cell-to-cell
Cell I space/

cushion pad
Swelling Frontplate/
force endplate

Figure 4.8: Cellstack setup and schematic swelling forces for a prismatic cellstack
with frontplate and endplate.

However, the first cell and the last cell in a stack do not have two counterforce cells.
The counterforce on the missing side can therefore be applied by using a rigid
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frontplate and endplate. The plates must ensure a safe cellmodule construction
throughout the entire lifetime of the battery. The literature has already analyzed the
behavior of battery cells in varying mechanical conditions. For example, Muller et al.
compare different compression forces for flexible and fixed (rigid throughout swelling)
module compression [260]. Deich et al. furthermore vary the investigated module
stiffnesses [225]. Extensive compression studies for larger automotive format pouch
or prismatic cell sizes are not yet addressed in the literature. Therefore, this work uses
a cell format-dependent but size-independent design area load force for the endplate
design.

The Euler-Bernoulli beam theory is used to determine the necessary endplate
thickness. For this purpose, the endplate’s compression force is approximated as
beam bending force. The endplate is assumed to be clamped at the left and right outer
sides of the cellstack. The frontplate is assumed to be equally dimensioned and will
thus not be explicitly described.

The endplate with the length [, has to withstand the pressure or the area load g within
the cellstack throughout the lifetime. For the surrogate load case, alineload g = q * H
can be calculated using the area load g and the endplate’s height H. This results in a
uniform line load on a two-sided-clamped beam. The maximum deflection wy,,, is
given by:

q-1*

-1 4.7
Wmax =384 F - I, @7

E represents the factor for the material-related modulus of elasticity. For aluminum, the
modulus of elasticity equals 70 GPa. I, is the second moment of area of the endplate

along the cellstacking. A derivation and in-depth investigation of the maximum
deflection for different clamped and supported beams can be found in [261, 262]. For
a rectangular hollow section profile with inner (hollow) height h and inner (hollow)
thickness b, I, can be determined by [263]:

B3 -H—b3-h
= _ (4.8)
ly 12

A general simplification for the inner height h and thickness b is used according to:

b = aB,

(4.9)
h = BH.
Afterward, Eq. (4.8) can be redescribed as:
B3 -H — (aB)? - (BH)
g 12 (4.10)
B3(H —a®B - H)
=1 = .
12

For the geometric design of the endplates, this work uses:
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Oprismatic,pouch = 0.7; ﬁprismatic,pouch =0.7. (4.11)

By transforming Eqs. (4.7) and (4.8), the required endplate thickness is determined by:

Bopt = 3\/ 1 (4.12)

384 - E - Wyay - (H— @3B - H) safety’

For the safe and long-lasting operation of the battery cells, the endplates must hold the
compression force while maintaining the maximum deflection wy,,,. An assumed
safety factor of ag,rr, = 1.3 is intended to cover the uncertainty resulting from the
assumed simplification by using the surrogate load case of beam bending. Generally,
different endplate thicknesses can be determined, especially by changing the endplate
material (modulus of elasticity) or structure (second moment of area). However, the
endplate derivation by Eq. (4.12) gives a sufficient indication of the necessary
installation space, which could be optimized with FEM simulations in future work.

In order to derive a cell size-dependent maximum endplate deflection wy,,, for
Eq. (4.12), a maximum deflection angle a,.x defiection 1S S€t fixed according to:

(4.13)

Xmax.deflection = 0-5°.
Using the design angle dyay defiection @nd simplified assumptions for the bending of the

endplate, a maximum deflection w,,,x can be calculated using the formulas from
trigonometry in the plane:

Wmax. = tarl(afmax.deflection) ' O-Slplate- (414)
The derivation of the design procedure and Eq. (4.14) is illustrated in Figure 4.9.

Endplate Bending /

O ., g forces

L AAAAAALAALALAAAAAAAAA]]
% Cells

iplate ~ lcen

Bended endplate

(exaggerated illustration)

Figure 4.9: Schematic derivation of the maximum deflection for the endplate.
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Lastly, the required design area force g has to be defined. The area force is defined
differently depending on the cell format. For prismatic cells, the cell-to-cell distance
was defined to be smaller than for pouch cells (see Eqgs. (4.3) and (4.4)). Throughout
the lifetime, the pressure within the prismatic cell stack will therefore be higher. The
area forces are defined as:

q = 300 kPa,
Qpouch (415)

C_Iprismatic = 700 kPa.

The endplate for LFP-Type cellstacks is derived differently and based on a literature
review regarding the LFP chemistry. Recent research stresses the potential of using
LFP-Type cells as safer and more durable cell chemistry in battery system design
[264—268]. Furthermore, the first cell to pack integration approaches, which use less
module housing and safety provisions, show its realization with the LFP chemistry
[259]. Derived from this, the endplate thickness for LFP-Type cells is dimensioned as
fixed thickness:

Front/EndplateThickness gp = 5 mm. (4.16)

Future work could specify the design area force g as a function of cell housing,
electrode chemistry, corresponding swelling behavior, and used cushion pad. Thus, a
dynamically adapting force requirement could be derived.

In order to brace the cellstack with the frontplate and endplate, installation space is
also required at the sides of the cellstack. This space is modeled as sideplate space.
In general, the space provided for the sideplates can also be used for, e.g., tensioning
straps. A thicker sideplate is used to provide additional protection for cells with side
terminals. The sideplate thicknesses are defined as:

2.5 mm for side cell terminals (4.17)

SideplateThicknessnuc,Lrp = { 1 mm for top cell terminals

To connect the cellstack to the cooling plate and to compensate for tolerances, a thin
coverplate and bottomplate with a connecting gap filler are additionally assumed:

Bottom/CoverplateThicknessymcLrp = 0.5 mm, (4.18)

CellToBottom/CoverplateGapFillerThicknessymcLrp = 0.5 mm. (4.19)

For glued systems, the mechanical packaging properties are reduced. The adapted
packaging geometries can be found in the appendix.

The busbar thickness and width selection are derived according to DIN 43671 and
based on the user-defined power requirements for charging and discharging (see
Chapter 4.3.1.6). A summarizing default cellmodule packaging with the above-
described components can be seen in Figure 4.10.
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Cellmodule top-view (no cover + gap filler) Cellmodule side-view

CeII == Busbar [ ] Bushar
Cell-to-cell irg)t:jsi: Thermal
space/ = gapfiller
cushion pad space
Frontplate . —

plate/ Sideplate Coverplate/
endplate — = bottomplate

Figure 4.10: Schematic cellmodule packaging.

4.3.1.4 Electrical and thermal model

For further usage of the cellmodule in the other submodels, each cellstack is, next to
geometrically, also modeled electrically and thermally. The modeling includes some
simplifications and is intended to represent especially larger concept differences
between different cell chemistries, formats, and sizes.

In order to maintain the generalizability of the model, reference data sheets with
electrical and thermal data at the cell level are used. In particular, the cell data sheets
describe the electrical resistances of the cells for different temperatures and SOCs.
Additionally, a 2-RC model is used for describing the transient resistance behavior.
Used data tables can be found in the appendix. Data sheets are selected depending
on cell chemistry and format. Given the required cell size, energy, and power
requirement, the electrical and thermal data are scaled using the resulting cell capacity,
voltage, and power.

For the model’'s future viability, the existing reference data sheets can be easily

adapted, and replaced, or new data sheets can be added for other cell chemistries
(see Figure 4.11).
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Figure 4.11: Schematic procedure from stacking model to the geometric, electrical,
and thermal model of the used LIB cell and corresponding cellmodule.

4.3.1.5 Derivation of energy and power requirements

The initial energy and power requirements must be translated to the system, module,
and cell level. For this purpose, a distinction is made between energy and power
demand.

The user defines the system level energy requirement. However, for various safety and
operational reasons, this energy requirement Eygtem usable IS Usually set lower than the

actual energy Egyseem Within the battery system (see Chapter 2.2.1.6). This limits the

usable SOC window using the battery’s static (relaxed) upper and lower cell voltage
as follows:

SOCusable,lower lim. = Uusable,lower lim. > Ucell,min.ocv ’ (4 20)
Ucell,max.ocv > Uusable,upper lim. < SOCusable,upper lim.-
With a predefined usable SOC range (SOCysabie,upper lim» SOCysabiejowerlim.) Of the

battery, the resulting usable energy at the system level Egygemusabie Can be
approximated as:

Esystem,usable = Esystem ' (Socusable,upper lim. — SOCusable,lower lim.) (421)

Esystem,usabl
PEN Esystem — SyS em,usabple (422)

SOcusable,upper lim. — SOCusable,lower lim.

Typical usable SOC ranges for EV battery systems are between 80% - 99%. The actual
system energy Egystem is afterward used to evaluate the required energy density at the
cell level.

There are usually at least two design criteria for the power requirement. These are the
power requirement for driving and the charging time requirement. Due to the lasting
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high currents, the charging time requirement is, in many cases, significantly more
critical for the battery system design in EVs (see Chapter 4.3.3).

For this work, a charge time requirement tcharge req. for a SOC range of 5% - 75% is
defined according to:

Csystem,S%—75% (4 23)
Isystem (t)

A simplified two-stage quick charging (QC) design protocol is adopted for charging [98,
269, 270]. The protocol provides 50% of the charging time for the first charging stage
and 50% for the second charging stage:

Lcharge req. =

ts9—500 = 0.5 tcharge req. (4.24)

tso%-750% = 0.5 tcharge req.-

Exemplary resulting C-rates (the rate at which the cell is charged relative to its
capacity) for different charging times, using the quick charge protocol defined above,
are shown in Table 4.1. These resulting C-rates are further used for aging-related
module packaging properties and cell level cost evaluations.

Charge time C-rate for the first charging C-rate for the second charging
requirement phase (SOC 5% - 50%) phase (SOC 50% - 75%)

60 minutes 0.9C 0.5C

30 minutes 1.8C 1C

20 minutes 2.7C 1.5C

10 minutes 5.4C 3C

Table 4.1: Examples of resulting C-rates for different charging time requirements
following the previously defined quick charging protocol.

The quick charging protocol is intended to ensure that permissible system limits are
not exceeded. For fast charging, crucial limits are:

- Comply with the maximum cell voltage limit: above the maximum permissible
voltage, irreversible damage may occur due to the decomposition of the
electrolyte and the cathode materials.

- Comply with the maximum cell temperature limit: above the maximum
permissible cell temperature, the cell materials may decompose.

- Comply with the minimum anode surface potential: below the minimum anode
surface potential, the cell may experience lithium plating.

A fast charging process is optimal if it charges the battery in the minimum time, taking
into account the system limitations. Next to the above-mentioned static voltage limits
(Eq. (4.20)), especially the global upper operating voltage limit Uge)y max.cutoft Of the cell
has to be ensured throughout the battery’s lifetime. Therefore, the begin-of-life internal
cell resistances R (T,SOC) are derived in simplified form using the charging current
Icharge @nd the corresponding voltage response:
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Ucell,max.cutoff - Usafety(SOC) (4 25)
= Icharge (t) ’ (Rcell(T' SOC) ’ ares.aging) + Ucell,ocv(T' SOC)
PN Rcell(T; SOC) _ Ucell,max.cutoff - Usafety - Ucell,ocv(T; SOC). (426)

Icharge (t) " Ares.aging

Usatety (SOC) can be used to maintain a safety gap toward the cell’s cutoff voltage
Ucenmax.cutoft- 10e cell’s resistance characteristics can, thus, be scaled to comply with
the voltage limits described in Eq. (4.25). The chemistry-dependent voltage limits can
be found in the appendix. The reserved resistance aging factor a e aging depends on

the expected stress level and is therefore designed based on the charging
requirements. This aging factor will be scenario-specifically defined in Chapter 4.3.1.8.

4.3.1.6 Electrical and thermal specifications on the module level

After determining the electrical resistances on the cell level. The module resistance is
calculated using the serial and parallel connection topology within the cellmodule.
Additionally, a resistance illustrating the contacting busbars is added. The busbar
resistance is determined directly by using the cell’s derived current requirement:

Icell,max. = max (Icell,quick charge’ Icell,discharge)- (4-27)

The necessary cross-section Ay ,spar Of the busbar is determined using DIN 43671.
Using the length of the busbar per cell l,spar,cen @nd the specific resistance of copper
Ocopper- the electrical busbar resistance can be described by:

_ lbusbar,cell
Rbusbar,cell = Qcopper * A—
busbar (428)
. 1 2
with @copper = gﬂmr;n .
This results in the total module resistance:
NcellsPerModul
Rmodule(socr T) = (Rbusbar,cell + Rcen(SOC, T)) : M_ (429)

NparallelCells

The thermal behavior of a LIB depends on a variety of factors. For considerations within
the HV-BOT, constant values for the heat capacity Cpeatcen @nd thermal conductivity
Acen @re used. Various literature articles discuss thermal differences between pouch
and prismatic as well as NMC-Type and LFP-Type LIBs [271]. Results from Brdyden
et al. [272] and Murashko et al. [273] compiled results indicating higher heat capacity
for LFP-Type cells compared to NMC-Type cells. Sun [274] summarizes a generally
higher heat capacity for pouch cells compared to prismatic format cells. Ziat et al. [275]
confirm these trends with their results. A work from Steinhardt et al. [276] describes
further detailed insights into the heat capacity and thermal conductivity of LIBs. Sun
[274], Murashko et al. [273], and Yang et al. [277] also compare heat conductivity for

different cell types. Findings from Wei et al. [278] show ranges from 10 %to 45 %for

the in-plate conductivity and 0.66 % to 1.55 % for the through-plane or radial
conductivity. Depending on the connection of the cellstack to the outer cell cup, the

72



4.3 Physical models of the submodel-concept

thermal conductivity can change format-specifically. Christen et al. show temperature
distribution experiments of a stacked prismatic cell [279]. Based on these literature
findings, the heat conductivity on the cell level is defined in the appendix in Chapter 8.1
for the reference prismatic, pouch, LFP-Type, and NMC-Type cells.

Heat capacity on the module level is determined by additionally adding packaging
materials M with weight m and specific heat capacity c:

Cheat,module = Cheat,cell * NcellsPerModule T Z m; - Cp,i - (430)
ieM

The anisotropic heat transfer conductivity on the module level is described by first
determining the material-based specific heat resistances:

lixyz
R = al (4.31)
thixyz Ai,x,y,z ' Ayz,xz,xy
with constant thermal conductivity 4;,,, constant material thickness [;,, (path
parallel to heat flow) and the cross-sectional area Ay, 4, «, (perpendicular to the path of

heat flux). For the module level analysis, a simplified average heat conductivity
Amoduleavg,xy,z CaN be computed using the specific cell and module packaging topology

consisting of the specific number of cells n.sxy, and packaging structure (for
comparison, see Figure 4.10 above):

lmodule,x,y,z

Amodule,avg.,x,y,z -

(ncells,x,y,z ' Rth,cell,x,y,z + Zi eM Rth,i,x,y,z) ’ Acell,yz,xz,xy. (432)

The cellmodule's thermal specifications are directly used in the cooling evaluations.
Usage, model insights, and limitations from the submodel cooling are described in
Chapter 4.3.3.

4.3.1.7 Cost model

The cost deviation for the cellmodule submodel is divided into two separate parts. On
the one hand, the cell costs, and on the other hand, the module and packing costs.
Both parts are relevant and can differ depending on the construction and requirements
of the cellmodule.

Cell level costs:

Often, battery cell costs are quoted using a normalized cost per kWh. This allows
easier comparability for different cell sizes or energies. Actual costs for lithium-ion cells
are challenging to estimate in a general and definite way. The costs depend on the
modeling approach, production location, production size, and many other factors. In
order to still model cell costs at the module level, two key ratios are considered. Figure
4.12 gives an overview and shows the dimensions of the cell cost model used in this
chapter.
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Optimization criteria of cell cost model

Optimized utilization rate Optimized cell geometry
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Figure 4.12: Schematic of used multi-criteria cell cost model.

First, the utilization on the cellmodule level is considered. It is defined as:

- (4.33)

Vcellmodule space available space — Vunused space*
This utilization describes the used cellmodule space based on the globally allocated
available space subtracted by the non-usable (unused) space.

By generally maximizing Vcelimodule space: the needed energy and power density can be
effectively minimized for a given energy or power requirement on the module level.

Secondly, the utilization and design of the cell space with actual cells are considered.
Thereby, the cell size plays a decisive role. The cell size determines the ratio of active
to passive material. Since only active material contributes to energy capability, the
normalized cell cost per kWh increases when more passive material is used. However,
if larger cells with a higher proportion of active material are used, the geometric
flexibility of the cell is generally reduced. In addition, the requirement for module
voltage, which is directly related to the number of cells and the cell chemistry, has to
be considered.

In order to address both of the aforementioned cost design criteria, the cell costs for
this work are defined based on a three-part cost model (see Table 4.2), which
furthermore allows quantitative comparison between different cell types, sizes, or
chemistries.

Cost part Prismatic Pouch
Fixed cost: gassing vent, production, welding, € €
1.5 — 1 —

etc. cell cell

ial: cell shell i I € €
Outer material: cell shell (depending on ce 25 = (aluminum) 0.5 — (pouch foil)
geometry) kg kg
Outer material: cell terminal/tab cost (see € Cathode: 2.5 £ (aluminum)
geometric details in the appendix, Chapter 2.5 o (aluminum) k€g
8.1.3) g Anode: 10 . (copper)
I ial: el k
nner material: electrode stack, current See Figure 4.13 See Figure 4.13
collector, etc.
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Table 4.2: Overview of cell level cost parts.

The fixed costs summarize any costs incurred for the production of each individual cell.
Examples are the welding, electrode stacking, or cell closure process. The outer
material for the cell shell and the cell terminal/tab is differentiated for prismatic and
pouch cells. The actual shell/casing thickness is set as 1 mm for prismatic cells and
0.2 mm for pouch cells (see spatial details in the appendix in Chapter 8.1).

The largest share cost in LIBs takes the inner material-based costs. These costs
include the total material of the cell’s inner parts. Thus, different cell chemistries,
electrolytes, electrode thicknesses, and other cell design parameters can majorly
influence the inner cell material cost. Production-based cost model approaches (e.g.,
Schunemann [244], or Nelson et al. [187]) aim to determine the inner electrode stack
costs by breaking down the costs for each production process and material used.
However, the actual costs depend not only on the production equipment and
machinery but are also globally time-volatile (see [280, 281]). This makes long-term
cost forecasting for the time of the battery system’s completion nearly impossible.
Therefore, a less volatile, requirement-based cost model approach is used in this work.
This approach especially prices the difficulty of fulfilling the energy and power/charging
requirements. Thus, a lower energy or power electrode stack material is assumed with
lower costs as it offers higher flexibility in material choice as well as electrode design.

The inner material costs used in this work are illustrated in Figure 4.13. The depicted
range of possible volumetric electrode stack energy densities can be compared to
values derived in [282]. Lower costs are represented in blue color and higher costs in
red color. The color gray indicates unfeasible requirements that cannot be materialized
due to cell chemistry-related boundaries. A reference charge C-rate of 1C was defined
as the lower cost border. The upper border C-rate is 6C. Three different cell chemistry
areas are marked within the graphic. The used requirement-based cost model
approach does not initially assign specific cell chemistries to a required energy density.
Rather, the NMC area, for example, could be served by a variety of different electrode
chemistry variants. As an example, lower energy densities may use LMFP (see
Chapter 2.2.1.4) or mixtures with high manganese while higher energy densities may
need mixtures with higher nickel contents. Various exemplary costs are shown at the
corner points in the graphic.
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Figure 4.13: Assumed battery electrode stack costs dependent on volumetric energy
and charge C-rate capability. Chemistry areas: LFP, NMC.
Grayed-out area (*) = Non-pareto-optimal energy-to-charging-capability-
ratio: other chemistry has to be used.

The visible color gradient greatly indicates the trade-off between energy and power, in
which, e.g., the electrode thickness is varied. Generally, higher charge-capable cells
can be designed by optimizing, e.g., anode, cathode, electrolyte, or the positive to
negative-electrode ratio. For more insights, the review from Weiss et al. presents a
holistic overview of fast-charging capable electrode design [283]. The perspective work
from Masias et al. further illustrates energy versus power density trade-offs for different
NMC-Type chemistries [284].

To graphically illustrate the above-derived cell cost modeling, some cost-course
illustrations are presented below. Figure 4.14 shows the changing cell costs with
increasing cell capacity. The resulting cost behaviors can be greatly compared to the
simplified cost reduction model deduced in Chapter 3.3.3. For fixed energy densities,
the resulting cost curves will shift higher or lower depending on the actual charge
requirement. The observed cell geometry additionally influences the cost curve.
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Figure 4.14: Cell cost comparison for various cell sizes and resulting cell capacities.
(Charge requirement 2.4C, cell energy density 570 Wh/I).

Figure 4.15 is used to emphasize the general dependence of the cell costs on the
energy density. Thereby, an exemplary prismatic cell geometry of 230 x 28 x 110 mm?
is assumed. The cost curve with the basic model assumptions from Table 4.2 is shown
in red color (stated as default costs). The increasing costs with rising energy densities
illustrate the working principle of the requirements-based cost model.
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15 - Default costs (100%) Example 1: Decreased costs Example 2: Increased costs
0- Fixed cost per cell: 100% 0- A) Fixed cost per cell: 50% A) Fixed cost per cell: 200%
10 - Aluminum cost : 100% -- B) Aluminum cost: 50% B) Aluminum cost: 200%

105 -
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Normalized cell costs on cell-level [€/kWh]

65 I I | | I I I J
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Vol. energy density on cell-level [Wh/I]

Figure 4.15: Cell cost comparison for one prismatic cell geometry with varying
volumetric energy density. Fixed and outer material costs are varied with
different colors (see default values in Table 4.2). (Charge requirement
2.4C).

Cost sensitivities for the fixed costs and the outer material costs are shown for reduced
costs in blue (50% of default costs) and for increased costs in green (200% of default
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costs) color. It is particularly noticeable that cost sensitivity is significantly greater for
lower energy densities compared to high energy densities. The results emphasize that
variations in fixed costs and costs of outer material affect cells with lower energy
densities more, concluding that inner material costs dominate at high energy densities.
This is because the total fixed and outer material costs decrease on normalized costs
per kWh when higher energy densities are considered.

A concluding comparison of cell costs is shown in Figure 4.16. Here, the changing cell
costs for one prismatic cell with two different volumetric energy densities are depicted
depending on the required charge C-rate. The necessary charge C-rate is directly
correlated to the charging performance (see Chapter 4.3.1.5). The x-axis represents
the required charging capability in C-rate. The shape of both cost curves indicates that
the costs of the lower energy density cells (blue) increase more slowly. This behavior
stresses the typically opposing requirements in cell design for high power and high
energy densities [68].
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Figure 4.16: Cell cost comparison for one prismatic cell geometry with two different
volumetric energy densities for varying charge requirements (cell size:
230 x 28 x 110 mm?).

Module- and packaging costs:

Module and packaging costs are modeled based on predefined material costs. The
cost components and their corresponding material are summarized in Table 4.3. The
actual costs are determined by the cellmodules’ geometric properties described in
Chapters 4.3.1.3, 4.3.1.6, and 8.1. Further packaging relevant components like
busbars, cell compression pad material, and gap fillers costs are also gathered.

Default cost

Component Material i
assumptions

Housing (frontplate, endplate, €

sideplates, coverplate, Extruded aluminum k_g

bottomplate)
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€
10 —
Busbar Copper kg
. E.g., elast i ili d micro-
Stack packaging, cell-to-cell g., elastomeric or si |con.e a.n .ml.cro € 1
. cellular polyurethane foam with intrinsic heat 20 s —
material : . mm? mm
resistance properties
€
Gap filler material E.g., adhesive acrylic 10 ke
€
Unused space E.g., polypropylene 1 E%

Table 4.3: Module and packaging parts and corresponding costs.

4.3.1.8 Aging requirement

Battery cell aging is a wide-ranging topic in lithium-ion battery technology. Many
fundamentally different modeling approaches (physical, chemical, data-driven, mixed)
are used to describe the change in cell capacity and internal resistance throughout
usage. A large overview of usage-specific cyclic and calendar cell aging based on over
1000 cells with 1000 GB of data is combined in comprehensive ENPOLITE graphics
and can be found in [207]. With the ENPOLITE graphics, cell aging test results can be
compared in terms of energy, power, and temperature. The large comparison with
more than 700 cylindrically and 300 calendar-aged cells is shown in the appendix in
Chapter 8.8.

An aging analysis is often based on a stress current or power profile, which aims to
test the actual behavior and thus predict the aging in the LIB as precisely as possible.
Since HV-BOT is a physical-based battery system design tool, it does not represent
any concrete usage scenarios of the battery system. One maijor stress factor for LIBs
in the application is the charging power. Based on the charging requirement, a design-
based approach to aging prevention is derived for this work. Depending on the
charging requirement, changes in the cell package, thermal management design, and
electrical cell design are considered. This approach aims to ensure that the
requirements can be met throughout the battery’s entire lifetime. The three different
design scenarios are shown in Table 4.4.

C-rates

Chapter 4.3.1.3)

Thermomanagement: .
ch teristics f Resistance
Charging Cell package: diffe?:‘t; :;: I:iss :;d surcharge:
requirement: Additional cell-to-cell . y Additional cell-aging
. design temperatures .
Scenario-based space (see resistance factor

(Temperature value
explanation see
Chapter 8.3.1)

Xres.aging (see Eqs-
(4.25),(4.26))

(Low QC priority)

Teenn < 55.0 °C

Scenario 1: —20% T4iff, module,qc < 17.5°C +30%
<1.5C Taif, fluia < 7 °C
(Medium QC priority) Teen < 52.5°C
Scenario 2: 0% T4iff,module,qc < 15.0 °C +40%
= 1.5C Tt Auia < 5 °C
(High QC priority) Teen < 50.0°C
Scenario 3: +20% T4if,module,qc < 12.5°C +50%
= 4C T, fluia < 3 °C
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Table 4.4: Aging scenario lookup-table. Different aging-related design changes,
depending on the charging requirement.

4.3.2 Submodel mechanics

4.3.2.1 Introduction

The safety of passengers in events of accidents is a crucial construction criterion for
an electric vehicle and its battery system. Therefore, the functional integrity of the
passenger compartment and the protection of sensitive components like the LIB cells
are the main tasks of a car body structure. This includes the provision of sufficiently
high stiffness to prevent the body from sagging and bending and, in case of an impact,
the absorption of kinetic energy through controlled plastic deformation. Accordingly,
two opposing requirements have to be addressed to design the battery system
balancing both rigid and yielding structures. Thus, two load cases are primarily
considered for designing the mechanical components within the mechanics' submodel.
These are the side pole impact (crash) [285] as well as the mechanical integrity (crush)
[286, 287]. Further country-specific automotive load cases can be found in [124, 288].

Within the HV-BOT, the mechanics' submodel is intended to ensure that the battery
cells can be operated safely within the battery system. The main component of the
mechanical battery system is the outer frame profile. An extruded aluminum profile is
often used as the outer profile. One major advantage of extruded aluminum profiles is
their variably in terms of height, width, and overall inner structure. Based on this
variability, the corresponding requirements for the outer profile in terms of stiffness and
energy absorbability can be perfectly met. The basis of the outer profile used in this
work can be seen in Figure 4.17. Thereby, the outer profile is divided into two parts.
Firstly, the fixed connection balcony, and secondly, a variable profile. The fixed
connection balcony is used to connect the battery system via the vehicle rocker panel
to the electric vehicle. Therefore, it is set geometrically fixed. The variable outer profile
can be designed specifically for the requirements of the vehicle load cases (crash) and
component load cases (crush). This process is derived and described in the following.

80



4.3 Physical models of the submodel-concept

? ?
Variable
£ height
3 Variable
A’ outer profile ‘
: : Fixed Variable
P connection width
:(vehicle | battery)
5 : balcony -
: 1S
€  Variable = e
: S structure ? ?
? 60 mm s
? ?

Figure 4.17: Variable design of an extruded outer profile.

4.3.2.2 Model

The testing scenario side pole impact simulates a car that crashes sideways against a
roadside object like a tree or pole [285]. Herein, the vehicle's kinetic energy is mainly
dissipated by the plastic deformation of structures like the battery system’s outer frame.
The left-handed side of Figure 4.18 illustrates the model approach to describe the
crash event. The black-colored bar represents the rigid pole (together with a
crashed/compressed vehicle rocker panel), and the gray-colored profile represents the
battery frame’s outer structure which protects the battery in green color. The kinetic
energy dissipation process is depicted from left to right. The graphs below depict the
contact force between the pole and the mechanical battery outer frame profile. An
exemplary maximum contact force F,,x is reached close to the maximal intrusion
Xmax.- 1he energy absorption E is described as the spatial integral of the axial impact
force F(x) over the deformation and displacement x:

)
E= f Fx)dx. (4.34)
0

Here, § denotes the effective deformation distance of the structure [123].

Next to the side pole test, the mechanical integrity (crush) also plays an essential role
in the mechanical design of battery system structures. The test is also part of law
requirements in several countries. A specified crush plate body intrudes the battery in
serval positions. The right side of Figure 4.18 depicts the crush test schematically from
a top view. In European regulations, the battery system must resist contact loads of at
least 100 kN [286].
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Crash (Sideview) Crush (Topview)
Pole + crashed rocker panel  Crash structure Battery Cross- Battery- Cross-
/ member cells member
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Crush plate Crash-
structure
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Figure 4.18: Left-handed side: schematic crash load model from the side view. Right-
handed side: schematic crush load model from the top view.

Surrogate model

A surrogate model was developed to design the outer profile of the battery system
within the HV-BOT. The model reduces the whole battery system depiction to the major
parts for the two loads cases crash and crush. The surrogate model is depicted in
Figure 4.19. Thereby, an outer profile is located in front of a crash body with a variable
spring. Cross members support the outer profile with a prior defined span. This span
is derived from evaluating the generic design variables x; to xs given the total
installation space for the battery system.

Generally, the surrogate model can examine very different mechanical battery system
designs with a wide range of cross member spans as well as outer profile shapes. The
variable spring stiffness can be used to model the stiffness of different cell formats and
different cell stacking directions. Moreover, the surrogate spring can be used to model
the crash impact of rigid bodies (direct crash on cross beams). By additionally
integrating bottom and cover plates in the surrogate model, an overall system stiffness
is incorporated into the surrogate model. The bottom and cover plates can be either
screwed or glued, which directly affects the system's rigidity. The surrogate model thus
also allows the analysis of novel cell integration methods like cell to pack.

Next to the surrogate spring stiffness, the design-relevant intrusion of the crash bodies
can be set. The intrusion defined here describes the allowed intrusion into the cellstack.
Different cell formats and stacking direction-dependent intrusion depths are defined to
test the load cases. For battery cells, a distinction was made between the cellstack
design intrusion, which is used for the legal component load case crush, and a critical
cellstack crash intrusion, which must never be exceeded due to, e.g., thermal runaway
hazard.
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Figure 4.19: Surrogate model to test load cases crash and crush (top view).

With the surrogate model, the mechanical integrity of battery cells can be represented
in a very variable way. In summary, the model allows the investigation of different span
widths, spring forces, and intrusion depths. In addition to different cell formats,
differences in stacking direction can also be considered. Table 4.5 summarizes the
spring stiffnesses and stack intrusions for all different scenarios used in this work. The
values were derived from numerous FEM-based investigations using different cell
data. Thereby, a test specimen was pressed into a built-up cellstack in and against the
cellstacking direction. The test ended when one cell reached its crucial intrusion. The
resulting force response was used to define a normalized force value. This force is
then used to define the spring stiffness within the surrogate model. The cellstack was
constructed in the packaging manner equivalent to the model in Figure 4.10.

Investigations showed that more cellstack intrusion is possible when the test specimen
is pressed in the stacking direction compared to pressing contrary to the stacking. This
results from the deformable cushion pads. However, pressing in the stacking direction
also showed lower forces. Both non-glued and glued cellstacks were investigated. For
glued cellstacks, the cells were glued to both the bottom as well as the cover plate.
Both quantities, the intrusion as well as the spring stiffness, can be variably changed
within the surrogate model.

Prismatic Pouch

Default design model input data Alongside Contrary to Alongside | Contrary to
cellstacking cellstacking cellstacking | cellstacking

Glued Spring
”ute « Force stiffness 2 12.5 1 1
cellstac [KN/mm]
package -
Design 5 5 5 5
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, 10 + 0.1
Intrusion . 10+ 0.1+ gy 10 + 0.04 10 + 0.02
Critical “deen 05
[mm] . .,0.5 ' ncells,stack,side : lstack : lstack
ncells,stack
Spring
Force stiffness 1 9.2 1 1
Screwed [KN/mm]
cellstack Design 5 5 5 5
ackage Intrusion 10+ 0.1
packag y 10401 Iy | 10+0.04 | 10+0.02
[mm] Critical *deenl
. * Ncells,stack,side * Lstack * Lstack
ncells,stack

dcen = cell thickness, [ = celllength , [g,c = cellstack length, 1 eps stack = number cells in cellstack
TNcells stackside = Number cells in cellstack contrary to cell stacking direction

Table 4.5: Allowed intrusion and stiffness data for the crash surrogate model.

FEM modeling methodology

Given the two major load cases and their corresponding surrogate models, multiple
FEM simulations are used considering the non-linearities in geometry, material, and
various boundary conditions. Herein, the dependency between the displacement

vector d (Figure 4.18) and the linear dynamic response of a system can be described
using the following equation of equilibrium as a second-order differential equation at
time ¢ [289]:

MO(d®) - GO + pO(FO) . 5O 4 KO(IWV). GO = FO(GO), (4.35)

With M as mass-, D as damping-, K as stiffness matrix. f denotes the force-, a the
acceleration- and ¥ the velocity vector [290, 291]. The first term describes the inertia
forces, the second term the damping forces, the third term represents the elastic
forces, and the right-handed side shows the vector of the externally applied loads like
gravity forces. Due to the highly non-linear behavior of the crash structures, small time
steps are needed to capture the deformation accurately. Therefore, explicit time
integration is used, as it generally offers higher efficiency in computation time.
Derivations and further details can be found [289, 292].

