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Vorwort des Herausgebers

Die Fahrzeugtechnik ist kontinuierlich Verdnderungen unterworfen. Klimawan-
del, die Verknappung einiger fiir Fahrzeugbau und -betrieb benétigter Rohstofte,
globaler Wettbewerb, gesellschaftlicher Wandel und das rapide Wachstum grof3er
Stadte erfordern neue Mobilitétslosungen, die vielfach eine Neudefinition des
Fahrzeugs erforderlich machen. Die Forderungen nach Steigerung der En-
ergieeffizienz, Emissionsreduktion, erhohter Fahr- und Arbeitssicherheit, Be-
nutzerfreundlichkeit und angemessenen Kosten sowie die Moglichkeiten der
Digitalisierung und Vernetzung finden ihre Antworten nicht aus der singuldren
Verbesserung einzelner technischer Elemente, sondern benétigen Systemverstind-
nis und eine doméneniibergreifende Optimierung der Losungen.

Hierzu will die Karlsruher Schriftenreihe fiir Fahrzeugsystemtechnik einen Beitrag
leisten. Fiir die Fahrzeuggattungen Pkw, Nfz, Mobile Arbeitsmaschinen und Bah-
nfahrzeuge werden Forschungsarbeiten vorgestellt, die Fahrzeugsystemtechnik auf
vier Ebenen beleuchten: das Fahrzeug als komplexes, digitalisiertes, mechatro-
nisches System, die Mensch-Fahrzeug-Interaktion, das Fahrzeug in Verkehr und
Infrastruktur sowie das Fahrzeug in Gesellschaft und Umwelt.

Eine hohe Lebensdauer der Traktionsbatterie von Elektrofahrzeugen, ihr en-
ergieeffizienter Betrieb und eine stets hohe verfiigbare Batterieleistung steigern
die Attraktivitidt von Elektrofahrzeugen und unterstiitzen damit eine stirkere Ver-
breitung im Markt. Da die Eigenschaften der Batterie und ihr Alterungsverhalten
stark von ihrer Temperatur beeinflusst werden, kommt dem Thermomanagement
hierbei eine besondere Bedeutung zu.

Die vorliegende Arbeit beschreibt eine Vorgehensweise zur Entwicklung quan-
tiler modellpradiktiver Steuerungen mittels verschiedener neuronaler Netze auf



Vorwort des Herausgebers

der Basis systematisch aufbereiteter Flotten- und Simulationsdaten. Sie zeigt
weiterhin Wege auf, die Batterietemperatur auch dann iiber einen weiten Pradik-
tionshorizont vorhersagen zu konnen, wenn nur wenige Daten vorliegen oder die
Rechenleistung im Fahrzeug begrenzt ist. Die vorgeschlagenen Methoden werden
zur Optimierung der Kiihlschwelle des Batterie-Thermomanagements angewandt
und erreichen deutliche Verbesserungen gegeniiber den bislang iiblichen festen
Schwellen.

Frank Gauterin

im Dezember 2024
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Kurzfassung

Pridiktives Batteriethermomanagement von Elektrofahrzeugen mittels Deep
Learning.

Eine Verbesserung der Energieeffizienz von Batterieelektrofahrzeugen vergrofert
ihre Reichweite und reduziert die (vom Strommix abhingigen) Emissionen.
Ein effizientes Batteriethermomanagement reduziert den Energieverbrauch bei
gleichzeitiger Beriicksichtigung der temperaturabhéngigen Batteriealterung und
Leistungsverfiigbarkeit. Zum Beispiel kann eine priadiktive Kiihlstrategie den
Energieverbrauch im Vergleich zu einer Kiihlstrategie mit fixen Regelschwellen
reduzieren, indem Informationen iiber die vorausliegende Strecke genutzt werden.
Eine entsprechende pridiktive Regelung erfordert ein prézises Pradiktionsmodell.

Diese Arbeit prisentiert eine Methode zur Entwicklung von Préadiktionsmodellen
fuir eine pradiktive Regelung, angewendet auf das Batteriethermomanagement.
Deep Learning basierte Quantil Neuronale Netze (Q*NN) pradizieren Quantilsse-
quenzen der Anderung der Batterietemperatur, unter Nutzung von Historien- und
Vorausschaueingangsdaten. Im Rahmen der Datenverarbeitung werden Simula-
tionsdaten und Flottendaten erhoben und mithilfe von Data Augmentation und
Clustering vorverarbeitet. Die Q*NN liefern genauere Priadiktionen im Vergleich
zu Referenzmodellen (u.a. Entscheidungsbdume). Bei begrenzter Datenverfiig-
barkeit konnen Priadiktionsmodelle mithilfe von Transfer Learning entwickelt
werden.

Die Q*NN Pridiktionen werden in einer priadiktiven Regelung zur Anpassung
der Batteriekiihlschwellen verwendet. Die pradiktive Regelung minimiert eine
Kostenfunktion aus Kiihlenergieverbrauch, Alterung und Leistungsverfiigbarkeit
der Batterie. Im Vergleich zu einer Kiithlung mit fixen Regelschwellen reduziert
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die prédiktive Regelung mit Q*NN die Kiihlkosten um 16 % bei vergleichbaren
Alterungskosten und Leistungsverfiigbarkeit. Die Ableitung von weniger rechen-
intensiven regelbasierten Modellen bietet einen Ausblick fiir reale Anwendungen
in Fahrzeugen.
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Abstract

Improving the energy efficiency of battery electric vehicles increases their range
and reduces well-to-wheel emissions. An efficient battery thermal management
reduces the energy consumption while taking temperature-dependent battery age-
ing and power availability into account. For example, a predictive cooling strategy
can reduce the energy consumption compared to a cooling strategy with fixed con-
trol thresholds, using information about the route ahead. Such a predictive control
requires a precise prediction model.

This work presents a method for the development of prediction models for a
predictive control, applied to the battery thermal management. Deep Learning
based Quantile Neural Networks (Q*NN) predict quantile sequences of the change
in battery temperature, using history input and foresight input data. Simulation
data and fleet data are collected and further processed using data augmentation
and clustering. The Q*NN provide more accurate predictions compared to refer-
ence models (i.a. decision trees). Transfer Learning enables the development of
prediction models when only few data are available.

The Q*NN predictions are used in a predictive control to adapt the battery cooling
thresholds. The predictive control minimizes a cost function of cooling energy
consumption, ageing, and power availability of the battery. Compared to a cool-
ing strategy with fixed control thresholds, the Q*NN predictive control reduces
cooling costs by 16 % with comparable ageing costs and power availability. The
derivation of computationally less expensive rule-based models provides an out-
look for real-world application in vehicles.
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1 Introduction

This chapter emphasizes the importance of an efficient battery thermal man-
agement for electric vehicles and the application of Machine Learning for an
improved control in 1.1. The objective of this dissertation is further explained
in 1.2, followed by an outline of its structure in 1.3. The dissertation extends on
the prepublished articles [1, 2, 3], as explained in 1.4. Remarks on notation in
this dissertation are given in 1.5.

1.1 Motivation

Climate change related regulations for greenhouse gas emissions push the grow-
ing sales of Battery Electric Vehicles (BEV) [8, 9, 10], [11, p. 66,72,78-79]. For
example, more than 10 Million hybrid and battery electric vehicles have been sold
in 2022, with a BEV share of 70 % [11, p. 8,14]. Strict vehicle emission policies
support climate change mitigation as well as reduction in local air pollution and
dependency on energy imports [8], [11, p. 76]. An energy consumption reduction
of BEV further reduces well-to-wheel emissions (from electricity production) [9].
However, the thermal management of cabin and battery can increase the energy
consumption of BEV (with consequently decreased range), dependent on the envi-
ronmental conditions [12, 13, 14]. Thus, an efficient battery thermal management
is necessary considering its impact on battery ageing, power derating, and energy
consumption [13].

The energy consumption of a battery thermal management can be reduced by
intelligent (predictive) control methods [15], [16, p. 123]. However, predictive
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control requires system models which are both accurate and computationally
efficient [17, 18]. Machine Learning (ML) methods can be used for a data-driven
development of an adaptive control of the battery thermal management [15], [19,
p- 298]. Knowledge can be extracted by combination of complementary data
from different domains [20]. For instance, map-related energy consumption of
BEV can be learned using vehicle fleet data [21]. A battery thermal management
control can be improved with navigation information about the route ahead (during
active guidance or by trip estimation), such as weather forecast [22] and speed
prediction [23]. Deep Learning (DL), a subcategory of ML [24, p. 7], shows
high performance in applications with large data sets [25, 26]. ML (and DL) can
be used for forecasting of sequences (e.g. time-series) [24, p. 203ff], which can
be extended by the prediction uncertainty for an improved practical value [27,
28]. Challenges of ML application include data collection, data processing,
model evaluation and deployment [29, 30]. Furthermore, data availability of
rare cases [31] and their evaluation can be problematic [32], as well as possible
learning of unintended relations which lead to bad robustness and generalization
of the models [33].

1.2 Objective

Accurate predictive control of the battery thermal management shows the poten-
tial to improve the energy consumption while additionally considering battery
temperature requirements induced by battery ageing and power derating. In this
dissertation, a method of Machine Learning based predictive control is developed
and applied to the battery thermal management. The goal is to develop a Deep
Learning prediction model, which uses fleet data and foresight input data (ob-
tained from the route ahead) to accurately predict sequences with consideration of
the prediction uncertainty. Such a prediction model is intended to be integrated
in a predictive control scheme which minimizes application-dependent cost func-
tions. The prediction model is applied to battery temperature prediction and the
predictive control addresses the improvement of a battery thermal management
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considering cooling energy consumption, battery ageing, and power derating. As a
result, the predictive battery thermal management is intended to adapt the cooling
strategy dependent on the scenario and the route ahead. Evaluation of the pre-
diction model and predictive control includes a comparison with baseline models.
While this work focuses on method development and testing, further requirements
for real-world application are considered. For example, concepts are developed
to target the issues of required computational resources for prediction model and
predictive control, as well as limited data availability for new vehicle models.

The scope of this dissertation includes an improvement of battery thermal man-
agement for Battery Electric Vehicles (BEV), specifically the adaption of cooling
strategies to routes ahead with accordingly large, distance-based horizons. Battery
heating and the thermal management of the electric machine, power electronics, or
cabin are not investigated. However, the method of ML based predictive control
can be transferred to other applications. The prediction of routes [34], corre-
sponding speed profiles [35], and weather [36] are not covered in this work, but
assumed to be given. Moreover, performance evaluation of prediction model and
predictive control is considered as an indicator, rather than a universal assessment
and validation. Instead, performance needs to be individually evaluated for the
respective application. Thus, this dissertation aims to provide a guide for suitable
methods of development and evaluation, including an exemplary interpretation of
results for an application to battery thermal management.