Model integration

Within the HV-BOT, the mechanics' submodel is implemented as a fully parameterized
model based on numerous prior executed FEM crash and crush simulations. Large
multidimensional and coupled look-up tables of prior-executed simulations are used to
evaluate different battery system concepts from a mechanical point of view. The usage
of offline computations enables extensive in-depth comparisons in a short runtime. The
design variables (x4, ...,x5) are used to determine the available installation space
intended for the entire mechanical structure. It should be noted that the installation
space for the electronics must be subtracted from the x-direction space if the
electronics are to be integrated within the battery system (see Chapter 4.3.4). Given
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the number of cellmodules (x,, xs) a general battery system topology consisting of the
outer frame, cross- and side member is geometrically predefined. Afterward, each
structure must be fully mass-related determined by following the next steps. This
process is depicted in Figure 4.20.

Firstly, various outer profiles (OPs) were created using the graph and heuristics-based
topology optimization (GHT) methods developed by Ortmann [292]. The method is
used to find feasible outer frame profile structures balancing both the crash as well as
the crush test requirements. While the crush requirement is defined in regional-specific
regulations, the exact crash requirement for a battery system is dependent on further
car topology specifications like the vehicle’s rocker panel. Therefore, the crash energy
requirement can be user-defined. To design the side crash profile, the crash test is first
performed on a rigid structure (extremely high surrogate spring stiffness). The high
spring stiffness demonstrates the crash impact directly into the rigid cross member.
The result is a GHT-optimized outer profile that ensures optimum energy dissipation of
the corresponding crash energy. The resulting outer profile is then also used to
evaluate the side pole crash into the center of two crossbeams to determine the
maximum cellstack intrusion (see Figure 4.19).

Secondly, a contact force F,.x, resulting from the performed rigid crash test with the
GHT-created outer profile, is used to design the system’s cross member rigidity. The
rigidity determination uses previously defined bending simulations of various cross
members with different widths, lengths, and types (full, strengthened, hollow). Hence,
the resulting cross member structures are mass-optimized depending on the
corresponding outer profile and the crash energy requirement.

Thirdly, the crush requirement is analyzed using again prior simulated results with
multiple dependencies of the system’s corresponding span between cross members
as well as the observed outer frame profile, geometry, and material. The bending
stiffness is tested both for the front and the lateral crush. If results are insufficient,
heavier outer profiles will be chosen iteratively, starting again with the crash profile
analysis.

Crash: outer frame Crash: side- and cross

Crush: span analysis
proflle analysis member dlmensmnlng

T AT

max
crash crush

Strengthened

HO”OW profile @E =25k
4\ prof\le 1 E
: E=10k
9 Feaslble_ o Feasnble cross, @ o] D
g outer profil g su:le member 2 U jam Crush
L= Full profnle -‘::,, l—Jw@ l requirement
3 O
S U
.
Weight side/cross Span side/cross
member member

Figure 4.20: Schematic procedure of the submodel mechanics. Three main steps to
evaluate the battery system frame topology.
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4.3.2.3 Internal optimization

Since only the total space usable for the mechanical battery system is specified
globally by the HV-BOTs design variables, the space allocation for the outer profile and
the cross members can be designed variably. Therefore, the cross member cannot
only be optimized regarding the structure (full, strengthened, hollow) but also the width
can be optimally set to meet both the crash as well as bending requirements. The width
for the cross members can thus be adjusted by shrinking the short outer profile width
in an internal optimization. This trade-off is exemplarily illustrated in Figure 4.21.

The internal optimization can then also be used to find a cost- and mass-optimized
design. The mass of the battery system mechanics results from the individual masses
from the outer profile, the cross and side members, and the underride protection sheet.
The bottom and cover plates are assigned to the submodel cooling as these
mechanical structures are usually combined with the cooling plates. The cross member
and outer profile are usually the most weight-intensive in the overall mechanics mass.
Internal optimization is thus also used to optimize the mass by reallocating space
between the shorter outer frame profile and the cross members. The flowchart of this
design process is depicted in Figure 4.22.

Cross member stiffness - Increase cross - Decrease outer profile
not sufficient member width width in x-direction

Optimization

Decrease cross . Increase short side « Crush test on short side
member width outer profile width outer profile infeasible

Figure 4.21: Space-neutral optimization of the cross member and outer profile.
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Figure 4.22: Flowchart optimization of outer profile (OP) and cross member (CM).

The major task in the internal optimization of the cross member and outer profile is the
definition of the feasible geometric ranges for both subcomponents (OP and CM). The
feasible geometric ranges for both components are defined by evaluating the load case
feasibility within the geometrically feasible range. In Figure 4.23, the process of
determining these ranges for both the cross member and the outer profile is graphically
derived in six steps. The resulting bounded ranges can afterward be sampled to
determine the cost or weight-optimized result.
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Figure 4.23: Schematic determination of the feasible geometric ranges for the cross
members and the outer profile. The ranges are used in the internal
optimization shown in Figure 4.22.

4.3.3 Submodel cooling

Major parts of Chapter 4.3.3 are published in a journal article [293] as part of this thesis
with equal contribution of this thesis author, Sunny Rai, and Finn van Ginneken. This
chapter contains minor modifications and extensions with respect to the original
publication. The use of the article content, including illustrations, is permitted with the
consent of Wiley-VCH.

Thermal management of LIBs plays a significant role in electric car behavior in terms
of safety, available power, range, and aging. Therefore, a battery thermal management
system has to be designed to be both efficient and reliable. HV-BOT uses a
parameterized lumped mass model to optimize an active liquid cooling plate topology.
The lumped masses model is based on multiple computational fluid dynamics (CFD)
simulation investigations. The general advantage of lumped mass models lies in lower
computation times and simple coupling of the energy balance with the model approach
of equivalent electrical circuits.

The electrical, thermal, and geometrical design of the cellmodule and the overall
mechanics of the battery system are used to determine the optimized cooling system
design within the HV-BOT. Figure 4.24 shows a schematic cross-section of a cooling
plate within the battery system. The arrangement and connection between the cooling
plate and the cellmodule are depicted therein. Within the cooling submodel, the cooling
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plate is optimally designed, taking into account the entire heat path from the cell to the
module to the overall system.

Cover
Air gap / tolerance
Side view Second cooling

plate (optional,
additional space)

Battery cell/
cellmodule

Gap filler

Bottom plate | Cooling
Cooling tubes | plate
Cooling plate

Bottom panel/
underride protection
sheet

Figure 4.24: Schematic cross-section of a battery system with geometric construction
principle of the cooling plate.

The following chapter describes the functionality and application of the simulation
framework for optimized cooling plate design based on exemplary cellmodule
geometries for a fast charging profile. Various model parameter assumptions and
explanations are also given in the appendix in Chapter 8.3.

4.3.3.1 Introduction

To design an effective battery thermal management system (BTMS), multiple
simulations with different levels of modeling, physics, and details are generally needed.
However, complex and high-resolution models are time-consuming, both in terms of
buildup and computation time. Especially the fast-moving early-stage development
phases demand all-in-one model approaches allowing for quick and efficient concept
evaluations. To meet these requirements, this chapter proposes a lumped-mass
modeling approach and derives a methodology for evaluating various liquid cooling
plate topologies. The framework is capable of optimizing cooling plate topologies within
the HV-BOT based on differing geometric, electric, and thermal cell and cellmodule
inputparameters. A novel modeling strategy preselects cooling plate parameters using
a reduction procedure that couples the transient models' accuracy with the steady-
state models' computation time advantages. This chapter’s results analyze different
initial cellmodule geometries, indicating significant deviations in their optimized cooling
plate properties. The cooling plate topologies are varied between two of their main
construction design parameters: tube size and tube-to-tube distance. In addition to the
battery’s mean temperature, further meaningful parameters like the resulting volume
flow are evaluated, compared, and discussed for the entire set of observed cellmodule
geometries. Subsequent sensitivity analyses show geometry-related optimal plate
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topologies depending on the cooling circuit performance, stressing the capability of the
model for usage within the HV-BOT.

The simulation model focuses on the design of the optimal cooling topology for different
battery system sizes and provides a novel modeling approach to optimize the cooling
plate design using coupled electrothermal simulation models.

Major contributions of the cooling plate optimization framework derived in this chapter
are:

- Deriving a novel multi-parametric cooling plate simulation model for evaluating
various cooling plate topologies at concept stages. Thereby, the entire cooling
circuit and the corresponding pressure losses are generically parameterized.
Thus, the coupled effects in the design of the cooling plate can be evaluated
given various battery cooling requirements.

- Eliminating the use of detailed CAD models in the early design process through
a multi-stage cooling plate optimization procedure for various design
parameters.

- Cooling-specific evaluation of different cellmodule geometries with respect to
their cooling plate capability based on aggressive fast charging requirements.

The remainder of this chapter is organized as follows. First, a description of the
optimization process for the cooling plate will be presented, including the modeling
approach used. This will be followed by a detailed account of the numerical
optimization results of three geometrically different cellmodules in Chapter 4.3.3.4. The
cooling plate model will then be concluded in Chapter 4.3.3.5, with an overview of the
main findings and a discussion of potential areas for future research.

)
| Define cooling circuit | Cooling plate design | Cooling simulation | Evaluation |\

\ Best configuration: \ N
; ‘ ; »Tmean »Tube geo.

> Tmax > Vflow.
> Tdiff ~Topology,

Cellmodule Geometric, electric Pump power, Cooling plate and Evaluation of
packaging and thermal model cooling capacity tube topology temperatures

Figure 4.25: Schematic representation of the cooling submodel procedure.

4.3.3.2 Methods

In the following chapter, the optimization process for the cooling plate topology and the
associated models are presented. First, the overall optimization process is described
which is used to narrow down various cooling plate parameters until an optimal set of
parameters is identified. Subsequently, the modeling approach for the battery modules
and other components is described. The abstracted models in the respective
optimization stage are then explained. Next, the modeling of heat sources and heat
conduction is defined. Suiting assumptions for the entire battery, from the cell to the
module to the system level, are then derived. Afterward, the heat conduction, the heat
sources, and the modeling of the cooling plate, which represents the heat sink, are
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described. Furthermore, the necessary symmetry assumptions, the modeling of
pressure losses, and other components in the battery system are derived.

Optimization process and model input and output parameter

In order to determine the requirements for cooling plates, the irreversible heat losses
within the battery cells and the heat transfer to the cooling system must be calculated.
The irreversible heat losses can be described as a function of power or current using
electrical equivalent circuit models (ECMs). ECMs with RC elements are often used to
evaluate transient power profiles. However, transient evaluation combined with a large
number of variable cooling plate parameters leads to a multidimensional solution space
and, thus, to high computation times. A commonly used means of reducing the
computational time of simulation models is to omit transient simulations by reproducing
them based on appropriate steady-state or quasi-steady-state simulations. While this
procedure effectively reduces computational time, it also has some drawbacks. The
more the simulation is simplified, the more the model accuracy and corresponding
validity of the simulation results may suffer. Therefore, an optimization process flow
was developed for this model that uses parameter-specific partial evaluations from the
steady-state, quasi-steady-state, or transient simulation and incorporates the partial
solution into the rest of the workflow. Depending on the type of simulation, individual
parameters are evaluated in the respective stage, while other parameters are not
considered at first. Thereby, the advantages of accuracy are combined with those of
computing speed. Figure 4.26 illustrates the procedure.
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Figure 4.26: Flowchart diagram of the cooling plate optimization process. Different
simulation types (steady-state, quasi-steady-state, and transient) are
served by type-adjusted inputs for resistance and power. The determined
outputs of each stage are based on the type of simulation. The individual
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simulation stages reduce configurations starting from a large number of
cooling plate possible variants.

On the left side in Figure 4.26, the inputs of the optimization process are shown. The
inputs are adapted according to the model used. Each optimization step in the
modeling section, except for the last one, is used to reduce possible cooling plate
topologies. With the help of the last step, the parameters found for a topology are
verified. Thus, the combinatorics of steady-state and quasi-steady-state models serve
to identify optimal cooling plate topologies within the entire solution space.

In order to maintain the highest accuracy of the overall cooling system, the thermal
network and the corresponding cooling circuit are calculated transiently in all three
models. However, each of the three models is served with a different and stage-
dependently designed ECM model and power profile. In the first step, the steady-state
ECM model with a temperature-dependent voltage source and a temperature-
dependent electrical resistance is assumed. This kind of ECM is named Rint-ECM in
the following. The SOC is assumed to be constant in the steady-state model. The data
for the electrical resistance and the voltage source is provided by the inputs. In
addition, the inputs provide a current profile. From this current profile, a squared
average C-rate is determined using Eq. (4.36):

ten
i S5 cRare(D)dE (4.36)
CRrate = time .

The simplifications enable the computation of steady-state temperatures that generally
have limited comparability with transient model results. However, a relative comparison
between the results of the steady-state models is made possible. Thus, this
comparison allows a selection of cooling channel heights, since it can be determined
which configuration dissipates the most heat with the smallest possible temperature
difference within the cellmodule. Therefore, the optimal outcome is identified using the
maximum temperature and temperature difference within the corresponding
cellmodule.

The quasi-steady-state also uses a Rint-ECM. However, the dependence of the
voltage and the electrical resistance on the SOC is taken into account. Another
difference from the steady-state model is that the current profile from the inputs is used
directly. Electrical Rint parameters suitable for the current profile are derived with the
transient equivalent circuit model. This allows comparability in terms of ohmic power
loss between the quasi-stationary and the transient model. The found electrical
parameters are multiplied by a safety factor to ensure that the quasi-stationary model
has a slightly higher onmic power loss than the transient model. This ensures that the
quasi-steady-state model does not underestimate temperatures. Generally, to limit the
risk of overestimation of the ohmic power losses, this safety factor has to be kept as
small as possible. Thereby, the optimization of overly conservative cooling plate design
can be prevented.

With the prior knowledge of the optimal cooling channel height, the number of cooling
plate topologies is significantly reduced. The remaining cooling plate topologies are
evaluated by using the efficient quasi-steady-state model.
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In the final step of the optimization process, an impedance-based ECM consisting of a
voltage source, electrical resistance, and two RC elements (see [293]) is used to verify
the optimal parameter sets from the quasi-steady-state model with respect to the
cooling system requirements. This type of ECM is called RC-ECM in the following.

The pre-selection of suitable cooling plate configurations in the proposed optimization
process by stationary and quasi-stationary models is essential for a fast evaluation.
Pre-selected configurations are finally evaluated with the transient model to be
optimized with respect to the resulting cellmodule temperatures. This optimization
process meets the requirements for the early development phases and thus aims for
a conservative evaluation of different cooling plate concepts based on variable inputs.
It allows the evaluation and comparison of cooling plate concepts regarding their
general suitability for given battery specifications. General model limitations are
discussed at the end of the following modeling approach section.

Modeling approach

The model presented here is based on the work of Wendland et al. in [294]. The cooling
plate optimization process is capable of evaluating various cooling plate topologies
combining serval design parameters and optimizing numerous variable combinations
for the entire EV battery system within a few seconds. The simplified, parametrizable
base model is composed of interconnected discrete point masses and is used to
optimize the cooling plate topology with either indirect/passive air or active liquid
cooling. For the modeling of the battery system and its components, Modelica with the
MSL (Modelica Standard Library) 4.0.0 is used. Additionally, the base model is built
with custom and already implemented models from the TIL library in Modelica [295,
296]. The parameterization and validation of the base model are based on various CFD
simulations for different parts of the whole cooling plate topology. Furthermore, the
modeling of the battery cells and the cooling plate was validated with a reference
cellmodule by Wendland [153]. The reference module consisted of 24 pouch-shaped
battery cells oriented parallel to the fluid flow in the cooling plate. The test was
performed in an air-conditioned test chamber. In addition, the reference module was
insulated on the non-cooled surfaces to minimize the influence of the environment.
Current pulses with a duration of 30 s were used to achieve steady-state temperatures.
In summary, simulation and measurement showed small deviations in the resulting
temperatures. A detailed description of the validation process can be found in the work
from Wendland [153].

To also evaluate the entire heat path from the generation of heat in the cellmodule
module through heat transport into the coolant to heat exchange in the chiller, an
almost entirely parameterizable approach was chosen. The assumed cellmodule can
represent different cell sizes, chemistries, and cell-level interconnections.
Dependencies are evaluated geometrically, electrically, and thermally by the cooling
model. A heat transfer path from the module into the cooling plate was described using
known equations. A distinction can be made between passive air cooling, one-sided
and two-sided water/glycol cooling. Different gap filler thicknesses and types can be
selected explicitly in an internal optimization for the necessary heat transfer. Different
geometries of the cooling channels can be easily parameterized via the cross-sectional
area and the perimeter. In addition, the number of passes (U/W-connections) can be
parameterized. Pressure losses are calculated using multiple subdivisions inside and
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outside the cooling plate. Thus, a pump capacity is derived using the necessary
water/glycol flow rate calculated for an optimum cooling capability in the specific
cooling plate configuration. Different dimensioning of the cooling circuit reflects
different cooling capacities and thus directly influences the overall optimized result of
the cooling plate configuration. The following section describes the individual parts and
modeling approaches of the overall cooling plate optimization framework.

Modeling approach: modeling of cell, module, and battery system

The objective of thermally modeling the battery system is to describe the individual
cellmodules and fluid flow in the cooling plate sufficiently accurately and efficiently in
terms of its thermal behavior. Therefore, it is necessary to make abstractions for the
model development.

The first abstraction comprises the battery system. The battery system is considered
as a hydraulic and electrical interconnection of multiple cellmodules. Other
components like the E-Box, are not considered. The second abstraction involves the
module itself. It is considered as a homogeneous block with an anisotropic thermal
conductivity in three spatial directions. According to Wendland [153], this abstraction
admits that the temperature spread can be underestimated if contact resistances and
insulation layers are neglected. Under the condition that the heat conduction path
towards the cooling is calculated correctly, the maximum temperature in the range
Thax < 60 °C is represented sufficiently accurately. The third abstraction concerns the
discretization. The discretization of a module depends on the discretization of the
cooling channels and the cooling coils. Through this approach of discretization,
individual cells in the module are not resolved and a discrete point mass can contain a
part of a cell or several cells, depending on the discretization. It should be noted that
the discretization in the height of the module can be freely chosen. Consequently, the
module is modeled as a thermal network consisting of discrete point masses with a
temperature state in the center (see Figure 4.27) and anisotropic heat transfers. For
model development, it is also assumed that convective heat transfer with a constant
coefficient to air exists on the side surfaces of the module. The cooling plate is always
located on the bottom side of the module. Double-sided cooling is made possible by a
symmetry plane in the height of the module.
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Figure 4.27: Schematic illustration of a discrete element divided into Type 1 and Type
2 elements. The thermal equivalent circuit is shown to the right of the
respective element.
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There are two types of discrete elements in the model. The Type 1 includes the one-
dimensional transient heat conduction equation and is used to model the busbar
system (consisting of tabs and busbars). The Type 2 is used to model the module itself.
This type includes the three-dimensional transient heat conduction equation [297].
Thus, the anisotropic thermal conductivity of the active material of the battery cells can
be considered. The elements of the Type 2 include not only the active material of the
individual cells in the module but also all other installed materials and components in
the module, for example, the battery module housing.

As shown in Figure 4.28, the cellmodule is discretized in three dimensions. The number
of elements in length is denoted by the index i, those in width by the index j, and those
in height by the index k. The heat flow rate Qi, i ksurface OVEr the respective surface
(see Figure 4.27) of each element can be determined as follows:

Tijksurrace = Tijr

Qi,j,k,surface -

Rth,i,j,k,surface to center , (4-37)
surface € {North, South, West, East, Front, Back}.

The thermal resistance Ry jkareato center 0€IWeeEN the respective surface and the
center is determined by the geometry and thermal properties of each element
representing the three-dimensional thermal resistance of the discrete element. The
temperature state of each element can be determined using the first law of
thermodynamics and the resulting heat conduction equation as follows [297]:

dr;, ;
gk : :
Cp,heat,module * Vi,j,k * Pmodule * dt = Z Qi,j,k,surface + Qi,j,k,source (438)

surface

The determination of the heat capacity and thermal conductivities for the
corresponding cellmodule are derived in Chapter 4.3.1.6 in Egs. (4.30) - (4.32).

For the calculation of the electrical resistance in each individual discrete element (see
Figure 4.28 gray area), it is assumed that the resistance in one Type 2 element is equal
to the electrical module resistance (see Eq. (4.39)). This assumption results from the
different proportions of the discrete elements in the active material of the individual
cells. Again, it should be noted that a discrete element can have shares in the active

material of several cells.
s s
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Figure 4.28: Schematic structure of the cellmodule.
Thus, the module's electrical resistance R, ,qu1e (T, SOC) can be determined as follows:
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Nseries * Rcell (T’ SOC) (4 39)

Rmodule (Tr SOC) = kscaled
Nparallel

The scaling factor k4,14 Can be used to match the electrical resistance to other battery
cells without affecting the influence of the temperature and state-of-charge dependent
resistance field. k¢.40q IS the ratio of the electrical cell resistance to a given resistance
at a specific SOC and temperature. For known electrical cell data the factor equals 1.

The current in each discrete element is equal to the module current I,,,,que, SO the
irreversible heat for the steady-state and quasi-steady-state (see Figure 4.26) can be
determined as follows:

Qsource,module = Rmodule (Tr SOC) : Irznodule . (440)

For the RC-ECM, the irreversible heat is calculated from the ohmic losses via the
internal resistance Ry, the first RC element Rgc;, and the second RC element Rgc,.
Thus, the irreversible heat is described as follows:

. Uics
Qsource,module = RO,module(T' S0C) - IélOdu}e + RRc,l,module(T' S00)

(4.41)
Ukcz

+ .
RRC,Z,module (T; SOC)

Urc1 and Ugrc, describe the voltage in the respective RC element. The voltage
depends on the charge of the capacitance and can be described as follows:

dURC,i= Iélodule _ Urc,i (4.42)
dt Cre,irsoc)  Rrei(T,SOC) - Cre,(T,SOC)

The resistances (Rrc,o(T,SOC), Rrc,1(T,SOC) and Rgc,(T,SOC)) are determined as in
the steady-state case using Eq. (4.39). The capacitance Crc ;(T, SOC) of the respective
RC element is determined with the help of the time constant trc; (T,SOC) and the
resistance Rgc;(T,SOC). This ensures that the scaling factor k.,eq is also considered
in the capacitance.

Since each discrete element represents only a portion of the module, the irreversible
heat Qsource,module is divided by the number of discrete elements, resulting in the

following irreversible heat for each discrete element Qi,j,k,source :

Qsource,module (4_43)

@t jtesource Nlength * Mheight * Mwidth

Besides the irreversible heat in the Type 2 elements, the busbar system (see Figure
4.28 red area) also plays a crucial role for edge elements. The busbar system has a
2D discretization with size g * heigne- ON the front and rear sides (given side
terminals/tabs) of the cellmodule, one side of the Type 1 elements, representing the
busbar system, is thermally connected to all Type 2 edge elements of the module. On
the other side, the Type 1 elements are thermally connected to the environment.
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For the busbar system, three heat sources are considered by ohmic resistances. The
electrical contact resistance between the tab and the busbar QTab,Busbar, the

irreversible heat in the tabs Qr,, and that in the busbar itself (Qgyspar). The heat
sources are determined for each discrete element (index: j, k) as follows:

0 _ 2
Qj,k,Tab,Busbar = f}',k,distribution ’ RTab,Busbar ’ ImOdule * NTab,Busbar » (444)
I 2
: module
Qj,k,Tab = f}',k,distribution * Rrap - ( > * NTabs » (4.45)
nparallel
0 _ 2
Qj,k,Busbar - f}',k,distribution * Rpusbar ° Imodule " NBusbars - (446)

In order to provide a local resolution of the heat contribution through the busbar system
and for the scaling of the heat sources, a distribution matrix fjistribution 1S iNtroduced.
This matrix has the dimension ny,igw X nheighe- The matrix entries zeros represent the
areas of the module, which are not covered by the busbar system after
parameterization. The remaining entries are determined by the area covered by the
tabs in each discrete Type 2 element (see Figure 4.28). The sum of the matrix must
be 1 so that the complete busbar system is represented. With the geometric properties
of the busbar system and the discretization (defined by the cooling plate), the mass of
each discrete Type 1 element can be determined. The electrical resistances (Rtap,
Rpushar) are determined based on the geometry and the electrical conductivity of
copper and aluminum. The electrical contact resistance Rr,ppushar IS @ Settable
parameter.

In addition to the heat sources in the busbar system, the heat flows across the balance
volume of the busbar system must be determined. For this purpose, the thermal
resistance Ry, of the Type 1 element is determined based on the parameterized busbar
system and the material properties. Thus, the heat flow rate to the Type 2 elements
(index: type 2) and that to the environment (index: ambient) can be determined as
follows:

d Ti,j,active surface — Ti,j
0,1 _ (4.47)
i,j,type 2 0.5 - R.. - ’
.5+ Ry + fi,j distribution
. _ Ti,j,ambient - Ti,j 4.48
Qi,j,ambient - ( . )

0.5 R - fi j distribution

The temperature T; ; of the respective element in the busbar system is determined as
follows:

dTi‘j‘
fi,j,distribution * Mmodule * Cp,heat,module * dt (449)

= Qi,j,type 2+ Qi,j,ambient + Qi,j,Tab,Busbar + Qi,j,Tab + Qi,j,Busbar .
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The influence of the environment is also considered. Convective heat transfer is
assumed on all sides of the module except for the bottom and top in the case of double-
sided cooling. The convective heat transfer is modeled using a heat transfer coefficient
a. Different heat transfer coefficients can be found in [298-300]. For passive air

cooling, the coefficient is vehicle type independent approximated as a = 5 mV:K. In the

following, the modeling of the cooling plate, including the gap filler, is described.

Modeling approach: modeling of the cooling plate

The cooling plate geometry is crucial for the discretization of the module (see Figure
4.28). The number of cooling passes for one coil (see Figure 4.30) determines the
discretization of the module width. Furthermore, the number of serial cooling channels
in a coil determines the fluid paths. For example, two serial cooling channels in one
coil result in a U-shaped fluid path, while three channels result in an S-shaped fluid
path. The discretization is freely selectable along the cooling channels (in flow
direction). The same applies to height discretization. The modeled cooling plate
consists of the cooling channels and the gap filler (see Figure 4.29). The gap filler is
modeled by a thermal resistance. Here, the mass and, thus, the thermal capacity are
neglected due to the small thickness of the gap filler (~ 1 mm).

The cooling channels are parameterized using the length of the module and the height
of the cooling channel, which results in a hydraulic cross-sectional area and a heat
transfer area using the assumption of a circular segment and a height-to-width ratio
(see Figure 4.29). The parameterization is done for each discrete element along the
flow direction. Thereby several parallel cooling channels can be taken into account.
For the calculation of the heat transfer coefficients between the fluid and tube wall as
well as the pressure drop in the tubes, a 0D/1D approach is used for each discrete
element in the tube. Rotating the cooling plate allows a fluid flow perpendicular to cell
orientation. It should be noted that the discretization of the module length is then given
by the topology of the cooling plate. A symmetry plane is used for double-sided cooling,
assuming the same cooling mass flows and cooling plate geometry. Thus, the following
cooling configurations can be investigated:

- Parallel — One-sided | Perpendicular — One-sided,
- Parallel — Double-sided | Perpendicular — Double-sided.

The cooling tubes are assumed as circular segments (see Figure 4.29). A similar shape
is also described in [301]. An advantage of this form of cooling channels is the non-
cutting and flexible production of the cooling plates. This work’s assumed cooling
plates consist of two parts. The cooling channels are formed in the lower part by deep
drawing or cold extrusion. The cooling channels are then sealed with the upper part by
roll seam welding or pressure welding.

The thermal capacity of the cooling plate is neglected. The distance from a module's
border to the first tube is half of the tube-to-tube distance. The distance is used to
determine the maximum number of cooling channels. It should be noted that the tube-
to-tube distance only affects the maximum number of cooling channels but not the local
change of heat sinks.
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Figure 4.29: Schematic representation of the cooling plate with multiple geometric
design parameters.

The proposed model aims to consider different cooling plate channel geometries and
represent them sufficiently accurately. The following Egs. (4.51) and (4.55) are
generally valid for circular channels [297]. Nevertheless, to allow the mapping from the
assumed cooling channel geometry (see Figure 4.29), which differs from the circular
geometry, the hydraulic diameter is used. The use of the hydraulic diameter can lead
to deviations in some cases, e.g. laminar flow or geometries that deviate from the
circular shape [302]. For this reason, the model with this particular cooling channel
geometry was verified with CFD simulations for pressure losses and heat transfer
coefficient. It should be noted that deviations may occur for other cooling channel
geometries. Therefore, the applicability of Eq. (4.51) and Eq. (4.55) should be reviewed
for deviating cooling channel geometries.

The convective heat transfer for active liquid cooling within the system can be
described using Nusselt number Nu for laminar and turbulent flows:

Nu- A
a = kpassive T )

(4.50)
kpassive = {

1 for active cooling
0 for passive cooling

with a as the heat transfer coefficient, which describes the convective heat transfer
between wall and fluid, 4 the thermal conductivity of the fluid, and L the dimension
governing the flow, which corresponds to the hydraulic cooling tube diameter d;,. For
passive air cooling, heat transfer is prevented using the parameter k,ive, SO that the
heat can only be dissipated via the other surfaces cooled by the environment. In order
to find suitable values for the convective heat transfer coefficient a for active liquid
cooling, different equations for Nu depending on the fluid and the type of flow are
considered.

For laminar flows (Re < 2300) the laminar Nusselt number Nu,,,, is modeled by the
following equations from Baehr et al. [297]:

3.657 0.0499
X+

Nugm,, = -tanh(X ™). (4.51)

1 2
tanh (2.264 X+ LT [x+]§)
The dimensionless length X* is defined by the following equation. It results from tube

length [, hydraulic diameter d,;, as well as the Péclet number Pe. The Péclet number is
the product of Reynolds Re and Prandtl Pr number [297]:
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l l

= = ) (4.52)
dy-Pe dy-Re-Pr

X+

The Reynolds number Re in each discrete tube element is determined by Eq. (4.53).
The substance-specific quantities, such as the density pguiq and the dynamic viscosity
Nauiq are calculated by TIL-Media [295, 296] for the incompressible fluid G12Evo. The
fluid mass flow in each discrete tube element is determined using the fluid’s routing
and partitioning. Together with the fluid density pg,iq, the respective volume flow for
the tube element is given. Flow velocity vq,iq is calculated using the volume flow in
each tube element and the respective cross-sectional area.

_ Pfuid " Vfluid * dh. (4.53)
Nfluid

Re

For fully turbulent flows (Re < 10000), the following equations from Gnielinski [303]
are used in the model to calculate the turbulent Nusselt number Nug,p,.:

(Eturb.flow) Re - Pr %

8

2
1+12.7- /ft“rb% (Pr§— 1)

The wall friction coefficient ¢ can be described for the turbulent region using the
following equation of Konakov (often also named Konakov equation [304, 305]) :

+ 1+(%) : (4.54)

Nugyrp, =

Seurb flow = (1.8 - log(Re) — 1.5)72. (4.55)

For the transition region (2300 < Re < 10000), linear interpolation is applied between
the turbulent and laminar Nusselt numbers. The interpolation is done using the
intermittency factor [306].

Modeling approach: use of symmetry

One elementary part of the proposed cooling model is the use of symmetries. As
already mentioned above, a symmetry in height is assumed for double-sided cooling.
This also guarantees the computational performance of the models for this cooling
configuration. The discretization of the module width (see Figure 4.28) is based on the
cooling channel passes (n_pass) of one coil in the module (see Figure 4.30). Figure
4.30 shows the second assumption regarding symmetry. Here the module is reduced
to a coil assuming a symmetrical cooling plate. Adiabatic boundaries are assumed at
the symmetry surfaces. Therefore, the surfaces on which convection is present must
also be scaled. The scaling factor results from the number of coils. This approach
massively reduced the computation time, which ultimately allows for a wider range of
degrees of freedom for the optimization. The parameter for the number of passes can
be used additionally to increase the degree of freedom in the cooling plate
configuration. Depending on the topology, the pipe section at the end of each pass is
connected to the next pipe section or the cooling plate's outlet. By this procedure, every
second pass flows in the opposite direction to the first.
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Figure 4.30: Schematic representation of the symmetry assumption used in the
cooling plate optimization model.

Modeling approach: modeling of the pressure losses

Sufficient coolant flow in the cooling channels ensures that the cooling plate operates
appropriately. A water pump in the circuit must therefore be dimensioned to
compensate for occurring pressure losses inside and outside of the cooling plate.

Pressure losses inside and outside the cooling plate depend on various parameters
like the cooling tube geometry as well as topology, the coolant temperature, and the
volume flow rate. However, the overall objective of the pump design is to keep the
difference between the inlet and outlet temperatures of the cooling water/glycol mixture
relatively small. A homogeneous cooling of the cellmodules can only be achieved by a
small difference within the coolant temperatures. A coolant temperature difference
between the inlet and outlet of 5 K is used as the benchmark for the model. Scenario-
dependent variations can be found in Chapter 4.3.1.8.

Pressure loss calculation is divided into multiple parts within the model. Figure 4.31
schematically divides the cooling system into different parts and depicts the differently
evaluated pressure losses.
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Figure 4.31: Overview and segmentation of different pressure losses within the entire
battery cooling system.

Pressure drops within the tube’s straight parts (see (1) in Figure 4.31) are determined
by the following Darcy-Weisbach equation:

_ P2 b 4.56
Ap = Afiow * 5V . (4.56)
The pressure drop depends on the velocity (v), the fluid’s density (p), and the wall
friction coefficient (£). The calculation of the wall friction coefficient ¢ depends on the

Reynolds number. For laminar flows, the Hagen-Poiseuille equation [303] is used.

64

{Tlaminar flow = E . (457)

For turbulent flows, the wall friction coefficient from Konakov [304, 305] is used (see
Eq. (4.55)). For the transition region (2300 < Re < 10000), linear interpolation is
applied as described above.

Further pressure drops for cooling tube bends (see (2) in Figure 4.31), and the
distribution of coolant into and from the tubes (see (3) in Figure 4.31) use an empirical
approach with the form of:

Ap =< n )"( oy (4.58)

Apnominal Nnominal Myominal

Coefficients are evaluated and validated using various CFD simulation results of a
cooling plate substitution model. n,omina1 describes the reference coolant dynamic
viscosity of the reference simulation. The parameter 1,omina IS the reference mass
flow rate.

In order to describe the pressure losses in the individual variables, suitable variable
sizes for the exponents x and y were evaluated. The used coefficients for the different
components are listed in the following Table 4.6.
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Component .Apnominal 37nominal Thnominal x y
in mbar inPa -s | inkg/s

Single cooling tube bend 8.15 0.0044 0.026 0.5 1.45

D.IStr'IbUtIOh of inlet and outlet for one- 5345 0.044 031 03 P

sided cooling

D.IStr'IbUtIOh of the coolant for double- 79 84 0.0044 0.63 03 P

sided cooling

Table 4.6: Used coefficients from an empirical approach to calculate the different
pressure drops of the cooling plate components.

Pressure losses outside the cooling plate (see (4) in Figure 4.31) are caused by other
operating components necessary for cooling the coolant, such as the chiller, valves,
and the associated tubing. These pressure losses are strongly dependent on the
individual components as well as their topology and can, thus, only be accurately
calculated in dedicated pressure models. Therefore, this model uses an exemplary
dependence for the pressure losses outside the cooling plate to describe its
dependence on coolant temperature and volume flow rate. The pressure loss
assumptions are shown graphically in Figure 4.32.
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Figure 4.32: Data-based pressure losses outside the cooling plate depending on
volume flow rate and coolant temperature extracted from representative
vehicle concept simulations.

Modeling of the chiller, heat exchanger, and pump control:

As one of the last steps, the heat of the coolant must be dissipated. A simplified chiller
stage model is assumed for this purpose. The maximum cooling capacity Qcooling,max.
is defined based on three chiller expansion stages using a linear dependence on
volume flow (ky) and fluid temperature (k1) as well as a cooling capacity offset (Qy),
as follows:
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Qcooling,max. = QO + ky - Vflow + k- Tﬂuid,in. . (4.59)

The simplified approach allows a fast and sufficiently accurate mapping of the
maximum transferable heat for a constant refrigerant inlet temperature of the chiller in
the primary cooling circuit. The constants ky and kr allow a simplified consideration of
the dependencies between maximum transferable heat, volume flow, and coolant inlet
temperature in the battery-side coolant cooling Tpy;g in.-

The maximum cooling capacity depends on the chiller configuration (see Figure 4.33)
and can easily be extended to other configurations. This simplification is used as it can
enable a parameterizable cooling capacity with sufficient accuracy while still
maintaining a short calculation time of the overall cooling plate optimization model.
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Figure 4.33: Comparison of three different data-based assumed cooling circuit
configurations. Cooling capacities depend on coolant temperature and
volume flow rate extracted from representative vehicle concept
simulations.

Depending on the charge/discharge profile and ambient temperature, a different
constant inlet temperature Tpyig,out,req. Of the cooling plate can be specified. For driving
and charging profiles, the target inlet temperature is set to 20 °C. This applies at an
ambient temperature of 20 °C. At 40 °C, the inlet temperature is set to 15 °C. In
between, linear interpolation is applied. Outside, a constant extrapolation is applied.
Thus, the required heat Qcooling,req_ can be determined as follows:

Qcooling,req. = Mpyiq * Cp (T) ' (Tﬂuid,in. - Tﬂuid,out.,req.)- (460)

In the case where the heat to be transferred is higher than the maximum cooling
capacity, the maximum cooling capacity is used. Consequently, the inlet temperature
can be determined with the following equation:

onss.

Tfluid,out. == + Tﬂuid,in.;

Mfluid * Cp (T)

(4.61)
. _ Qcooling,req. if Qcooling,max. = Qcooling,req.
onss.

Qcooling,max. if Qcooling,max. < Qcooling,req.
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The system level volume flow of the coolant is given by a controlled pump with a
maximal hydraulic power of 45 W. If the temperature difference between the inlet and
outlet in the battery system is above 5 K, the pulse duration modulation (PWM) signal
of the pump is increased. If the difference is below, the PWM signal is reduced. The
same applies to exceeding the permitted inlet temperature. Thus, the pump control can
be used in the overall system optimization to optimize the pressure losses depending
on the cooling plate topology. As the resulting volume flow depends on the pressure
losses of the system, suitable cooling plate configurations can be derived by user-
defined maximum pump power.

Model limitations

In this section, the model assumptions and the resulting limitations of the model are
discussed. The objective and major advantage of the proposed optimization process
is to quickly determine the suitability of the cooling plate topology based on a large set
of parameters. In addition, sensitivities of different topology parameters can be
discovered. For this reason and to increase the number of optimization degrees of
freedom, the following assumptions were made:

- The battery module is assumed to have a constant homogeneous density and
heat capacity.

- Double-sided cooling can be represented by symmetry in height.

- Only symmetrical cooling plates are considered to scale the number of
cellmodules, according to Figure 4.30.

- A simplified refrigeration cycle with a data-based chiller and simplified pressure
losses is used.

The framework presented here is used for the initial conception of a cooling plate
topology. Thereby, non-standard processes/components that significantly influence
the density or the heat capacity are not considered. Moreoever, constant component-
dependent values are determined for the density and the heat capacity. It is assumed
that these do not change significantly in the considered temperature range.

This framework is unsuitable for observing and evaluating asymmetries in the cooling
plate, which result, for example, from non-equally distributed cooling channels. For this
purpose, models with a higher discretization are required. However, higher
discretization models cannot ensure fast evaluation of multiple different parameters
and are thus unsuitable for higher-level cooling plate topology optimizations.

Moreover, a simplified approach for the cooling circuit was chosen as it is not the focus
of this optimization. With the presented cooling circuit model, the dependencies
between fluid temperature, pressure drop, and maximum transferable heat in the chiller
are represented in a data-based manner. With these simplifications, the variables from
CFD simulations could be mapped with sufficient accuracy. In addition, further
conceptual cooling circuits can be mapped with little effort, which is one of the main
advantages of the modular approach of the proposed framework. Therefore, this model
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is suitable for evaluating and quantitively comparing conceptual states of cooling plate
topologies within the HV-BOT.

4.3.3.3 Model summary and usage

The proposed cooling plate optimization model can be used to analyze the cooling
capability of different cooling plate topologies based on nhumerous physical EV battery
requirements. The framework evaluates the entire battery cooling process from the
cellmodule to the cooling plate to the cooling circuit. A three-step workflow is used to
evaluate the plate topologies with the above-described models. Figure 4.34 depicts
these three steps schematically and also shows the major inputs, parameters, and
outputs of the optimization framework. An extended list of all input and output
parameters is given in the appendix in Chapter 8.3.

As the first step, the chosen cellmodule has to be electrically, thermally, and
geometrically described and parameterized as the model’s major inputparameter.

In the second step, the boundary conditions for the cooling circuit and plate are defined.
Fixed model parameters (current profile, cooling chiller expansion stage, circular shape
of cooling tube) are first specified. Additionally, variable cooling design parameters can
be optionally set depending on the type of study. These include, e.g., the thickness
and type of gap filler, the direction of the cooling channels, or the maximum PWM of
the water pump.

In the last step, the results of the different parameter variations (e.g., cooling tube
diameters and tube-to-tube distances) can be evaluated. Different temperatures
(maximum, average, maximum difference) can thus be directly compared for the
different cooling plate configurations. Since all other model parameters are fixed
throughout the optimization, resulting temperature changes can be related directly to
the changed parameter variations. Afterward, pareto-optimal design-relevant results
can be derived. The model's runtime for optimizing the cooling tube diameter given
one cellmodule geometry measures roughly 40 s - 50 s on a standard office notebook
with an Intel(R) Core(TM) i5-10310U and 8 GB of RAM.

Generally, different feasibility limits are set within the HV-BOT depending on the
application requirements (see Chapter 4.3.1.8). In any case, however, the cell
temperature should not exceed 55 °C to prevent accelerated aging or safety-critical
states [207, 307, 308].
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Figure 4.34: Three-part workflow of the cooling plate optimization model to evaluate
different cooling plate topologies. First: determination of the initial inputs
for the cellmodule and constraints for the cooling plate. Second: cooling
cycle design by defining fixed parameters and setting changeable design
parameters. Third: evaluation of each cooling plate configuration based
on resulting temperatures. Figure adapted from [247].

4.3.3.4 Applicability results for the submodel cooling

The following chapter shows analyses and exemplary results with the proposed cooling
model used as a standalone cooling plate optimization model. The applicability and
optimization procedure describe the subsequent application in the holistic submodel-
concept for the HV-BOT.

When designing a cooling plate for a battery system, the individual cooling plate tube
topology must be optimized to efficiently cool the cellmodules with the included cells.
Depending on the construction method used, the distances (tube-to-tube) between the
cooling channels cannot be chosen arbitrarily. In addition, the size of the cooling tubes
must be defined depending on the tube-to-tube distance. The size of the cooling tubes
also influences the cooling capacity via the heat transfer area, the pressure losses,
and the resulting volume flow. In this section, the above-described model will be used
to optimally design the cooling plate for an exemplary battery system with specific
requirements and with differing cellmodule geometry possibilities. Thus, three
geometrically different cellmodules are predefined, stressing the applicability of the
multi-parametric cooling plate simulation model. The geometric input properties of the
cooling plate and the cellmodules can be found in Table 4.7.

Figure 4.35 describes the derivation of the cellmodule geometries from the same EV
battery system. The dimension of the battery system allows the cellmodule to be
variable in its geometry. The three cellmodules are divided geometrically into their
naming pattern: long, medium, and quadratic. However, the electrical and thermal
properties of all cellmodules are kept equal. Table 4.7 additionally provides a detailed
physical description of the cellmodules and cooling plate as well as fundamental
cooling model input specifications. The specifications are based on assumed values
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for a mid-range vehicle and thus provide a holistic standard for a cooling plate and its
cooling circuit.

Generally, various load profiles can be used as cooling plate design profiles. However,
for the results shown in this chapter, a 25-minute constant current quick charging
profile from 5% - 75% SOC was defined (see charging protocol in Chapter 4.3.1.5).
The current profile is depicted in Figure 8.1 in the appendix. The high current generally
ensures maximum cooling capacity from the cooling system in a short duration and is,
therefore, particularly relevant for the cooling plate design in today's automotive battery
development. In comparison, a 25-minute battery charge from 5% - 75% is a moderate
to high quick charging time for modern EVs. Based on the maximum pump power (see
above), a PWM signal of 30% is assumed for the following results. Since the battery
system is rather small (51 kWh, see Table 4.7), it can be assumed that also a rather
small water pump would be used for the battery cooling system. The sensitivity of the
PWM signal will also be further discussed in the results to elaborate on the model's
robustness.

Additionally, Figure 4.35 gives insights into the design possibilities of cooling plates
using different cooling tube sizes as well as varying tube-to-tube distances. Based on
this, the following chapter will introduce the graphical output scheme to examine and
evaluate the differently designed cooling plates. Afterward, a variety of different cooling
plate topologies will be investigated and evaluated in detail using the Module medium
geometry. Thereby, different evaluation sizes will be examined to ultimately highlight
and discuss the results from various perspectives. Then, the cooling plate topology
evaluations are also carried out for the other module geometries long and quadratic.
Lastly, the results are summarized, compared, and discussed from an overall view.
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Figure 4.35: Derivation of the three geometrically different battery cellmodules. Each
cellmodule’s cooling plate can be optimized in terms of tube sizes and
tube-to-tube distance.

Specification

Value

Cooling model

Used cooling circuit stage

Basic, see Figure 4.33.

PWM pump power

PWM 30%

Cooling plate geometry and material
properties

Two-part cooling plate (e.g. welded together) made of
aluminum consisting of an upper base plate (2 mm) and a
lower plate (1 mm) with deep drawn cooling channels
(variable height).

Cooling type

One-sided bottom cooling.

Cooling design current profile and
starting cell SOC

Quick charging protocol (constant current) for a 25-minute
charge from 5% - 75% SOC (see visualization in appendix).

Cooling tube circle ratio

w/h = 3 (derivation and visualization in Figure 4.29).

Gap filler (thickness and heat

conductivity)

Gap filler thickness (cooling plate to cellmodule): 1 mm
Heat conductivity: 2 W/(m?-K)

Cooling tube direction

Parallel through the cellstacks (see Figure 4.30).

Number of passes for each tube

n_pass = 2 - u-shape tube.

Cooling plate

One-sided bottom cooling.
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Battery model

System level data

Overall size of the cooling plate

1580 x 755 x 18 mm? (optimized height can vary with tube

size.)
Battery system energy ~ 51 kWh
Battery system topology 192s1p
Number of modules 8

Module level data

Module size (length, width, height)

Long: 1440 x 90 x 120 mm?
Medium: 720 x 180 x 120 mm?3
Quadratic: 360 x 360 x 120 mm?

Module topology

24 total cells; 24s1p interconnection

Module heat capacity and weight

Heat capacity: 1060 J/(kg-K)

Weight: 31.1 kg (including 24 cells and aluminum housing
shell.)

Along module (side to side): 30 W/(m? - K)

Along module (bottom to top): 14 W/(m? - K)

Through module (front to back): 1 W/(m? - K)

Module heat conductivity (x,y,z)

Cell level data
Cell properties

Cell format: Pouch-Type

Cell capacity: 72 Ah

Cell voltage nominal: 3.7 V

See [293] for details.

Tab geometry (length, height, thickness): 40 x 30 x 0.3 mm?.
Busbar (aluminum) geometry cell to cell (length, height,
thickness): 36 x 30 x 3 mm?3.

Busbar

Table 4.7: Physical description of evaluated cellmodules and corresponding cooling
model specifications.

Result evaluation of the Module medium geometry

In this chapter, results for the Module medium geometry are evaluated and discussed.
Unless otherwise described, the assumptions from Table 4.7 apply. As a first step,
results for the mean module temperature for a fixed tube-to-tube distance of 21 mm
are depicted in Figure 4.36. This limits the parameter variation of the cooling plate to
one only parameter, the cooling channel height. The following analyses assume that
the width of the cooling tubes equals three times the tube’s height. This was defined in
Table 4.7 (see also the definition of the circular tube segments in Chapter 4.3.3.2). The
average module temperature (y-axis) is depicted for different cooling tube heights (x-
axis), resulting from fast-charging the defined battery module. Using the mean module
temperature as the major evaluation variable offers advantages in comparing the total
heat that can be dissipated depending on the cooling configuration. For an actual
feasibility evaluation of a cooling topology, further quantities like the occurring
maximum temperature and the maximum occurring temperature difference should be
investigated. However, the absolute values of these quantities strongly depend on the
current profile and the internal resistances of the cellmodule and can thus change
application-dependent. Therefore, the mean module temperature is the most suitable
parameter for the comparison of cooling plate configurations for a constant module
geometry.
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Figure 4.36: Resulting mean cellmodule temperature for a 25-minute quick charge
with parallel cooling tube flow and a fixed tube-to-tube distance of 21 mm.
Different tube heights influence the reached mean module temperature.

The results of the mean temperature depending on tube height show a three-part
degressive course. The mean temperatures lie in a range from 46 °C to approx. 50 °C.
In order to explain the three-part range, the number of tubes fitting underneath the
module is represented by different symbols in the graph. Each tube has two passes
(see Table 4.7).

The jumps between these tube-number-clusters are significant with approx. 1.5 °C and
2.2 °C. The degressive course results from the increasing pressure losses due to
smaller cooling channel diameters. This effect will be discussed in more detail below.
Due to the degressive course, the best cooling result is achieved with a tube height of
roughly 3 mm.

However, this result is only evaluated as optimal for the considered tube-to-tube
distance of 21 mm. In the following, this premise is removed, and a range of tube-to-
tube distances from 11 mm - 25 mm is investigated. Figure 4.37 analyzes these results
from different perspectives. The figure is divided into four individual graphs.

Figure 4.37 A shows the resulting reached mean temperatures (y-axis) within the
Module medium geometry depending on the cooling tube height (x-axis). The color of
the data points provides information regarding the evaluated tube-to-tube diameter
(11 mm in blue to 25 mm in yellow). As already shown in Figure 4.36, degressive mean
module temperature curves with jumps can be evaluated. These result from the
number of geometrically suitable cooling tubes underneath the module geometry given
the corresponding tube-to-tube distance as well as the size of the cooling tube. The
size of the mapped data points varies slightly with the associated tube-to-tube distance.
This ensures that data points with different tube-to-tube distances can visually lie on
top of each other. The direct superposition of data points results from the modeling
methodology and geometry assumptions described in Chapter 4.3.3.2.

Figure 4.37 B shows the dependence of the tube height (x-axis) and tube-to-tube
distance (y-axis) with the achieved mean module temperature in a 2D contour plot.
The color scale from blue to red provides information on the reached mean module
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temperature. Lower temperatures are achieved with smaller tube diameters or smaller
tube-to-tube distances.

Figure 4.37 C can be used to investigate the dependence of system coolant flow rate
(y-axis), heat transfer area (x-axis), and mean module temperature (color). The heat
transfer area is obtained by multiplying the width of the cooling channels by the number
of tubes underneath the cellmodule. It should be noted that the heat transfer area
depends on both the tube-to-tube distance and the size of the cooling tubes. A specific
value can thus be obtained from different combinations of the two quantities, which
explains the range of associated coolant flow rates in some values of the x-axis. The
graphic underlines the complexity of the relationship between the heat transfer area
and the reached module temperature.

Figure 4.37 D shows the geometrically suitable cooling tubes (y-axis) underneath the
module geometry, given the corresponding tube height (x-axis) and tube-to-tube
distance (color). The graph can be used to in-depth study the depicted results of
graphics A - C.
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Figure 4.37: A) Resulting mean cellmodule temperature for a 25-minute quick charge
with parallel cooling tube flow and variable tube-to-tube distance.
Different tube heights and tube-to-tube distances influence the reached
mean module temperature. B) In-depth view of the mean temperature
areas for different geometric cooling tube configurations. C) Volume flow
analysis depending on the heat transfer surface. D) Geometric derivation
of the number of total fitting cooling tubes depending on the configuration
parameters tube height and tube-to-tube distance.

The results can be evaluated on the basis of different quantities or perspectives.
Therefore, three result perspective areas have been marked separately in Figure
4.37 A. The first area is the globally optimal result, which can be found in the lower left
corner at small tube heights and smaller tube-to-tube distances. Here the lowest mean
module temperatures are achieved. Since the producibility of several very small
cooling channels can be complex, the best trade-off result marked with number 2 could
also be application-dependent optimal. The range is intended to cover a selection of
points between which the optimal combination of tube height and tube-to-tube distance
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is mapped, depending on the manufacturability and the production technology of the
cooling plate. The mean module temperatures are roughly 1 °C higher at approx.
46 °C. A third range has been marked to derive the best result with the maximum tube-
to-tube distance. For cooling plate production using deep-drawing technology, the
tube-to-tube distance parameter can be particularly relevant due to producibility-
related boundaries and must therefore be carefully selected for some applications. The
mean module temperature for the third area is roughly 47 °C.

Assisting the results of the three perspective areas, Figure 4.37 C illustrates generally
lower mean module temperatures for medium to large heat transfer areas and coolant
flow rates. However, the red surface in the upper left part of the graphic is particularly
striking. Herein, comparatively high mean module temperatures are achieved despite
a high coolant volume flow. This effect can be explained by considering the
combination of a few large-sized cooling tubes. Thereby, a generally high coolant
volume flow is achieved due to advantageous pressure losses in larger cooling tubes.
However, the combination of only a few tubes leads to an insufficiently cooled
cellmodule. Generally, the results in Figure 4.37 C underline the complexity of
optimized cooling tube selection as high volume flows or heat transfer areas do not
fully indicate the lowest mean module temperatures.

Results evaluation of the Module long and Module quadratic geometries

In this chapter, results for the Module long and Module quadratic geometry are
evaluated and discussed. Unless otherwise described, the assumptions from Table 4.7
apply. The two module geometries long and quadratic considered here were shown
graphically in Figure 4.35. Both module geometries do not differ in their physical
properties (except geometrically) from the Module medium geometry evaluated in the
last chapter. The changed cell arrangement and different space allocation resulting
from the associated module geometry majorly change the demands for the optimized
cooling plate. Figure 4.38 summarizes the results for both geometries. Thereby, Figure
4.38 A again shows different mean temperatures achieved for the Module long
geometry. The mean module temperature (y-axis) is depicted depending on the cooling
tube height (x-axis) for different tube-to-tube distances (color). Figure 4.38 B shows
the associated coolant flow rate instead of the mean temperature on the y-axis. Figure
4.38 C and D are built in the same way and show the results for the quadratic geometry
modules.
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Figure 4.38: A) and C): Resulting mean cellmodule temperature for a 25-minute quick
charge with parallel cooling tube flow and variable tube-to-tube distance.
B) and D): Volume flow results.

The results in Figure 4.38 A and C are again evaluated with respect to three different
perspectives. The first perspective is the best global result. The lowest temperature for
Module long is roughly 44.5 °C and above 45 °C for Module quadratic. While the best
global result for the Module quadratic can be found at very small tube heights with also
small tube-to-tube diameters, the global best result for the Module long variant is at
about 4 mm tube height. The reason for this lies in the geometry of the Module long.
Due to the necessary longer cooling tubes, generally, high-pressure losses occur.
Therefore, a globally optimal result requires a higher tube height in order to keep the
pressure losses small and thus increase the volume flow. This phenomenon can be in-
detail analyzed in the corresponding graphs in Figure 4.38 B and D. Herein, it can be
seen that the coolant volume flow for the Module quadratic is above 7 I/min for every
evaluated tube height, while for the Module long, larger tube heights are required to
increase the volume flow and thus the heat that can be dissipated.

This trend can also be seen in the evaluation by the other evaluated perspectives. The
best trade-off result (2) for the Module long variant shows a wide range with larger tube
heights, while lower tube heights are needed for the quadratic module. Similar results
are evaluated for the result with the largest tube-to-tube distance.

In summary, the Module long variant requires significantly greater tube heights than

the Module quadratic geometry. This results, in particular, from the pressure losses
occurring from the long cooling tubes required in the Module long geometry.
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Summary and discussion

The optimization methodology developed in this chapter has allowed a variety of
different cooling plate configurations to be investigated and evaluated. The results
shown above have provided an overview of the evaluation possibilities with varying
tube height and tube-to-tube distance for three different cellmodule geometries.

The different pressure losses, as well as corresponding coolant volume flow rates,
resulted in degressive decreasing mean cellmodule temperatures depending
especially on the cooling tube’s height. This degressivity is directly related to the
required length of the cooling channels. Therefore, the degressive course was
particularly strong for Module long but almost not recognizable for Module quadratic.

For each of the investigated module geometries, results were clustered. Through the
different clustering criteria (best global, best trade-off, best with maximized tube-to-
tube-distance), individual cooling plate configurations were perspective-related and
evaluated better or worse. In-detail investigations of the Module medium geometry
underlined the model depth, thus, emphasizing the interaction between the geometrical
quantities of tube height and tube-to-tube distance, as well as the necessary volume
flow and the achieved mean module temperature.

Summary and discussion: PWM signal robustness

One relevant assumption made for the above-shown results was the pump power using
the PWM signal in Table 4.7. The pump power was initially defined based on the rather
small battery system size. However, in a real-world application, the actual pump size
within the battery cooling system may depend on multiple other factors (cost, pressure
losses outside the cooling plate, and coolant). Analyzing different PWM signals, thus,
investigates the opportunities for larger or smaller dimensioning of the pump used in
the final battery cooling system. In order to validate the robustness of the result, the
PWM signal was varied, observing again the Module medium temperatures. Figure
4.39 summarizes these results.

The circle in gray color represents the results of the default pump assumptions from
Figure 4.37. The squares represent results using a PWM signal of 50% with respect to
the maximum pump power (see Chapter 4.3.3.2). The triangles correspond to the
temperature results with a 20% PWM signal.
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Figure 4.39: Comparison of three different PWM pump powers. Resulting mean
cellmodule temperature for a 25-minute quick charge with parallel cooling
tube flow and variable tube-to-tube distance. Gray dots replicate results
from Figure 4.37 for a graphical comparison.

The results show that the mean temperature course remains largely the same with
respect to the tube height and tube-to-tube distance. As expected, an increased PWM
signal reduces the average temperature, while a lower PWM signal increases the mean
module temperature. The explanation can be found in the increase or decrease of the
resulting volume flow corresponding to the pump power. The resulting clustering (best
global, best trade-off, best large tube distance) is almost not changing by the varied
PWM signal. Only the best global result for the 20 % PWM results is shifted towards
larger tube heights of almost 4 mm.

Larger changes can, however, be observed in the initial degressive drop in mean
module temperature, especially at smaller tube heights. With a higher PWM signal, the
temperature drop becomes less degressive. This could make smaller tube heights
more attractive for the cooling plate design, as stronger pumps offer sufficient power
for an increased volume flow even for more considerable pressure losses. In
conclusion, the pump strength showed no significant influence on the distribution and
shape of the results but had relevance in the detailed cooling plate design and
especially the interpretation and conclusion of the results. Future work could further
elaborate on this aspect and especially investigate it for the different module
geometries.

Summary and discussion: overall comparison
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A comparative and summarizing analysis between the module geometries considered
in this chapter is depicted in Figure 4.40. The graphic depicts the collectively calculated
mean module temperature for each module geometry with the default assumptions
from Table 4.7. Thereby, Module long shows the lowest mean module temperatures,
followed by Module medium and Module quadratic. Nevertheless, the highest
temperature reached is also achieved by Module long, followed by Module medium
and Module quadratic. A low tube-to-tube distance leads to the greatest advantages
within the Module long geometry. This results in an optimal trade-off between heat
transfer surface (4 mm tube height), high volume flow (> 7I/min), and high homogeneity
(low tube-to-tube distance), which leads to an overall optimal cooling plate
configuration due to the long-shaped geometry.
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Figure 4.40: Comparison of all three different module geometries with varying tube-
to-tube distances. Range of mean cellmodule temperature reached for a
25-minute quick charge.

4.3.3.5 Model conclusion

A comparative evaluation of various cooling plate designs was performed, analyzing
the potential of different construction-relevant plate properties based on realistic EV
battery requirements. The proposed cooling plate optimization model is fully
parametrized using multiple individual submodels to present the entire battery cooling
procedure from the cellmodule to the cooling plate to the cooling circuit. The model
incorporates geometric limitations, occurring pressure losses, and operating point-
specific cooling capacity.

Three exemplary cellmodules were derived from an EV battery system to examine the
cooling plate optimization model. Based on the cellmodule geometries, various unique
simulations with multiple tube diameters as well as tube-to-tube distances were
conducted and analyzed. The results mainly emphasized:

- Optimized cooling plate topologies majorly differ depending on the cellmodule
geometry: The three cellmodules were defined with equal electrical and thermal
but different geometric properties. The results showed the smallest optimized
cooling plate tube diameters for the quadratic module (2 mm height) and the
largest tubes for the narrow module long (4 mm height).
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- The lowest mean temperature for the narrow cellmodule long geometry: The
module long variant showed an optimal trade-off between heat transfer surface,
high volume flow, and high homogeneity. For otherwise equal conditions, the
cooling plate of the module long could thus reach up to 1 °C lower average
temperatures for a 25-minute constant current quick charging profile.

Different evaluation criteria helped to evaluate results from different perspectives and
ultimately elaborate production-specific requirements for developing the cooling plate.
Next to module temperatures, heat transfer areas, and resulting volume flows were
also extracted from the results to stress the model's accuracy and highlight specific
cooling configurations. The main findings are:

- Analysis of trade-offs in cooling plate design by using the proposed lumped
mass model: The proposed lumped mass model was used to visually
emphasize the complex trade-off between coolant volume flow and heat transfer
area for multiple cooling plate topologies. The results suggested that only a
simultaneous increase in both quantities can lead to an effective temperature
decrease.

- Possibility of potential identification in early concept development phase:
Results show the potential of lumped mass modeling to evaluate cooling plate
topologies for early stage concept development stages of EV batteries.
Thereby, the preselection of potential cooling plates can give a competitive
starting point for the subsequent cooling plate concept detailing with more
detailed CAD models.

- Future-proof modeling approach: The model is built modular and fully
parameterized. The generically modeled individual submodels (pressure
losses, cooling circuit, plate parametrization) of the cooling model use state-of-
the-art data assumptions. Models can be changed, replaced, or extracted to be
used in future cooling plate developments. Thereby future work can examine
further related cooling methods, such as refrigerant cooling or novel approaches
like immersion cooling, using the proposed model framework.

4.3.4 Submodel electronics

In the following chapter, the electronics submodel will be presented. Within the HV-
BOT, the electronics need certain installation space depending on the system’s power
requirement. Furthermore, different electronics integration concepts within or outside
the battery system are presented and modeled. The objective of the electronics
submodel is thus to quantify the influence of different vehicle performance classes on
the electronics and the overall battery system.

A battery junction box serves as a switching unit for the battery in the electric vehicle.
Various components like fuses, relays, switches, connectors, microcontrollers, or
detection devices are used to enable charging, discharging, or seamless disconnection
in the event of a technical error [309, 310]. The structure of the electronics in the battery
system and the classification of the BJB were described in detail in Chapter 2.2.4. In
the electronics submodel, the BJB is implemented as a 2D-black-box with outer space
requirements depending on the battery system's power requirements. The available
length in the y-direction for the BJB is given as input. As the BJB’s components can
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generally be arranged flexibly, the actual width may be distributable depending on the
available BJB length lg,x. In Figure 4.41, two exemplary BJB variants are illustrated
with differing lengths and widths but equal performance.
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Figure 4.41: Different geometric variants of junction boxes.

For the BJB’s width wg, the following 2D assumption is used in this work:

lBox

A X (lre. 0x) P, — P
WBOX(lBOX) - <ﬂ> . ' (1 + (pscaling ) — ref.syStem>). (462)

lBox Pref.system

This simplified model uses a reference BJB model to calculate the scaling width for
other geometries. Area Aefpox = 70000 mm?; BJB’s length (plus and minus box)
lretBox ® 900 mm, § = 0.1, pgcating = 0.13  and  Prersysiem = 40 kW are used as
reference data. The non-linear scaling assumes overall space advantages for wider,
more compact BJBs. [z, is defined between 400 mm and 1200 mm. Generally, an
increased power demand Py, l€ads to larger-sized components. Two different BJB
variants with 100 kW and 300 kW performance schematically illustrate this in Figure
4.42. As a subordinate aspect for space allocation in battery system design, detailed
analyses of the BJB on a 3D component level are not part of the electronics submodel.
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| Variant 1, 100 kW |
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Figure 4.42: Different power requirement variants of junction boxes.

After defining the junction box’s geometrical sizes, the actual integration within the
battery system also has to be evaluated. For this, three different integration methods
are implemented within the HV-BOT, which are depicted in Figure 4.43.

The standard integration is accompanied by at most one side member. The second
integration concept, the complex integration, is accompanied by the number of side
members already included within the battery systems. This may lead to increased
complexity when designing the BJB since the inner parts of the box may be connected
across the side members, leading to cost increases. The third integration is the external
integration of the BJB. This concept does not include the BJB within the actual battery
systems installation space. It would therefore be included in other parts of the vehicle.
This integration concept is defined as the most expensive concept since complex
requirements and development efforts accompany it. Different modes can be used to
control HV-BOT using the different integrations. Mode 3 assumes high costs for
external integration to ensure that it will only be used if no other integration concept is
feasible.

Standard integration Complex integration External integration
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121



4 Holistic battery system design analyses based on a generic tool with multiphysically
coupled submodels

Figure 4.43: Schematic representation of the 2D electronics submodel procedure
illustrating different modes of the electronic components integration
process. Mode is settable from the user to control the electronics’ target
integration concept.

4.3.5 Objective function cost modeling

In this work, the cost modeling is performed as a user-defined framework. In Table 4.8,
cost derivations used in this work are derived for each submodel. Actual costs may
vary individually depending on various factors such as location, time, price or cost
considerations, in-house production, or purchasing. The costs can, therefore, not be
specified in a general and exogenous manner. An additional list of literature references
for the different cost components is given in the appendix in Chapter 8.5.2.

It is also important to note that, next to the actual cost value, especially the variability
in costs, is of major importance when optimizing space allocation within the battery
system. Therefore any submodel’s variable cost-share can be crucial, although the
costs of the cellmodules are superior within battery systems [311]. General cost
distributions will be compared with the literature in Chapter 4.4.3. Next to the cost, also
a DOF term ;(x),i € {1,2,3,4} is approximated using different physical relations within
each submodel.

Degree of feasibility (DOF)
term derivation
Using a two-part penalty term:

Submodel Cost derivation

Cellmodule The complex structure and different cost parts are
fully described in Chapter 4.3.1.7.

Firstly, the relative length/width
that the cellstack exceeds the

available module space.

Secondly, the relative amount
of energy density that the cell
exceeds (due to its energy
demand) with regard to the
possible energy density.

Cooling

Using a two-part cost function consisting of plate
volume and gap filler:

Firstly, the deep-drawing process is used to
generate the cooling channels inside the cooling
plate. This process allows smooth surfaces to be
preserved, which are crucial for subsequent
pressure losses. Therefore, the costs are divided
into pure material costs and deep-drawing process
costs. These deep-drawing process costs are
defined based on a reference cooling plate with
75€/m2. An overview of different influencing
factors for cooling plate costs can be found in [312].
Based on literature findings for gap filler costs, the
gap filler has costs C,¢ depending on the thermal
conductivity A4¢ with:

Using a two-part penalty term:

Firstly, the relative proportion
that cellmodule’s temperature
exceeds the specified Ty, -

Secondly, the relative
proportion that the cellmodules’

temperature difference
exceeds the specified
ATmax.diff.-
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€ €
Cor = 0.515 - exp(0.976 Ayf) - T+H18 7

Secondly, the cost of the overall cooling circuit
(chiller, compressor, piping) cannot be fully
attributed to the battery system as it is also
otherwise (e.g., passenger climate control) used in
the car. Therefore, different cooling circuit stages
are defined directly from the battery energy
requirement  (representing different vehicle
classes). Assumed costs are 50 €, 75 €, and 100 €
for the basic, medium, and high-end circuit. Three
water pump costs are assumed with 10 €, 25 €,
and 50 € for three pump strengths.