1.3 Structure

The structure of this dissertation is comparable to the V-model from systems
engineering. The V-model is a general framework which specifies systems de-
velopment including requirements, analysis and decomposition, design, imple-
mentation, integration, and validation [37, 38]. Translated into the dissertation
structure, these elements correspond to the introduction, state of the art, method,
application, discussion, and conclusion respectively, as shown in Fig. 1.1.
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1. Introduction — 6. Conclusion

2. State of the art <« 5. Discussion

3. Method - 4. Application

Figure 1.1: Structure of the dissertation as V-model, derived from [37, 38].

After this introduction, the state of the art is described in chapter 2, focusing
on batteries for electric vehicles, predictive control, and Machine Learning for
sequential data. The state of the art includes a research conclusion, pointing
out identified gaps and resulting research questions. The method is described
in chapter 3, with a pipeline from problem statement, prediction model, predictive
control, and assessment of applicability. It is applied to the battery thermal
management in chapter 4. The results are discussed according to the research
questions and compared with the findings from the state of the art in chapter 5.
Furthermore, the discussion includes advantages and disadvantages as well as
potentials and limitations of this dissertation. A conclusion follows in chapter 6.

1.4 Citation of prepublications

The articles [1, 2, 3] have been prepublished as part of the dissertation project
to receive early feedback from the scientific community. In this dissertation,
these articles are put into a coherent context and extended with new results.
Accordingly, the content of the articles is referenced and adapted. Namely, the
dissertation combines the contents of data collection, data preprocessing, Machine
Learning model building and training as well as evaluation from [1] and [3], and
novel Transfer Learning with an additional data set. The application of Machine
Learning models for a predictive control from [2] is extended by models from [3]
as well as novel rule-based strategies. In very few cases, direct citations are used
(e.g. for lists of parameter settings). These cases are indicated by the word “cited
from” followed by the corresponding reference and (except for figures and tables)
the usage of quotation marks. Details of the articles which are not relevant for the
understanding of this dissertation are not included.
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1.5

Notation

This section provides information about notation and conventions used in this

dissertation in order to clarify their meaning. Further notation follows general

conventions. The following expressions are used in this dissertation:

L]

Prediction and forecast: The two words are only distinguished in the de-
scription of model inputs and outputs. In this context, forecast specifically
relates to input data that is assumed to be given, while prediction refers to
the output from the developed prediction method.

Sequence and time-series: Time-series is considered as a subgroup of
sequences. Sequence is used to emphasize that data are not limited to be
time-based but can be distance-based, which is the case in chapter 4.

Horizon: Horizon relates to the length or end of a sequence.

Segment and step: Segment describes an interval (of time or distance) with
fixed length, for which quantities are sampled to a single value. Consecutive
segments form a sequence. Step is used as a more general term when dealing
with consecutive elements or actions.

Quantile and percentile: A quantile describes the share of data below a
value and a percentile is the corresponding percentage [39]. For example:
25 % of the values are below the 0.25 quantile or 25th percentile.

Cost: In the context of predictive control, costs refer to optimization costs,
rather than monetary costs.

Speed and velocity: Speed can be considered a scalar value and velocity as
a vector [40]. Considering the focus of this work, the term speed is used.

Ambient and environment: Both words are used interchangeably for the
surroundings of the vehicle.

Mean and average: Both are used interchangeably.
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* Quantity and feature: Quantity refers to a physical quantity or signal, while
feature is used as another word for an input of a Machine Learning model.

¢ Prediction model and vehicle model: The term model is used to describe
Machine Learning prediction models and vehicle models, which differ for
example in generation, sub-components, or body (size, design).

» Parameter and hyperparameter: Parameters are trainable elements (weights)
of a (Machine Learning) model, while hyperparameters are parameters on
a higher level, defining the architecture and training process of the Machine
Learning model.

In this dissertation, mathematical notation includes:
* % indicates that x is a prediction variable.

e 7 is used for a variable x evaluated within a control loop.



2 State of the art

This chapter provides an overview of the state of the art about high voltage
batteries for electric vehicles (2.1), predictive control (2.2) and Machine Learning
methods for sequential data (2.3). Research gaps are pointed out in (2.4).

2.1 Batteries for electric vehicles

The high voltage battery is one of the most important components in battery
electric vehicles, given its task to store and provide energy for the electric drivetrain
and auxiliary consumers. Lithium-ion battery cells are the most popular due to
their high energy density and cyclic lifetime compared to other currently available
cells [41, p. 146], [19, p. 20]. Fundamentals of lithium-ion batteries (2.1.1) and
the resulting requirements for a battery thermal management system (2.1.2) are
further explained in the following, with focus on application in electric vehicles.

2.1.1 Fundamentals

The energy that can be stored in and provided by a battery is limited by the
battery’s capacity and voltage [41, p. 131-132]. The stored energy with respect to
the maximum storable energy can be described as State of Charge (SOC, in %),
and the amount of energy taken out of the battery as Depth of Discharge (DOD,
in %) [41, p. 133]. The available capacity is reduced if only a fraction of the
active material of a battery cell is used in the electro-chemical reactions [19,
p. 25]. This can be caused by the temperature-dependent inner resistance and
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ageing processes [41, p. 143], [19, p. 199]. As a consequence, the resulting range
of an electric vehicle is further limited.

A battery management system is used for battery state estimation (stored energy,
remaining lifetime, temperature) and battery control (power and thermal manage-
ment) [41, p. 172], [19, p. 43]. Its tasks include keeping the battery in states
with low calendaric and cyclic ageing. Temperature-related ageing effects can
be reduced with a thermal management or with charging and discharging current
limits (called derating) which reduce heat generation [42]. However, active battery
cooling or heating results in higher energy consumption, and current limitation
results in reduced available power. Thus, the considered dependencies include
the battery cooling and heating, ageing as well as derating, as shown in Fig. 2.1.
All three have a direct effect on the driving characteristic and range of battery
electric vehicles (BEV). Further properties of BEV are safety, quality, and mon-
etary costs [43, p. 401], which are not considered in this work. Despite ongoing
research on improved lithium-ion battery cell materials [19, p. 20-24], [44], the
effect of different battery cell materials is not investigated within this work.

( Battery ageing ]

Lifetime

Battery thermal
management

[Cooling and heating] [ Battery derating ]

LEnergy consumptionJ\_/L Power availability J

Figure 2.1: Battery thermal management related dependencies and their driver-perceivable effects.

2.1.1.1 Battery ageing

Battery lifetime is limited by various ageing processes. Battery ageing can be
categorized into cyclic ageing (due to charging or discharging) and calendaric
ageing (over time) [44], [41, p. 139-140]. The battery ageing processes can
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result in power reduction, due to an increased inner resistance [45], and capacity
reduction, due to a loss of active material [44]. The capacity reduction can be
described by the State of Health (SOH, in %) as ratio of the (reduced) capacity
divided by the initial capacity [44]. Table 2.1 gives an overview of the key ageing
processes with the corresponding category, conditions that enable or accelerate
the ageing process, and if power or capacity are reduced as a result.

Table 2.1: Overview of key battery ageing processes solid electrolyte interface (SEI) formation,
lithium-plating (LIP), electrolyte decomposition (ED), and mechanical damage (MeD),
comparable to [46]. The processes are accelerated for comparably low (|) or high (1)
battery temperature 73, SOC, or battery current I3,

Process Category Reductionin  Reinforcing conditions

Cyclic Calendaric Power Capacity 1,  SOC I

SEI X X X 1 1
LIP X X ! 4 4
ED X X X 4 4
MeD X X DODt 1

The solid electrolyte interface (SEI) is a corrosion layer at the anode, which grows
due to electrolyte decomposition, consuming lithium during cycling and increasing
the inner resistance of the battery cell [47, p. 171,176-177], [44], [41, p. 158].
The SEI growth leads to a battery capacity and power loss, and is accelerated
at high temperatures and high SOC [48, 49]. Lithium-plating (LIP) describes a
lithium deposit, which causes capacity loss and dendrite formation [41, p. 157]. It
occurs at the anode during slow intercalation of lithium, especially at high battery
currents, high SOC, and low temperatures [41, p. 157], [47, p. 181]. Electrolyte
decomposition (ED) occurs as electro-chemical side reaction and can lead to gas
generation and SEI growth with the corresponding power and capacity loss [47,
p- 175], [50], [51]. ED is accelerated with high temperatures and high SOC [50].
Mechanical damage (MeD) can be induced by volumetric stresses causing cracks
and capacity loss [47, p. 189]. High battery currents and DOD accelerate the
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process [47, p. 190]. As a result, battery ageing shows high dependency on the
battery temperature [52, 44].

2.1.1.2 Battery derating

The limitation of charging and discharging currents is called derating [42]. It
leads to reduced power availability and, as a result, to reduced vehicle dynamics
or increased charging times. The current limits depend on the battery temperature,
SOC, and SOH [42, 53, 54, 55]. Additionally, derating can be adapted to the cell
ambient temperature for a reduction of calendaric ageing [54]. An example of
current limits dependent on the battery temperature is shown in Fig. 2.2. The limits
can differ between charging and discharging [42]. Derating can be considered as
an energy-efficient and robust alternative to active battery cooling or heating if
the reduction in available power is acceptable [54].

100 - N

) (%)

0 | | |
—20 0 20 40 60

Battery temperature (°C)

Current limit

max(Current limit

Figure 2.2: Example of temperature-dependent derating, based on [42], [19, p. 43], [43, p. 166].

2.1.1.3 Battery cooling and heating

Active battery cooling or heating consumes energy. However, due to the 40 times
lower energy density of batteries compared to gasoline and diesel, high energy
efficiency of electric vehicles is required to achieve comparable ranges [41, p. 135].
An exemplary share of total energy consumption is shown in Fig. 2.3 for a Battery
Electric Vehicle (BEV).

10
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Stored Vehicle
dynamics
57.5 %
22.5 %
Interior Coolant Other Drivetrain
heating and compressor  auxiliary losses

ventilation  and pump consumers

Figure 2.3: Share of battery energy consumption by auxiliary consumers (orange), drivetrain losses,
and vehicle dynamics for a battery electric vehicle (BEV). The values are averages based
on [41, p. 105], [14, p. 44], [56, p. 48], [57].

The energy consumption of the thermal management and other auxiliary con-
sumers (orange in Fig. 2.3) takes a 1.5 to 5 times higher share than for combustion
engine vehicles [41, p. 104-105]. Thus, the energy consumption of the corre-
sponding components has a higher effect on the range of electric vehicles. This
effect depends on the environmental conditions. Fig. 2.4 shows the auxiliary
energy consumption share for different ambient temperatures. The share is lowest
at an ambient temperature of 20 °C (8 %) and increases for both heating at lower
temperatures (37 % at -10 °C) and cooling at higher temperatures (16 % at 30°C).

% 100 e —

g B Drivetrain losses and
=< 80 . .