See Chapter 4.3.3 for technical details for the
cooling circuit and pump power.

Mechanics In mechanics, different types of profiles are used | Using the best/lightest
for the outer profile, side member, and cross | configuration out of all possible
member. The aluminum profiles are extruded | construction concepts:
profiles. Multiple cost-effecting factors are | If no construction concept was
summarized in [313]. feasible: DOF = 2.

Besides, additional cost and weight result from the | Additionally, added DOF is

underride protection layer for bollard-type crashes | defined as the force the cross

(definition see Chapter 8.2). members have to withstand in

Based on the weight of the components, the | the crash requirement relative

material cost for extruded aluminum is assumed as | to the force F,,, that the

5 €/kg. specified cross members are
able to withstand.

Electronics The electronics’ costs are based on the integration | The relative proportion of

of the geometry and power-dependent 2D junction
box model. From this, a cost-relevant mass mgy is
derived. As multiple metals and metal
compositions (copper, silver-nickel alloy, tin-
lead,...) are used in the BJB, a BJB metal mix cost
factor cgjg_metal-mix = 40 €/kg is used for model
simplification. The following costs are assumed:

For standard integration:
Cgis = 200 € + mpoy * Cpj_metal-mix T Nsm - 10 €

For complex integration:
CB]B =250€+ MBox * CBJB—metal—-mix + (nSM - 1)2 :
10 €

For external integration (2000 € penalty cost term):
CB]B =200 €+ MBox * CBJB—metal—-mix + 2000 €

Exemplary costs for converts and their cost scaling
with increasing requirements can be found in [314].

missing installation space in
the integration concept.

(Is never violated if the
integration concept Mode =3
since external integration is
always possible.)
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Table 4.8: Tabular overview for derivation and explanation of the cost modeling as well
as the degree of feasibility for the submodels cellmodule, cooling,
mechanics, and electronics.

4.4 Application, results, and validation

In this chapter, the HV-BOT’s practical use is introduced. In particular, the applicability
will be demonstrated by deriving designs of battery systems for different requirements.
In addition, the interaction between the individual physical simulation models will be
illustrated. Moreover, resulting cost and weight distributions will be validated with
literature findings. Afterward, existing battery system concepts in the market will be
rebuilt. The results of the HV-BOT will then be validated in order to discuss model
limits.

Unless otherwise specified, default submodel specifications from Chapter 4.3, as well
as the further detailed specifications in the appendix in Chapters 8.1 - 8.5, are used.

4.4.1 Analysis of space allocation variation

This chapter uses the combined submodel-concept from the presented submodels
cellmodule, mechanics, cooling, and electronics to evaluate different battery system
concepts. The battery system concepts are determined based on the list of
inputparameters. Table 4.9 summarizes the exemplary defined inputparameters for
one battery system. The parameters are separated into general parameters and
submodel-specific parameters. Table 4.9 only mentions major design parameters. A
comprehensive list of parameters can be found in the appendix. The parameters are
fixed throughout the battery system optimization and thus represent the major
requirements for the different design concepts.

Inputparameter (user-defined)

Value

General

System installation space x,y,z

1800.0 x 1400.0 x 140.0 mm?

System energy demand 50 kWh
System power demand 140 kW
System charging time demand 20 min
System voltage demand 408 V
System usable battery DOD 96%

Cellmodule

Cell geometry

Two possible cells:
Prismatic: 160 x 18 x 105 mm?
Prismatic: 210 x 26 x 110 mm?

Maximum number of cellstacks per module 2

Cooling

Ambient temperature 23.0°C
Number of passes for cooling tube 2

Design current profile Quick charging profile
Refrigeration circuit expansion stage Basic
Mechanics

Crashenergy requirement 20 kJ
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Cellstack integration (only for prismatic cells)

Screwed cellstacks

Electronics

Integration mode

3

Table 4.9: Exemplary user inputparameter for the battery system evaluation using the

HV-BOT with the submodel-concept.

For an evaluation in the HV-BOT, an optimized battery concept can then be determined
and evaluated on the basis of the design variables (see the definition in Chapter 4.2.1).
Model and construction results for an exemplary set of design variables (iteration n:
x; = 0.8,x, =0.73,x3 = 0.78,x, = 3,x5 = 5) are summarized in Table 4.10. The list
only extracts the most relevant result parameters. A comprehensive list of output
parameters with explanations for each submodel can be found in the appendix.

Model Key inner-model parameters

Cellmodule System
Energy = 52.1 kWh Power = 140 kW Charging Time = 20 min
MaxVoltage = 441V Topology = 105s3p Capacity = 134 Ah
Cost =5721.6 € Mass = 273.9 kg
Module
Energy = 3.5 kWh Power = 9.3 kW Charging Time = 20 min
MaxVoltage = 29.4 V Topology = 7s3p Capacity = 134 Ah
FrontplateThickness = 9.5 mm | SideplateThickness =2.5 mm | Cover/BottomplateThickness=

0.5 mm
BusbarHeight = 30.0 mm BusbarWidth = 15 mm BusbarThickness = 5 mm
StackingDirection = ‘X’ CellsPerRow = 21 CellPerColumn =1
CellToCellDistance = CellToModuleGapFiller = Resis.Busbar(80%,20 °C) =
1.99 mm 1.1 mm 0.025 mOhm
ThermalConductivityX = ThermalConductivityY= ThermalConductivityZ =
1.06 W/(mK) 20.57 W/(mK) 9.32 W/(mK)
ModuleHeatCapacity = HeatCapacity(no cells) =
923.8 J/(kgK) 710 J/(kgK)
CostCells = 352.38 € ModuleCost = 29.09 € CellMass = 15.4 kg
MassBusbar = 842 g MassCompressionPad = MassHousing = 751 g
2109
MassGapFiller = 306 g MassUnusedSpace =742 g MassPackaging = 2.85 kg
CostBusbar = 8.42 € CostCompressionPad = 14 € ModuleHousing = 3.76 €
CostGapFiller = 2.14 € CostUnusedSpace = 0.74 €
Cell
CellX =160 mm CellY =18 mm CellZ =105 mm
Energy = 165.4 Wh Power = 444 W Charging Time = 20 min
NomVoltage = 3.7 V MaxVoltage = 4.2 V Capacity = 44.7 Ah
VolEnergyDensity = 547 Wh/I VolPowerDensity = 1469 W/ CellFormat=prismatic
ThermalConductivityX = ThermalConductivityY = ThermalConductivityZ =
1.1 W/(mK) 20 W/(mK) 10 W/(mK)
HeatCapacity = 950 J/(kgK) CellTerminalPosition = ‘Side’ TerminalThickness = 10 mm
TerminalWidth = 12.6 mm TerminalHeight = 31.5 mm FixCost=1.5€
MassCell =734 g MassCellcup = 113 g MassTerminal = 23 g
CostCell = 16.78 € CostCellcup = 0.28 € CostTerminal =0.19 €
Inner-cellstack
StackX = 154 mm StackY =16 mm StackZ = 103 mm
MaxChargeContRate = 2.7C VolEnergyDensity = Chemistry = NMC-Type
651.5 Wh/I

Mass =598 g Cost=14.8 €
Other:
AgingScenario = 2

Cooling Requirements:
DesignProfile = Quick Tmax = 52.5 °C Tdelta=15°C
charging profile 20 min
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LiquidDelta =5 °C NumPasses = 2 Cooling circuit = Basic
Result:
Tmax =47.1°C Tmean =42.3 °C TdeltaMax = 11.6 °C

Vflow = 14.75 I/min

PWMpump = 44.2%

Construction:

FluidDirection = parallel

Gap filler height = 1 mm

LambdaGapFiller = 1 W/(mK)

TubeHeight =4 mm

Cost and weight

CostPump =10 €

CostCoolingCircuit = 50 €

CostGapFiller = 23.4 €

CostCoolingplate = 171 €

CostCoolingSystem = 254 .4 €

MassTubes = 2.6 kg

MassGapfFiller = 2.8 kg

MassBottomPlate = 5.85 kg

MassCoverPlate = 5.85 kg

MassLiquid = 3 kg

MassCooling = 20.1 kg

Mechanics Requirements:
Crashperformance = 20 kJ NumCM =3 NumSM = 4
ElecMode =3 WallThicknessSM = 2.5 mm Material = Aluminum
CrushForce = 120 kN
Result:
Feasible OP-range = Feasible CM-range = CrashForceOnCM =450 N
35-82.9 mm 20-51.9mm
CrushForcelLongSide = CrushForceShortSide = CrashlnstrusionStack =
202 kN 121 kN 22 mm
Construction:
CMspan =490 mm SMspan = 547.5 mm OPwidthOpt. = 66.9 mm
CMwidthOpt. = 30.6 mm SMwidth = 35 mm CMProfile = ‘square’

WallThicknessQT =4 mm

Cost and weight:
CostMechanics = 360.9 € MassOP = 33.4 kg MassBollardProtec. = 18.8 kg
MassCM = 17.1 kg MassSM = 12.3 kg

Electronics Requirements:

SystemNomVoltage = 389 V

PowerReq = 140 kW

CurrentDC = 362 A

CurrentPowerReq = 359.9 A

ModuleY = 204.4 mm

NumModulesY =5

Results:

Imax = 362 A

WidthBox = 94.1 mm

LengthBox = 537.5 mm

Cost and weight
CostBox = 508 €

MassBox = 7.7 kg

Table 4.10: Key inner-model parameters from results of the different submodels.
(Due to rounding, summed values may not equal the sum of the individual
components.)

The results underline the level of detail of the individual simulation models. The list of
parameters also indicates the suitability of the HV-BOT to describe battery systems as
digital twins. Data from the cellmodule submodel greatly show how the electrical,
thermal, and geometric specifications change over the individual integration stages
(system, module, cell, and electrode stack). Next to the construction-relevant sizes and
results, the cost assumptions can be monitored in great detail. For the cellmodule, the
cost derivation is broken down from the inner-electrode level up to the system level.

A graphical illustration of the battery system design concept is given in the top part of
Figure 4.44. In order to further emphasize dependencies between the individual
component groups, a second set of design variables (iteration n+1) is used to evaluate
a second battery system concept given the fixed inputparameters. Figure 4.44 depicts
the changes and interdependencies for the two pairs of design variables based on the
inputparameters from Table 4.9. Additionally, the cost breakdown and their changes
are depicted on the right side of the figure. This system-to-system comparison starts
with the change to fewer modules due to differences in variables x, and x5 as well as
more space for cellmodules in y- and z-direction resulting from changes in x, and x;.
This directly leads to larger cellmodules. Larger modules then lead to possible larger
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cells, which change internal cell specifications and, thus, trigger further needed
adaptations in the system design. The cell chemistry change from NMC-Type to LFP-
Type particularly reduces the costs at the cell level. However, cost increases arise from
the mechanical changes to the outer frame and the associated higher loads within the
battery system. As a result, wider cross members become necessary. Furthermore,
the cooling requirements change. Therefore, costs also rise due to a change to a gap
filler with higher heat conductivity. Furthermore, the costs for the electronics increase,
since on the one hand the available geometry changes, but on the other hand also the
maximum current to provide the necessary power demand is slightly higher.

Nevertheless, since the cost savings occurring from the changed cell chemistry are
large, the second configuration is significantly more cost-effective from an overall
system cost perspective. However, this may change if the same cell chemistry is used
between different battery system designs (see Chapter 6.3.2). The broken-down list of
interdependencies delivers great insight into the complex repercussions of changes in
space allocation and related costs. It further highlights the multitude of modeled
interfaces between the individual submodels within the HV-BOT.
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Figure 4.44: In-depth analysis of two exemplary results for inputparameters from
Table 4.8.
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The illustration above stresses the various dependencies of the change of installation
space partitioning on all submodels. This underlines the advantageousness of coupled
simulation models for designing battery systems. Furthermore, the insights into
different cost changes enable weighing individual cost components against each other.

The cellmodule costs have by far the largest proportion in costs. However, the change
in the cell costs in the figure above majorly arises from the change in cell chemistry.
Within one cell chemistry, cost changes are much smaller and often result from the
type of cell packaging resulting from the cellmodule geometry. Thus, only a small cell
cost variance can be expected for a given energy requirement, resulting from the actual
cell geometry or cellmodule packaging. This aspect will be further stressed in
Chapter 6 by dividing cellmodule costs into cell level costs and packaging-related
costs.

4.4.2 Cost sensitivity

In order to investigate the general cost sensitivity of the above-evaluated solutions, the
assumed material-based packaging costs were varied.

Thereby, material-based costs for aluminum, steel, and copper, as well as their
processing materials (extruded aluminum), were increased by 30%. Figure 4.45
depicts the relative costs compared to the costs evaluated in the upper part of Figure
4.44.

Adjusted costs: Adjusted costs:
Default costs Default costs
metals* + 30% metals* + 30%*
_104.7%
100.0% 8.8%
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Iteration n Iterationn +1
. . *= only packaging metals:
I:I Electronics |:| Mechanics Cellhousing, module shell, mechanics,
cooling plate, electronics are considered.

- Cooling . Cellmodule Inner-cell material cost increases not

considered.

Figure 4.45: Cost sensitivity and comparison for increased metal costs. The graph
illustrates the changing cost shares for varying metal cost assumptions.
100% corresponds to the default cost scenario.

Results show that the overall battery system cost increases by 4.7% and 6.1% relative
to the outgoing 100% due to the metal material cost increase of 30%. A closer look at
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the individual component groups shows that the mechanical costs have the largest
relative increase in costs. This was to be expected as the mechanics cost modeling
correlates directly with the metal material costs. On the other hand, cooling costs hardly
increase as the main cost drivers are the plate production costs, the gap filler materials,
and the overall cooling circuit (see Chapter 4.3.5). The rise of costs in the cellmodule
is purely based on the cost increase for the cell housing shell, busbar, and terminal
contacting material as well as the module packaging. Inner-cell material electrode
stack costs were not increased due to the requirement cost-model approach described
in Chapter 4.3.1.7. As a result of the high metal share, electronics costs also increase
moderately.

4.4.3 Cost and weight validation

Literature findings are used to validate the resulting cost and weight distributions.
Generally, very few analyses of total costs or weight shares at the component level for
entire battery systems are described in the literature. One bigger compilation is given
by Lutsey et al. in [315]. Herein, various literature reports are combined with data for
Volkswagen, General Motors, and Tesla. The compilation states that 70% - 76% of
battery system pack level costs can be attributed to cell costs. The cost range is
consistent with the market analyses from Agarwal et al. performed in [316]. A report in
BloombergNET evaluates volume-weighted average pack level costs of 138 $/kWh for
BEVs in 2022 [317]. In [50], different summarized weight distributions for EVS varying
between 60% and 80% for cells and 15% to 25% for mechanics can be found. This
leaves the lowest weights for cooling and electronics. Further weight distributions can
also be found in [190, 318-320]. In Figure 4.46, the cost and weight distributions
derived by the battery system (Table 4.10) from the HV-BOT are shown graphically.
The found distribution is consistent with the literature findings. It is important to note
that cost and weight distributions will change depending not only on given model
assumptions but also on the used-defined battery system requirements for energy,
power, and overall installation space.

Cost distribution [€] Weight distribution [kg]
254 _ et
508 81.6
436
» ¢ Cooling
7.7 " 231.2
5285 .

Figure 4.46: Resulting cost and weight distributions for the HV-BOT’s optimized
battery system design concept for inputparameters from Table 4.9.
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4.5 Model comparison and concept validation with field data

Submodel derivations, result comparisons, and multiple plausibility checks have
already been performed in the respective submodel-modeling Chapters 4.3.1 to 4.3.4
and Chapter 4.4. This chapter aims to illustrate the validity of the submodels'
assumptions, their interaction, and the HV-BOT's basic installation space
parametrization concept. Thus, the subsequent investigations examine the applicability
of the HV-BOTs results to real-world battery systems. The inputparameters are set
using researched data for the EV and its battery system. The space allocation is
adjusted manually so that the resulting battery system corresponds closely to the
actual system.

The system’s reconstruction is based on the assumptions mentioned in the submodels’
description and will, therefore, naturally differ from the actual system’s construction.
However, the resulting illustration of construction chains offers deep insights into
battery system engineering.

4.5.1 Battery systems from the field

Two exemplary battery systems are reconstructed. First, a battery system with
prismatic cells, and second, a battery system with pouch cells. Through literature
research, data was collected to replicate the battery system. Missing data were
assumed based on available illustrations and simplified derivations.

4.5.1.1 BMW i3 37.9 kWh

The battery system of the original first BMW i3 version was equipped with a 22 kWh
battery system. An updated version in 2017 provided 33 kWh, and the latest update in
2019 brought 42.2 kWh into the system. The 2019 battery system for the BMW i3 has
a usable energy of 37.9 kWh for about 250 km electric range. In Table 4.11, further
HV-BOT-related inputparameters are defined. The data is based on [48], [321], [322],
[323].

Inputparameter (user-defined)

Value

General

System installation space x,y,z*
(assumed space without connection balcony)

1540.0 x 843.0 x 173.0 mm?3

System energy demand 37.9 kWh
System power demand* 75 kW
System charging time demand* 40 min
System voltage demand 400V
System usable battery DOD 90%

Cellmodule

Cell geometry

Prismatic: 173 x 45 x 123 mm?3

Maximum number of cellstacks per module 2

Cooling

Ambient temperature* 23.0°C
Number of passes for cooling tube* 2

Design current profile* Quick charging profile
Refrigeration circuit expansion stage* Basic
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Mechanics

Crashenergy requirement * 5kd
Cellstack integration (only for prismatic cells) Screwed cellstacks
Electronics

Integration mode 3

* = assumed

Table 4.11: Exemplary BMW i3 42.2 kWh battery system user inputs for the HV-BOT.

Figure 4.47 shows the battery system design of the BMW i3 reconstructed by the HV-
BOT. The top part of the figure shows the schematic battery system from the top view.
The schematic side view is illustrated in the lower part of the figure. Generally, 12 cells
are combined to form the eight cellmodules.

Construction chains are depicted below the top and side views of the battery system.
The construction chains allow for analyzing the constructive setup of the battery system
in great detail. The colored arrows at the top and side view of the battery systems mark
the starting points of the construction chains. From there, the construction chains can
be read from left to right. The individual used colors for the different parts can help to
track the individual components within the schematic illustration of the battery system.
Model-defined installation clearance is combined with unused space as tolerance
space (Tol).
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Figure 4.47: In-depth HV-BOT construction for BMW i3 battery system inputs.
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The results validate the HV-BOT submodels and their interactive functionality in
reconstructing the BMW i3’s battery system concept. Furthermore, the feasible system
underlines generally suitable assumptions in creating a feasible and realistic battery
system with prismatic cells. A resulting 3D construction of the mechanical outer profile
as well as the cellstack and cooling plate can be seen in Figure 4.48.
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Figure 4.48: In-depth 3D view of optimized outer profile and cellstack cooling plate.

The corresponding weight distribution of the reconstructed battery system is illustrated
in Figure 4.49. Thereby, the proportion of the cell’'s weight relative to the total battery
system is roughly 70%. The actual weight distribution of the BMW i3 system is not
publicly available in the literature for comparison.

No cross or side members are used in the original construction. Eliminating both would,
therefore, further decrease the weight of the mechanics. As the i3 is a small vehicle
with low weight, the necessary crash energy absorption of the battery system will
generally be small. More vehicle data, especially regarding the rocker panel and
position of the battery system in the overall vehicle topology, would be needed to set
the exact crash energy requirement as input for the mechanics' submodel within the
HV-BOT. Nevertheless, cross and side members are generally proven in battery
system design to enhance the system’s stiffness. Also, they are an essential
component in modeling the mechanics and the fundamental concept of the design
variables within the HV-BOT. HV-BOT modeled the cross members and the side
member to be roughly 8 kg. The underride protection sheet accounts for roughly
12.5 kg. For larger and heavier vehicles, battery systems must also absorb higher
crash forces and therefore need higher rigidity. An example of this is the BMW iX3 from
2020, which is also equipped with cross members in its battery systems [324].
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Figure 4.49: HV-BOT weight estimation and distribution for the BMW i3 37.9 kWh
battery system.

4.5.1.2 Hyundai Kona Electric 39.2 kWh

The battery system of the Hyundai Kona electric with 39.2 kWh is from 2021. The
battery system is developed for a sport utility vehicle type and serves about 300 km
electric range. In Table 4.12, further relevant inputparameters are defined. As the
vehicle is still new, most system specifications are not yet published in the literature.
Therefore, most data result from internet specification sheet data, which can be found
in [325], [326], and [327]. The larger Hyundai Kona battery system with 64 kWh can
also be seen in [328]. The battery system design of the smaller variant is equal but
does not use the front part for the battery system for batteries but for the engine. This
can be seen in [329]. While the larger 64 kWh system is equipped with ten cellmodules,
the smaller system comes with just six cellmodules. As the maximum system voltage
is roughly 378 V, each of the six cellmodules must be connected in a 15s2p connection,
leading to 90s2p for the entire system. In both system variants, in each case, two
separate modules are combined to form one unified cellmodule

Inputparameter (user-defined) Value

General

System installation space x,y,z* 1260 x 1160 x 133 mm?
System energy demand 39.2 kWh
System power demand * 100 kW
System charging time demand* 50 min

System voltage demand 378V

System usable battery DOD* 94%
Cellmodule

Cell geometry* Pouch: 280 x 100 x 14.3 mm?3
Maximum number of cellstacks per module 2

Cooling

Ambient temperature 23.0°C
Number of passes for cooling tube* 2

Design current profile Quick charging profile
Refrigeration circuit expansion stage Basic
Mechanics
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Crashenergy requirement * 5kJ

Cellstack integration (only for prismatic cells) Not applicable due to cell format
Electronics

Integration mode 3

* = assumed

Table 4.12: Exemplary Hyundai Kona electric 39.2 kWh battery system user inputs
for the HV-BOT.

Figure 4.50 shows the battery system of the Hyundai Kona Electric 39 kWh
reconstructed by the HV-Battery-Optimization-Tool. Equivalent to the analysis of the
BMW i3 battery above, the top part of the figure shows the schematic battery system
from the top view. The schematic side view is illustrated in the lower part of the figure.
Thereby, 60 cells are combined to form the three cellmodules.

Construction chains are depicted below the top and side views of the battery system.
The construction chains allow for analyzing the constructive setup of the battery system
in great detail. The colored arrows at the top and side view of the battery systems mark
the starting points of the construction chains. From there, the construction chains can
be read from left to right. The individual used colors for the different parts can help to
track the individual components within the schematic illustration of the battery system.
Model-defined installation clearance is combined with unused space as tolerance
space (Tol).
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Figure 4.50: In-depth HV-BOT construction for Hyundai Kona 39.2 kWh battery
system inputs.
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Again, the results validate the HV-BOT submodels and their interactive functionality in
reconstructing the Hyundai Kona'’s 39.2 kWh battery system concept. Furthermore, the
feasible system underlines generally suitable assumptions in creating a feasible and
realistic battery system with pouch cells. A resulting 3D construction of the mechanical
outer profile as well as the cellstack and cooling plate can be seen in Figure 4.51.
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Figure 4.51: In-depth view of optimized outer profile and cellstack cooling plate.
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The corresponding weight distribution of the reconstructed battery system is given in
Figure 4.52. The proportion of cellpackging weight relative to the total battery system
is roughly 15%. The high ratio of cellpackging weight underlines the extra weight
needed for, e.g., the frames in a cellmodule construction with pouch cells. Also, the
cooling shows higher costs, resulting from the thicker gap filler needed for the larger
cellmodules (see derivation in Chapter 8.3).
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Figure 4.52: HV-BOT weight estimation and distribution for the Hyundai Kona
39.2 kWh battery system.

4.6 Limitations

The exemplary reconstruction of actual battery systems from the field emphasized the
HV-BOT's functionality in analyzing different system designs. The construction chains
stressed the detailed modeling and verified the usage of the HV-BOT to create digital
battery system twins.

Beforehand, the multiphysically of the interfaces was demonstrated by comparing two
different battery system designs with equal inputparameters in a broken-down in-depth
investigation. The results suggest that the HV-BOT can model, design, and optimize
battery system concepts with varying requirements. Special emphasis has been placed
on illustrating the resulting interdependencies between the major battery system
components of cellmodule, mechanics, cooling, and electronics. Furthermore, trade-
off relationships between subcomponents were derived to demonstrate the importance
of holistic simulation models for battery system design. The following restrictions and
limitations, among others, apply to the usage and further tool development:

Due to the modular structure of the submodel-concept, further design relevant
technical simulation models may be easily integrated into the submodel-concept,
enabling, for example, the possibility to specifically evaluate a thermal propagation
hazard level. Additionally, the existing submodels could be extended to increase the
range of analysis possibilities. In this context, the submodel cellmodule could be
expanded to include other cell chemistries, such as sodium ion or the cylindrical cell
format (see the study in Chapter 6.7). For submodel cooling, direct refrigerant cooling
could be addressed. In the submodel mechanics, further load cases, like the z-shock
or the front crash, could also be evaluated to determine the optimized battery frame
from an even more holistic perspective. The submodel electronics could benefit from
switching from a 2D to a requirements-based 3D model.

Additionally, the following general adaptations could be especially beneficial:
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- Cost models could be further detailed, and effort-dependent manufacturing
costs could also be taken into account. This would allow weighing up battery
designs in even greater detail.

- Recyclability is only minor addressed in the submodel-concept in observing the
battery system’s weight estimation. New approaches could give each material
a recycling factor, allowing recyclability optimization and general life cycle
analyses.

- With the current submodel-concept, the connection of individual cells via the
busbar is modeled. However, no electrical connections between individual
stacks, modules, and the BJB are addressed. Therefore, no differences
between stacking directions are given from an electrical point of view. This
factor can influence the cellstacking direction in actual applications because
long wiring is usually avoided. These can affect the total weight, costs as well
as electromagnetic compatibility.

4.7 Conclusive summary

This chapter included modeling a framework to compile, analyze, and evaluate
different battery system concepts, focusing on the functional chain of changes in space
allocation for different major component groups. The battery system components'
space allocation was fully parametrized using five interdependent design variables.
Four different simulation models were abstracted to depict the battery system’s main
component groups: cellmodule, cooling, mechanics, and electronics. The individual
submodels were created for holistic design options. Special emphasis was given to
making comprehensible assumptions that can be adapted to specific scenarios. For
the cellmodule submodel, the reference look-up data sheets for the different cell
formats and cell chemistries can be easily entered or changed within the tool. This
enables future battery cell technologies to be easily integrated into the framework.

Interdependently coupling the submodels formed a novel approach to battery system
design modeling. The concluding submodel-concept internally optimized the battery
system based on the design variables for space allocation and user-defined EV
requirements like energy, power, and voltage level. Different sets of requirements and
real-world battery systems were evaluated, representing the diversity of battery system
design for electric vehicles. The interaction of the submodels offers to analyze small
design details (e.g., cooling tube height, the wall thickness of cross members, or size
of busbars) as well as systemic variables (e.g., necessary water pump power,
crashperformance on battery frame, cellstacking direction). This enables the creation
of digital battery systems twin using the HV-BOT, which can be used in even higher
integrated advanced full-vehicle models.

The results of this chapter indicate the great potential of coupled battery simulation
models for future battery system design. In addition to pure feasibility observations of
the individual components within battery systems, coupled model frameworks are also
able to reveal neglected interdependencies between components and thus unleash
the unseen potential in both cost and weight.

It is a significant challenge to precisely condition each model and its interdependencies
individually to generate optimized statements reliably. In order to be able to make

139



4 Holistic battery system design analyses based on a generic tool with multiphysically
coupled submodels

adaptations within the models at later stages, a modular structure for the tool was
chosen. The validation with real-world EVs and their corresponding battery systems
showed overall promising results for the generic modeling approach and its
assumptions.
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5 Optimization strategy for coupled battery system design
models

Parts of this chapter are published in journal articles [330] and [247] as part of this
thesis. The work in [330] is elaborated with equal contribution of this thesis author and
Johannes Christofer Hahn. This chapter contains minor modifications and extensions
with respect to the original publication. The use of the article content, including
illustrations, is permitted with the consent of Elsevier.

In the development of battery systems for electric vehicles, numerous components
from different physical subareas must be harmonized with each other. Automotive
engineers already use extensive simulation models to optimize individual components
satisfying increasing demands of EV range and power. However, at the time of initial
publication, no comparable work concerning strategies for the combined optimization
of battery systems was found in the literature. Therefore, this chapter presents an
optimization strategy for the holistic design of battery systems, which utilizes coupled
simulation models of the battery system’s technical subcomponents representing
cellmodules, mechanics, cooling, and electronics. Given user-specified battery system
requirements, methods of Gaussian process regression and Classification are
combined to determine the optimal battery system design in terms of costs and
feasibility. An inherited mixed-integer problem is addressed by using discretization of
the solution space and refinement strategies in likely optimal regions. Moreover, the
information gained per iteration is maximized by means of predictive calculations and
parallelization methods. Testing the presented optimization strategy in different
scenarios gives promising results, showcasing its robustness towards different
technical requirements for battery systems. Also, exemplary analyses regarding the
impact of the total installation space on costs and feasibility are conducted.
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Figure 5.1:  Graphical abstract of the optimization presented in this chapter.

5.1 Introduction and scientific integration

Electric vehicles are a widely accepted means on the path to future mobility. As an
essential part of bringing CO2-emissions to lower levels, EVs achieve already recurring
record sales [28, 164—166]. The lithium-ion battery plays a major role within the
vehicle’s battery system [284]. In EVs, multiple LIBs are interconnected in series and
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parallel, forming the battery module. Multiple battery modules are used to build the
battery system to serve the EV’s engine with energy and power [48, 249]. The modular
structure of the cell, the module, and the system brings advantages in operation,
maintenance, and repair while also making the battery system easier to scale, which
is widely used by EV car manufacturers [190, 191]. Yet, EVs are still rather expensive,
especially due to the cost-intensive battery cells [31, 167]. Multiple studies are
performed in the literature stressing the cost distributions for different component
groups within battery systems [315]. Although cell costs make up the majority of costs
in battery systems, cost savings lie in each component and, in particular, in the
optimized alignment of the system design [316, 331]. Therefore to develop a battery
system, major challenges from various fields of technology must be reconciled with
each other. Individual components are already widely addressed in the literature.
Multiple simulation models, procedures, studies, and reviews for battery cells and
modules [22, 34, 161, 177, 184, 194, 203, 207, 332], thermal management [51, 171,
199-202, 216, 333-339], mechanical design [21, 123, 124, 288, 340-342], or different
electrical behavior [343-345] are extensively discussed. While standalone models
represent specific effects in great detail and accuracy, external factors and
interdependencies between different components and their physics must also be
considered for the design of battery systems. Due to the complexity and individuality
of technical simulation models, holistic optimization frameworks for designing battery
systems that combine the individual components are rarely addressed in the literature.
One of the few existing frameworks has been proposed by Li et al. [255], where various
components are considered for an advanced battery pack design. A series of
optimizations are used to determine one optimized system in their study. Yet, no
restrictions regarding the generic applicability of the optimization for different battery
system models or general changes to the base model are discussed. However, in the
rapidly changing world of battery system technology [346—350], this aspect is a major
prerequisite for optimization frameworks as individual simulation models may change
due to technical innovations resulting in high demands on the versatility and
robustness of the optimization. Thus, a generic optimization framework needs to be
developed that can be used for coupled and individually interchangeable battery
component simulations.

In this context, machine learning algorithms may play a promising role. Different
supervised [351-354], unsupervised [355], and reinforcement learning [356] strategies
have already been addressed in the fields of individual battery system components.
Yu [357] and Li et al. [358] propose prognostic state-of-health frameworks using
Gaussian process regression. Battery thermal systems with optimized cooling are
discussed by Li et al. [359], also utilizing GPR. Generally, Gaussian process
regression, including various search strategies, is widely used to solve black-box
optimization [360, 361], proving its flexibility and adaptability to diverse optimization
problems. Different approaches in literature try to preserve the critical balance between
exploration and exploitation of the design space [362]. However, proposed battery-
related optimization methods are often either quite complex to control or not generally
applicable to other optimization problems.

This chapter aims to bridge the aforementioned research gap of generic optimization
frameworks for coupled battery system design simulations. Thereby, a machine
learning methodology is proposed for efficiently optimizing parametrized battery
systems utilizing coupled simulation models for holistic evaluations in terms of costs
and feasibility. This chapter combines established methods of Gaussian process
regression and classification and uses coupling of information about both the feasibility
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and cost of individual components to identify and afterward specify globally optimal
solution spaces in a five-dimensional mixed-integer solution space. Great emphasis
was placed on the generality of the optimization strategy in order to gain generic
applicability to various similar optimization problems. Examples are the variable
number of simulation models, the discretization level of the optimization variables, the
available computing speed, or the number of the CPU’s logical cores.

The proposed optimization strategy comprises a combination of three main features
forming its novelty:

- The optimization strategy enables finding the global cost optimum with respect
to a mandatory condition, i.e., the feasibility of the solution. This is achieved by
using both Gaussian process regression and Gaussian process classification.
Consequently, the total solution space is split into three fundamental regions:
feasible, infeasible, and uncertain.

- The optimization strategy is suitable for mixed-integer problems. A uniform grid
is used to discretize the solution set and refine areas where the solutions are
of higher interest, i.e., where the global optimal battery system is most likely to
be located.

- The optimization strategy utilizes parallelization methods to maximize the total
information gain in every iteration. Multiple query points are chosen sequentially
to maximize the information gain for every query point using predictive means
and standard deviations.

Regarding the predevelopment of battery systems for electric vehicles, the presented
optimization strategy offers two novel application possibilities:

- Given a set of user-defined technical battery system parameters like total
energy, or power demand, the optimization strategy allows finding the optimal
battery system design using the parametrization from the high-voltage battery
optimization tool described in Chapter 4.

- Parameter studies analyzing the impact of different technical requirements on
the cost and feasibility of the optimal battery system are conducted.

This chapter is structured as follows: In Chapter 5.2, the optimization problem within
HV-BOT is derived and defined. Chapter 5.3 introduces the fundamentals of the used
methods of Gaussian process regression and classification. In Chapter 5.4, the
optimization strategy is explained extensively. Chapter 5.5 presents the results of
conducted performance tests and analyses as well as a parameter study. Conclusions
are drawn in Chapter 5.6.

5.2 Methods of the optimization problem
In this chapter, the basics of the optimization problem are described. Thereby, the

optimization problem within the HV-BOT is first motivated. From this, the optimization
problem is derived and defined.
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5.2.1 High-voltage battery optimization tool as black-box

In Chapters 4.2 and 4.3, the methodology, functionality, physical interactions, and
internal optimization of the submodel-concept of the HV-BOT were derived, explained,
and illustrated in detail. In addition, various studies were conducted for user-specified
design variables to illustrate the optimization in the submodel-concept and to illustrate
the chains of effects of various components within HV battery systems.

While the space allocation of the main components is already known when rebuilding
battery system concepts from real-world EVs, this allocation is unknown for new
projects. Thereby, an optimal configuration of design variables must be found that
allows, for example, the lowest cost given the battery requirements specified by the
user. While submodel optimization is a search for a local optimum of the individual
component, searching for optimal design variables and corresponding space allocation
for each component is a global optimization. For the further derivation of the global
optimization in this chapter, the submodel-concept is assumed to be a black-box.
Reasons for this are given in Chapter 5.4. The black-box model structure is depicted
in Figure 5.2. The technical parameters, such as total space, power, or energy content,
are set as the fixed inputs for the black-box. The second input is the varying set of
design variables. As the black-box output, only the costs and the feasibility of the
considered design variable configuration will be evaluated.
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Figure 5.2: Schematic black-box HV-BOT model assumed for the optimization
framework.

5.2.2 Definition and analysis of the optimization problem

The HV-BOT evaluates a battery system design (= space allocation (x4, ..., x5)) for
given technical parameters and returns a concrete battery system with optimal costs
and feasibility for that supplied space allocation. Consequently, the optimization of
battery systems can be reduced to the optimization of the space allocation. In order to
search for a battery system with minimal costs and secured feasibility, the optimization
problem is defined as:

minimize c(X) = ¢;(X) + ¢, (X) + ¢3(X) + ¢, (x) (5.1)
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subjectto F(x) =1
X = (xq,...,X5) with  xq,x,,x3 €]0,1[; x4, x5 € N\{0}.

(5.2)

With ¢;(x) being the cost estimation of submodels i and F(x) the combined feasibility
for all submodels (see Chapter 4).

Trying to solve this optimization problem leads to a number of challenges. An obvious
method to find the global optimum is to check every possible solution manually.
However, if the actual possible solution space is large and the time needed for
evaluations is long, this procedure may lead to unacceptable durations, as shown in
Table 5.1.

A d ti
. . Sample Sample | Total number ssume |.m € Total
Domain Domain . . . per evaluation . .
distance | distance | of possible . examination
X1,X2,X3 € | X4,X5 € . of objective .
for xq, x5, x5 | for x4, x5 solutions ) time
function
3:3-3-3-3
[0.7,0.9] [2,6] 0.1 2 - 243 1 minute 243 minutes
4.4.4.3.3
[0.6,0.9] [2,6] 0.1 2 - 576 2 minutes 19.2 hours
77755
[0.6,0.9] [2,6] 0.05 1 — 8575 4 minutes 23.8 days
1-91-.91-10-1
[0.5,0.95] [1,10] 0.005 1 9=35§571C())0 0 10 minutes 1433.7 years

Table 5.1: Comparison of total examination times for varying scenarios motivating the
need for an optimization algorithm.

Given the definition of the design variables, the HV-BOT operates based on the class
of mixed-integer problems (MIPs). MIPs are missing continuity which eliminates the
usage of numerous optimization strategies using the objective functions’ derivation or
gradient as the source of information [363—365]. Due to the strong nonlinearity in the
submodels, a non-convex optimization problem can be assumed. This eliminates the
possibility of deterministic algorithms and optimization approaches. Alternative
methods, such as genetic and evolutionary algorithms, like the Firefly algorithm (FA)
heuristic, are able to generate solutions that satisfy the integer constraints. Yet, these
solutions are usually far from optimal and often lead to locally optimized results.
Therefore, further investigations using, for example, Monte-Carlo-Simulation
approaches are often necessary [366, 367]. However, heuristics often need specific
settings in their degrees of freedom in order to perform satisfactorily. Since the
implementation and, thus, response function of each submodel may change in the
future to incorporate new research results or improvements of the used simulations,
choosing universally optimal settings may not be possible. Consequently, the
development of the optimization strategy aims to achieve robustness that allows the
HV-BOT to cope with arbitrary submodel implementations and user-defined technical
parameters, always finding solutions close to the global optimum.

To further stress the problem’s complexity, 1400 sets of design variables were
evaluated, given an exemplary set of technical parameters. The results returned by the
submodels are illustrated as a flowchart in Figure 5.3. The sets of design variables
were carefully chosen using equidistant sampling. Sensitivity analyses were performed
based on these sample results to conceive the submodels’ behavior. The top part of
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Figure 5.3 shows the flow of the 1400 sets along their inputs and outputs. Controllers
within the graph were used to constrict certain input variables. In both of the bottom
graphs, x,is the free variable while x3, x, and x5 are set exemplary fix at x; = 0.75;
x, = 3; xg =5 for the following analysis. The difference between the bottom left
(Example 1) and right (Example 2) graphic is illustrated by the fixed values for the
variable x,. For the left graph, x, is fixed at x, = 0.81, and for the right graph, x, =
0.87. This leads to only five of 1400 samples being left to observe. It can then be seen
that every set of variables for x; (x; = 0.65, ...,0.81) follows a similar output-path. While
the cost shares still vary for both graphs, the actual feasibility is either constant at 1,
meaning feasible, or 0, meaning not feasible.
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Figure 5.3: Effects of parameter changes on the feasibility. The upper graph shows
a flowchart of 1400 evaluated battery system designs. A light grey
background indicates the design variables. Results of the evaluations
using the HV-BOT are depicted in the dark grey area. The lower two
extracts each depict five filtered samples. For both graphs x; is free and
X3, x4 and xg are constant. On the left, x, is fixed at 0.87, whereas on the
right x, is fixed at 0.84.

It can be summarized that although highly non-linear and non-convex submodels are
coupled with each other, correlations can be observed, at least for small design

146



5.3 Machine learning methods for battery system optimization

variable changes. It may therefore be possible to define feasible solution regions in
which it is promising to search for the global optimum, while other regions may be
largely ignored due to their infeasibility. As the distribution of feasible regions and the
total costs of a set of design variables can differ drastically depending on the model’s
technical parameters, the optimization strategy has to find ways to identify the general
proportion of feasible and infeasible regions.

5.3 Machine learning methods for battery system optimization

In Chapter 5.2.1, the HV-BOT was redescribed as black-box structure. Inputs are the
technical parameters and varying space allocation. Outputs are the costs and
feasibility of the evaluated battery system designs. In Section 5.2.2, the optimization
problem was defined, which reduces the optimization of battery systems to the
optimization of the space allocation. Consequently, the optimization problem described
in Egs. (5.1) and (5.2) consists of a regression problem (the costs) and a classification
problem (the feasibility). In order to address both problems, the optimization
methodology utilizes both Gaussian process regression and Gaussian process
classification (GPC) methods. Based on a comparison of different packages for
modeling Gaussian processes presented in [368], the classes
GaussianProcessRegressor and GaussianProcessClassifier of the scikit-learn
package [369] are selected for the implementation of the optimization algorithm. The
scikit-learn package provides easy-to-use functionalities and mostly outperforms other
packages in modeling quality and speed. Fundamentals about Gaussian process
regression and classification and their transfer to the used scikit-learn package
functions are presented in the following. Detailed derivations can be found in [370].

5.3.1 Gaussian process regression

A Gaussian process is a method to model an unknown function f, that can only be
evaluated pointwise and can be understood as a distribution over functions. For this
chapter, only the noise-free description of Gaussian processes is considered, meaning
that the observation y for an input x and the corresponding function evaluation f(x)
are equal: y = f(x).

Like other modeling methods, a GP allows interpolating known training points D =
X,y) ={(x;,y;)lj = 1, ...,n} and predicting values of unknown test points X... However,
a key advantage is that it also provides a statement about the certainty of a prediction
by placing a Gaussian distribution over the output value y of a test point x. This
distribution is entirely described by a mean (the prediction) and a variance. Analog, a
Gaussian process is fully specified by a mean function m(x) and a covariance function
k(x,x"), which are defined as:

m(x) = E[f(x)], (5.3)
k(x,x) = E[(f(x) —m®)(f&) —mEx)) ]. (5.4)

Together, Eqgs. (56.3) and (5.4) specify a prior distribution over functions, which
incorporates prior knowledge or assumptions about the modeled function f. For
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simplicity, the mean function is assumed to be zero. However, within the HV-BOT, the
modeled cost function takes values roughly in the range of [3000, 20000]. Using the
scikit-learn package, this can be taken into account by setting the normalize_y
parameter of the GaussianProcessRegressor class to True, which normalizes the
training data by removing its mean and scaling to unit variance. The covariance k(x, x")
is given by a kernel function, which determines the strength of dependency between
the output values f(x) and f(x') of two points x and x'. The scikit-learn package
provides a broad set of different kernel functions, which can also be combined by
addition or multiplication. Further information on different kernels can be found in [145,
369-371]. This framework uses a constant kernel multiplied with the radial basis
function (RBF), also known as the squared exponential kernel. The kernel is defined
as:

—x'|I2
k(x,x') =c-exp (— w) (5.5)

where ||-|| denotes the Euclidean distance. The free parameters ¢ € R* (constant) and
[ € R* (length-scale) are called hyperparameters 6 = (c, ). These determine how the
GP interpolates available training data.

Calling the fit function of the GaussianProcessRegressor class, which expects the
training data D with length n as a parameter, triggers the optimization of the
hyperparameters. This is done by maximizing the log marginal likelihood with respect
to the hyperparameters 6. The log marginal likelihood is defined as:

1 1 n
logp(y|X,0) = -5y KX, X)"'y — 5 log|K (X, X)| — - log 2. (5.6)

K (X, X) is the matrix of covariances calculated by evaluating the kernel function k(x, x")
at all pairs of training points. As there may be multiple local optima, an object of the
GaussianProcessRegressor class is initialized with an additional parameter
n_restarts_optimizer, which states how many optimization reruns are carried out
starting from different initial hyperparameters that are distributed log-uniform in the
space of allowed hyperparameters.

Once the kernel function is fitted to the training data D = (X, y), the predicted Gaussian
distributions of outputs f, for a set of test points X, are given by:

f.1X,yv,X~N (f_*, cov(f*)), where

f, = E[f.|X,y, X.] = KX.,X)K(X,X)" 1y, (5.7)
cov(f,) = K(X., X.) — K(X., \)K(X, X)) 'K(X, X.). (5.8)

N (u,X) denotes a Gaussian distribution with mean vector u and covariance matrix X.
Egs. (5.7) and (5.8) are derived by conditioning the prior distribution in Egs. (5.3) and
(5.4) on the training data D. Further details can be found in [370]. The matrices
K(X,X,), K(X,,X) and K(X,,X,) are determined equivalently to K(X, X). Using the
scikit-learn package, the predictive mean values and covariances of a set of test points
in Egs. (6.7) and (5.8) can be calculated by the function predict of the
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GaussianProcessRegressor class. As an alternative to the vector of covariances, it can
also return the vector of standard deviations. This is set by the two inputparameters
return_cov and return_std of the function call.

5.3.2 Gaussian process classification

Generally, Gaussian process classification is capable of performing multi-class
classification. However, for the present purposes, binary classification is sufficient, as
only a distinction between the feasibility and infeasibility of a battery system is needed.
Let y = 1 denote feasibility and y = 0 infeasibility (see Chapter 5.2). The basic idea is
to fit a latent function f(x) € R to the training data, which is then mapped to the
probability domain [0, 1] using a sigmoid-function a(z), so that a probabilistic prediction
about the classification of a point x is obtained. Consequently, the values of f(x) are
not observed and not of any relevance. The only essential requirement on f is that the
values of a(f(x)) € [0,1] lead to the correct classification of x. The probability of
feasibility for a given test point x is then described by:

n(x) =p = 11x) = o(f (%)) (5.9)

with o(z) mapping from R to [0, 1]. As only binary classification is considered, the
probability of the other class (infeasibility) is given by p(y = 0|x) =1 — p(y = 1|x). The
scikit-learn package uses the logistic function A(z) as sigmoid-function:

1
O'(Z) = /1(2) = 1+eX—p(—Z) (510)

Like in GPR, the latent function f(x) is modeled by a Gaussian process with zero mean
and a covariance specified by a kernel function. The hyperparameters of the kernel
function are tuned by optimizing the log marginal likelihood in Eq. (5.6) analog to
regression.

The prediction of the class probability of a test point x, conditional to the training points
D = (X,y) is then computed in two steps:

The distribution of the latent variable is determined by:

p(fIX,y,x.) = j p(£.1X,x., DP(fIX, y)df (5.11)

The probabilistic prediction is derived by:

7. = py. = +1|X,y,x.) = f o (FIp(fIX,y, x.)df.. (5.12)

As the posterior p(f|X,y) is non-Gaussian for classification, the integral in Eq. (5.11)
is not analytically tractable. Different approximations for this likelihood have been
presented and evaluated [370, 372]. The scikit-learn package implements the Laplace
Approximation. A short overview of the calculation of this approximation can be found
in the appendix in Chapter 8.7.
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Using the scikit-learn package, the probabilistic prediction in Eq. (5.12) can be
calculated by calling the function predict proba of the GaussianProcessClassifier
class, which expects a set of test points as a parameter. The predicted classification is
determined based on the predicted probabilities by choosing the class (feasible or
infeasible) with the higher probability. Alternatively, the predictive classification can be
computed directly by using the function predict. The essential functions of the scikit-
learn package with their inputs, outputs, and corresponding equations are summarized

in Table 5.2.

Scikit-learn function Input Output Equation
kernel
’ initialized prior GP
GaussianProcessRegressor* | n_restarts_optimizer, nita I(Zoeb.eiT)O ' (5.3), (5.4)
normalize_y )
k I initiali i P
GaussianProcessClassifier* erne _ initia Ized. prior G (5.3), (5.4)
n_restarts_optimizer (object)
fit training data D - (5.6)
predicted means
test data X,, ret td, d either standard
predict (for GPR) est gata 4., refim_std, | -and sfner standar (5.7), (5.8)
return_cov deviations or
covariances
. predicted class
dict b test data X, 5.12
predict_proba estdaa probabilities ( )
. predicted decision based on
f P X
predict (for GPC) test data X. classification the result of (5.12)
constant_value constant kernel
ConstantK I* - ' 5.5
onstantrerne constant_value_bounds (object) (5-5)
length_scale, radial-basis function
RBF* - 5.5
length_scale_bounds (object) (8-5)

* = This call creates and initializes a new object of a class and is therefore not a typical function.

Table 5.2: Allocation of scikit-learn functions to the corresponding mathematical
equation.

5.4 Integrating machine
optimization

learning methods in battery system

The presented methods of Gaussian process regression and classification have been
used for the implementation of an optimization strategy for battery system designs
utilizing the HV-BOT. Although its technical submodels are practically known, the HV-
BOT is treated like a black-box, where only the inputs and outputs are observed. This
approach was chosen to ensure that the submodels can be developed further in the
future without affecting the optimization. The optimization variables are given by the
five design variables determining the space allocation of the battery system, as
presented in Chapter 4.2. The user-defined technical parameters are set once for a
complete run of the optimization. The unknown cost function is modeled with a GPR.
Four different GPCs are used for modeling the individual feasibilities of the four
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technical submodels, as the feasibilities of all four submodels are mandatory for the
location of the global cost optimum. Thus, a total number of five Gaussian processes
is needed for this optimization problem.

As stated in Section 5.2.2, the design variables of the HV-BOT implicate a mixed-
integer problem. The optimization framework uses coarse uniform discretization of the
entire solution domain and a strong refinement in potentially optimal regions to still
model the problem close to continuously. Consequently, the solution space is always
represented by a finite number of five-dimensional points, where every point defines
one battery system design. In the following, the terms point and battery system design
are used equivalently for the explanation of the optimization strategy. Discretization
and refinement are discussed in more detail in Section 5.4.1.

In order to increase the overall computational speed of the algorithm, test point
evaluations using the HV-BOT are parallelized. Hence, multiple query points have to
be selected for evaluation in every iteration. For this work, the machine used comprised
eight logical cores. Thus, eight battery system designs are evaluated in parallel in each
iteration.

The complete optimization loop is depicted in Figure 5.4.

Where to select_ the next 8 Solution space Technical parameters
i querv.polnts? - Energy - Voltage
Likely to be feasible ) Q c [ e
* Number of points: 1, 2, 3,... Exploitation % .- L.
= Strategy: Expected Improvement
Uncertain about feasibility @) Q 8 query points
« Number of points: 1, 2, 3,... Likely to be feasible
um Er‘ﬂ ;.)uAm g . Uncertain about feasibilty
* Strategy: Minimum Certainty P — B Likelyto be not feasible
Likely to be not feasible 9 ﬁ .
® Search for feasible regions Black-Box: HV-BOT
+  Number of points: 1, 2, 3,... % .
= Strategy: Minimum Certainty @, search for cost minimum |Cellmodule| Mechanics

LU D Electronics |

| Mechanics [
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Figure 5.4: Gaussian process based optimization algorithm PPCQS (Parallelized
Predictive Classifying Querying Strategy). Depicted are the main steps
of the optimization loop starting in the top left corner.

Before the main algorithm starts, eight query points are selected randomly from within
the uniform grid and evaluated by the HV-BOT black-box. These initial evaluations are
used to train the GPs before any predictions about unknown battery system designs
are made. Afterward, the optimization loop is actuated.

Firstly, eight new query points are chosen. A querying strategy divides the points of
the uniform grid into three groups and applies different acquisition functions to these
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5 Optimization strategy for coupled battery system design models

groups for the selection of the next battery system designs to evaluate. The goal is to
maximize the information gain on both the location of regions with feasible battery
system designs and simultaneously find the location of the global cost optimum within
these regions. Moreover, query points are selected based on predictive calculations
conditional to the already chosen query points to maximize the information gain for
every query point. This querying strategy is explained extensively in Section 5.4.2.

Secondly, the selected query points are fed to the HV-BOT black-box. Each query point
is evaluated by one logical core of the CPU, each returning the total costs c(x) as well
as the feasibilities @;(x) of every submodel i.

Thirdly and lastly, the returned results are added to the training data, which is then
used to refit the GPs to incorporate the gained knowledge for the selection of query
points in the next iteration. This optimization framework is denoted as Parallelized
Predictive Classifying Querying Strategy (PPCQS).

5.4.1 Uniform grid and refinement

As a battery system design is defined by three real numbers (x,x,, x3) and two integers
(x4, x5), @ mixed-integer problem has to be addressed. This difficulty is addressed by
placing a uniform grid over the complete solution space in which each dimension is
discretized equidistantly. Consequently, the precision of the position of the global
optimum is limited to the fineness of the grid. In order to increase the accuracy of the
grid, a refinement strategy is applied to regions of higher interest, i.e., where the global
optimum will most likely be located. Due to the fact that the feasibility of a solution is
mandatory for the location of the global optimum, the refinement is applied in regions
where all GPCs modeling the feasibility of the submodels predict feasibility. This will
be further explained in Section 5.4.2. Only the first three dimensions of the grid need
to be refined, as the last two dimensions are limited to integers. Thus, the accuracy of
these dimensions is already maximum. For every of the first three dimensions and all
combinations of these, a new point is added in the middle between two already existing
points of the grid. Hence, for every existing point at most 26 new points (3:3-3—-1)
are added to the grid, resulting in a division of the maximum error of the location of the
global optimum by half with every applied refinement.

For optimization results in this chapter, the HV-BOT’s design variable limits of x;, x,
and x; are defined to be x; € [0.65,0.85],x, € [0.75,0.90] and x; € [0.70,0.85]. Six
discretization levels for every dimension of the grid are chosen, leading to maximum
relative errors of 1%, 0.75%, and 0.75% regarding the location of the global optimum
caused by discretization with one applied refinement. Assuming a battery system with
dimensions of 1800 x 1200 x 150 mm?3, the maximum absolute errors are 18 mm,
9mm, and 1.125 mm, respectively. Generally, the refinement could be further
increased, yet this accuracy is sufficient for the purposes of the HV-BOT in the
predevelopment of battery systems. Figure 5.5 shows an example of discretization and
refinement for x; and x,.
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® Grid point
® Point added by refinement

0.90

X2

® ® ®
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Figure 5.5: Discretization of the solution space. Depicted is the uniform grid in the
directions of x; and x,. The green points illustrate the functioning of the
refinement strategy.

5.4.2 Querying strategy

An essential challenge in developing optimization algorithms is deciding which query
point should be evaluated next. This question intensifies for a parallelized querying
strategy as not one, but multiple points (for this work eight) have to be selected in one
iteration. Due to the continuity of the used Gaussian processes, at least a few of the
selected query points will likely be located close to each other if all query points are
selected according to the same acquisition function. Consequently, the optimization
algorithm will perform poorly, as the information gain in every iteration is very low,
weakening the advantages of parallelization. Therefore, a predictive querying strategy
is implemented, meaning that query points are selected sequentially and conditionally
to query points that have already been chosen in the current iteration. If m query points
{x4, ..., X;n } with predicted values {J,, ..., Ji,} have already been selected, the GPs are
refitted according to a temporary predictive training set D = D U {(X1, $1), ..., Xy, Fim)}
before the predictions for all points of the uniform grid are recalculated. Based on this
predictive calculation, the next query point is chosen, and the whole process of fitting
and predicting repeats. A detailed overview of predictive optimization using differential
entropy can be found in [145].

Another major challenge of many optimization problems is the balance between the
exploration and the exploitation of the design space. Emphasizing exploration may
cause the optimization algorithm to jump from one local optimum to another, never
staying at one very promising local optimum and thus never finding the global optimum.
In contrast, if exploitation is predominant, the algorithm may get stuck in a local
optimum, which can also lead to insufficient results as the global optimum may be
located somewhere else.

Utilizing all available logical cores of a computer by means of parallelization methods,
the optimization framework proposes a querying strategy that uses a few logical cores
for exploitation and the rest for exploration. Thus, a mixture of both is achieved in every
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iteration. This is done by dividing all points of the uniform grid into three groups (see
Figure 5.6):

- points, that are likely feasible F,
- points, that are likely not feasible N,

- points, where the feasibility is uncertain U.

Solution space

S T,
@ * Expected <j Minimum
- Improvement (E.I.) |j> ' Ceirtalnty
~ Minimum §
x‘ ) e ik Certainty <:] li)
‘” e 4
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4x % Uncertain about feasibilty B U cuy
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Figure 5.6: Dissection of solution space and selection of query points. The solution
space is divided into three possibly disjoint regions for the distinction
between likely feasible, likely not feasible points and points, where the
feasibility is uncertain. In an exemplary machine with eight logical cores,
three query points are taken from the set of likely feasible points, four
points from the set of uncertain points, and one point from the set of likely
infeasible points. The borders of the three regions may change over time.

This allocation is done using the probabilistic predictions p(y;|x) of the GPCs, modeling
the feasibilities of the four technical submodels. The condition for an assignment to F
can be written as:

p(y; = 1|x) = a Vi € {1,2,3,4}, (5.13)

the condition for an assignment to N as:

Ji € {1,2,3,4} so that p(y; = 0|x) = B, (5.14)

with i indicating the submodel. Every point that does not comply with one of these two
conditions is allocated to U. The two thresholds a and 8 can be chosen by the user of
this querying strategy. Note that if just one submodel is likely not feasible, the point
itself is likely not feasible, whereas all submodels have to be likely feasible for a point
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to be likely feasible in total. Therefore, the threshold for the allocation to N should be
chosen higher compared to the threshold for the allocation to F. For the generation of
the results presented in Chapter 5.5, the thresholds were setto ¢ = 0.635 and 8 = 0.9.

As stated in Chapter 5.4, the sections of the uniform grid underlying F are refined
before points are chosen for evaluation. If possible, query points are selected as shown
in Figure 5.6: Three points are taken from F, four points from U and one point from N.
As implied by Figure 5.6, the size and shape of the individual groups can change over
time. If F becomes larger than U, their ratio of selected query points is inverted (F: 4
and U: 3). Moreover, it is a deliberate decision to always evaluate one point of N, in
order to punctually validate the classification of likely not feasible points.

In order to find regions of feasible solutions as well as solutions with minimal costs,
different acquisition functions are applied to the three groups. For the selection of query
points from U and N, a new acquisition function named Minimum Certainty (MC) is
proposed, which combines the probabilistic predictions of the GPCs and aims at
maximizing the information gain on the location of feasible solutions. It is defined as
follows:

L 4
amc(x) = mg(p(yi = 1|x) — 0.5)2. (5.15)

Here, m(x) € {0,1,2,3,4} denotes the count of submodels that are predicted feasible.
The parameter y € R* can be chosen by the user and determines the impact of
predicted feasibility. In Figure 5.7 the acquisition function is depicted for a two-
dimensional example (= only two submodels) and different choices of y. The undefined
areas are the regions where a point is assigned to the set of likely feasible points F.
The results presented in Chapter 5.5 were achieved using a value of y =1. The
minimum of the acquisition function is found where the certainty about the classification
of at least one submodel is at minimum, corresponding to a predicted probability of
p(y; = 1|x) = 0.5. The next query point x, from the set of uncertain points U is then
given by:

X, = argr{]lin apc(X). (5.16)
X€E

The next query point from the set of likely not feasible points N is chosen analogously.

Acquisition A (v=10) Acquisition B(y=1) Acquisition C (v =2)

Undefineg,

Norm. Acg. value
Norm. Acqg. value
Norm. Acg. value

Figure 5.7: lllustration of the acquisition function named Minimum Certainty. The
acquisition function is depicted for a two-dimensional example and
different choices of the free parameter y.
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In contrast, the query points from the set of likely feasible points F are selected using
the GPR, which models the cost function. As a well-evaluated querying strategy,
Expected Improvement (El) is used as the acquisition function for the GPR [373]. It is
defined as:

a(®) = 0(x) - () - &(y() + N ((x)]0,1))

f (Xpest) —u# ()
o(x) ’

(5.17)
with y(x) =

Here, ®(-) denotes the cumulative distribution function of the standard distribution,
Xpest 1S the best point found so far and u(x) and o(x) are the predicted mean and
standard deviation of the Gaussian distribution over f(x). The next query point is then
determined by:

X, = argrr;ax ag;(x). (5.18)
X€E

In Algorithm 1 the complete algorithm for the optimization of battery systems using
PPCQS is summarized in pseudo-code.

Algorithm 1 Parallelized Predictive Classifying Querying Strategy (PPCQS)

Initialization of the GPs with RBF kernel
Initialization of the uniform grid S
Choose eight random query points X from S
Evaluate X parallelized with HV-BOT black-box - y
fori=1..Ndo
Optimize hyperparameters of GPs: fit(X,y)
Predict probabilistic classification for S: predict_proba(S)
Allocate points of S to the three groups F, U and N using Egs. (5.13), (5.14)
Determine the distribution of query points: A points in F, B points in N and C
points in U
Apply refinement to the set of likely feasible points F
Initialize predictive training sets X « X,y «y
forj=1..Ado
Predict costs for likely feasible points: predict(F, return_std = True)

Determine query point x, = argmax ag;(x) using Eq. (5.17)
XEF

Add query point and its predictions to predictive training data:
X<Xux, §<9Uy®X)
Optimize hyperparameters of GPs with predictive training set: f it()?, 37)
end for
forj=1..Bdo
Predict probabilistic classification for likely not feasible points:
predict_proba(N)

Determine query point x, = argmin ay¢(x) using Eq. (5.15)
XEN

Add query point and its predictions to predictive training data:
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X< XUx, §<yUyx)

Optimize hyperparameters of GPs with predictive training set: fit()?, 37)
end for
forj=1..Cdo

Predict probabilistic classification for uncertain points: predict_proba(U)

Determine query point x, = argmin ay¢(x) using Eq. (5.15)
XeU

Add query point and its predictions to predictive training data:
X< XUx, §<yUyx)
Optimize hyperparameters of GPs with predictive training set: fit(}?, y)
end for
Evaluate all query points X, parallelized with HV-BOT black-box - vy,
Add query points and results to training set: X « XU X,, y«<yUy,
end for

5.5 Model results and discussion

This chapter presents the applicability of the proposed optimization methodology. The
results are based on the state of the HV-BOT at the time of the first publication [247,
330]. The results of the optimization strategy presented are applicable to further
developments of the HV-BOT (see Chapter 6).

This chapter presents results using the PPCQS optimization for different technical
requirements on the battery system and varying limitations on the battery cell using the
HV-BOT black-box model. Particular emphasis is placed on depicting the functionality,
robustness, and applicability in battery system engineering.

5.5.1 Scenario-dependent optimization results

Different user-defined requirement scenarios are used to examine a wide range of
difficulties for the optimization. PPCQS will be compared to other state-of-the-art
optimization algorithms to stress the differences in the optimization logic and underline
the advantages of using the presented optimization in coupled battery simulation
models like the HV-BOT black-box model.

5.5.1.1 Scenario definition

Three very different optimization scenarios are constructed. Table 5.3 describes the
three predefined scenarios with their different initial inputs. Next to the installation
space, the different scenarios differ in system energy and voltage demand as well as
the mechanics material and especially the integrated cell specifications.

Scenario 1 flexible is characterized by cellmodule specifications using a variable
prismatic cell format with specified cell borders, offering large flexibility regarding
length, thickness, and height of the corresponding cell and thus also general, flexible
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integration possibilities. Scenario 2 restricted is limited to four different cells, two for
prismatic and two for pouch format, offering generally less flexibility in its integration.
Scenario 3 concentrated is fixed to one prismatic cell format leading to a generally
narrowed feasible solution space.

Furthermore, four different algorithms are tested in each scenario against each other.
These are the metaheuristic Firefly algorithm as well as Gaussian process regression
using Expected Improvement as the acquisition function and the Newton algorithm as
the acquisition function solver. Also, random algorithm is used as a benchmark result.
The Firefly algorithm metaheuristic uses a trade-off between randomness and
knowledge of existing solutions to sample the solution space. Firefly algorithm setting
parameters used in this analysis can be found in the footnotes of Table 5.3. The
operation and choice of hyperparameters of the Firefly algorithm are derived in
Chapter 5.5.1.2. As scenarios 2 and 3 already feature larger non-feasible regions due
to the restricted cell integration, the Firefly algorithm was replaced with Gaussian
process regression using the Firefly algorithm as the acquisition function for
comparison.

Technical parameters for Scenario 1 flexible Scenario 2 Scenario 3
the battery system restricted concentrated
Overall installation space 1850 x 1440 x 150 | 1850 x 1240 x 150 | 2050 x 1540 x 150
(x.y,z) [mm?]
System energy demand
[KWh] 80 60 90
System power demand [kW] 175 175 175
System voltage demand [V] 500 400 550
Specified cell format and Prismatic cells Prismatic cells Prismatic cell
geometry [mm?] Cell sizes in the Cell size 1: Cell size 1:
range [min., max.]: | 210x25x 110 220x 30x 110
Cell size 2:
Cell length: 230 x 35110
[100,300]
Cell thickness: Pouch cells
[15,50] Cell size 3:
Cell height: 300 x 8 x 110
[100,120] Cell size 4:
420 x 12 x 110
Ambient temperature [°C] 20 20 20
Mechanics material Aluminum or Steel Aluminum Aluminum
Tested optimization Firefly? GPR* Newton (El) GPR* Newton (El)
algorithms GPR“ Newton (El) | GPR* Firefly? (Par.?) | GPR* Firefly? (Par. 3)
Random Random Random
PPCQS PPCQS PPCQS

"Parameter: a = 1; 3 = 0.2,y = 0.5,8 = 0.98, flies = 5
2 Used as acquisition function with parameter:
a=1B=0.6,y =206 = 0.95,flies = 30, internal iterations = 30
3 Greedy parallelization strategy: Taking maximum number of most promising data points
4Used kernel described in Chapter 5.3 and Eq. (5.5)

Table 5.3: Definition of three scenarios for testing. The scenarios differ in the technical
parameters for the battery system and in the geometric limitations of the
battery cell format.
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5.5.1.2 Firefly algorithm and sensitivity analysis for hyperparameter selection

Before evalution the scenarios mentioned above, the following chapter derives the
basics of the Firefly algorithm and validates the hyperparameter selection used in
Chapter 5.5.1.1.

Basics of the Firefly algorithm

The Firefly algorithm was initially developed by Yang [374] as a nature-inspired
algorithm emulating the behavior of fireflies. It is widely developed, and multiple
variations have been proposed in the literature [375-382]. The algorithm samples the
solution space towards favorable regions and simultaneously uses random sampling
to prevent finding only a local optimum. Monte-Carlo-Simulation approaches can
additionally be used to minimize the risk of premature convergence within a local
optimum. The Firefly algorithm is controlled using three main parameters. Firstly, the
attractiveness parameter indicates the speed or width of movement to the next brighter
firefly. Secondly, the absorption coefficient, which depicts the distance-related
reduction in light intensity of fireflies. And thirdly, the random walk parameter. In order
to control the movement of one set of optimization variables x; at time step t + 1 to
another set x;, the following equation is used:

X =x{ + B exp(-yD2) (- xf) +a - ©19)

with § as the parameter to control the attractiveness, y the absorption coefficient, and
D the Euclidean distance. at depicts the random walk using a randomly generated
number from the interval [-0.5, 0.5] and ¢; is a vector of random numbers drawn from
different distributions such as the uniform distribution, Gaussian distribution, and Lévy
flight [383, 384]. Figure 5.8 illustrates the flowchart of the Firefly algorithm.
Performance evaluations can, for example, be found in [385]. For further evaluations,
at = ay* 6™ is used with @y = 1 and the random walk cooling factor §™ for each
iteration n. ¢; is defined using the optimization design variable’s boundaries. For design
variables x, and x5, Eq. (5.19) is rounded to integer. The choice of 8,6 and y is
analyzed in a sensitivity analysis below.
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Figure 5.8 Flowchart diagram of the Firefly algorithm.