°© 2 vehicle dynamics
2.2 60 m Auxiliary consumers
R

o~ § 40

SE

58

= <

n

-10 0 10 20 30
Ambient temperature (°C)

Figure 2.4: Share of auxiliary energy consumption for different ambient temperatures. The values
are averages based on [14, p. 59-60].
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2.1.2 Battery thermal management systems and control

The battery thermal management is responsible for battery cooling or heating
in order to reduce temperature-dependent battery ageing and power limitation.
The following sections present fundamentals of the battery thermal behavior, the
components of a battery thermal management system (BTMS) and control types.

2.1.2.1 Battery thermal behavior

Many battery properties are strongly affected by the battery temperature. Besides
ageing and derating (see 2.1.1), various electro-chemical quantities and the resis-
tance depend on the battery temperature [58]. For instance, the inner (ohmic)
resistance, the SEI-related resistance, and the charge transfer resistance (related to
lithium intercalation) decrease with increasing battery temperature [58]. However,
increasing temperatures also accelerate battery ageing (see 2.1.1.1). Furthermore,
large temperature differences between different cells result in limited usable ca-
pacity [19, p. 199]. The key processes causing a change in battery temperature
are described in the following.

A physical equation of the change in battery temperature 7} over time ¢ can be
derived from energy conservation [1], [59, 60], [19, p. 209-210]. It can be
formulated as in (2.1), considering self-generated heat Qb gens heat transfer with
the environment Qem, and thermal management system th, battery mass my,
and battery heat capacity ¢, ; (my, - ¢,p 18 also referred to as thermal mass).

8Tb(t) — Qb,gen + Qenv + th

ot mp - Cpp

2.1)

Heat generation Qb,gen can be calculated by an electro-chemical model (2.2) [1].
Three types of heat generation are included: heat generation due to ohmic re-
sistance QQ, reaction heat generation th, and reversible heat generation from
polarization Qm, [60], [19, p. 207]. The heat generation equation depends on

12
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the battery inner resistance Rj, battery cell current I, and voltage Uy, the open
circuit voltage U,.,,, and the battery temperature 7.
) ) ) ) ) ou,

Qb,gen = Qa + Qret + Qrev = RoIi + In(Uy — Upew) + IbTbafTb (2.2
Heat transferred to the environment of the battery Qem is simplified with a
combined heat transfer coefficient H,,,,; for convection and radiation (2.3) [1], [61,
p. 25-29]. It further depends on the surface A, battery temperature 7}, and
ambient temperature 7y,,,,,. Heat transfer with the thermal management system is
described in the same way (2.4), with a heat transfer coefficient H,,, intersection
surface Ay, and coolant temperature T.po10n¢-

Qenu == ambAamb(Tb - Tamb) (23)

th = Hthtm(Tb - Tcoolant) (24)

Heat generation is mainly driven by the battery cell current I, which can be
calculated by (2.5) with the power of the electric machine P.,,, and of the con-
sumers P.,,s [1]. The required power for the electric machine depends on the
driving resistance force F.., speed v, and efficiency of the electric machine 7.,
transmission 7, and battery 1, (2.6) [1], [41, p. 107-108]. The driving resistance
force is composed of acceleration and climbing force, as well as aerodynamic and
rolling friction [41, p. 99-103]. Amongst other parameters, it depends on speed

v and slope 6.
Pb _ Pem+Pcons

[ =2 =5 - c°on 2.5
b=, U ; (2.5)
Fres 27 .703"' !
P, Fres(’,0,0,) - (2.6)
NemMtr o

The presented equations are a simplified model of the battery thermal behavior,
since many model parameters depend on the battery temperature, not all side
reactions are considered, and heat transfer occurs in three dimensions. However,
the model helps to understand the major dependencies of the battery tempera-
ture. More holistic models are more accurate, but might not be suitable for an

13
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application in electric vehicles due to their high complexity [62]. Alternatively,
equivalent circuit or data-driven models can be used as empirical gray-box or
black-box models [63].

2.1.2.2 Battery thermal management components

The thermal management of electric vehicles controls the temperature of the cabin,
but also the temperature of drivetrain components such as battery, inverter, and
electric machine. Fig. 2.5 shows an exemplary topology of a thermal management
system, based on [64], [43, p. 169-172], [19, p. 48], including the cooling compo-
nents (compressor, radiator, condenser), a chiller, two pumps, and two three-way
valves. In this example, the battery can be cooled in two modes, dependent on
the state of the three-way valves. At lower ambient temperatures, the battery is
part of the cycle of the inverter and electric machine (blue), with the coolant
getting cooled by the ambient air at the radiator. At higher ambient temperatures,
the battery is cooled in a separate cycle (green) by heat removal at the chiller.
The compressor and following condenser reduce the coolant temperature to sup-
ply the cabin air-conditioning (AC) and the chiller in this cooling mode (orange
cycle), which increases the energy consumption [64]. Different architectures of
the thermal management system are further analyzed in [65] considering their
impact on electric vehicle range and including the usage of additional components
such as heat pumps. The system architectures can differ in weight, costs, and
energy consumption [43, p. 175]. A high energy consumption dependency on the
cabin air-conditioning and battery thermal management is shown in [65, 12] for
different environmental conditions.

2.1.2.3 Battery thermal management control

The goal of battery thermal management control strategies is to find the optimal
balance between energy consumption and battery temperature requirements (e.g.
related to ageing and power availability) [66, p. 380], [67, 23, 68]. Different control
strategies can be used for the battery thermal management, including a fixed

14
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Figure 2.5: Example of a thermal management topology for electric vehicles with a focus on cooling
components, based on [64], [43, p. 169-172] [19, p. 48].

threshold control, proportional-integral-derivative (PID) control, (fuzzy) rule-
based control, observer-based control, and Model Predictive Control [15], [19,
p- 211]. Complex algorithms and models for state estimation and control of a
battery thermal management system can be integrated in a cloud-based system,
which provides more computational resources and access to large fleet data for an
improved control [19, p. 308-313], [69].

The fixed threshold control can be also called thermostat control [70] or setpoint
control [71]. Battery cooling or heating is activated if a threshold temperature
is exceeded, and deactivated according to a hysteresis to reduce the switch fre-
quency [19, p. 211]. Systems with high switch frequency profit from a more
stable control using PID [19, p. 211]. Better control performance can be achieved
using (fuzzy) rule-based control [19, p. 211], [72, 73, 74, 75]. However, rule-
based control is limited in flexibility and depends on domain knowledge and
experience [15]. In [76], an observer is derived from a reduced order model and
experimental data, providing an estimation of the battery cell core temperature as
input for a fixed threshold control. Inhomogeneities of the battery temperature
and required cooling flow are reduced with the observer-based control [76]. The
battery thermal management control can be improved with a predictive control

15
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using information about the route ahead from the navigation system and from
weather forecasts [66, p. 380], [16, p. 107-108,116-117], [6].

2.2 Model Predictive Control

Model Predictive Control (MPC) uses a system model to optimize control values
according to a cost function [77, p. 4], [78]. Fundamentals such as properties,
parameters, and types of MPC are introduced in 2.2.1. Examples of MPC for a
predictive battery thermal management are provided in 2.2.2.

2.2.1 Fundamentals

According to [77, p. 4], [78], and [79, p. 503-504], a system model predicts the
system states ¢ for different control values u for a defined prediction horizon in
each MPC control step. Fig. 2.6 shows a simplified MPC scheme. The predicted
system states ¢ are input to a cost function ¢ (also known as objective function)
which MPC tries to minimize. The control values u that lead to minimum costs and
satisfy (optional) constraints j are chosen until the next control step is reached
after the control horizon h.s;. Due to the iterative sliding window approach,
MPC is also known as Receding Horizon Control (RHC) [78]. Disturbances D
can impact the MPC performance on the observed system state y.

D

¢ J Choice of u System Y
control value
i) |a
System model

T after each hegrg

[ Model Predictive Control |

Figure 2.6: Example of a model predictive control scheme, based on [78], [79, p. 505].

16



2.2 Model Predictive Control

The control horizon h.,,; may differ from the prediction horizon hy, [77, p. 19], as
shown in Fig. 2.7. The prediction horizon should capture the effect of the control
variable @ on the predicted system behavior ¢ [78]. Large prediction horizons or
variable prediction horizon can be used for improved controller performance, with
the downside of additional computation time [77, p. 281], [80, p. 325,330-331].
The best performance is achieved in [16, p. 118-119] with prediction horizons
larger than the control horizon and below the real-time limit. Furthermore, the
step size can be adapted according to the expected system dynamics, for example
with larger steps for less dynamic situations or when the prediction accuracy
is expected to be high [80, p. 353-356]. In this case, computation times can
be reduced compared to an MPC with constant step size, which needs to be as
small as necessary to cover all situations (including higher system dynamics).
Additionally, computation times can be reduced by so-called move blocking of
the control variable [78]. By freezing the control value within a blocking horizon
hp, move blocking reduces the degrees of freedom of the MPC and, as a result, the
number of variants that need to be evaluated by the optimization algorithm [78].
The blocking horizon can be set to steps at the end of the prediction horizon, for
which the prediction might be less accurate. However, move blocking can result
in worse controller performance [78].

A

Horizon
Current position

}(_)t hb
,/1,,

—k o = - =)

Figure 2.7: Example of model predictive control horizons, based on [78].

The cost function ¢ of an MPC describes unwanted system states or control
values, for example if they lead to high energy consumption [80, p. 45-46]. The
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MPC control law aims at minimizing the cost function by choosing corresponding
control values [77, p. 21]. The cost function can be a weighted sum of individual
cost functions, which express different, possibly contradicting optimization goals
of the system and which is also known as multiobjective MPC [77, p. 213-214].
According to [77, p. 214], the individual cost functions can be considered as soft
constraints, which means undesired values can be reached or exceeded, but result
in higher costs. On the contrary, hard constraints such as safety or hardware limits
have to be obeyed anytime. Hard constraints can be categorized into overshoot
constraints, band constraints or terminal constraints, applied on control values
(inputs) or system states (outputs) [77, p. 177-183]. Constraints can be used
for optimization of operating conditions, transitions between operating points, or
minimization of system errors [77, p. 187].

Three key properties of MPC are feasibility, stability, and robustness. A predic-
tive control is not feasible if the optimizer cannot find a solution, for example
when hard constraints cannot be obeyed due to sudden perturbation [78], [77,
p. 206-207]. Possible solutions include relaxing the corresponding constraints
to soft constraints, neglecting constraints in the close horizon steps, or using a
back-up controller or control value [77, p. 207-208]. Stability is achieved if the
MPC can make the system reach the desired state even under the influence of
disturbances [78]. MPC robustness relates to the accuracy of system model pre-
dictions under system uncertainty (e.g. in disturbances, system models, boundary
conditions, and measurement noise) [78, 81]. The corresponding uncertainties
can be considered by a robust MPC scheme, for example with a prediction of
a band of future system states which includes the real system behavior, and is
narrow for low prediction uncertainty of good system models [77, p. 217-218].
A robust MPC can choose the control values by minimizing the cost function for
the most expected future states or the worst states of a predicted set of probable
system states [77, p. 224], [82].

According to [77, p. 13], the system model is the most important part of an MPC. It
needs to be as complex and complete as necessary to achieve the required accuracy.
On the other hand, an intuitive model understanding and efficient predictions of
the future system states are required as well. An advantage of MPC is that many
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types of system models can be used [78]. For example, dynamic, nonlinear
processes require nonlinear models for a predictive control, which is also known
as Nonlinear Model Predictive Control (NMPC) [77, p. 249]. According to [77,
p- 252], NMPC system models can be:

* Fundamental models based on physical equations, e.g. an energy balance.
If the process is close to linearity, the model can be linearized at different
operating points and composed as piecewise affine system [83].

 Data-driven, empirical models, e.g. Neural Networks.

* Gray box models, which combine fundamental models with empirical meth-
ods, e.g. Physics-informed Neural Networks (PINN) [84].

NMPC model development and the optimization problem including NMPC sta-
bility and robustness are more complex and require more computational resources
than linear MPC or classic controllers (e.g. PID) [77, p. 187,250,252]. Therefore,
explicit MPC and rule-extraction from MPC are introduced as computationally
less expensive and easier to integrate in a target system [78, 85]. In both ap-
proaches, the computationally expensive optimization is conducted offline for a
representative set of scenarios and the resulting control strategies are translated
into look-up tables or decision trees used in application [78, 85]. Since these mod-
els require simulations of a comprehensive set of scenarios, their most popular
applications are binary controllers with short prediction horizons [78].

Robustness in MPC requires an uncertainty model for optimization with con-
sideration of constraint satisfaction for mean expected or worst-case system
states [78, 81]. In contrast to deterministic uncertainty models, Stochastic Model
Predictive Control (SMPC) explicitly integrates system state probabilities, for ex-
ample using Markov Chains or Gaussian distributions [82]. According to [81],
SMPC control optimization can be based on the predicted mean and standard
deviation. For example, the violation of state constraints can be checked for the
predicted mean state, or the violation probability should stay below a thresh-
old, which is also called chance constraint [81]. The threshold needs to be a
compromise between the optimization costs and the satisfaction of the chance
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constraints [81]. SMPC can be applied for both linear and nonlinear MPC [82].
Due to possible unknown system uncertainties, empirical stochastic models are
developed based on data from the target domain with the expected probability
distribution of the application [81]. Thus, challenges of SMPC are the stochas-
tic model development for complex systems, computational requirements, and
uncertainty propagation between the control steps [81].

2.2.2 Examples for battery thermal management

Model Predictive Control (MPC) can be applied for a predictive battery thermal
management. Table 2.2 provides an overview of applications for each of the
model types: fundamental, empirical, and gray box.

In the references from Table 2.2, fundamental models are simplified by discretiza-
tion and finite sets, look-up tables, or model reductions. Empirical models are
derived from simulation or vehicle data of drive cycles. Uncertainty is considered
by an equation-based state observer in [89] or in an SMPC with a probability
distribution in [70, 68], and with unequal discretization of the distribution for
better computational performance in [18]. Reference models for performance
comparison include fixed threshold, PID (also without the differential part as PI)
and rule-based models. Dynamic Programming (DP) is used as baseline in [18].
DP is a global but computationally expensive optimization method, such that it is
more advantageous in a development stage rather than for online optimization [56,
p. 59-60], [18]. In [68], MPC computation times range from 0.23 s for a pre-
diction horizon of 5 s to 2.7 s for a horizon of 60 s. In [17], the computation
time is 1.82 s for a 50 s prediction horizon with 5 s sampling (i.e. 10 steps in the
prediction horizon). Prediction horizons range from 30 s to 60 s in [89, 23]. The
prediction horizon affects the temperature tracking error, energy consumption
reduction, computation time, and the occurrence of disturbances in [92].

The electric power of the thermal management actuators is used as control value,
additionally with the valve mode in [86, 93, 91]. Alternatively, the mass flow
rate is used in [23] and battery heating and cooling thresholds are adapted in [16,

20



2.2 Model Predictive Control

Table 2.2: Applications of Model Predictive Control for the battery thermal management.

Type Source Model details Reference model
[23] Linearized model with discretization, Fixed threshold
Neural Network for speed prediction
= [16, p. 116ff] Reduced system model Fixed threshold
g [56, p. 1091f] Reduced system model, with Fixed threshold,
g Pontryagin’s Maximum Principle DP
‘g [86] Uses functional mock-up unit PID
= [87, 88] Includes look-up tables, finite sets Rule-based
[89] Finite sets, state observer as PID
uncertainty model
= [17] Parameter fitting, based on a Fixed threshold,
I§ fundamental simulation model PI
E“ [90, 91] Neural Network, based on a Neural Network
- fundamental simulation model (without MPC)
[70, 18, 68] SMPC with probability distribution of Fixed threshold,
é heat generation from simulation data MPC, DP
59 [64] Neural Networks, connected Rule-based
] according to physical relations,

trained with vehicle data

p. 117-118]. The optimization goal is defined by a cost function of the battery

temperature (e.g. considering ageing) and energy consumption. The battery tem-
perature costs are included as difference from a setpoint (which can be derived

from an operational window [86]) or as an empirical cost function [87, 88]. Costs

for increased energy consumption are based on the electric power of the actuators,

mass flow, or valve opening. Furthermore, a stable operation of thermal man-

agement components (low frequency of changing operation modes) and hardware

constraints are included in [23, 86]. The difference between cabin temperature
and cabin AC setpoint temperature is considered in [91, 17, 86].
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The effect of predictive battery cooling and heating threshold adaption during
the trip on energy consumption is analyzed in [16, p. 116-123]. The standard
cooling strategy cools the battery down to 20 °C [16, p. 121]. In contrast, a
higher battery cooling threshold reduces energy consumption, due to less cooling
demand and higher efficiency of the battery at higher temperatures, with an
acceptable increase in battery ageing [16, p. 120-122]. Large prediction horizons
show greater reduction in energy consumption, especially for more dynamic drive
profiles which lead to larger heat generation [16, p. 123], [92]. The largest energy
consumption reduction of up to 9 % is achieved for simulated trips of 1 h with high
ambient temperatures of 35 °C [16, p. 122-123]. Compared to a fixed threshold
control, a predictive thermal management reduces the thermal management energy
consumption of a hybrid electric vehicle (HEV) by 50 % on average for seven
scenarios in [64]. Furthermore, predictive control with vehicle speed prediction
reduces the energy consumption of the BTMS of a Plug-In HEV (PHEV) by
up to 31 % in [23] without a negative ageing impact. In [17], battery cooling
energy consumption is reduced by 11 % and total energy consumption by 3 % for
simulations of a predictive battery thermal management in PHEV.

Further insights into battery thermal management strategies are provided by a
system analysis and the Dynamic Programming (DP) baseline in [56, p. 43-46,68-
80]. The investigation is decoupled from the control of the thermal management
actuators, which can be optimized separately for shorter time horizons [56, p. 66].
According to the analysis, the battery thermal management can be improved with a
predictive cooling during a downbhill drive, if it is followed by an uphill drive [56,
p- 45]. Another scenario is a cooling activation early in the trip for reduced
battery ageing during drive, or no battery cooling at all if ageing is acceptable
without [56, p. 78]. Furthermore, the importance of an accurate route estimation
for a predictive battery thermal management is discussed in [56, p. 132-134].

MPC requires accurate system models, which can be improved with data-driven
methods [15], [94, p. 10-11,58-59]. For example, Machine Learning can be
used for fast and scalable model development without the need of model assump-
tions [94, p. 10]. However, in this case representative data are required and model
uncertainty and complexity need to be considered for an application in MPC [94,
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p- 11]. Additionally to the battery thermal management, MPC with Neural Net-
works shows good performance in other applications such as longitudinal vehicle
control [95], energy management of hybrid vehicles [96], chemical processes [97],
and thermal management of buildings [98, 99, 100]. Therefore, corresponding
Machine Learning methods are presented in the following section.

2.3 Machine Learning for sequential data

According to [24, p. 27-28], Machine Learning (ML) is an automatic modeling
of a task by fitting an algorithm to training data without explicit rule construction.
ML tasks can be categorized into supervised learning (regression, classification)
and unsupervised learning (clustering) [24, p. 55]. Supervised learning can
be applied when the data consist of observations (data points) which include
the target values (e.g. dependent variables) [24, p. 63]. An exploratory data
analysis (EDA) and data processing are a crucial step before model training [24,
p- 37,43], [101, p. 27-28]. Model hyperparameters are tuned using validation
data with the same structure. Evaluation of model performance is based on test
data which have not been part of the training and validation data. The model
can be continuously improved with new data after its deployment to application.
Fig. 2.8 provides an ML pipeline with the corresponding steps. The principles and
steps are comparable for Deep Learning (DL) methods, which can be considered
a subcategory of ML using complex (deep) Neural Networks [24, p. 7-8].

test data
Exploratory Data Model Model
Data — . . —> .. —> .
N data analysis processing training testing
hyperparameter

optimization Deployment

Figure 2.8: Example of a Machine Learning pipeline, based on [24, p. 28].
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The advantages of ML include a fast, automated development of models and corre-
sponding rule discovery with better generalization to unseen scenarios, compared
to classic function development with hard coded rules [24, p. 27,30]. However,
challenges of ML development are the required data management and process-
ing, explainability, reproducibility, as well as finding the right trade-off between
accuracy (overfitting) and generalization (underfitting) [24, p. 27,119-121], [101,
p. 2-4]. Methods for evaluation of model performance depend on the tasks,
data type, and domain requirements [24, p. 60]. A comprehensive evaluation
of DL models is necessary due to their tendency to learn unintended shortcuts
instead of the desired decision rules [33]. This work focuses on sequential data,
also called time-series data, which is characterized by a meaningful order of ele-
ments in a sequence, as well as the frequency (or sampling) of the elements [24,
p. 39,204], [101, p. 52]. The pipeline steps are further explained for sequential
data in the following, including data analysis and processing, corresponding ML
methods, and evaluation.

2.3.1 Data analysis and processing

The performance of Machine Learning models can be improved when large data
sets are available, such that deeper Neural Networks can be developed [25, 102].
Data from different sources, also called cross-domain data, can be joined to
provide more comprehensive information of the task to the ML model [20]. For
example, informed ML combines measurement data with simulation data, which
might be cheaper and safer to obtain than conducting experiments [103, 104].
Besides the opportunities, using big data for Machine Learning brings additional
challenges to data analysis and processing considering data size, heterogeneity,
possible noise, and redundancies [105, 106, 107]. Table 2.3 summarizes key steps
of sequential data analysis and processing.

Exploratory Data Analysis (EDA) analyzes sequence characteristics such as level
(mean value), trend (rate), stationary behavior (trend-stationary, difference-
stationary), and seasonality (periodicity) [101, p. 52-55]. Resampling might
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Table 2.3: Overview of sequential data analysis and processing steps, based on [101, p. 28].