Analysis of hyperparameters

The following analyzes the optimal choice of FA hyperparameters for both of the used
FA variants within this chapter. First, as a standalone optimization algorithm for finding
cost minima. Second, as an acquisition algorithm to find the minimum on the
metamodel of the objective function created by the GPR algorithm.

In order to optimally select the hyperparameters, a one-factor-at-a-time (OFAT)
sensitivity analysis was performed. For this purpose, several optimizations were
executed with the HV-BOT. The study design was defined so that each
hyperparameter combination was performed a total of five times. Subsequently, the
optima found were averaged using the median to measure the performance of the
parameter combination. This procedure was executed for a wide range of parameter
combinations, which are also typically used in the literature. For computation time
reasons, the use of exactly five flies was specified for the sensitivity analysis of the
pure Firefly algorithm. A total of 100 FA iterations were executed for each parameter
set. The sensitivity of the three hyperparameters for the pure Firefly algorithm is shown
in Figure 5.9.
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Figure 5.9: Result overview of the one-at-a-time sensitivity analysis for the Firefly
algorithm used in the HV-BOT.

The results show the strongest sensitivity for the attractiveness parameter 3. In order
to select the optimal value for all hyperparameters, further in-depth analyses were
performed. These can be found in the appendix in Chapter 8.6.1. Additional figures
provide a more detailed resolution of the cause-effect relationship of the different
parameter combinations. To account for multiplicative effects, a regression analysis
was used to examine correlations between parameters in order to derive
advantageous hyperparameter combinations.

For the analysis of the FA as an acquisition function, 30 flies were used. A total of 30
internal iterations were then executed on the GPR’s meta-model for each of the total
100 outer GPR optimization iterations. The results of the sensitivity analysis using the
FA for the acquisition function in the GPR are shown in Figure 5.10. Again, the
attractiveness parameter g shows the highest sensitivity. However, parameters § and
y also show higher sensitivity compared to the results of the pure FA above. The
regression analysis results can be found in the appendix in Chapter 8.6.2.

The summarized results confirm a suitable hyperparameter choice for both FA
applications from Table 5.3.
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Figure 5.10: Results overview of the one-at-a-time sensitivity analysis when using the
Firefly algorithm as an acquisition function within the GPR.

5.5.1.3 Penalty cost model

The following comparisons between the algorithm performances will be based on cost
minimization. In order to ensure that the optimal solution is also a feasible solution
F(x) < 1, the costs must reflect that these feasible solutions are more advantageous
compared to the non-feasible solution F(x) > 1. As only PPCQS can consider further
information regarding feasibility in its querying strategy, additional penalty cost models
were integrated that artificially increase each submodel's total cost to ensure fair
comparability.

The penalty cost model provides that for each DOF ¢;(x) > 1 a penalty cost term
{;(x) e R* is added to the submodel’s costs ¢;(x), leading to summed costs x;(x)e R*
for each submodel i defined as follows:

Ki(x) = ¢;(x)+ (%), i €{1,2,3,4}, (5.20)

in which the penalty cost term {;(x) is defined as:

{;(x) = min(C, In(®;(x)) - 5000),i € {1, 2, 3,4}. (5.21)

Thereby, the logarithm ensures that a cost-optimal result is also a feasible one, as it
penalizes small DOFs significantly greater compared to a linear relation. As the DOF
terms @; appear to be between 0 and 10, an upper boundary of C = 5000 is defined.

5.5.2 Results analysis and discussion

Figure 5.11 and Figure 5.12 show the current cost optimum with respect to the number
of iterations for every algorithm tested in each of the three defined scenarios.
Furthermore, the battery system schematic from each optimized result is depicted
below each graph from the top and side view. The costs are normalized to the
maximum temporary optimum that has been observed in a scenario. A wide range of
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resulting relative costs is evaluated during the optimization process. For the detailed
algorithm comparison, only an adjusted range is depicted. Furthermore, it should be
noted that only feasible temporary cost optimums are depicted in the graphs for the
first two scenarios. As PPCQS was the only optimization to find feasible solutions in
the third scenario, the infeasible cost evaluations from the other algorithms are also
depicted as diamond-formed points. Moreover, the consumed computational times are
shown.
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Figure 5.11: Comparison of optimization algorithms for scenario 1, and 2.
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Figure 5.12: Comparison of optimization algorithms, scenario 3. Herein, also

infeasible solutions are considered, as all algorithms except PPCQS did
not find any feasible solutions.
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Results show that the PPCQS algorithm finds the best solution in every scenario. This
is especially stressed by the third scenario, where the other algorithms do not even
find a feasible battery system design. Choosing points randomly performs poorly in all
three scenarios. Considering that the final solution from the random algorithm for the
third scenario is infeasible despite its low costs indicates possible weaknesses of the
penalty cost model. Firefly algorithm was only used in the first scenario and found a
feasible solution there. However, the depicted optimization process indicates that it got
stuck in a local optimum. Using Firefly as the acquisition function in GPR performs very
well in the second scenario, where it found the second-best solution with costs very
close to the best solution. The GPR with Newton algorithm provides good results in
scenarios one and two, finding the second- and third-best solutions, respectively.

From a technical perspective, the fact that PPCQS always finds the best solution is of
even higher relevance, as the final battery system designs vary significantly between
both the scenarios and the different algorithms within one scenario. The differences in
the technical requirements of the battery system and the limitations on the cell format
result in completely unlike optimal designs. Furthermore, even within one scenario, a
slight improvement in costs can be achieved by substantially changing the battery
system design, which can be observed in scenario 2. Here, GPR with Firefly and
PPCQS both found systems with low costs, yet the number of cellmodules and the
orientation of the stacks are unequal. This stresses the importance of robustness and
showcases the advantages of the proposed optimization strategy combined with the
HV-BOT in the design of battery systems.

The runtimes were measured on a standard office notebook with an Intel(R) Core(TM)
i5-10310U and 8 GB of RAM. Although the runtime for PPCQS surpasses every other
algorithm, it is not expected that any other algorithm would find any better solution as
the result trend shows convergence within the 100 iterations.

To further analyze the algorithm's behavior and affirm the convergence trend towards
the end of the iterations, each algorithm's exploration and exploitation balance is
depicted in-depth in Figure 5.13. For this analysis, the solution space was divided into
108 equally sized areas (five-dimensional cuboids). For each algorithm, the amount of
exploration was then measured by counting the areas where a test point had been
taken from with respect to the iteration. In contrast, the amount of exploitation was
determined by counting how many times a query point was selected from the area
where the algorithm located its best solution.
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Figure 5.13: Balance of exploration and exploitation for scenario 1, 2, and 3.

It can be seen that PPCQS quickly explores different areas of the solution space,
evaluating various battery system designs, which allows the algorithm to achieve a
basic overview of the location of feasible solutions and the cost function. Considering
the aforementioned variety of optimal battery system designs depending on the
technical requirements, this fast and effective exploration of the complete solution
space seems essential. At the same time, a sufficient amount of exploitation in the
search for the cost optimum is conducted, leading to the observed promising results.
On the contrary, all other tested algorithms show a disadvantageous relation between
exploration and exploitation. Firefly performs almost no exploration, confirming that it
got stuck in a local minimum. GPR with Firefly and GPR with Newton conduct a similar,
relatively low amount of exploration. Interestingly, the first-mentioned focuses
extensively on exploitation, whereas the last-mentioned exploits way less.

In conclusion, only the PPCQS algorithm was able to find a feasible battery system
design for every scenario defined in Table 5.3. Furthermore, the final solution is always
the best regarding the costs compared to all other algorithms, as seen in Figure 5.11
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and Figure 5.12. Therefore, for the design of battery systems, PPCQS provides strong
robustness that other algorithms were not able to offer. This is mainly achieved by the
combined use of regression and classification methods, leading to an effective balance
of exploration and exploitation, which can be observed in Figure 5.13.

5.5.3 Comparison and sensitivity of optimized battery systems for various
installation spaces

In order to stress the relevance of a robust optimization methodology using the HV-
BOT model, this chapter will perform a sensitivity analysis with respect to the total
volume of the system and its geometry. For this purpose, five different volume sizes
with four different geometries each were defined, as shown in Table 5.4. Other
technical parameters were set fixed to values listed in Table 5.5. The PPCQS
optimization strategy within the HV-BOT was then used to determine the optimal
battery system and its costs for every installation space configuration.

Volume 1.7 m? x 1.9 m? x 2.1 m?x 2.3 m?*x 2.5m?x
0.15m 0.15m 0.15 m 0.15m 0.15m

Geometry 1 1300 x 1308 | 1400x 1357 | 1500 x 1400 | 1600 x 1438 | 1700 x 1471

(x,y)Imm?]

Geomely 2| 1400x 1214 | 1500x 1267 | 1600x 1313 | 1700x 1353 | 1800 x 1389

(x,y)Imm?]

Geomelry 3| 4500x 1133 | 1500x 1188 | 1700x 1235 | 1800x 1278 | 1900 x 1318

(x,y)[mm?]

Geometry4 | 1600x 1063 | 1600x 1118 | 1800x 1167 | 1900x 1211 | 2000 x 1250

(x,y)[mm?]

Table 5.4: Definition of the testing matrix for installation space analysis. The scenarios
differ in the geometric format as well as overall installation volume. Only
values of x- and y-dimensions were altered. The height of the systems (z-
direction) was set fixed to 0.15 m.

Technical parameters for the battery system Values
System energy demand 60 kWh
System power demand 140 kW
System voltage demand 400 V
Specified cell format and geometry Prismatic cell

Cell size:

220 x 25 x 110 mm?

Ambient temperature 20°C
Mechanics material Aluminum

Table 5.5: Fixed technical specifications for the installation space analysis.

The results are depicted in Figure 5.14. The left side of the figure shows optimized
results for the 20 different geometries. Therein, the x- and y-axes show the
corresponding geometry. Equivalent volume lines mark the four different geometry
configurations tested for each of the five different volumes. Based on the color of the
individual bubbles, the achieved relative costs of the best-found result within the
optimization are depicted. The costs are illustrated from green-colored low costs to
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red-colored high costs. In addition, infeasible solutions are marked as bubbles without
color. A strong color gradient from red to green is clearly visible and separately framed
with a dotted line. This area describes the possibility of changing the cell chemistry
and, thus, the resulting abrupt decrease in total system costs. This change, however,
does not simply occur between two volume lines. This can be seen well in volume
2.1 m?x 0.15 m, in which two geometries with red and two geometries with green costs
are shown. This phenomenon is caused by the predefined cell geometry and thus
underlines the complexity of the integration capability of different cell geometries at the
system level. To further analyze smaller cost differences in the light green area, this
area is depicted in more detail in the right part of Figure 5.14. The overall cost optimum
is reached at a geometry of 1700 mm x 1353 mm. Surrounding system configurations
are associated with higher costs. Unfavorable installation space geometries or the
general under- or oversizing of the system lead to increased costs in cooling,
mechanics, or electronic components.
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Figure 5.14. Summarized results of optimized costs for different battery system
installation spaces for a sensitivity analysis.

The sensitivity analysis presented here can be of enormous importance for battery
system manufacturers when installation space decisions have to be analyzed. In this
context, a reliable and robust optimization strategy is indispensable as it enables
revealing the optimal simulation result and cost-related tipping points. Through the
installation space analysis, particularly cost-intensive areas can be precisely identified.

In summary, the sensitivity analysis for different installation spaces and geometries
with PPCQS stresses the extreme and cost-sensitive dependencies in the complex
environment of battery system development. For this reason, it is of particular
importance to optimize the battery systems with a robust and safe optimization
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algorithm to ensure the model’s accuracy as well as the validity and reliability of
simulation results.

5.5.4 Benchmark results for PPCQS in other optimization problems

PPCQS was further benchmarked by optimizing the Rastrigin function and comparing
the results to an optimization using basic GPR acquisition strategies. Chapter 5.5
showed convincing results for the proposed optimization framework PPCQS. Next to
the actual best objective cost value, the convergence was also generally faster
compared to the other algorithms. In order to provide a more general goodness
analysis for PPCQS, the strategy was applied to an optimization of the strongly non-
convex and non-linear Rastrigin function. Figure 5.15 summarizes the results and
comparisons. Strategy 1 and 2 use Gaussian process regression with the widely
accepted Expected Improvement method as an acquisition function in order to find the
most promising next query points. The Gaussian process was defined analogously to
Chapter 5.3. As PPCQS uses parallelization in its querying strategy, Strategies 1 and
2 also chose eight individual test points per iteration. Strategy 1 selects the points of
the evaluated goodness from the Expected Improvement in descending order. Strategy
2 uses the predictive goodness by refitting the Gaussian process after each point
selection. Strategy 3 represents the optimization strategy PPCQS as described in
Chapter 5.4. Since the Rastrigin function, by definition, has no DOF, the DOF ¢, (x) for
x; and x, was additionally defined as:

1, for-1<x;<1

D;(x;) = { 0, for (x; <—=1) v(x; > 1) (5.22)

with i e {1,2}.

Figure 5.15 additionally shows for Strategy 3 how the points are divided into the three
defined regions (feasible F, not feasible N, uncertain U). Furthermore, the results show
that PPCQS finds the global optimum at (0,0) quickly and effectively while
simultaneously, a large solution range of the function is sampled. In addition, the global
optimum region around (0,0) is sampled in great detail, underlining the functionality of
the grid refinement. In the resulting plot at the bottom of Figure 5.15, the three
optimization strategies are depicted for comparison, given the current best objective
value subjected to the number of observed samples. The promising results indicate
that the optimization strategy PPCQS can also be applied to other optimization
problems besides the HV-BOT.
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Figure 5.15: Result summary of an optimization of the Rastrigins function. Two
strategies are compared with the proposed PPCQS. Both strategies use
GPR optimization and compute the acquisition function by maximizing
the Expected Improvement. Strategy 1 selects the eight most promising
points in descending order. Strategy 2 uses the predictive method in
which the model is refitted after each point selection.
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5.6 Conclusive summary

This chapter introduced a novel optimization strategy for coupled battery system
design simulations named Parallelized Predictive Classifying Querying Strategy
(PPCQS). PPCQS was developed to handle the optimization for different conditions of
battery-related black-box optimization models. Thereby, the simulation submodels in
the HV-BOT were treated as a black-box emphasizing the algorithm's robustness. This
adaptability of the algorithm is crucial because simulation models are constantly
evolving.

PPCQS comprises both regression and classification methods based on Gaussian
processes to determine the global cost optimum subject to a mandatory feasibility
condition. Furthermore, coupled classification splits the total solution space into three
fundamental regions: feasible, infeasible, and uncertain. Parallelization methods are
used to decrease runtime and to increase information gain in every iteration by
conducting multiple black-box evaluations simultaneously. This is enhanced by using
different acquisition functions for querying multiple test points in order to gain
information on both battery system designs that comply with the feasibility condition
and designs with minimal costs. A new acquisition function named Minimum Certainty
is introduced to search for feasible solutions. Afterward, the Expected Improvement
function is used to find the cost minimum. Moreover, the query points are selected
predictively to maximize the information gain for every single query point.

Testing PPCQS in three scenarios defined by different technical requirements for
battery systems and comparing it to three established algorithms showed that PPCQS
outperforms the other algorithms in terms of robustness and accuracy in determining
the global cost optimum. An efficient mixture of exploration and exploitation ensures
that a wide range of different battery system designs is evaluated and, at the same
time, slight variations of promising solutions are investigated in the search for the cost
minimum. Additionally, sensitivity analyses regarding the impact of the total installation
space on costs and feasibility showcased exemplary use cases of the presented
optimization strategy. They also emphasize the complexity of integrating battery cells
at the system level as well as the importance of a robust optimization strategy for
achieving valid and reliable simulation results.

Thus, PPCQS offers a favorable optimization strategy for the design of battery systems
using the HV-BOT. In future work, the optimization strategy could be analyzed in
various other technical battery system or component simulation models that have
similarly challenging optimization problem requirements as the HV-BOT. Furthermore,
sensitivity analyses could show which values of the parameters in the used
classification methods and acquisition functions are scenario-dependent optimal.
Additional runtime improvements could also be analyzed using a high computational
cluster with numerous logical cores.
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6 Applicative optimization of battery systems and derivation of
conclusive design guidelines

Parts of this chapter are published in a journal article [247] as part of this thesis. The
use of the article content, including illustrations, is permitted with the consent of
Elsevier.

This chapter aims to merge the methodology of multiphysical models for the battery
system principal components from Chapter 4 with combined regression and
classification optimization from Chapter 5. This chapter aims to discuss different
fundamental battery system design questions and highlight physical sensitivities.
Unless otherwise stated, model assumptions derived in Chapters 4, 5, and 8 apply.

6.1 Merging battery system design models and optimization
methodology

Merging the submodel-concept with the Gaussian process optimization procedure
enables the HV-BOT to optimize battery system designs based on a system
perspective. Thereby, the HV-BOT iteratively tries to find better solutions by updating
the design space allocation variables. Figure 6.1 illustrates the working principle
schematically.

Inputparameter Global-Optimizer Result-Evaluation
(partly optional) (iterative)
Submodel-
Energy Concept

Power, Charging

>
>
» Installation Space
> Batterysystem
boundaries

» Spec. Submodel

Parameters

Update
Design-
Var. Weight e Iteration+1 Result return

Figure 6.1: Flow diagram of the HV-BOT. Different inputparameters can be entered
user-defined into the tool (e.g., energy, power, total installation space). A
starting parameterization of the design variables x, ..., xs is selected,
representing space allocation for the different components. The
respective submodels use the space allocation for cellmodule,
mechanics, electronics, and cooling to evaluate the optimal configuration
for the given inputparameters. The result is evaluated, and the design
variables are adjusted for the next iteration. The procedure is executed
for a predefined number of iterations.
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guidelines

6.1.1 Discussion of global objective value

In the following optimizations, different installation space allocations are sampled,
tested, and subsequently evaluated, as described above. Generally, different output
variables result from the simulation models, as described in Chapter 4.3. Two main
result variables are the weight and the cost estimation of the tested battery system
design concept.

However, the global optimization algorithm is only capable of optimizing on the basis
of one objective value. In this respect, a discussion of the more suitable and
advantageous objective value between weight and costs is given below.

6.1.1.1 Manufacturing and engineering perspective

From a manufacturing and engineering perspective, the overall battery system weight
plays a crucial role. With lower weight, resources can be saved, and the efficiency of
the overall electric vehicle can be increased. In addition, there can be advantages in
production speed, machine load, and general work processes.

However, the total direct material costs of the battery system are the basis for the
profitability and the ultimate profit of the vehicle manufacturer. In order to compete in
the electric vehicle market, the battery system costs and the directly associated EV
manufacturing costs play a decisive role. Since the battery system is the most cost-
relevant component in the electric vehicle, it is also directly reflected in the total price
of the final product. In addition, it can be argued that, to a certain extent, an increase
in the weight of the battery system may be accepted, provided that the resulting high
cost savings can be used elsewhere in the EV or as a price advantage for the
consumer.

6.1.1.2 Modeling perspective

From the modeling perspective, both weight and cost in the HV-BOT are fundamentally
based on several assumptions and estimations. In addition, a number of costs,
particularly mechanical structures, are derived directly from the estimated weight and
a material unit cost. This work did not model the actual material mix of the different cell
electrode chemistries. While modeling cell electrode stack cost based on a
requirements-based approach allows for manufacturer variability in the final chemistry
of the battery cell, the actual cell chemistry will have a large impact on the overall
weight of the battery system due to the gravimetric energy density of the cell chemistry.
Accordingly, this work's actual modeled cell weight gives only a rough indication of
possible cell chemistry. In a pure weight optimization, this could then lead to incorrect
optima.

6.1.1.3 Decision derivation

Costs for mechanical structures, parts of cooling plate design, and the electronics
integration are derived linearly from their estimated weight or volume. In pure weight
optimization, however, the actual cost-related significance of one unit of weight is not
evaluated. In an exaggerated example, this would mean that one kilogram of rather
cheap aluminum would have the same significance on the overall result as one
kilogram of rather expensive cell cushion pad material. Although partially estimated
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costs may increase the dispersion of results due to cost uncertainties, a valuation-
relevant distinction between weights of different components can still be performed.

This enables an optimization result that balances particularly sensitive and high-cost
parts. In addition, parts that can not be independently weighted, such as the
refrigeration circuit or the required coolant-water pump, can be included in an
evaluation. Through individual, time- as well as view-dependent determination of the
costs, optimal results can thus also be derived for specific applications. For the reasons
mentioned above, the final results should also be evaluated regarding the total weight
(see Chapter 6.3.1).

In summary, the cost estimation from the simulation models derived in Chapter 4.3 is
used as the global optimization objective value in the chapters below.

6.2 Working principle of system optimization with detailed cost
progression

In order to better describe the optimization principle in the HV-BOT, an exemplary set
of inputparameters will be iteratively optimized in the following. The parameters are
fixed throughout the optimization and thus represent the main requirements for the final
battery system design. Table 4.8 summarizes the user-defined inputparameters for the
to-be-optimized battery system.

Inputparameter (user-defined) Value

General

System installation space x,y,z 1800.0 x 1400.0 x 150.0 mm?
System energy demand 50 kWh

System power demand 140 kW

System charging time demand 20 min

System voltage demand 408 V

System usable battery DOD 96%

Cellmodule

Cell geometry Two possible cells (internal optimization):

Prismatic: 160 x 18 x 105 mm?
Prismatic: 210 x 26 x 110 mm?

Maximum number of cellstacks per module 1

Cooling

Ambient temperature 23.0°C
Number of passes for cooling tube 2

Design current profile Quick charging profile
Refrigeration circuit expansion stage Basic
Mechanics

Crashenergy requirement 20 kJ
Cellstack integration (only for prismatic cells) Screwed cellstacks
Electronics

Integration mode 3

Table 6.1: Exemplary HV-BOT inputparameters for the to-be-optimized battery
system.
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Figure 6.2 shows the optimization procedure, which lasted about 600 minutes for 100
iterations. The runtimes were measured on an office notebook with an Intel(R)
Core(TM) i5-10310U and 8GB of RAM. Four exemplary battery system designs are
depicted at the top of the figure from a 2D top and side view, indicating the variability
of tested configurations throughout the optimization process. Each resulting bar
represents the cost distribution of the current best solution. At roughly 400 minutes,
the solution slowly converges.

In the lower part of the graphic, the first 350 minutes of the optimization are illustrated
in more detail. Herein, the proportional components’ cost changes during optimization
are indicated within each bar cost. Furthermore, the change from the NMC-Type
battery cell with higher energy densities to the LFP-Type cell with lower energy
densities is marked separately. The change in cell chemistries results from achieving
a higher cell-packaging density to compensate for the lower individual cell voltage. The
cost drop is distinctly visible within the cellmodule costs. Next to the cellmodule, also
the mechanics show considerable variability in their costs. The costs for electronics
and cooling generally indicate less variability. One considerable cooling cost shift can
be observed in the change from NMC-Type to LFP-Type cells. The changed cell
specifications and corresponding cooling efforts may cause this change. The
significant cost leap in the electronics’ costs at the beginning of the optimization is
caused by the change between external and internal electronics integration (see
Chapter 4.3.5).

In general, the illustrative optimization underlines the mutual dependencies of the
individual component groups and emphasizes the variability in battery system
concepts for a fixed set of inputparameters. Furthermore, it can be seen that the cost
of the cellmodule varies significantly less within one cell chemistry, resulting in a similar
relevance of the costs of the other main component groups.
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Figure 6.2: Cost optimization results of the HV-BOT for inputs from Table 4.9,

including exemplary illustrated battery systems from the top and side
view. Cost distributions are depicted for each submodel. 100% is defined
from the first found feasible configuration. The change from NMC-Type
cell chemistry to LFP-Type cell chemistry is marked. The sample rate of
the top and bottom plots equals four.

6.3 Cell integration analysis at the system level

A cell and module geometry trade-off in cellmodule packaging has been executed and
discussed in detail in Chapter 3. In addition, this chapter examines cell integration
capability at the system level. For this purpose, prior-defined cell geometries are first
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integrated into a fixed overall system design space. The graphical output, as well as
the cost and weight comparisons, allow for an in-depth comparison of the integration
capability.

In the second part of this chapter, one cell is set geometrically fixed. Subsequently, a
cost sensitivity for varying overall system installation spaces is investigated. Thereby,
the phenomenon of undersized and oversized systems will be stressed and quantified.

6.3.1 Cell integration analysis for different cell formats

This chapter analyzes the cell integration capability for two different battery cells. The
evaluation compares the cost shares for the corresponding system integrations. The
two different cells and further inputparameters are defined in Table 6.2.

Inputparameter (user-defined) Value

General

System installation space x,y,z 1800.0 x 1400.0 x 150.0 mm?
System energy demand 74.0 kWh

System power demand 150 kW

System charging time demand 25 min

System voltage demand 400V

System usable battery DOD 96%

Cellmodule

Cell geometry Two observed cells:

Prismatic: 200 x 30 x 117 mm?
Pouch: 450 x 12.5 x 113 mm3

Maximum number of cellstacks per module 1

Cooling

Ambient temperature 23.0°C
Number of passes for cooling tube 2

Design current profile Quick charging profile
Refrigeration circuit expansion stage Medium
Mechanics

Crashenergy requirement

15 kJ

Cellstack integration (only for prismatic cells)

Screwed cellstacks

Electronics

Integration mode

3

Table 6.2: HV-BOT inputparameters for analyzing the system integration capability of
two different battery cells.

The resulting battery system integrations for both cells are depicted in Figure 6.3.
Additional information is illustrated describing the profile cross-sections of the outer
profiles as well as the cooling plate topology.

The prismatic cell integration shows a system with a total of ten cellstacks. Two stacks
along the long battery side and five stacks along the short battery system side. The
electrical system interconnection is 100s2p. A much wider outer profile was used for
the short battery side than for the long battery side. A one-sided bottom cooling was
determined for the system.
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The pouch cell integration shows nine larger cellstacks, with three stacks along both
the long and short sides of the system. The electrical interconnection is 99s2p. In
contrast to the prismatic cell system, the outer profile (cross-section) of the long side
is significantly wider than on the short battery side. A two-sided cooling plate is derived
from the solution. This two-sided cooling plate results from, e.g., the higher energy
density on the cell level and, thus, higher current and local heating losses. The pouch
cell has a geometrically smaller volume than the prismatic cell (roughly 10%). However,
both systems fulfill the energy requirement of 77 kWh, and the number of cells is almost
equal. Therefore, the pouch cell needs higher energy density to fulfill the energy
requirement.
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Figure 6.3: Result comparison of the system integration for two different cell formats
and geometries (see Table 6.2).

In order to compare the optima of configurations, a cost and weight share breakdown
is depicted on the graphic’s right side. In this comparison, the prismatic cell
configuration on the left-handed side shows small disadvantages in the costs on the
cell level. However, module packaging costs are increased for the pouch cell. The main
reason is the more complex structure of the pouch cellstacks, for example, due to the
geometrically larger cell-to-cell spacing areas. While the larger cellstacks require less
mechanical structure within the battery frame and thus show lower costs in the
mechanics, there are high additional costs associated with double-sided cooling for the
pouch system. The electronics costs are equal.

The weight comparison shows an equal summarized weight for both configurations.
The lower overall weight of the pouch cell system mainly results from the weight
advantages on the cell level. As the volumetric and gravimetric energy densities are
modeled in relation to each other, the increased energy density leads to the weight
advantages for the pouch cell. However, this weight advantage on the cell level is
compensated by heavier packaging as well as extra weight for the double-sided
cooling plates. The system’s mechanics are heavier for the prismatic cell configuration,
leading to an equal weight comparison.
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The material aluminum cost plays a significant role in almost every component group.
Examples are the cell cup of the prismatic cells, the front, end, side, and cover plates
in cell packaging, the cooling plate, or the mechanical inner and outer profile structure.
Therefore, a change in the cost of materials may significantly impact the overall cost
distribution. To investigate sensitivities in system costs, the assumed costs for all
metals were varied in Figure 6.4.

The comparison shows that the cost variations only slightly change the overall result.
Increasing the metal costs lowers the total cost differences between the two system
integrations slightly while decreasing the metal cost increases the cost differences.
The reason for this is the higher total mass of the system with prismatic cells. In
particular, the cost differences for the mechanics, module packaging, and overall
electronics costs show a larger sensitivity to the metal cost variations. However, the
integration with prismatic cells remains overall advantageous from a cost perspective.

Cost comparisons with varying metal costs

-30% metal costs* +30% metal costs*
100% 93.2% 94.7%
v
4.8% 2 | 6.6%
v E
g 6.6% 4.4%
wl
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c
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=
Q
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77.0% 77.3%
73.5% 72.9%
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Prismatic Pouch Prismatic Pouch

*= only packaging metals:

Cellhousing, module shell, mechanics,
cooling plate, electronics are considered.
Inner-cell material cost increases not

considered.

Figure 6.4: Cost comparison for varying assumptions in metal costs. The graph
illustrates the comparison of prismatic versus pouch configuration for
varying costs. 100% corresponds to the more expensive configuration in
both scenarios (prismatic versus pouch).
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6.3.2 Comparison of variable installation volumes

This chapter stresses the sensitivity of the overall battery system installation space
given one predefined prismatic battery cell geometry. Next to the internal optimization
of the submodel-concept (first layer optimization, see Chapter 4.4) and the optimization
of the space allocation using the design variables (second layer optimization,
Chapter 6.1.1), the overall available installation space is optimized in this chapter (third
layer optimization). The individual optimization layers are shown schematically in
Figure 6.5.
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~ _ optimization _.
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Figure 6.5: Flow diagram of the HV-BOT. The three layers of optimization are
marked.

The installation space distribution is optimized by sampling through a wide range of
installation spaces. The range includes 17 installation spaces from 1400.0 x 1000.0 x
150 mm?3 up to 2200.0 x 1400.0 x 150.0 mm?3. The inputparameters are set fixed for
each installation space. The comprehensive list of inputparameters is given in Table
6.3.

Inputparameter (user-defined)

Value

General

System installation space x,y,z

Variable, see Figure 6.6

System energy demand 50.0 kWh
System power demand 140 kW
System charging time demand 25 min
System voltage demand 300V
System usable battery DOD 98%

Cellmodule

Cell geometry

Prismatic: 170 x 25 x 115 mm?

Maximum number of cellstacks per module 2

Cooling

Ambient temperature 23.0°C
Number of passes for cooling tube 2

Design current profile Quick charging profile
Refrigeration circuit expansion stage Basic
Mechanics

Crashenergy requirement 15 kJ

Cellstack integration (only for prismatic cells)

Screwed cellstacks

Electronics
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| Integration mode | 3 |

Table 6.3: HV-BOT inputparameters for total installation space analysis with cost
comparisons.

Figure 6.6 shows the different installation space configurations, excluding the constant
height, on the x-axis. The y-axis represents the normalized costs of the configurations.
Thereby, the most expensive configuration represents 100%. The graphic can be
divided into three areas. The areas are separated by different cell chemistry clusters.
Each cluster has constant costs at the cell level (light green color). Furthermore, the
same cell with identical properties and equal electrical module topology is installed in
each configuration within one cluster. Cell level requirements (and thus cell chemistry)
can only change if a further p-connection of cells fits into the respective module
installation space considering the system voltage requirement. Thus, the built clusters
are the NMC-Type area, the high power (low energy) optimized NMC-Type area, and
the LFP-Type area. Each area shows a parabolically-formed total cost course around
the optimal installation space. The NMC-Type optimum is at the configuration of
1600 mm x 1000 mm. Smaller systems resulted in extensively higher costs for
mechanics resulting from the usage of massive materials or profiles as most of the
space has been used for the cellmodules. For the smallest possible configuration at
1400 mm x 1000 mm, external electronics are needed, which is assumed with high
additional costs (see Chapter 4.3.4), leading to high overall costs. For geometrically
larger systems, the costs for mechanics and cooling increase again, indicating partly
oversized system spaces.
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Figure 6.6: Result representation for total installation space cost comparisons. The
cost distribution per submodel is given for different installation spaces.
Each installation space was separately optimized, given user inputs from
Table 6.3.
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The same phenomenon can be seen for the optimum in the high power NMC-Type and
LFP-Type areas. The former especially shows advantages in cooling costs, indicating
the sufficiency of a one-sided cooling plate for the optimized NMC-Type cell. The latter
also includes the global optimum, as the cell costs are evaluated as significantly lower.

In summary, a pareto-optimal installation space can be found for each cell chemistry
area. In real-world usage, the optimal system installation could then be selected on the
basis of the actual vehicle and its available installation space for the battery system.

6.4 Cell optimization for different geometric battery system design
spaces

The last chapter investigated the integration capability of fixed cell formats and sizes.
In this chapter, the cell geometry is defined variable and will be optimized based on
the given requirements at the system level. Three vehicle classes (small, medium, and
large) were defined to derive a spot-on optimized battery cell. An overall optimization
was performed for each of the systems. A distinction is made between prismatic and
pouch cell format results.

6.4.1 Prismatic cell optimization

The prismatic cell results are shown in Figure 6.7, focusing on the optimal cell size.
Furthermore, the resulting cost shares are compiled for comparison.