Focus Processing step Examples

Sequence characteristics ~ Trend analysis, resampling

2 Univariate or multivariate Occurrence of values, dependencies

= analysis between features

E Correlation analysis Pearson and cross correlation
Clustering Occurrence of characteristic patterns
Missing or faulty data Interpolation, outlier removal

o Feature engineering Feature construction, feature selec-

2 tion, dimension reduction

§ Data balancing Undersampling, oversampling

= Data augmentation Mathematical transformation, gener-

ative models
Range adjustment Rescaling, normalization

be required to achieve the same sampling frequency [24, p. 204], for example
downsampling by aggregation or upsampling by interpolation [101, p. 52]. Uni-
variate or multivariate analysis includes occurrence visualizations (e.g. boxplot,
histogram, pair plot) and statistical values (e.g. mean, variance, skewness) [101,
p- 31,36ff]. Pearson correlation helps to understand dependencies between fea-
tures (redundancy, e.g. for correlation values greater than 0.9 [108]) and between
a feature and the target variable (explainability) [101, p. 33], [24, p. 75-77]. Cross
correlation checks for similar patterns between two observed sequences [109].
It is known as autocorrelation if patterns within the same sequence but different
time-lags are analyzed [109], [101, p. 55]. Characteristic patterns of sequential
data can be identified with sub-sequence clustering (e.g. using k-Means clustering)
which groups similar sequences into the same cluster [109].

Missing and faulty data, also referred to as data noise, can be resolved by data
imputation (e.g. with interpolation, forward fill, mean value, k-Nearest Neighbor)
or data removal (e.g. with outlier analysis) [24, p. 42,68-69], [101, p. 52], [110,
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106]. Outlier analysis can be used to identify and remove noisy data [111,
p. 415], [112, 113]. Outlier types of sequential data include point, subsequence,
and time-series outliers [113]. An exemplary method for outlier removal is
isolation forest [114, 112], [111, p. 161-164]. Isolation forest is composed of
isolation trees, which sort outliers in less deep branches, assuming the outliers to
be located in sparse regions [111, p. 161-164]. Outlier detection is challenging
for high-dimensional data, when less relevant and noisy features hide relevant
outliers, which might be resolved with dimension reduction techniques [112].
Noise removal by smoothing and stationarity by differencing can improve the ML
performance [115, 116].

Another step in data processing is feature engineering, which consists of the con-
struction and selection of features that describe the system behavior as complete
as possible for accurate predictions [24, p. 52-55]. This is especially required
for classic ML models compared to Deep Learning methods [24, p. 142]. ML
model performance can be improved with physics-informed feature engineering,
which explicitly adds mathematical nonlinearities from the physical equations to
the feature set [108, 117]. After feature construction, feature selection is con-
ducted to reduce model complexity, noise, and redundancy, which reduces over-
fitting, the required computational resources and the required amount of training
data [101, p. 66-67], [108]. The feature set can be reduced by feature selec-
tion methods (e.g. correlation or scoring methods) or dimension reduction [24,
p. 77-81], [108]. Dimension reduction can be achieved with Principle Compo-
nent Analysis (PCA), Uniform Manifold Approximation and Projection (UMAP),
or t-distributed Stochastic Neighbour Embedding (t-SNE) [118]. A reduction to
two dimensions allows a visualization to check for overlap and relations between
groups [101, p. 64—66].

Data imbalance describes a skewed ratio between the amount of data of minority
classes (system behavior with low occurrence) and of majority classes (system
behavior with high occurrence), starting with ratios of 1:100, which can lead to
worse ML performance due to a prediction tendency to the majority classes [24,
p. 73-75]. Data balancing methods include an undersampling of the majority
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classes, oversampling of the minority classes, and adapted algorithms or met-
rics [24, p. 73-75]. For example, ML performance is improved in [119] with
cluster identification using k-means clustering and oversampling using the Syn-
thetic Minority Oversampling Technique (SMOTE). However, cluster overlap
needs to be taken care of in clustering based data balancing [120]. Adjusting the
amount of sequential data of a class can be done by windowing and window over-
lap (also known as stride) [24, p. 74], [121]. K-means clustering and simultaneous
under- and oversampling of the respective classes increases the ML performance
for sequential data in [122, 123]. Furthermore, better performance of ML models
for sequential data is achieved with data balancing in [124, 31, 125, 126, 127].
Data of minority classes can be increased with data augmentation [121, 128].

Data augmentation can be used to synthetically generate new data (without the
need to collect new measurements or conduct simulations) to improve the gener-
alization ability of ML models and reduce data imbalance [128]. Sequential data
can be generated from existing data by mathematical transformation (e.g. scaling,
jittering), pattern mixing, and generative models (e.g. Generative Adversarial Net-
works, GAN) [128, 129, 130]. Augmentation of sequential data can improve the
performance both for classification [128, 129, 131, 132, 133, 121] and forecasting
[129, 134, 135]. However, the validity of the generated data (e.g. considering
nonlinear physical dependencies and noise) as well as the development effort (e.g.
for training of GANs) need to be taken care of [121, 131, 130].

Dependent on the ML method, an adjustment of the value ranges might be re-
quired, for example by min-max-scaling per feature, standardization (scaling with
standard deviation), and normalization (considers distribution) [24, p. 70-72].
ML methods for sequential data are described in the following.

2.3.2 Forecasting of sequential data

Machine Learning models for sequential data forecasting can be categorized as
follows, based on [95, 136, 137, 138]:
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1. Single-step: single model which predicts a single value (at the horizon end).

2. Single-step multi-model: a group of single-step models which predict a
single value each for a different horizon.

3. Multi-step recursive: single-step model which recursively predicts the fol-
lowing steps based on the prediction of the corresponding previous step.

4. Multi-step multi-horizon: multi-input multi-output model, also known as
sequence-to-sequence [139], [24, p. 206], which predicts all steps at once.

Sequence forecasting models can be further distinguished by the number of in-
put or output variables, as univariate (one quantity) or multivariate (multiple
quantities) [138, 140, 141]. Classic ML regression models can be used for the
single-step, single-step multi-model, and multi-step recursive [142, 143, 144].
In consideration of their limited complexity, feature reduction can be applied
by converting the sequences into statistical values such as average and standard
deviation [145, 146]. Multi-step multi-horizon models include Convolutional
Neural Networks (CNN), Recurrent Neural Networks (RNN), and Transformer
models [138, 147, 139, 148, 149]. Compared to the other three categories, the
advantage of these multi-step multi-horizon models is their ability to explicitly
represent nonlinear, multivariate sequence information [138, 147, 148, 150]. Ad-
ditionally, a multi-step recursive prediction can lead to error accumulation over the
horizon steps and requires all additional inputs for future states [137, 138, 148].
Thus, multi-step multi-horizon models show better performance in [136]. Fur-
thermore, Neural Networks which are trained on a large data set of sequences are
more accurate than locally trained, statistical methods such as Auto-Regressive
Integrated Moving Average (ARIMA) [28]. A special type of Recurrent Neu-
ral Network is the Nonlinear Auto-Regressive with eXogeneous input (NARX)
model, which extends a nonlinear auto-regressive model with additional input
features [151, 152]. A NARX model takes input data from previous and current
steps and can be used as multi-step recursive or auto-regressive model [152].

Convolutional Neural Networks (CNN) apply a convolution filter (also known as
kernel) with trainable weights and tunable size over a vector (one dimensional
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convolution) or matrix (two dimensional convolution), followed by a pooling layer
(e.g. max pooling) for dimension reduction [24, p. 161-169,214-216], [148, 138,
28]. CNN can be used for both univariate models (with one dimensional con-
volution) and multivariate models (with parallel channels or two dimensional
convolution, which requires a consistent sampling frequency) [138], [24, p. 215].
Deep CNN contain repeated convolution and pooling layers with increasing ab-
straction level from inputs to outputs [147, 138]. A decreasing number of nodes
from inputs to outputs can reduce the training time and model size of deep ar-
chitectures, while achieving comparable prediction accuracy [153]. Multi-scale
channels can further increase the accuracy of CNN [93, 154]. Flatten layers and
dense layers (fully connected with activation functions) can be used for dimension
reduction to a specified number of output nodes [24, p. 161-169].

Recurrent Neural Networks (RNN) use memory nodes which take previous states
into account [24, p. 205-207]. Gated Recurrent Units (GRU) and Long Short-
Term Memory (LSTM) can be considered as a special type of RNN [147]. GRU
and LSTM use additional memory gates (input, forget, output) such that they
do not suffer from exploding or vanishing gradients (constrained weight tuning
during training [24, p. 158]) compared to classic RNN [138, 148, 28]. GRU are
less complex than LSTM, since they substitute the input gate and forget gate by
one combined gate [138]. Thus, using GRU can reduce the computation cost but
might result in lower prediction accuracy [138, 147], [24, p. 213-214]. Further
improvements can be achieved with bidirectional layers, including the attention
method or a combination with CNN [138, 147]. As an alternative to RNN
with attention, Transformer models include self-attention without recurrent layers,
which can result in faster model training or higher accuracy [147, 149, 28, 155].

In order to avoid overfitting, regularization methods can be used, such as L1 and
L2 weight regularization, dropout, and batch normalization [24, p. 160], [156].
Dropout multiplies a Bernoulli distributed random noise (with value O or 1)
to each node of a hidden layer during training, such that nodes are randomly
removed with a given probability for the value O (which is a hyperparameter of
dropout) [156], [24, p. 160]. Batch normalization rescales the outputs of a hidden
layer by mean and variance [156]. Both methods can be combined, with dropout
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followed by batch normalization [156, 157]. Random weight initialization before
model training can further improve the model performance [24, p. 159].

Sequence forecasting models can provide the prediction uncertainty with distribu-
tion functions (e.g. Gaussian) or quantiles [28]. Quantile prediction models are
not limited to a distribution function and can be useful for decision makers and
in optimization [27]. Corresponding methods are based on quantile regression
using the pinball loss [28]. Table 2.4 provides an overview of Neural Network ap-
plications with quantile regression for sequence predictions. Quantile regression
models can be improved with additional constraints and weights [158], generative
quantile copula [159], or incremental spline quantile functions [160]. Refer-
ence models can be based on classic regression methods (e.g. Quantile Random
Forest) [161, 162, 163].

Table 2.4: Neural Networks for probabilistic forecasting of sequences using quantile regression.

Base model Application Source

Neural Network (NN) Electric load, traffic, [164, 161, 163,
website traffic 160]

CNN Retail, electric load, traffic [27, 159, 165]

LSTM Retail, electric load, traffic, [27, 166, 167,
website traffic 158]

Bi-directional LSTM Electric load [140]

LSTM with attention Electric load [162]

Ensemble (e.g. with NN,  Wind power, electric load [168, 169, 158,

CNN, LSTM) 170]

Transformer Retail, electric load, traffic, [171, 172]

finance, biogas production

Hyperparameter optimization (HPO) leads to better ML performance than using
the default hyperparameters or manually adjusting the hyperparameters [173,
174]. The performance of different HPO algorithms depends on the domain and
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data set [175]. For example, Bayesian optimization is used for HPO of Neural
Networks for sequence forecasting in [176, 177, 178]. Bayesian optimization
iteratively estimates and evaluates hyperparameters, based on previous trials and
an acquisition function [173, 175]. According to [175, 179], the acquisition
function balances exploration and exploitation of the search space, for example
with estimation of the expected improvement. Compared to HPO with grid search
or random search, Bayesian optimization is faster due to its guided search [173,
175]. HPO can be extended by data balancing parameters and architectural
design choices [180, 181, 178]. In [175], Bayesian optimization is more robust
because of model diversity, early-stopping, parallelization, and an adjustment of
the optimization function. Furthermore, Bayesian optimization is faster when the
computation time is included in the acquisition function [182], or when using
data subsets for training and validation, in parallel or with growing size over the
optimization trials [183, 178]. An analysis of hyperparameter importance can
provide insights into explainability of HPO [184, 178]. According to [185, 173],
Bayesian HPO can be improved in combination with the Hyperband optimization
method [186]. Moreover, model optimization can be extended to simultaneously
optimize data processing and model hyperparameters, for example using Genetic
Algorithms for optimized LSTM models [187].

The prediction performance of sequence forecasting models can be evaluated using
regression metrics such as Mean Squared Error (MSE), Root Mean Squared Er-
ror (RMSE), and Coefficient of Determination (R?) [188]. Probabilistic forecasts
can be evaluated using the Winkler Score (WS), Crossover Rate Score (CORS),
sharpness (1) [158], as well as calibration (share of true values within quan-
tiles) [189]. Furthermore, an evaluation of probabilistic sequence forecasting
models can include the prediction robustness towards perturbation and noise [190].
An analysis of feature importance provides insights into the contribution of each
input variable to the prediction [162]. In [162], it is calculated as aggregation
of the LSTM attention weights based on the training data, both for the whole se-
quence and dependent on the horizon step (for temporal importance evaluation).
Besides the consideration of model weights, feature importance of Neural Net-
works can be analyzed with input permutation [191]. For example, permutation
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feature importance can be obtained from the increase in prediction error after
randomly shuffling the values of the corresponding feature in the test data [192].

2.3.3 Application-related topics

This section provides an overview of ML applications for electric vehicle batteries,
as well as methods which support model deployment to vehicles. An overview of
Neural Networks (NN) for battery temperature prediction is given in Table 2.5.
NNs are used for state estimation (also known as soft sensors) to predict the current
battery temperature, heat generation, or heat transfer (with the Nusselt number).
The NN are trained with simulations or measurements of battery cells, packs or
vehicle batteries. Single-step NNs are used for single-step forecasting or recursive
multi-step forecasting (e.g. for application in Model Predictive Control [90, 91,
64]). Single-step prediction of the change in battery temperature showed better
accuracy and robustness with LSTM than with GRU in [193]. Furthermore,
multi-horizon models are used for a direct multi-step forecasting (sequence to
sequence). Multi-horizon LSTM performs better than statistical models as well as
classic regression models (including Decision Tree and Random Forest) in [194].
Battery temperature prediction is more accurate with GRU than with LSTM and
CNN in [195], and best performance is achieved with a combination of CNN and
Transformer model (RMSE: 0.12 °C). However, the change in battery temperature
stays within a range of 3 °C (and less for the test sequences).

Automotive software contains millions of conditional statements, functions, and
function calls due to (growing) complexity [203]. Software complexity is in-
creased by a high number of variants, for example for countries with different cli-
mate conditions, regulations, and customer preferences [203]. Software develop-
ment for automotive ML applications requires additional (time-consuming) steps,
such as data collection, data analysis and processing, as well as ML model training
and evaluation (additionally to classic hardware and software testing) [204, 205].
Limited development times require a compromise on model accuracy [204]. Fur-
thermore, ML models and the corresponding data need to be interpretable and
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Table 2.5: Neural Networks for battery temperature prediction.

Category Type Training data Source
NN Pack measurement [196]

Stae . LSTM Cell measurement  [197]
NN (heat generation) Cell measurement [198]
NN (Nusselt number) Pack simulation [199]
NN Pack simulation [90, 91]

Single-step NARX Vehicle measurement [64, 200]

model NARX Cell simulation [201, 202]
GRU, LSTM Cell measurement [193]

Multi-horizon LSTM Cell measurement [194]

model CNN, GRU, LSTM,  Cell measurement ~ [195]
Transformer

understandable for safety and quality assurance [206], which is difficult due to the
probabilistic ML behavior [205]. Model deployment, system integration and mon-
itoring further increase the technical complexity of ML application [207]. ML
applications in automotive electrics and electronics (E/E) systems require large
processing power, flash memory, and Random Access Memory (RAM) for data
storage and processing [208]. Moreover, the communication systems need to han-
dle the transmission of sensor and map data for distributed functions [208]. Ap-
plications of deep Neural Networks have high memory requirements considering
their number of model parameters and mathematical operations, which motivates
memory optimization with corresponding runtime scheduling [209, 210].

Considering the need of large data sets for ML training, Transfer Learning (TL)
of an existing ML model can help when only few data of the target application in
another domain or task are available [211, 212]. TL transfers the knowledge of
low-level patterns and corresponding feature extraction from a pretrained Neural
Network to the target domain [24, p. 169], [211]. Model-based TL methods
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include fine-tuning a pretrained model, partial freezing of model layers or nodes,
and architecture modifications (e.g. adding layers) [212]. The training procedure
can be adjusted to keep the knowledge of the pretrained model, specifically for low-
level layers, by reduction of number of epochs or learning rate (learning rate for NN
layers increasing from input to output) [212]. In [213], Bayesian hyperparameter
optimization is applied to Transfer Learning models, with better performance
using the same set of hyperparameters for the pretrained model and fine-tuning,
compared to a separate HPO. While the computation time of predictions with deep
Neural Networks in applications is comparable to classic ML models, training can
be more time-consuming [138]. However, Transfer Learning reduces the training
time compared to training a model from scratch [211].

The requirement of interpretable ML can be addressed with feature importance
analysis or Decision Trees extracted from Neural Networks (NN) [206]. Fur-
thermore, the computational requirements of NNs can be reduced by quantization
with look-up tables [214] or replacing convolutional layers by decision trees [215].
The replacement of Convolutional Neural Networks by Decision Tree Ensembles
further reduces the computational complexity with comparable accuracy in [209].
Decision Trees can be extracted from trained NNs using genetic algorithms [216]
or custom splitting methods with fidelity pruning [217]. Alternatively, inter-
pretable fuzzy rules can be derived from NNs [218]. Additionally, Decision Trees
can be used for extraction of interpretable and less computationally expensive
rules from Model Predictive Control (MPC) [219, 220, 85]. For example, [85]
employ time-series clustering of MPC simulations and develop Decision Trees
with low complexity for classification of the clustered control strategies.

2.4 Research gaps

The literature review covers key properties of electric vehicle batteries and their
thermal management, Model Predictive Control (MPC), as well as Machine Learn-
ing (ML) methods for sequential data. The energy consumption and range of
electric vehicles depends on various consumers, including the battery thermal
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management which is required to reduce temperature-related battery ageing and
power limitation. MPC can be used for an optimized battery thermal manage-
ment, with an explicit definition of cost functions that meet the corresponding
requirements and with predictions from Neural Networks (NN). (Deep) Neural
Networks can be built for multi-horizon sequence forecasting, but require large
data sets and corresponding data analysis and processing methods. Sequence
forecasting models can be extended by the prediction uncertainty. Additional
challenges for the deployment of ML models include computational requirements
and interpretability. Most battery temperature forecasting methods are based on
single-step models and either simulations or measurements of battery cells or
packs.

Despite the growing research on Machine Learning and its application to battery
(thermal) management, several research gaps can be identified. The first gap
consists of the combination of multi-horizon NNs for probabilistic sequence
prediction with both history inputs and foresight inputs, as well as their training on
balanced and augmented data from both simulations and fleet measurements. This
combination is not covered in literature, although it potentially achieves prediction
models with high accuracy, using information about the route ahead, and the ability
to predict simulated behavior that is not present in measurements. Furthermore,
the prediction of quantile sequences potentially leads to more flexibility and
robustness for later application, in contrast to predictions of fixed distribution
functions or without any uncertainty quantification, which is still more common
in literature.

The second gap is identified as MPC using accurate sequence predictions and the
prediction uncertainty from such a NN, with an explicit modelling of key system
properties in the optimization cost functions and variation of novel strategies
that the NN learned from simulations. The design of MPC with such a NN is
not present in literature, despite its potentially improved control strategies with
reduced optimization costs and high robustness against uncertainty.

As a third gap, Transfer Learning and rule extraction need to be investigated
to address application requirements for deployment of such prediction models
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and predictive control. Specifically, all three research gaps are present for their
combined application for battery temperature prediction and predictive battery
thermal management on vehicle level. In contrast, the reviewed literature targets
single elements of these gaps and often focuses on battery cell or pack level. Thus,
this dissertation aims at filling these three research gaps to improve the energy-
efficiency of an electric vehicle battery thermal management. In summary, the
following research questions are raised:

1. How can we use a Neural Network to predict battery temperature sequences
with consideration of its prediction uncertainty and foresight inputs, based
on large data sets from simulations and fleet measurements?

2. How can we use such a prediction model for a predictive control in order to
improve the efficiency of the battery thermal management?

3. How can we extend the method of prediction model and predictive control
to industrial application?

The research questions are addressed by the development of a method for se-
quence prediction with prediction uncertainty and a corresponding predictive
control in chapter 3. The method is applied to the battery thermal management
in chapter 4. The developed models are compared with reference models. Fur-
thermore, the method potentials, limitations, and differences to existing research
are discussed in chapter 5.
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quantile prediction models

In this chapter, a method for developing a predictive control using Machine Learn-
ing methods is described. The chapter first introduces the problem statement and
the development pipeline (3.1). The pipeline steps are further explained in the
following sections, namely the prediction model (3.2), predictive control (3.3),
and an assessment for applicability of the models (3.4).

3.1 Problem statement and pipeline

Predictive control assesses possible predicted future states in order to determine
the best control strategy at that point. Machine Learning methods are able to model
complex relations in a data-driven way and can provide the required prediction.
The development of a prediction model and predictive control is specified in the
problem statement and pipeline. The problem statement describes the goal and
requirements of the desired models as well as their application in a target system
(also referred to as target domain). Thus, it is comparable to the step of business
understanding in the Cross Industry Standard Process for Data Mining (CRISP-
DM) [221]. The problem statement can be derived from the research questions
(see 2.4), i.e. how data sets and foresight data can be used for a predictive control
using Machine Learning methods. Fig. 3.1 shows the development pipeline which
defines the structure of this chapter. Different problem statements can lead to
different pipelines with additional or removed steps.
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Prediction model (3.2)

Data collection Model Model testing
and preparation development Rule—'ba.sed
Data source Architecture Metrics ..v| prediction
Understanding Parameter Model selection "*»" Model
- optimization transfer
Processing
A 4

Predictive control (3.3)

Cost functions —» Control design —»  Evaluation
v
Rule-based strategies

ment of applicability (3.4)

Figure 3.1: Development pipeline for the Machine Learning based predictive control with its steps
(gray boxes). The dotted arrows indicate optional steps dependent on the goal and
requirements from the problem statement.