The resulting three battery systems for the three vehicle classes look similar in
packaging. Furthermore, each system is equipped with a 1p interconnection
emphasizing large cells to be generally cost-optimal. Nevertheless, some significant
differences between the three configurations can be identified. Three different
prismatic cell geometries are determined for each of the three vehicles. The cell
geometries depend, in particular, on the selected voltage level and, therefore, on the
minimum number of cells required. The small system is equipped with an LFP-Type
cell.
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Figure 6.7: System level prismatic cell geometry optimization for different exemplary

vehicle classes.

For the small battery system, the cell costs account for roughly 72% of the total costs.
Therefore, major cost optimization potential can be found in the other main component
groups. For example, the system's relatively wide outer frame profile emphasizes that
the outer profile was optimized using additional installation space to be lighter while
still fulfilling the crash requirements.

The medium system's share of cell costs is almost 80%. Due to the single-sided cooling
and the simple system design, further component costs are kept low. Compared to the
small system above, the module packaging costs are significantly higher since the
NMC-Type battery cells require more complex and, therefore, weight- and cost-
intensive packaging.

More than 80% of the costs for the large system are attributable to the cell costs. The
cell costs are increased because the cell has to offer high power/charging and energy
requirements. Additionally, the cell is geometrically significantly smaller. Due to the
resulting high cooling requirements, the cost share of cooling is also significantly
increased. This results from a stronger cooling circuit capacity, stronger water pumps,
and a double-side cooling plate.

6.4.2 Pouch cell optimization

The pouch cell results are shown in Figure 6.8. Furthermore, the resulting cost shares
are again compiled for comparison.

The resulting three battery systems for the three vehicle classes again look similar in
packaging. However, compared to the results with prismatic cell format, the pouch cells
are rotated by 90°. Due to the high length flexibility of the pouch cell, rotating the cell
can be particularly advantageous for the mechanical design to fulfill the crash
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requirement. Three different pouch cell geometries are determined for each of the three
configurations. The cell geometries depend, in particular, on the selected voltage level
and, therefore, on the minimum number of cells required. The small system is again
equipped with an LFP-Type cell.
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Figure 6.8: System level pouch cell geometry optimization for different exemplary
vehicle classes.

For the small battery system, the cell costs account for less than 70% of the total costs.
The large size of the cell allows the use of only four cellstacks. Moreover, the system
is optimized with a double-sided cooling plate. In-depth results analysis showed that
the global optimizer also found results with a one-sided cooling plate but did not
evaluate it as optimal due to the higher cost of the other components, especially the
module packaging, and mechanics. The results with a one-sided cooling plate showed
multiple smaller cellstacks, offering a more distributed heat exchange.

For the medium system, the share of cell costs is roughly 76%. A double-sided cooling
plate is evaluated as optimal again. Compared to the small system, the module
packaging costs are significantly higher since the NMC-Type battery cells require more
complex and, therefore, weight- and cost-intensive packaging.

For the large system, roughly 80% of the costs are attributable to the cell costs. The
cell costs are increased because the cell has to offer high power/charging and energy
requirements. The energy requirement of 100 kWh could not be achieved by the pouch
cell, as the volumetric energy density on the cell level is limited to a maximum of
725 Wh/I (see Chapter 8.1.3). Therefore, the system large has roughly 98 kWh.

In summary, the results also emphasize large cells to be cost-optimal, as each system
is equipped with a 1p interconnection. Additionally, pouch cell systems show smaller
spans between the cross members. This results from their lower inherent stiffness for
the crash load case. Stacking the pouch cells across the system can help fulfill the
crash requirement. One resulting conclusion from using smaller cellstacks is that an
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overall larger number of cellstacks is required. This leads to more packaging and may
reduce the degree of utilization. An overall comparison of the pouch cell results with
those of the prismatic cell stresses this aspect.

6.5 Comparison of installation space sizes for optimized battery
systems

The last chapter has shown that optimal cell geometries depend on the system
geometry and the corresponding system requirements. In this chapter, variable
prismatic cell geometries will be additionally investigated on the basis of variable total
installation spaces.

6.5.1 Comparisons in large-area installation spaces

This chapter will perform a sensitivity analysis with respect to the total volume of the
system and its geometric shape. For this purpose, eight different volume sizes with five
different geometries were defined, as shown in Table 6.4. Other technical parameters
were set fixed to values listed in Table 6.5. Afterward, costs for the optimal battery
system for every installation space configuration are compared.

Volume A:15m? | B:1.7m? | C:19m? | D:21m? | E: 23 m? | F: 25 m? | G: 2.7 m? | H: 2.9 m?
Geometry x015m | x015m | x015m | x015m | x015m |[x0.15m | x015m | x0.15m
Geom. 1 1200 x 1300 x 1400 x 1500 x 1600 x 1700 x 1800 x 1900 x
(x,y)I[mm?] | 1250 1308 1357 1400 1438 1471 1500 1526
Geom. 2 1300 x 1400 x 1500 x 1600 x 1700 x 1800 x 1900 x 2000 x
(x,y)Imm?] | 1154 1214 1267 1313 1353 1389 1421 1450
Geom. 3 1400 x 1500 x 1600 x 1700 x 1800 x 1900 x 2000 x 2100 x
(x,y)Imm?] | 1071 1133 1188 1235 1278 1318 1350 1381
Geom. 4 1500 x 1600 x 1700 x 1800 x 1900 x 2000 x 2100 x 2200 x
(x,y)Imm?] | 1000 1063 1118 1167 1211 1250 1286 1318
Geom. 5 1600 x 1700 x 1800 x 1900 x 2000 x 2100 x 2200 x 2300 x
(x,y)Imm?] | 938 1000 1056 1105 1150 1900 1227 1261

Table 6.4: Definition of the testing matrix for installation space analysis. The scenarios
differ in the geometric format as well as overall installation volume. Only
values of x- and y-dimensions were altered. The height of the systems (z-
direction) was set fixed to 0.15 m.

Inputparameter (user-defined) Value

General

System energy demand 60.0 kWh

System power demand 100 kW

System charging time demand 20 min

System voltage demand 400V

System usable battery DOD 96%

Cellmodule

Cell geometry Flexible prismatic geometry [min., max.]:

Length: [80, 280]

Thickness: [20, 35]
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Height: max. possible
Maximum number of cellstacks per module 2
Cooling
Ambient temperature 23.0°C
Number of passes for cooling tube 2
Design current profile Quick charging profile
Refrigeration circuit expansion stage Basic
Mechanics
Crashenergy requirement 20 kJ
Cellstack integration (only for prismatic cells) Screwed cellstacks
Electronics
Integration mode 3

Table 6.5: HV-BOT inputparameters for the installation space analysis.

The results are depicted in Figure 6.9. The top side of the figure shows the geometric
system configurations. Thereby, the x- and y-axes show the corresponding installation
space size. Equivalent volume lines mark the set of geometric shapes within one
system installation space volume. Each system installation space configuration is
indicated with a letter from A to H and a number from 1 to 5. The letter describes the
corresponding system installation space volume. The number defines the observed
installation space geometry. The configuration number can also be found in Table 6.4.
A line divides the optimized cell chemistry areas of NMC-Type and LFP-Type
configurations.

The bottom side shows the corresponding cost-optimized results in a bar graph. Each
bar depicts the optimized resulting overall costs for one geometric system installation
space configuration. Within each bar, the cell costs are individually marked in green
color. The NMC-Type and LFP-Type areas are divided by a line. In both areas, the
optimal results from an overall cost perspective as well as the cell cost perspective are
marked with a green (cell costs) or black (overall costs) star symbol. Some
configurations were not observed as they had optimized results with external
electronics, which this chapter will not discuss.

In the NMC-Type area, a general decreasing course in overall costs from smaller to
larger systems can be observed. This results from the summarized costs for
mechanics, cooling, electronics, and the cellmodule. Larger systems also lead to the
possibility of using larger cell sizes. The larger cell sizes can further lead to decreased
system costs. However, compared to the overall system costs, it can be seen that the
cell costs do not follow the same strict decrease of costs. Therefore, the lowest cell
costs are achieved within configuration C2 (see Table 6.4). The global cost optimum
for the NMC-Type area is located at configuration D5. Generally, the smaller volumes
B and C show larger cost differences within one volume. Thereby, geometries lying at
the outer borders show slightly higher costs. Unfavorable installation space geometries
or the general under- or oversizing of the system lead to increased costs in cooling,
mechanics, or electronic components.

The cost in the LFP area is significantly flatter. While cost differences within a volume
become smaller with rising system volume, the cell costs show a strictly decreasing
trend. Thus, the lowest cell costs can be found in configuration H3. However, since the
effects of over-dimensioning appear, the overall optimal system costs are not located
in this configuration but in configuration F5.
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Since the battery system space in EVs is severely limited, those configurations with
lower system costs and smaller installation space volume represent likely superior
overall results than low-cost configurations in larger volumes. However, specific
vehicle restrictions can often limit the possible battery installation length or width. In
these cases, a geometry with higher volume and the same cost can be advantageous
from the overall vehicle perspective.
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Figure 6.9: Summarized results of optimized costs for different battery system
installation spaces for a sensitivity analysis.

Given the inputparameters from Table 6.5, a large number of partially pareto-optimal
results were derived and analyzed based on overall and cell level costs. The results
stress that the HV-BOT effectively identifies promising installation spaces. It was
shown that the optimal design space selection is not trivial, especially when using a
variable prismatic cell format. In a second step, each of the pareto-optimal results could
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be evaluated in a detailed analysis to observe the actual packaging with the
corresponding mechanical design and, furthermore, compare the system’s weights.

6.6 Cell design for different stages of battery cell to pack integration

To simultaneously increase EV performance while further reducing overall costs, the
components besides the cellmodule must be spot-on optimized. Novel cell integration
methods like cell to pack, cell to chassis, or cell to car promise the extensive potential
to reduce both the battery system's weight and costs. In simple terms, cell to pack
describes the engineering to integrate the battery cells directly into the battery housing
without being bundled into separately housed modules. Cell to car means that the cells
are even deeper integrated and inserted directly into the vehicle floor and thus become
an integral part of the chassis construction (which can be the battery frame). The
gained installation space from reducing mechanical structures can be used to bring
more energy and power into the battery system using larger cell formats [386].

Due to the variable parameterization of the submodels presented in Chapter 4.3, the
HV-BOT can evaluate major changes in the cell packaging. This chapter is intended to
stress the differences between the different integration levels and compare and
ultimately quantify the evaluated battery systems in terms of weight distribution and
possible cell size.

Changes to multiple boundary conditions and model assumptions are used to depict
the integration stages of the battery cells within the EV. A comprehensive summary of
the six evaluable integration stages is given in Table 6.6. Since no formal definition of
the terms cell to module, cell to pack, or cell to car exists, the individual stages are
defined based on the corresponding assumptions and further subdivided into partial
integration stages by the additional terms basic, advanced, and holistic. After definition,
each stage is evaluated and compared quantitatively (see Figure 6.10).

Submodel and parameter

Stage | Naming assumptions

Description, derivation, evaluation

1 Cell to Module housing: Individual module units for high modularity.
module Front/Back = default Modules often with thicker housing.
Sideplates = 5 mm
Cover/ Cellmodules only used for energy and power
Bottomplate =5 mm providence, not as mechanical components of

the battery system.
No. stacks per module = 1
Ideal for simple battery system construction
Crashenergy = 15 kJ with varying system energy options.

No intrusion of cellmodule Good recyclability.
Good repairability.
Number of modules:

Nx =4
Ny =4
2a Cell to pack | Module housing: Cellstacks integrated directly into battery
(basic) Default: system.
see Chapter 4.3.1.3 Remaining battery cell “boxes” but with less

overall cellstack housing.
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guidelines
No. stacks per module = 1
Cellstacks are used for energy and power
Crashenergy = 15 kJ providence, additionally for mechanical
stiffness of the battery system.
Intrusion of cells allowed.
Ideal for novel battery system construction
Number of modules: with less weight/ more space for larger cell
Nx =2 geometries. Medium modularity.
Ny =4
Good recyclability.
Medium repairability.
2b Cell to pack | Module housing: Multiple cellstacks integrated directly into
(advanced) Default: battery system.
see Chapter 4.3.1.3 Remaining battery cell “boxes” but with less
overall cellstack housing.
No. stacks per module = 2
Cellstacks are used for energy and power
Crashenergy = 15 kJ providence, additionally for mechanical
stiffness of the battery system.
Intrusion of cells allowed.
Ideal for novel battery system construction
Number of modules: with lower weight and more space for larger
Nx =2 cell geometries. Low modularity.
Ny =2
Good recyclability.
Medium repairability.
2c Cell to pack | Module housing: Multiple cellstacks integrated directly into the
(holistic) Default: battery system. Unifying of cellstacks in which
see Chapter 4.3.1.3 the inner mechanical structure is partly
integrated. The remaining cellstacks have
No. stacks per module =2 | less overall housing.
Highly integrated cross | Cellstacks are used for energy and power
members into the cellstack. | providence, additionally for mechanical
stiffness of the battery system.
Crashenergy = 15 kJ
Ideal for novel battery system construction
Intrusion of cells allowed. with lower weight and more space for larger
cell geometries. Low to no modularity.
Number of modules:
Nx =2 Medium recyclability.
Ny =2 Difficult repairability.
3a Cell to car Module housing: Multiple cellstacks integrated directly into
(basic) Glued cellstacks (no vehicle floor. This enables the vehicle floor to
bottom, cover): also function as a battery system. This
see Chapter 8.1.3 eliminates the need for a dedicated battery
cover.
No. stacks per module = 2
Unifying of cellstacks in which the inner
Highly integrated cross | mechanical structure is partly integrated.
members into the cellstack. | Through glued cellstacks into the overall
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Crashenergy = 10kJ (due to
the cell to car approach,
crash load partially
transferred to  further
vehicle components)

Intrusion of cells allowed.
Number of modules:

Nx =2
Ny =2

vehicle, less energy absorption is necessary
on the battery level (increased overall
stiffness). The remaining cellstacks have less
overall housing.

Cellstacks are used for energy and power
providence, additionally for mechanical
stiffness of the battery system. The battery
system is spot-on designed for the required
energy requirement. No modularity.

Ideal for novel battery system construction
with minimum weight and maximum space for
larger cell geometries.

Difficult recyclability.
Difficult repairability.

3b

Cell to car
(advanced)

Module housing:
Glued cellstacks (no
bottom, cover):

see Chapter 8.1.3

No. stacks per module = 4

Highly integrated cross
members into the cellstack.

Crashenergy = 10 kJ (due
to the cell to car approach,
crash load partially
transferred to  further
vehicle components)

Intrusion of cells allowed.
Number of modules:

Nx =2
Ny =1

Multiple cellstacks integrated directly into
vehicle floor. This enables the vehicle floor to
also function as a battery system. This
eliminates the need for a dedicated battery
cover.

Almost no mechanical structures within the
battery system. Through glued cellstacks into
the overall vehicle, less energy absorption is
necessary on the battery level (increased
overall stiffness). The remaining cellstacks
have less overall housing.

Cellstacks are used for energy and power
providence, additionally for mechanical
stiffness of the battery system. The battery
system is spot-on designed for the required
energy requirement. No modularity.

Ideal for novel battery system construction
with minimum weight and maximum space for
larger cell geometries.

Difficult recyclability.
Difficult repairability.

Table 6.6: Overview of different battery cell-to-system integration stages with different
packaging assumptions and derivation.

From the overview above, a variety of challenges with higher levels of integration can
already be identified. Deeper cell integration stages offer possible battery system
designs with less passive/packaging material. Generally, larger modules contribute to
this effect. However, when removing module housing in cell to pack approaches to use
the space with energy-storing battery cells, the occurring mechanical loads from, e.g.,
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the crash, must be assured partly by the battery cells. The cells then also need to
contribute to the mechanical stiffness of the overall battery system.

Cell to car represents an extension of this approach. In cell to car systems, the battery
cover can, for example, no longer be required, as the passenger compartment floor
replaces it. Structure-maintaining packaging parts or mechanical battery system
elements can also be omitted and replaced by, for example, connection parts for the
vehicle seats that are available in any case. The integration of several functions on one
component generally makes battery systems less complex in their basic structure.
However, interfaces are added in vehicle-level development as some existing
components are given more functionality. Gluing the cellstacks with the vehicle
housing ensures that crash loads can be transferred over the entire vehicle to relieve
the load from the battery system and, thus, the battery cell. While these measures are
able to increase the system’s stiffness overall, they can also significantly reduce
recyclability and reparability.

In Table 6.6, inputparameters are defined to evaluate changing battery system energy
and corresponding cell geometries depending on the system integration level.

Inputparameter (user-defined) Value

General

System installation space x,y,z 1600.0 x 1200.0 x 150.0 mm?

System energy demand Output parameter with fixed
cell level energy density of 650 Wh/I

System power demand 160 kW

System charging time demand Not considered

System voltage demand 800 V (192s1p)

System usable battery DOD 100 %

Cellmodule

Cell geometry Variable prismatic cell

Maximum number of cellstacks per module Variable

Cooling Not considered

Mechanics See Table 6.6

Electronics

Integration mode 0

Table 6.7: HV-BOT inputparameters for the comparative evaluation of different cell-to-
system integration stages.

Figure 6.10 shows the results. Thereby, the resulting battery system concept for each
of the six integration stages, described in Table 6.6, is illustrated from the top view. In
addition, a weight distribution between the components of the cells, module packaging,
and system housing is given for each integration stage. Furthermore, the resulting cell
geometry and system energy are derived for each result.
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| weight distribution> [Ccel
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Energy = 92.0 kWh

Energy = 102.0 kWh

Properties: x=213.9 mm Properties/Novelty: | X=213.9mm
High modularity y= 248mm Less/bigger cellstacks | Y= 26:8mm
High packaging 2=106.5mm 53 Reduced packaging | 2= 115.5mm £¥

[ advanced | holistic |
[ 2b cell to pack ] 2c cell to pack

Energy = 94.1 kWh

Properties/Novelty: | X~ 240.0 mm Properties/Novelty: | x=240.0 mm
Large cellstacks y= 26.6mm Integr. of housing y= 27.2mm
Less housing material | Z=115.5mm material in cellstack z=115.5mm

advanced |

3b cell to car

Properties/Novelty: x=247.5mm Properties/Novelty: x=256.0 mm
Glued celistacks y= 28.1mm Larger cellstacks y= 28.0 mm
System part of car z=117.5mm Minimal housing z=117.5 mm
- Bat. crashload |,

Figure 6.10: Battery system energy and cell geometry comparison of different cell
integration stages with inputparameters from Table 6.6 and Table 6.7.
System energies are based on 650 Wh/I on the cell level.
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The resulting system energy is based on a cell with an energy density of 650 Wh/I. For
each stage, properties and novelties of the integration stage are described. Each
successive integration level also has properties of the last integration level.

The results show significantly differing battery system designs. In particular, the
achieved system energies differ majorly. Particularly striking are the changes from the
cell to module to the cell to pack (basic) system. This change is accompanied by the
greatest advantages in terms of energy (+17%). Deeper integration steps further
increase the energy and, in particular, also reduce the proportion of packaging
material. This reduction could transition to a reduction in normalized system costs. The
level of savings will be determined, in particular, by the complexity of the production
process. However, by ranking the results in terms of repairability and recyclability
factors, car manufacturers must make complex strategic decisions to decide for or
against a specific level of cell to system integration.

6.7 Investigation of packaging density for different cell formats

This chapter investigates packing density comparisons at the battery system level for
different cell formats. Chapter 4.3.1 has derived the geometric stacking for prismatic
and pouch cells in detail. For a comprehensive comparison, cylindrical cells are also
evaluated in this chapter. Thereby, the basics of cylindrical packaging are briefly
described. Specific model and parameter assumptions can be found in the appendix.

6.7.1 Stacking derivation for cylindrical cells

Similar to prismatic and pouch cells, cylindrical cells can be stacked square in the
module or system. Due to the cylindrical shape, square stacking results in larger gaps
between the individual cells. This aspect was explained and exemplarily quantified in
Chapter 3.2. Hexagonal packing is usually used as an efficient stacking method for
cylindrical battery cells. Thereby, the stacking logic can be represented in a simplified
way using the tessellation of hexagons. From a top view, the cylindrical cells appear
as a circle. The “circular” cells are then approximated as hexagons to be volume-
efficiently stacked. Figure 6.11 explains this method and derives the resulting
maximum number of cells in each direction.

Cylindrical cell Hexagon

. o Hexagon tessellation Cell number derivation
top view approximation
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Figure 6.11: Derivation of hexagonal stacking of cylindrical battery cells.
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Radius r includes the initial cell radius 7., and reserved space pjsolation,swelling fOr the
cell’s isolation, and reserved space for volumetric cell changes (e.g., swelling):

(6.1)

T = Tcell T Pisolation,swelling

For this chapter, a reserved space of pisoation swelling = 0-1 * 7enn IS @assumed.

6.7.2 Comparison of packaging densities

The following chapter will compare different packing densities for the three established
cell formats: prismatic, pouch, and cylindrical. A battery system with 78 kWh, 800V,
and a total of eight individual modules is to be built. Further inputparameters are
specified in Table 6.8. The respective cell geometry is optimized for each cell format
and thus spot-on optimized for the respective system geometry. No cooling or
electronics configuration is evaluated for the following analyses.

Inputparameter (user-

defined) Prismatic Pouch Cylindrical
General
System installation space
1800.0 x 1200.0 x 130.0 mm?
X,Y,Z
System energy demand 78 kWh
System power demand 150 kW

System charging time

demand

Not considered

System voltage demand 800 V
System usable battery o
DOD 100%
Number of modules 8

Cellmodule

Cell geometry

Cost-optimized
variable [min., max.]:

Cost-optimized
variable [min., max.]:

length: 80 — 300 mm
thickness:
20— 50 mm

length: 6 — 18 mm
thickness:
140 — 550 mm

Cost-optimized
variable [min., max.]:

radius: 7.5 - 23 mm

Maximum number of
cellstacks per module

2 1

variable

Module packaging

See Chapter 4.3.1

See appendix

Cooling Not considered

Mechanics See Chapter 4.3.2 Same as prismatic
Crashenergy 10 kJ

Electronics

Integration mode 0

Table 6.8: HV-BOT inputparameters for packaging density comparison.

The results of the investigation are summarized in Figure 6.12. The left side shows the
resulting battery system with a cylindrical cell format. The system contains a 192s7p
topology with a cylindrical cell with a diameter of 32.8 mm and a height of 95.3 mm. By
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using the geometric dimensions of the modules and the system, a volumetric efficiency
of 59.2% at the module level (mod. dens.) and 38.6% at the system level (sys. dens.)

can be derived. The maximum theoretical packaging density for cylindrical cells of

VA 0.91 [387] is reduced due to the reserved space (Eq. (6.1)), the module housing,

and the unused space in both the front and end of the cellmodule (see Figure 6.12).

The results for the pouch cell format (top) and prismatic cell format (bottom) are shown
on the right side of the graph. The achieved packaging densities at the module level
are 63.3% and 74.1%, respectively, and at the system level, 41.3% and 48.4%,
respectively.

% 98.3 mm
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328mm 1l | &
— 1 ! | S

= | 17.47mm
| | Mod. dens*
il | =633%
UL J  Sys. dens*

=413% £
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Figure 6.12: Top view on battery system design configurations for each cell format
with optimized cell geometry.

A direct comparison of the systems shows a significantly increased number of total
cells for the system with cylindrical cells. As a result, the cylindrical configuration has
a parallel connection of 7 cells. For the pouch and prismatic cell configurations, the cell
size is optimized so that a 1p interconnection can be achieved. This also leads to
generally large cell geometries for both formats.

In a direct comparison of packing densities, the prismatic cell format shows significant
advantages over the pouch and cylindrical formats. However, it is important to note
that these packing densities only measure the cell utilization rate but do not consider
that different energy densities can be achieved at the cell level. Therefore, evaluating
the global best result depends also on cell level energy densities and the resulting cell
costs.

Novel developments in the automotive industry show the industrial-setting larger
cylindrical cell formats like the 4680 format established by Tesla. Larger optimal
cylindrical cell geometries can be obtained by softening certain system requirements
like system voltage, module geometry, or system energy. Battery systems with larger
cylindrical cells are depicted in Figure 6.13. Thereby, the battery system concepts are
again evaluated based on the inputparameters defined in Table 6.8. However, changes
in voltage, module geometry, or energy are examined to stress the changing optimized
cell size. For each graphic, the changed parameter from Table 6.8 for each concept is
described in the top left corner.
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Figure 6.13: Changing optimized cylindrical cell geometries for varying system
requirements. Three options for larger optimized cylindrical cell
geometries by changing the battery system’s structure and requirements.

The results confirm the availability of using larger cell geometries given the softened
system requirements. In particular, the cell to pack approach allows the use of large
cell formats, as the increased unusable space (due to the larger cell) at the front and
end of each module is minimized by using only one module/pack of cells.

6.8 Limitations

This chapter contains a wide range of results with different analysis focuses. The
generation of results with the HV-BOT is also associated with several limitations. Direct
model-related limitations were addressed in Chapter 4.6. In addition, further advice for
the interpretation of results can be given.

The results shown above are based on the assumptions and modeling approaches of
the physical simulation models described in Chapter 4. In particular, the different cost
assumptions of the individual submodels directly influence the results marked as
optimal within this chapter. Sensitivities of cost components were therefore varied in
Chapter 6.3.1. While optimal battery system design may slightly change for varying
cost assumptions, comparative analyses with different inputparameters, as shown in
Chapters 6.3.2 and 6.6, will be largely unaffected. These results are more related to
the physical assumptions of battery system modeling. Since the HV-BOT submodels
are based on several geometric, electrical, thermal, and mechanical assumptions
described in Chapter 4, even small changes in the modeling may influence the final
results. Therefore, the assumptions were precisely conditioned based on the latest
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literature findings and actual production procedures. Finally, the results also depend
directly on the prior-defined inputparameters. Therefore, it is also essential to
conscientiously determine the inputparameters used in each analysis.

6.9 Conclusive summary

This study presented multiple usage scenarios, analyses, and potential investigations
with regard to optimal battery system design. First, the optimization from Chapter 5
was integrated into the overall HV-BOT framework from Chapter 4. The optimization
procedure was then exemplarily presented. Moreover, the selection of the appropriate
objective function was also discussed on the basis of different perspectives and then
determined for the purposes of this thesis.

Afterward, an in-depth system-oriented analysis of different cell geometry integration
as well as optimization of the overall installation space for battery systems with given
user-defined and battery system-related requirements, was executed. The cell
geometry analysis showed relevant and quantitive differences between the pouch and
prismatic cell to system integration capability. Cost and weight comparisons
demonstrated the advantages and disadvantages of both formats in system
integration. Additional variation in cost assumptions further underlined the differences
found. The higher packaging utilization rate from prismatic cells was shown in the cell
geometry optimization for different scenarios. The significance of the other battery
system components was also emphasized based on the proportional cost distribution.
The results indicated that cooling, mechanics, and electronics cost components are
highly relevant for entry-level battery systems and tend to decrease for larger battery
systems.

The trade-off relationship between the individual main component groups was
graphically represented with installation space variation analyses. Furthermore, it was
shown that minimizing the cell costs within one cell chemistry does not necessarily
lead to the globally optimal result. The aspect of over- and underdimensioning of
battery systems was also addressed.

In addition, the novel integration methods of battery cells in the form of cell to pack
were discussed and quantitatively evaluated at different stages. Different integration
levels were defined on the basis of changing model assumptions. Subsequent
evaluations were able to quantify the increase in storable energy through growing cell
geometry.

Afterward, cylindrical cell integration within the HV-BOT was derived. The resulting
packaging utilization rates for each cell format were compared at the module and
system level. Lastly, conditions for the usage of large cylindrical cells were analyzed.
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In order to meet rising EV requirements and develop a safe, durable, ecological, and
economical battery system, multiple groups of components have to be holistically
combined. The system’s main components of cellmodule, cooling, mechanics, and
electronics already have an inherently high level of complexity. As the battery system’s
central component, the battery cells show variances and dependencies in
performance, size, weight, and cost. Thus, integrating a specific cell within the battery
system emerges geometrical, electrical, thermal, and mechanical restrictions and
interdependencies within the entire system. This complex coordination process can be
supported by holistic simulations, which are capable of evaluating battery system
concepts from the cell to the system level.

In this work, a multiphysical simulation-based framework for the design, analysis, and
evaluation of high-voltage battery systems was developed. Based on varying EV
battery requirements, the framework provides the ability to create digital twins of
current and future generations of battery systems. The HV-Battery-Optimization-Tool
was used to conduct generic investigations addressing recent battery system design
issues. The modeling results and major contributions are summarized below.

7.1 Summary and contribution

Firstly, a generic cellmodule model was conducted, which can be used to evaluate
different battery modules based on variable package specifications. The model
parameterization represents a range of pooled data from the literature to geometrically
model the cell, the cellstack, cell-to-cell distances, module housings, and further sizes.
Applicability is presented by contrasting different pouch and prismatic cells at the
module level. The resulting energy densities stress the trade-off between cell size and
flexibility in battery module packaging. Next to module design, optimized cell selection
is also a complex task. Therefore, cell geometry optimizations were illustrated in a
differentiated evaluation from an energy and cost perspective. A weighting model was
used to consolidate both perspectives. Validation was executed using actual
cellmodule configurations from two different EVs in the field.

Secondly, in order to investigate entire battery systems, the cellmodule model was
coupled with further battery system-related submodels creating an interconnected
framework. Thus, in addition to the cellmodule, also the mechanical system integration,
the design of the electronics, and the cooling capability of the battery can be
investigated. A novel parameterization of the overall system installation space
allocates each major component fixed space in which it can optimize itself depending
on the outcomes of the other components. By changing the space allocation iteratively,
different battery system concepts can be evaluated and compared to each other. Given
specified battery requirements, the framework thus offers the generation of
interconnected digital battery system twins with individual specifications.

In order to develop the framework’s component-submodel-concept, the geometric
cellmodule model was first extended by a cell-specific electrical and thermal model.
Thereby, the specified battery cell is designed based on the battery system
requirements like installation space, energy, voltage, and charging power.
Furthermore, the compatibility of energy and power was evaluated at the cell level from
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different perspectives leading to changing aging-scenario-dependent packaging
requirements.

Next, a mechanical model designs the battery system’s frame based on crucial EV
homologation requirements. Thereby, evaluations are based on the exact mechanical
properties derived from the optimized cellmodule. Additionally, an internal mechanical
optimization distributes the available installation space to minimize both weight and
costs. Multiple surrogate load cases were developed to represent the dependencies of
the mechanical outer and inner structure. Thus, novel cell integration approaches like
cell to pack can be analyzed and quantified. Similarly, the electronics’ integrability in
the system was evaluated as a function of system power and voltage. Also, a thermal
cooling plate model evaluates the cooling capability of the cellmodule based on
demanding load profiles. The internal cooling optimization varies the cooling plate’s
tube sizes, gap fillers, and required coolant flow rates to derive a cooling circuit that
meets the requirement while simultaneously optimizing costs. The chosen modeling
approach allows quick evaluation of several cooling plate topologies using a novel
reduction procedure that couples the transient models’ accuracy with the steady-state
models' computation time advantages.

After deriving the main component’s simulation models, a multitude of interfaces was
specified to consolidate all models with each other and ensure a mutual evaluation of
battery system concepts. lllustrative examples stressed component sensitivities
between changing battery system concepts. To validate the framework approach, real-
world battery systems were reconstructed and analyzed in-depth.

Thirdly, an optimization methodology was developed incorporating both the information
about the feasibility of a battery system as well as the cost or weight estimation. The
combination of the classification and regression problem was modeled using
multidimensional Gaussian processes. Thereby, the total solution space is divided into
several areas. The different areas are predictively sampled using area-targeted search
criteria to either find additional promising solution areas or to improve already found
results. This optimization methodology enables the overall design space to be
optimized within a few millimeters. Method validations also showed promising results
for other non-linear optimization problems.

Lastly, several applicative optimizations and conclusive battery system design
guidelines were derived. Thus, the integration capability for different cell formats and
sizes was deeply investigated at the cell, module, and system levels. Moreover,
subsequent optimizations of the installation space with a fixed prismatic cell underlined
the aspect of undersized and oversized battery systems. Thereby, a cost trade-off
balancing between individual component groups was graphically demonstrated.
Pareto-optimal system installation spaces were identified for different cell chemistry
clusters. The results also illustrated the cost relevance of the other main component
groups besides the cellmodule. Afterward, cell geometry optimizations were performed
for three different classes of battery systems. Besides the changing spot-on optimized
cell geometries, the results especially indicated the changing relevance of the other
component groups. Next, different cell integration stages were discussed. Thereby,
cell to pack was analyzed by defining different stages with varying cell packaging
assumptions. For this, a comprehensive overview of the properties of various levels of
integration was first compiled. The influence on the cell size and the resulting system
energy was then extracted and quantified for the prismatic cell format. Lastly,
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packaging investigations for the cylindrical cell format were conducted to compare
utilization ratios for all three cell formats at the module and system levels.

7.2 Outlook

This thesis aims to address optimizations of battery system design for different major
component groups based on vehicle-specific inputparameters. The modeled
framework can already be used to emulate battery systems as digital twins. This
feature may enable reaching an even higher simulative integration state in the form of
a holistic EV optimization framework, in which the HV-BOT could be used as a subunit
for the vehicle’s optimized battery system. Additionally, the modular approach of the
HV-BOT offers an ideal workspace for further improvements. Thus, to selectively detail
the battery system design on a simulation basis, additional work could be taken in
developing the simulation models. Suggested enhancements are:

- Extending the overall framework/submodels for the cylindrical cell format
(intercell cooling, mechanics)

- Adding cell data of additional cell chemistries (e.g., sodium-ion)

- Modeling of other battery cooling concepts (refrigerant cooling, immersive
cooling)

- Addressing further vehicle load cases (e.g., vehicle front crash) and component
load cases (e.g., z-shock)

- Depicting the battery electronics as a 3D volume model

- Derivation of a simulation model for thermal propagation evaluation
- Elaboration and extension of the cost and weight models

- Adding recyclability as an essential design premise

With these model improvements, battery systems could be analyzed in even greater
detail and accuracy. Adding recyclability and general economic factors will further
enhance the level of the evaluability of battery systems.