The main steps of obtaining a prediction model include data collection and prepa-
ration, model development, and model testing. Data collection and preparation
considers input data from different domains or sources. The properties of the
data sets need to be investigated, which is called data understanding as in CRISP-
DM [221]. Data processing is required for model development, which includes
the architectural model design and optimization of parameters. The prediction
model horizon and its sampling frequency are chosen according to the dynamics
of the system behavior. Different models are developed and compared in order
to select the best performing model, which is evaluated using according metrics
in the step of model testing. Dependent on the application, a model transfer to
the target domain might be needed. If applicable, simple rule-based prediction
models can be trained.
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The predictive control integrates the prediction model in the control design. The
control design considers cost functions that are application-specific and determine
the chosen control value in each control step. The controller performance is
evaluated for tuning the control parameters and for comparison of its potentials
and limitations with other controller types. If the predictive controller and its
prediction model are too complex, thus require too much computation power
and resources in the application, simpler rule-based strategies can be derived
from the control. The problem statement specifies the allowed complexity of
the controller, as well as the choice of the control variable (v in 2.2.1), its value
range, and the target variable (y in 2.2.1) for the predictions. An assessment
of applicability concludes the development pipeline with a comparison with the
goals and requirements from the problem statement.

3.2 Prediction model

The steps of developing prediction models are further explained in the following
sections, including data collection and preparation (3.2.1), model development
(3.2.2), model testing (3.2.3) as well as the optional steps of rule-based prediction
and model transfer (3.2.4). The goal is to find a model with good prediction
performance fulfilling the application requirements. Additionally, the steps of
model development and testing include reference models for comparison.

3.2.1 Data collection and preparation

The step of data collection and preparation is important for the performance
of Machine Learning models trained and tested on that data. The prediction
capability is limited to the information contained in the training data and to the
quality of the training data. Therefore, data collection or generation need to be
suited to the desired information for later model application. This includes the
choice of data source, data sampling (features, step size, and horizons), and data
filtering (of faulty data or imbalanced data). It is based on a deeper understanding
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of the problem statement, the underlying physical dependencies, and the properties
of the collected data.

3.2.1.1 Data source and understanding

According to the problem statement, mainly two data sources are chosen as
in [1, 3]: simulation data which contain information of novel control strategies
and a large measurement data set from a fleet of target systems (in the following
called fleet data). Simulation data can be generated using a custom Design of
Experiments (DOE), with a focus on the effect of different control values u on
system behavior y. While simulations can be time-consuming and the modeled
physical dependencies may be simplified, fleet data can cover real scenarios from
the target system with all physical dependencies. The different data sets are
combined, which can be described as cross-domain data fusion as explained in
[20]. Sequenced data is sampled to the same step size for all data sets. The step
size is chosen as small as necessary to describe the system dynamics but as large
as possible to reduce the data set size. The resulting steps of equal size are called
segments in this work for a better distinction. In case of fleet data, inaccuracies
of the corresponding sampling parameter (e.g. measured distances) are analyzed
concerning their effect on data sampling.

Feature selection and feature engineering can be supported by an analysis of the
physical dependencies and by redundancy identification using Pearson correlation,
as done in [1]. Checking the range and monotony of features helps to identify
gaps or errors in the data set, which can be the result of faulty simulation models
or sensors [1]. Including the control variable of the predictive control as input
is important for later application in a predictive control. Further data analysis
can target the needed system behavior such as plausible effects of varied control
values in the simulation data in [1].

An analysis of varied control values in the collected data set investigates how dif-
ferent control values change the system behavior. This is required for prediction
models trained on that data to learn plausible effects between control value and
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Figure 3.2: Processing steps for control value analysis using cross correlation.

system behavior. The effects can be analyzed by statistical analysis with visual-
izations of value distributions (e.g. box plots) and correlation analysis. The data
set can be split into a subset for each control value or strategy. Then, distributions
of key variables can be obtained for each subset, for instance the target variable
or additional system quantities such as its energy consumption. A comparison of
the subsets needs to show plausible differences in the distributions, for example a
rising energy consumption for control values that increase the activity of energy
consuming system states. Cross correlation can be used to analyze the effect of
different control values on shifts of according quantities. For example, when
comparing data of two thresholds with the same profile and boundary conditions,
a shift in time can be identified by cross correlation of the same key quantity from
the two data samples, as described in Fig. 3.2. Additionally, Pearson correlation
can be used for an analysis of redundancies (correlation greater than 0.9 between
two input features) and suitability of input features (correlation greater than 0.5
between an input feature and the target feature).

Sequence clustering is used to investigate characteristic system behavior and its
occurrence in the data, as proposed by [3]. Sequence clustering can be a multivari-
ate (with several input features) or univariate (only the target variable) clustering
of extracted sequences, dependent on the scope of the analysis. Mini-batch k-
means algorithm can be applied using sum of squared distances (the lower the
better) and silhouette score (the higher the better) to determine the best suitable
number of clusters. The clustering results are further investigated using Uniform
Manifold Approximation and Projection (UMAP) for a reduction of the sequence
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to two dimensions, followed by a two-dimensional visualization. A good clus-
tering is characterized by no or only small overlap of the clusters. The typical
cluster behavior of the sequence can be further analyzed by calculating the aver-
age sequence for each cluster, using Dynamic Time Warping based Barycentric
Averaging (DBA). Together with the cluster occurrence, the average cluster curves
provide an indicator about which system behavior occurs how often in the col-
lected data set. Anomalies can be removed using outlier detection (e.g. with
isolation forest), as done in [3]. Alternatively to clustering complete sequences
of sequence data, the sequences can be resampled to single values for occurrence
analysis. For instance, the difference between maximum and minimum value of
a sequence can be considered to describe the system dynamics in a simplified
way [1].

3.2.1.2 Processing

Processing is required to obtain the data in the right shape for model training and
testing. This includes the handling of faulty data and data gaps, for example by
interpolation or using qualifier features [1]. The latter contain the information if
the current value is obtained from the original data set or if it is a placeholder
for a data gap. Further steps are joining additional data (e.g. weather data), data
normalization, window slicing, data balancing, and data augmentation.

Window slicing considers different input and output horizons. Fig. 3.3 schemat-
ically shows the horizons considered in this work. A history input horizon hy
contains recorded values X} from previous segments (equally-sized steps after
sampling). A foresight input horizon h; includes values X ; forecasted for the
following segments, which can be obtained if future system states can be derived
from external information, for example active guidance to a destination using
a navigation system or a weather forecast. The prediction (output) horizon h,,
covers the target values y which the model needs to predict. In this work, a fixed
horizon size is used for each of the three horizons. At the beginning of a scenario
(after the system started), the available number of previous segments is smaller
than the history horizon. Close to the end of a scenario (the system is about to
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Figure 3.3: Window slicing and the resulting horizons for segments s.

be stopped), the number of foresight input segments and the number of predicted
segments can be smaller than the according horizon sizes. For these cases, a
qualifier feature is introduced which contains the information which segments are
exceeding the start or end of a sequence profile, as proposed by [1]. Window
slicing can be performed at each consecutive segment, or with a defined overlap
between the resulting sequences. The overlap can be picked to achieve a balance
between redundancy (large overlap, e.g. sequences of two consecutive segments
only differ in one segment) and loss of information (small overlap, e.g. charac-
teristic system behavior might not be covered by a sequence but is only partially
included in neighboring sequences).

Data balancing targets a possibly imbalanced distribution of the system behavior.
The distribution can be obtained by calculating the occurrence of the output
variable range (difference between maximum and minimum within the prediction
horizon) as in [1] or from a sequence clustering as previously described in this
section and done by [3]. The data set is then balanced by reducing the amount
of data of the majority classes, increasing the amount of data of the minority
classes, or a combination of both. In [3], data balancing is conducted for the
fleet data by sequence clustering, followed by random undersampling or random
oversampling of the resulting classes. On the one hand, undersampling can result
in information loss, dependent on the variance of data within each cluster. On the
other hand, oversampling does not increase model knowledge about the respective
class. Instead, data balancing helps the model to not (completely) neglect minority
classes during training and evaluation.

43



3 Method of predictive control with quantile prediction models

Data imbalance can also exist between two different data sets, such as a smaller
simulation data set compared with a larger fleet data set in [3]. In this case,
data augmentation is proposed to increase the data set size by synthesizing new
data based on the original data set. Besides reducing the data imbalance, data
augmentation can bring additional variety into the simulation data set which
reduces possible overfitting. The simulation data set is augmented using the
newly introduced method of Intersection-Based Assembly (IBA) to increase its
share compared to the fleet data [3]. The main steps of this novel method are
shown in Fig. 3.4. In the original data set, segments of two different sequences
A and B are matched according to matching criteria for a given feature set. For
instance, the corresponding values are required to be equal within a matching
tolerance. Two new sequences A; Bs and Bj A are composed by combining the
two parts (1 and 2) of the two original sequences (A and B) around the matched
segment. The new sequences are cut such that the intersection is contained in
one of the horizons (from Fig. 3.3) in order to avoid data duplication. The larger
the chosen matching tolerance, the more data can be generated, but the more
inaccurate the transition at the intersection might be.

After the data preparation steps are complete, a training, validation, and testing
data set are available for building, training, and evaluation of prediction models.
Further processing depends on the model type and architecture and is covered in
the following section.

3.2.2 Model development

The step of model development includes the selection of model type, design
of model architecture, and hyperparameter optimization based on the validation
data. In this work, the focus is on Deep Learning (DL) based Quantile Neural
Networks (Q*NN). Single-step regression models are built for reference and com-
parison. Therefore, this section is divided into the development of Q*NN models
(3.2.2.1) and reference models (3.2.2.2).
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Figure 3.4: Intersection-based assembly, based on [3]. For example, newly composed sequences
A1 B and Bj Az are derived from sequence A (“Worldwide harmonized Light vehicles
Test Cycle” (WLTC) [222]) and sequence B (“US06 cycle” [223]). The new sequences
are cut to the gray area.

3.2.2.1 Quantile Neural Networks (Q*NN)

The proposed prediction model is based on Neural Networks using convolutional
or recurrent layers to handle the characteristics of time-series or sequences, as
described in [1, 3]. It handles sequences from the two input horizons history
and foresight (see subsection 3.2.1) and predicts sequences of the target variable.
The model is designed to additionally provide information about the prediction
uncertainty. Since the underlying distributions cannot be assumed to follow a
specific distribution (e.g. Gaussian), the uncertainty is provided by a prediction
of quantile sequences. One quantile sequence consists of one defined quantile for
each consecutive segment in a sequence, for example the 0.5 quantile sequence is
composed of the 0.5 quantiles of each segment. The model architecture aims at a
decreasing size from inputs to outputs for faster training and lower computational
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load (see 2.3.2). The proposed model characteristics are considered in the Neural
Network architecture, which is shown in Fig. 3.5 and follows the design choices

from [1, 3].