By recognizing design potentials affecting the environment as well as weight and costs
at an early stage, the development of battery systems can become more efficient and,
at the same time, more cost-effective. Through industrial competition, this cost
reduction will eventually also reach the end customer, making battery-powered mobility
overall more accessible. The speed of these advances may have a lasting impact on
the progression of climate change and, thus, the resulting impacts on planet Earth.
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8 Appendix

8.1 Submodel cellmodule

Exemplary battery cell resistance characteristics can be found in [388]. Temperature
dependencies of internal resistances are, e.g., shown in [389].

Cell data is assumed generically and cell-type-dependent (chemistry, format) and,
thus, does not describe a specific cell’'s behavior. In order to evaluate a specific cell,
cell type, or cell chemistry, the cell data can be individually exchanged. Resistance
values are normalized to a reference resistance R..¢. The reference resistance R is
scaled considering the cell's capacity (see Chapter 4.3.1.4), the aging factor a s aging.

and the quick charging time requirement (see Chapter 4.3.1.5).

8.1.1 NMC-Type reference data

8.1.1.1 Electrical resistance

The values below are factors related to a reference charge resistance R,..; (50%, 25 °C).

Rref.charge/ Rref.

T\SOC | 0% | 5% |10% | 20% [35% [50% [65% | 80% [95% | 100%
-25°C

-20 °C

-10°C_ [ 36 36 3.6 36 3.8 4.1 4.1 57 11.3 -
0°C 2.0 2.0 2.0 2.0 22 22 22 3.1 5.8 -
10°C [12 1.2 1.2 1.2 13 1.4 1.4 1.8 3.9 -
25°C |09 0.9 0.9 0.9 1.0 R | 1.0 1.3 23 -
40°C |07 0.7 07 07 0.8 0.8 0.8 1.0 15 -
50 °C

55 °C

Table 8.1: Scaled electrical charge resistance data for NMC reference cell.

The values below are factors related to a reference discharge resistance
Rper (50%, 25 °C).

Rref.discharge/ Rref.

T\SOC 0% | 5% 10% 20% 35% 50% 65% 80% 95% 100%
-25°C

-20 °C

-10 °C - 23.0 14.0 4.3 3.3 3.0 29 2.9 29 29
0°C - 14.0 10.0 2.4 21 1.9 1.9 1.9 1.9 1.9
10 °C - 6.3 4.3 1.6 1.5 1.3 1.3 1.3 1.3 1.3
25°C - 7.3 2.3 1.1 1.1 Rief 1.0 1.0 1.0 1.0
40 °C - 2.8 1.6 0.9 0.9 0.8 0.8 0.8 0.8 0.8
50 °C

55°C

Table 8.2: Scaled electrical discharge resistance data for NMC reference cell.
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8.1.1.2 Open circuit voltage

The reference NMC OCV data is listed below.

SOoC OCV@25 °C
0% 3.35V
5% 3.38V
10% 342V
15% 346V
20% 3.51V
25% 3.56V
30% 3.59V
35% 3.62V
40% 3.64V
45% 3.66 V
50% 3.72V
55% 3.74V
60% 38V
65% 3.85V
70% 39V
75% 3.95V
80% 4V
85% 405V
90% 41V
95% 415V
100% 42V

Table 8.3: OCV data for NMC reference cell.

8.1.1.3 Thermal data

Heat Th. conductivity | Th. conductivity | Th. conductivity
. in x-direction in y-direction in z-direction
Cell format cap?mty (side to side) (front to back) (top to bottom)
CT gl gl g
Prismatic 950 20 1.1 10
Pouch 960 20 1.1 10

Table 8.4: Thermal data for NMC reference cell.

8.1.2 LFP-Type reference data

8.1.2.1 Electrical resistance

Charge resistance:

The values below are factors related to a reference charge resistance R,..; (50%, 25 °C).
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8.1 Submodel cellmodule

Rref.charge/Rref.

T\SOC | 0% | 5% 10% 20% 35% 50% 65% 80% 95% 100%
-25°C

-20 °C .

-10°C | 4.2 4.3 4.4 4.5 4.5 6.0 6.6 9.6 12.6 -
0°C 2.2 2.2 23 23 2.2 2.6 2.8 3.8 43 -
10°C 1.4 1.4 1.4 1.4 1.4 1.6 1.6 2.0 2.4 -
25°C | 1.0 1.0 1.0 1.0 1.0 Rt 1.1 1.3 14 -
40 °C 0.9 0.9 0.9 0.9 0.9 1.0 1.1 1.3 1.4 -
50 °C

55°C

Table 8.5: Scaled electrical charge resistance data for LFP reference cell.
Discharge resistance:

The values below are factors related to a reference discharge resistance
Ryer (50%, 25 °C).

Rref.discharge/ Rref.

T\SOC | 0% | 5% | 10% 20% 35% 50% 65% 80% 95% 100%
-25°C

-20 °C

-10°C | - 52 42 37 36 35 35 33 31 31
K E 35 27 22 23 21 21 2.0 1.9 1.9
10°C |- 24 1.8 1.6 1.6 15 15 1.4 13 13
25°C |- 1.2 1.2 1.1 1.1 Rt | 1.0 1.0 0.9 0.9
40°Cc |. 1.0 1.0 1.0 1.0 0.9 0.9 0.9 0.8 0.8
50 °C

55 °C

Table 8.6: Scaled electrical discharge resistance data for LFP reference cell.

8.1.2.2 Open circuit voltage

The reference LFP OCV data is listed below.

SOoC OCV@25 °C
0% 27V
5% 3.15V
10% 32V
15% 321V
20% 3.24V
25% 3.28V
30% 3.30V
35% 3.30V
40% 3.30V
45% 3.30V
50% 3.31V
55% 3.32V
60% 3.33V
65% 3.34V
70% 3.34V
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75% 3.35V
80% 3.35V
85% 3.36 V
90% 3.36V
95% 3.37V
100% 34V

Table 8.7: OCV data for LFP reference cell.

8.1.2.3 Thermal data:

Heat Th. conductivity | Th. conductivity | Th. conductivity
. in x-direction in y-direction in z-direction
Cell format cap?clty (side to side) (front to back) (top to bottom)
el =] =] =]
Prismatic 1020 18 0.9 8
Pouch 1030 18 0.9 8

Table 8.8: Thermal data for LFP reference cell.

8.1.3 List of model parameters

Main Inputs Description | Derivation | Method

Installation space Used to determine the outer dimensions of each module geometry.

(X1, X2, X3)

Number of modules Used to determine the number of modules and the required voltage
(X4, X5) level, energy, and power for each module.

System energy
requirement

Used for energy demand on the module level and corresponding energy
density of cell level.

System power
requirement

Used for power demand on the module level and corresponding power
density of cell level.

System charging time
requirement

Used for power demand on the module level and corresponding power
density of cell level.

System voltage
requirement

Used to determine the minimum number of cells for each module.
Defined as Ugystem,max. = Dserial * Ucell,max. With
Ucell,max.ocv,Nmc-Type (100%, 25 °C) =~ 4.2 V and
Ucell,max.ocv,LFp-Type (100%, 25 °C) ~ 3.4V

Cell size,
cell type,
cell chemistry

Optional setting to specify a prior-defined cell format, size, and type.
The cell size can be set to a user-defined range in which the best
(default: cost-optimized) cell will be chosen in the internal optimization
process. See Chapter 3 for details.

Geometric cell properties

Geometry properties for cell model. The properties are used for
constructing the cell shell model.

Cell terminal connection space is modeled as a placeholder for both the
cell terminals/tabs as well as the busbar.

Prismatic cell side terminals (default):
Terminal placeholder in terminal direction = 10 mm (each side).
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8.1 Submodel cellmodule

Terminal dimension:
5 mm (thickness), 0.7 - 1.y (width), 0.3 - lcep . (height)

Pouch cell side terminals/tabs (default):

Terminal placeholder in terminal direction = 20 mm (each side).
Terminal dimension:

20 mm (length), 0.05 - lcepy (width), 0.3 - Ieqy, (height)

Cylindrical cell:
Terminal placeholder in terminal direction = 8 mm.
Terminal dimension: 4 mm (height), 0.8 - Ay iop(area)

Cell housing material default values:
» 1 mm of aluminum on all cell sides for prismatic cell
» 0.2 mm pouch foil on all cell sides for pouch cells
» 0.3 mm aluminum for cylindrical cells

The cell electrode (stack) volume results from subtracting the housing
thicknesses from the cell size. For prismatic cells, an additional 2 mm
of installation space is deducted on the side of the tabs (current
collector) for connecting the electrode layers/tabs to the cell terminal.

Cellstacking properties

The properties are used for constructing the cellmodule.
Properties can be defined differently depending on different cell shapes,
formats, or sizes.

Default:
» Cell-to-cell distance (dependent on cell capacity. Reserved
space for cell terminals, busbars, or frames is excluded)
¢ Along short cell side (e.g.: cushion pad, see Chapter 4.3.1)
e Along long cell side: 0 mm
o Along height of cell: 0 mm
¢ 10% of cell diameter for cylindrical cells
» Space around cell housing (e.g. for isolation, cell framing,
tolerance)
¢ Along short cell side: none
e Along height of cell (can be compensated by the cell
terminal/busbar size):
->1 mm for prismatic cells
->5 mm for pouch cells
—>1 mm for cylindrical cells
e Along long cell side (can be compensated by the cell
terminal/busbar size):
-1 mm for prismatic cells
-5 mm for pouch cells
» Atleast 0.5 mm space is used for gap filler between cells and
module bottom and cover plate (needed tolerance space).
» Number of allowed stacks next to each other = 2 (default).
» Busbar modeling based on DIN 43671 (copper).

Geometric module
properties

Geometric module packaging properties. Dimensioning for screwed
cellmodules (prismatic, pouch) see Chapter 4.3.1.

207



8 Appendix

Cylindrical modules:

Front/EndplateThickness yiindrical = 5 mm
SideplateThickness yiindricar = 5 mm

For glued cellmodules (all cell types):

Front/EndplateThicknessgyeq = 0.5 - Front/
EndplateThicknessSgcrewed

SideplateThicknessgyeq = 0 mm
CoverplateThicknessgyeq = 0 mm
Bottom/CoverplateThicknesssgeq = 0 mm

CellToCoverplateGapFillerThicknessgeq = 0 mm

Cell voltage charging
limitations

For this work, a charge time requirement is defined for a charging SOC
range of 5% - 75%. The following voltage limits are used for the cell
resistance design (see Chapter 4.3.1.5).

For NMC-Type cells:

Ucellmax.cutoff — Usafety(SOC =5%—50%) =4V

Ucell,max.cutoff — Usafety(SOC =50% —75%) = 425V

For LFP-Type cells:

Ucell,max.cutoff - Usafety(soc =5%—75%) =38V

Main Outputs

Feasibility

Feasible: <= 1; Infeasible > 1

Mass (module level or cell
level)

Module mass is dependent on geometric module properties (thickness)
and the specific weight of the module’s material (see Chapter 4.3.1.7).
Cell mass is derived using the cell size (for determination of cell housing
weight), cell design properties (for determination of cell terminal weight),
and the required energy density (for determination of electrode stack
weight).

Cost

See Chapter 4.3.1.7.

Cell size (x,y,2)

Prior-defined or optimized cell geometry.

Constructed cell model

Including calculated prior-defined cellstacking properties, e.g., gap filler,
compression pad, and cell frames.

Cell chemistry Type of chemistry for optimized cell geometry (NMC-Type, LFP-Type).

Cell format Type of format for optimized or prior-defined cell geometry (prismatic,
pouch, cylindrical).

Cell topology Electrical cell connection on the module level.

Cell orientation and Geometric assembly of individual cells. Including the number of cells in

assembly each spatial direction and the stacking direction.

Cell energy density

Needed energy density to fulfill the system energy requirements.
Energy density on cellstack level is defined by using the inner-cell
electrode stack volume.

Energy density borders for prismatic, pouch, NMC, and LFP-Type are
defined as:
Prismatic: <= 437 Wh/l for LFP-Type

<= 688 Wh/I for NMC-Type
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8.2 Submodel mechanics

Pouch : <= 460 Wh/I for LFP-Type
<= 725 Wh/I for NMC-Type
Cylindrical: <= 470 Wh/I for LFP-Type

<= 750 Wh/I for NMC-Type

See, e.g., [207, 224, 259] for further different energy density analyses
and compilations.

Cell capacity

Derived from the observed cell geometry energy density, and nominal
voltage.

Module thermal properties
(Heat capacity, thermal

Derived from the cell and packaging properties (see Chapter 4.3.1).

conductivity)
Module electrical Derived from the properties of the cells and module busbar (see
resistance Chapter 4.3.1).

Table 8.9: Tabular overview for the explanation, derivation, methodology, or reference
for the cellmodule model inputs and outputs.

8.2 Submodel mechanics

8.2.1 List of model parameters

Main Input Description | Derivation | Method | Reference
Installation space Used to determine the installation space available for the inner and
(%1, X2, X3) outer mechanical structure (installation space not used from the

cellmodule is available for other components).

Number of modules

(X4’ XS)

Used to determine the general structure and number of side and cross
members. Used for span deviation between cross- and side members
for crush load case.

Free space/ installation
clearance

Necessary free space (installation clearance) between different
components within the battery system for tolerances, and assembly.
Default: 5 mm.

Crush force requirement

Force for load crush test (e.g., according to legal European regulations
[286]). Default: 120 kN.

Crash energy requirement

Crash energy requirement that the battery system must be able to safely
absorb (design value depends on the vehicle weight, vehicle rocker
panel, material, ...).

Material

Mode 1 (Default): aluminum.

Mode 2: steel.

Mode 3: Internal optimization (cost or weight) between aluminum and
steel.

Thickness of underride
protection sheet

Thickness of underride protection, see [390] for more details.
Default: 3 mm (aluminum).

Bollard clearance

Free space (placeholder) and unusable installation space in z-direction
to protect the battery cells in the event of a bollard crash. See [390] for
more details.

Default 14 mm.

Inputs (Cellmodule)

Cellstacking direction

Used for the evaluation of the load crush test.
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Cell format Used for the evaluation of the load crush test.
Design cellmodule See Chapter 4.3.2.2.
intrusion

Inputs (Electronics)

E-Box size (x-direction)

E-Box geometry is subtracted from the available installation space (in
x-direction) for mechanical structures (front and back outer profile, cross
member).

E-Box integration mode

See Chapter 4.3.4.

Main Outputs

Feasibility Feasible: <= 1; Infeasible > 1

Mass Based on volume estimation, material and inner structure of the outer
frame, cross member, and side member.

Cost See Chapter 4.3.5.

Used Material

Depending on chosen mode: (best) used material for the mechanical
components in the battery system.

Outer frame sizes (x,y,z)
and structure

The profile width and structure (from the extruded profiles) are internally
optimized through the crash and crush load case results. (The length
and height are fixed by the total system size.)

Long (side parts) and short (front and back) outer frame sizes may be
different from each other.

Cross member sizes
(x,y,2)

Internally optimized through crash and crush test results.

Side member sizes (x,y,z)

Internally optimized through space requirements of the outer frame.

Number of side members
and cross members

Depending on the total number of modules and the E-Box integration
mode.

Updated E-Box
integration mode

May be changed during mechanical optimization when optimizing the
outer frame sizes (see Chapter 4.3.4).

Updated E-Box size
(x.y,2)

May be changed during mechanical optimization when optimizing the
outer frame sizes (see Chapter 4.3.4).

Table 8.10: Tabular overview for the explanation, derivation, methodology, or
reference for the mechanics model inputs and outputs.
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8.3 Submodel cooling

8.3 Submodel cooling

—
o
o

Current (72 Ah cell) [A]

100 |

2]
o

12.5

11.5

C-Rate

10.5

20 40 60 80 100
SOC [%]

Figure 8.1: Two-stage design quick charging current profile for a 25-minute
5% - 75% SOC charge for a 72 Ah cell.

8.3.1 List of model parameters

Main Inputs Description | Derivation | Method

Installation space Used to determine the outer dimensions of each module geometry. This
(%1, X2, X3) allows the installation space for the cooling plate to be determined.
Number of modules Used to determine the number of modules.

(X4, Xs)

Ambient temperature

Used for heat exchange determination (e.g.: cooling capacity of the
chiller).

Cooling design profile

Load profile used for the cooling plate and cooling circuit design (driving
and/or charging profile).
Default: User specified time for a fast charging current profile.

Cooling model
specifications and setup

Cooling model specifications, e.g.:

» T border for maximum cell temperature for cooling design
Default: see Chapter 4.3.1.8

> Taitf,module,qc- Order for maximum delta of cell temperatures in
a cellmodule (while quick charging) for cooling design
Default: see Chapter 4.3.1.8

> Taier.auia: border for maximum delta water (inlet and outlet)
temperature  for  cooling (water  pump)  design;
Default: see Chapter 4.3.1.8

» PWM signal: border for power of hydraulic water pump power
(for active water/glycol cooling) (can be internally optimized).
The PWM refers to a maximal hydraulic power of 45 W. Default:
internal optimization

» heat transfer coefficients to ambient;
Default: see Chapter 4.3.3

» cooling circuit model (basic, medium, powerful);
Default: depending on battery system energy Egygem:

- Esystem < 65 kWh — basic
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- 65 kWh < Egygtem < 85 kWh —» medium
- Egystem > 85 kWh — powerful
» number of passes per module for cooling tubes
Default: n_pass =2
» cooling tube topology (parallel and/or perpendicular) (can be
internally optimized)
Default: internally optimized
» range of gap filler heat conductivities (can be internally
optimized)
Default: 1 € {1,2,3,4}%with internal optimization

Geometric cooling
specifications

Geometric sizing of:

» the battery system’s cover and bottom plate, as well as the
thickness of the cooling plate; Default 1.2 + 0.8 mm (for each
side, one plain plate, one deep-drawn for cooling tubes)

> possible height of cooling tubes (can be optimized). Default: [3,
4,5,6,7,8,9, 10] mm with internal optimization.

> length to height ratio of circle selection (cooling tube format);
Default: 3, see Chapter 4.3.3 for derivation.

» distance between two cooling tubes. Default: 18 mm

» thickness of gap filler (used also for tolerance compensation).
Default: assumed variable depending on the cellmodule size:

dgap filler = 0.5 mm + 4.5 - lmodule,x : lmodule,y +107* mm™*
with dgap fier € [1 mm, 3 mm]

see Chapter 4.3.3 for illustrations.

Inputs (Cellmodule)

Cell geometry

Used to determine the geometric module configuration.

Cell voltage U.;;(SOC, T)

Used to determine the electrical circuit model of the module.

Cell resistance
Rcell (SOC' T)

Used to determine the electrical circuit model of the module.

Cell capacity

Used to scale normalized load profiles.

Number of cells

NcellsPerModule

Used to determine the electrical circuit model of the module.

Cellmodule topology
(X's'y'p)

Used to determine the electrical circuit model of the module.

Cellstacking direction (x|y)

Used to determine the geometric module configuration.

Cellmodule thermal data

Used to determine the thermal model of the module (heat capacity,
thermal conductivity).

Cellmodule busbar

Geometry: used to determine the geometric module configuration.
Resistance: used to determine the electrical circuit model of the module.

Inputs (Mechanics)

Free space in the z-
direction

Used for bollard crash load case clearance. The used space is
subtracted from the available cooling plate thickness. Default space for
underride protection layer thickness and bollard clearance: 3 mm +
14 mm.

Main Outputs

Feasibility Feasible: <= 1; Infeasible > 1.
Mass Based on volume estimation and material / inner structure.
Cost See Chapter 4.3.5.

Thickness gap filler

Determined using the cellmodule geometry.
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8.4 Submodel electronics

Type/ conductivity of gap
filler

Gap filler heat conductivity (can be internally optimized).

Height of cooling tubes

Cooling tube height based on available installation space (can be
internally optimized).

Max. temperature

The maximum temperature reached within the cellmodule in the overall

reached best simulation setup.
Mean temperature The mean (derived from the timestep of the maximum temperature)
reached temperature reached within the cellmodule in the overall best simulation

setup.

Max. temperature
difference

The maximum temperature difference (derived from the timestep of the
maximum temperature) reached within the cellmodule in the overall
best simulation setup.

Cooling architecture

Internally optimized:
- active water/glycol one-sided = Default: considered
- active water/glycol two-sided - Default: considered
- passive air cooling > Default: not considered

Cooling tube topology

Parallel or perpendicular (can be internally optimized).

Water pump power,
coolant water flow

Necessary water pump power (and corresponding coolant volume flow)
to reach the requirement regarding the maximum water inlet and outlet
temperature (can be internally optimized).

Table 8.11: Tabular overview for the explanation, derivation, methodology, or

reference for the cooling model inputs and outputs.

8.4 Submodel electronics

8.4.1 List of model parameters

Main Inputs

Description | Derivation | Method | Reference

Installation space (x4, x;)

Used to calculate available installation space for the battery junction
box.

Number of modules

(X4’ XS)

Used for ‘complex’ integration evaluation (see Figure 4.43).

System power
requirement

Used to determine the design system current in order to evaluate the
resulting BJB size.

System voltage
requirement

Used to determine the design system current in order to evaluate the
resulting BJB size.

Mode

The junction box can be integrated differently into the system. See
Chapter 4.3.4.

Input (Mechanic)

Reserved E-box space (y-
direction)

Used to calculate available installation space for the battery junction
box. Installation space along the front (or back) side of the battery
system is determined by the total installation space in y-direction and
the outer profile (long side) thickness (as well as any side members).
Afterward, the BJB space in the x-direction can be evaluated to meet
specific space/volume requirements.

Front crush evaluation

Used to evaluate the necessary BJB integration concept.

Main Outputs

Feasibility

Feasible: <= 1; Infeasible > 1
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Mass Based on BJB black-box volume estimation.

Cost See Chapter 4.3.5.

E-Box sizes x,y,z Installation space reserved for components of the BJB.
Integration concept Depending on front crush evaluation, see Figure 4.43.

Table 8.12: Tabular overview for the explanation, derivation, methodology, or
reference for the electronics model inputs and outputs.

8.5 General design variable assumptions and cost references

8.5.1 Design variables

For the high-voltage battery system optimizations in this work, the design variables
(see Chapter 4.2) were restricted between the following borders (unless otherwise
mentioned):

x, € [0.7,0.95]
x, € [0.7,0.95]
x; € [0.7%,0.85"]
*= borders are adapted depending on geometric properties.
x, €{2,3,4,5,6,7}

xs €1{2,3,4,5,6,7}

8.5.2 Reference list for cost components and materials

The following table summarizes numerous references for different costs, cost
estimations, or cost suggestions. It is important to note that different costs can be highly
volatile. Factors for volatility are: market price development, political development,
market trends, economies of scale, and many others. The references below were used
in addition to those mentioned directly in the derivation of the cost parts.

Submodel Cost parts References

Cellmodule Cell, module, and system integration costs. Cell: [284, 391-394]
Module/system integration: [22,
167, 281, 317, 393, 395]

Cooling The deep-drawing process of aluminum plates, | General/ Cooling circuit: [315,
gap filler, water/coolant pump, and cooling | 316, 396]
circuit costs. Cooling plate: [312, 397—400]

Water/coolant pump: [401-403]
Aluminum: [404]
Extruding process [405-408]

Mechanics Material-based costs for extruded aluminum | General: [21, 22]
and processed steel. Aluminum: [404]
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8.6 Firefly algorithm sensitivity analysis in the HV-BOT environment

Extruding process: [405-408]

Electronics

levels.

electronics.

Cost for electronics in EVs for different power

Cost for different integration difficulties of the

General/junction box components:
[315, 316, 409]

Table 8.13: Compilation of references for component cost derivations.

8.6 Firefly algorithm sensitivity analysis in the HV-BOT environment

8.6.1 Analysis of the pure optimization algorithm

One-at-a-time sensitivity analysis for each of three Firefly algorithm parameters: the
attractiveness parameter [, the absorption coefficient y, and the random walk
parameter a, consisting of the initial random factor a, (= 1) and the random walk
cooling factor §™. The sensitivity was measured by the normalized objective cost
function resulting from the simulation models von the HV-BOT.

B=01
B=03
B=05
B=0.7
B=0.8
B =0.95

Figure 8.2:
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Results from one-at-a-time sensitivity analysis of the Firefly algorithm in

the HV-BOT.
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The results generally indicate the growing influence of the random factor a with
increasing (.

Additionally, a regression model was used to determine the statistical strength and
impact of each parameter. An assumed linear and quadratic relation of attractiveness
parameter 8 led to a generally high coefficient of determination. Thereby, B, =

2278 ~ 0.434 (for objective function minimization).
2:242.42

Linear regression model:
norm cost ~ 1 + beta + gamma + delta + beta”Z

Estimated Coefficients:

Estimate EE ts5tat pValue
(Intercept) 5581.3 63.601 87.755 1.6235e-101
beta -210.48 32.878 -6.441 3.4695e-09
gamma -8.0544 6.TEEE -1.1503 0.23655
delta 36.394 66.136 0.55028 0.58327
beta*2 242.42 28.383 8.5409 9.9624=-14

Humber of ckservations: 112, Error degrees of freedom: 107
Root Mean Squared Error: 23.4

E—-squared: 0.585, &djusted BE-Squared: 0.5&9

F-statistic ws. constant model: 37.7, p-value = 1.2e-15

Figure 8.3: Regression analysis results for Firefly algorithm within HV-BOT.

8.6.2 Analysis of Firefly algorithm as acquisition function in GPR
optimization

In this sensitivity analysis, the Firefly algorithm is used as an acquisition function for a
GPR optimization. Again, the one-at-a-time sensitivity analysis is used for each of the
three Firefly algorithm parameters for the attractiveness parameter g, the absorption
coefficient y, and the random walk parameter a, consisting of the initial random factor
@, (= 1) and the random walk cooling factor ™. The sensitivity was measured by the
normalized objective cost function resulting from the simulation models von the HV-
BOT.
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8.6 Firefly algorithm sensitivity analysis in the HV-BOT environment
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Figure 8.4:
within GPR optimization in the HV-BOT.

Results from one-at-a-time sensitivity analysis

of the Firefly algorithm

Higher random walk factors § show generally lower objective values. To further
emphasize this observation, a regression model was used to determine the statistical

strength and impact of each parameter.

Linear regression model:
norm cost ~ 1 + beta + gamma + delta + delta”2

Estimated Coefficients:

Estimate SE tsStat p¥aluoe
({Intercept) 12591 3127.1 4.,0265 0.00010802
beta 53.381 9.9937 5.3415 5.2323e-07
gamma 0.20027 9.3051 0.021523 0.98287
delta -14768 6640.7 -2.2239 0.028254
delta”2 TT74.7 3521.4 2.2079 0.029389

HNumber of observations: 112,
Root Mean Scuared Error: 32.2
Adjusted R-Squared: 0.217

constant model: 2.7, p-valus =

Error degrees of freedom: 107

R—-squared: 0.24&,

F-statistic vs. 4.02e-06

Figure 8.5:

Regression analysis results for Firefly algorithm within GPR in HV-BOT.
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8 Appendix

In Figure 8.5, the results show a generally lower coefficient of determination.
Nevertheless, an assumed linear and quadratic relation of random walk parameter §

showed statistical significance. Thereby, §,,; = 2.1:7776487 ~ 0.95 (for objective function
minimization).

8.7 Laplace Approximation

The Laplace Approximation approaches the posterior p(f|X,y) with a Gaussian by
doing a second-order Taylor expansion of log p(f|X,y) around the maximum of the
posterior. The approximation q(f|X,y) of p(f|X,y) is then given by:

Q(E1X,y) = M(E]f, A1) o< exp <—%(f _f)a(f- f)), 8.1)

where f = argmax; p(f|X,y) is the position of the maximum of the posterior, which
poses as the mean of the Gaussian distribution, and 4 = —VVlogp(f|X,y)|;; is the
Hessian of the negative log posterior at that maximum, whose inverse is used as the
covariance matrix.

According to Bayes’ theorem, the posterior is given by:

_pyIHpEIX) 8.2
PUIXY) =— S (8.2)

As p(y|X) is independent of f, the maximum posterior is then determined by
maximizing:

W(f) = logp(ylf) + logp(f|X)

1 1 n (8.3)
T -1
= logp(ylf) — Ef KX, X)) 'f— ElogIK(X,X)I — Elog 2T,

where the definition of the log marginal likelihood from Eq. (5.6) has been applied.
Differentiating two times with respect to f gives:

V¥(f) = Viogp(ylf) — K(X, X)"f, (8.4)
VVY(f) = Wlogp(ylf) — K(X,X)" 1 = -W — K(X,X)! (8.5)
with W := —VVlog p(y|f). Using the logistic function as sigmoid function, the condition

for a maximum V¥ =0 leads to f = K(X,X)(Vlogp(y|f)), which is solved using
Newton’s method to obtain f.

The covariance matrix A~! can then be expressed by:
A™h = (=WWlogp(fIX,Y)le=s) ™ = (W + KX, X)™) 7 (8.6)

Having determined q(f|X,y), the posterior mean and variance of f, are derived by:
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8.8 Enpolite: Comparing Lithium-lon cells across Energy, Power, Lifetime, and

Temperature
Eqlf1X,y,x.] = k(x.)TK(X, X)7*f = k(x,)T Vlog p(y|f), (8.7)
Wq [ﬁle fo*] = ]Ep(f;lx, X, f)[(ﬁk - ]E[]ilX,X*, f])Z] (8 8)

+Eq(1x, y,) [EILIX, x., f] — E[£.]X, y, x.])?]
= k(x,,x,) — K&)T(K(X, X) + W) 1Kk(x,).

Here, k(x,) denotes the vector of covariances between the test point and the training
points. The derivations of Eqs. (8.7) and (8.8) can be found in [370]. They give rise to
a Gaussian approximation of the posterior distribution of the latent variable in
Eq. (6.11):

p(filX,y.x.) = q(f.1X,y,x,) = N(f|Eq[fX, y,x.], Vo[£ | X, y, x.]). (8.9)

The approximation of the probabilistic prediction in Eq. (5.12) is then derived by:

p(filX,y.x.) = q(f.1X,y,x,) = N(f|Eq[£i]X, v, x.], Vo[£ | Xy, x.]). (8.10)

8.8 Enpolite: Comparing Lithium-lon cells across Energy, Power,
Lifetime, and Temperature

The Enpolite graphics below are published in a journal article [207] with equal

contribution of this thesis author and Philipp Dechent. Additional information and an
interactive version can also be found on the website enpolite.org.
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Figure 8.6: Cyclic ENPOLITE plot representing 783 cells.
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Figure 8.7: Calendar ENPOLITE plot representing 307 cells.
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9 List of Abbreviations

BEV Battery electric vehicle

BJB Battery junction box

BMC Battery management controller

BMS Battery management system

BOL Begin of life

BTMS Battery thermal management system
CAD Computer-aided design

CARB California Air Resources Board

CFD Computational fluid dynamics

CM Cross member

CMC Cell management controller

COP Carry-over-part

DIFF Difference

DOD Depth of discharge

DOF Degree of feasibility

ECM Equivalent circuit model

El Expected Improvement

EIS Electrochemical impedance spectroscopy

ENPOLITE Energy, Power, Lifetime, and Temperature plot of aged battery cells
EOL End of life

EU European Union

EV Electric vehicle

FA Firefly algorithm

FCV Fuel cell vehicle

FEM Finite element method

GER Germany

GHG Greenhouse gas

GHT Graph and heuristics-based topology optimization
GP Gaussian process

GPC Gaussian process classification
GPR Gaussian process regression
HEV Hybrid electric vehicle

HV High-voltage

HV-BOT High-Voltage-Battery-Optimization-Tool
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9 List of Abbreviations

LAM
LFP
LIB
LLI
LMFP
LTO

MC
MEB
MIP
MMC
MSL

NCA
NMC

ocv
OEM
OFAT
OoP

PAR
PDP
PET
PHEV
PPCQS
PRIS
PTC
PWM

QC
RBF
SEI
SM
SOC
SOP

TOL

222

Loss of active material

Lithium iron phosphate (cathode material)

Lithium-ion battery

Loss of lithium inventory

Lithium manganese iron phosphate (cathode material)
Lithium titanate oxide (anode material)

Minimum certainty

Modular electrification toolkit from Volkswagen
Mixed-integer problem

Module management controller

Modelica standard library

Lithium nickel cobalt aluminum oxide (cathode material)
Lithium nickel manganese cobalt oxide (cathode material)

Open circuit voltage

Original equipment manufacturer
One factor at a time

Outer profile

Parallel

Product development process

Polyethylene terephthalate

Plug-in hybrid electric vehicle

Parallelized Predictive Classifying Querying Strategy
Prismatic

Positive temperature coefficient

Pulse duration modulation

Quick charging

Radial basis function
Solid electrolyte interface
Side member

State of charge

Start of production

Tolerance
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The lithium-ion battery is the most expensive and weight-in-
tensive component in electric vehicles (EVs). Therefore, in the
development of new EVs, the battery is often the focus of opti-
mization. In addition to the actual battery cell design, the serial
and parallel cell connection, the cooling capability, the battery’s
mechanical integration, and the electronics play a decisive role
in a battery system. There are also major direct dependencies
between the optimal battery system and the necessary EV re-
quirements regarding energy, power, and system voltage. Mo-
reover, fundamental guidelines with regard to durability, safety,
and general lifetime must be met and thus taken into account in
the battery system package design.

This thesis aims to combine the multitude of interfaces within
battery system development using a multiphysical framework
capable of holistically evaluating, comparing, and optimizing
battery system concepts. The framework consists of intercon-
nected simulation models representing each major component
group within the battery system. Machine learning optimizati-
on is used to derivate globally optimized battery system design
concepts. Using combined Gaussian process regression and
classification methods, the solution space is divided into multip-
le areas in which area-targeted search criteria are used.
Finally, novel EV battery-related issues are discussed from
the cell to the module to the system level. Findings underline
the imperative need for component-coupled simulation models
when evaluating battery system designs.
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