In the first layers, the different input horizons are handled individually by two
input channels, named input history and input foresight. Each of them consists
of a group (called "Sequence") that handles the sequence characteristics and a
group (called "Compress") that compresses the intermediate outputs for the fol-
lowing channel merge. The "Sequence" group contains either Long Short-Term
Memory (LSTM), Gated Recurrent Unit (GRU), or one-dimensional convolu-
tional ("Conv1D") layers (as described in 2.3.2). The number of the recurrent or
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convolutional layers is given by N. In this work, NN is set to one for all models for
the sequence block in the input channels. In the case of convolutional layers, a
layer for batch normalization ("BatchNorm") and a layer with maximum pooling
("MaxPooling") are added afterwards for regularization (see 2.3.2). The "Com-
press" group contains a dense layer, another "BatchNorm" layer, dropout, and a
flatten layer. The additional "BatchNorm" layer and dropout layer are used for
further regularization and are ordered as suggested by [156, 157, 224]. The "Com-
press" group reduces the number of trainable parameters to enable a following
channel merge with comparable number of parameters per layer.

The output of both channels is merged in a combined channel using a concate-
nate layer. An "ExpandDims" layer expands the merged data by one dimension
(with size one) for further sequence processing. Later hyperparameter optimiza-
tion (HPO) considers an architecture with N = 2 and one with N = 4 (referred
to as deeper network) for the sequence block in the combined channel. After
another compression, the output is defined by one linear dense layer per quantile.
The architecture is concluded with a custom layer that calculates the loss function
Lyotq; using constrained quantile weights. Model training and HPO aim at mini-
mizing the loss function. L, is calculated according to (3.1) by a weighted sum
(with weight w;,, s ) of the Mean Squared Error (MSE) L,,, <. (3.2) and constrained
weighted quantile loss L, (3.3). The equations of L, and its components
are based on [1], extending the loss function described in [158].

Ltotal = Wmse * Lmse + (1 - wmse) . Lcwq (31)

The MSE describes the difference between the true values y and the median
prediction (0.5 quantile) 4, , over the prediction horizon with n,, segments. L,
sums up the pinball loss L, with trainable but constrained weights y:; per quantile
over all n, quantiles. The pinball loss L, (3.4) punishes the difference between
true value and quantile prediction g,, differently, dependent on the quantile g;,
purposely allowing quantile-related over- or underestimation of the true value.
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The quantile weights p; are constrained by a softmax function, symmetry around
the median, fixed inital values, and fixed order, as described in [1].

np

1 .
Lmse = Z(yz - yi,q0,5)2 (32)
-
Lewg = Hj b [ )y J (33)
e L et
Ly (i, ) = max[(q; — 1) (vi — Yiq;)s 05 (Yi — Jisg; )] 3.4

The number of nodes per layer is decreasing from input to output layers. Thus,
a higher number of nodes can capture complex patterns of the input sequences
in the first layers and a reduced number of nodes for layers closer to the output
reduces model size and improves the computation time [153]. A variable base
number of nodes is used as hyperparameter, which is multiplied by a fixed factor
for each layer ensuring the decreasing relation. The fixed factors and further layer
parameters are the same than in [1] and listed in A.3.!

The Q*NN hyperparameters can be divided into two groups, related to model
architecture or to model training. Architectural hyperparameters are the base
number of layer nodes, dropout rate, loss weight w,, s, and the number of sequence
processing layers IV in the combined channel. Training parameters include the
learning rate and mini-batch size. The hyperparameters can be obtained by
random grid search as in [1] or by an efficient Bayesian optimization as in [3]. For
the latter, the first trials are run using a share of the training data to quickly obtain
first indication of proper and non-proper hyperparameters and their combination.
The share is increased over the number of trials, such that the last trials are run

1 For the deeper network with two additional convolutional layers, a kernel size of 9 and 5 is chosen.

For the LSTM and GRU layers, the number of units equals the base number of nodes.
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with all training data for fine-tuning. The share p(7) can be described by a formula
such as (3.5) from [3], with trial number 7 and the total number of trials 7.

0.9
1+ exp(—12 % (

p(r) = [100 (0.1 + /100 (3.5)

o 0.4)) )1
For each trial of hyperparameters, at least two models are trained from scratch
to consider possibly bad performance when training reaches and stays at a local
minimum. For each model, the minimum validation loss is obtained over all
training epochs. The trial is then evaluated using the average of the minimum
validation losses. Three new models are trained using the hyperparameters of the
trial with lowest loss and all training data. The model with lowest validation loss
is used for testing and for a comparison with reference models.

3.2.2.2 Reference models

Reference models are developed using standard Machine Learning methods to
provide a baseline for the evaluation of the Q*NN models. Regression and quantile
regression models are built to predict a single-step in the prediction horizon in
contrast to a sequence. Models with different horizons can be combined to
obtain multi-step predictions. While (deep) Neural Networks can handle large
numbers of input features, the dimension and number of input features need to be
reduced for classic regression models. This can be achieved by additional feature
processing, such as the calculation of average, standard deviation, maximum,
or minimum of the feature over the horizon. Moreover, this processing can be
applied to the differences of subsequent values of a feature (comparable with the
first derivative).

Classic regression models can be built using automated Machine Learning tools
(e.g. the Pycaret Python package [225]). This enables fast training and compari-
son of different regression methods, such as Random Forest (RF), Light Gradient
Boosting Machine (LGBM), and Extra Trees Regressor (ETR). For each con-
sidered horizon, the model with lowest validation loss is picked as reference for
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the following testing and comparison with the Q*NN models. The validation
loss can be based on various regression metrics such as the Root Mean Squared
Error (RMSE) or Coefficient of Determination (R?). In contrast to classic regres-
sion methods, quantile regression can provide single-step predictions for different
quantiles. For example, Quantile Random Forest (QRF) or Quantile Extra Trees
Regressor (QETR) are corresponding methods offered by the Python package
scikit-garden [226]. Another considered reference model is a Shallow Decision
Tree (SDT) [3]. It is also a one-step regression model built for different hori-
zons. Its hyperparameters of maximum depth and maximum number of leaves
are optimized using grid search. Their ranges are limited according to the require-
ments of maximum allowed complexity for rule-based prediction in 3.2.4. The
hyperparameter set with lowest validation loss is proposed as best suitable SDT
model.

3.2.3 Model testing

The performance of the trained Q*NN and reference models is evaluated and
compared based on the test data. Different metrics and diagrams are used for
an evaluation of the point-prediction performance and the quantile-related perfor-
mance, which are explained in the following sections. Further analysis includes
prediction examples and feature importance derived from model weights. The
goal of this step is to identify potentials and limitations of the different model
types and to choose the best performing model for a predictive control.

3.2.3.1 Point-prediction performance

Point-prediction performance refers to the evaluation of only one predicted seg-
ment or sequence compared with the true values, in contrast to an evaluation of
several quantile sequences and their quantile-related properties. Regression mod-
els only predict one point, such that they only offer one predicted sequence (when
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models with different horizons are combined). For quantile-based models, point-
prediction performance is evaluated for the 0.5 quantile (median) prediction. The
evaluation of point-prediction performance is based on classic regression met-
rics and visualizations. These metrics include the MSE, RMSE, R?, and Mean
Absolute Error (MAE).

The R? is calculated according to (3.6), with the true values y, their average y,
the predicted value g, per segment, n;, segments in the prediction horizon, n,
observations in the test data. The numerator is the sum of the squared prediction
errors (y; — 9Jq;)- The denominator contains the sum of squares of the deviation
of the data from their mean value and a constant ¢ to avoid possible division by
zero. The values of R? are lower or equal than 1, with 1 being the best, and
possible negative values in non-linear regression [227, 228, 229, 230]. Negative
values occur if the prediction errors (numerator) are significantly larger than the
deviation of the data from the average (denominator). Thus, a model with R?
smaller than zero performs worse than a model which always predicts the average
value, independent of the model inputs. Besides zero, another R? significance
level can be defined to evaluate if model accuracy is not good enough for the given
application, even if it is better than predicting the average value. This threshold
depends on the application, for example in social sciences it can be 0.51 or 0.1
dependent on further statistical properties [230]. In this work, it is set to 0.51, but
the choice of the right threshold is recommended for future research.

Zgll :szl(yl - g%‘)z
Yo i (i —9)? +e
The smoothness o, of the predicted quantile q; is an additional metric used

in [1]. It is defined by (3.7) with the standard deviation o of the first derivative
of a predicted sequence, approximated by the difference of the predicted value

R¥(q;) =1-— , withe = 1077 (3.6)

¥q; between two consecutive segments s; and sz, divided by the difference of
the segments (which is a fixed value, according to the definition of the segment,
e.g. distance or time), with n,, segments in the prediction horizon. Lower values
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indicate smoother sequences, which is desired for systems with normal dynamics
(contrary to systems with high frequencies of large changes of the system states).

o (r —7)2 g (82) — Ug. (8
Smoothness(q;) = 04, = M, with © = w
Mp 82 — 81

3.7

Visualizations include regression plots and error histograms. All metrics and
visualizations can be investigated for different horizons and for different values
of the control variable used by the predictive control. Regression plots show the
predicted values over the true (target) values. Thus, the prediction performance
can be analyzed dependent on the true value, for example to specifically check
prediction accuracy for large true values (i.e. dynamic system behavior). Error
histograms give insights into the occurrence of (larger) errors and over- or un-
derestimation of the true values. Additional metrics can be derived to describe
the maximum error for a given data share, for example a maximum RMSE for
90 % of the test data. These metrics and visualizations can be beneficial for the
evaluation of how well the model serves the given problem statement.

3.2.3.2 Quantile-related performance

Quantile-related performance is evaluated with metrics and visualizations of quan-
tile predictions. The metrics consider the occurrence of true values within quan-
tiles (p(g¢;)) and quantile intervals (p(g;, 1 — ¢;)) as included in [1]. This concept
is also known as calibration [189]. For instance, a predicted 0.9 quantile is accu-
rate according to its definition if 90 % of the true values are below the predicted
value. Quantile intervals are predicted well if, for example, 80 % of the true
values are between the predicted 0.9 and 0.1 quantile. An evaluation can focus on
the absolute differences between the actual occurrence and the definition given by
the quantiles (the lower the better), indicated by the subscript d, abs in this work.
The advantage of both metrics is an intuitive understanding. However, a compre-
hensive evaluation of the quantile-related performance additionally requires the
following metrics.
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An important quantile property is the occurrence of unwanted quantile crossing.
This can be addressed by the metric Crossover Rate Score (CORS) as defined
in [158]. The lower the value, the less quantile crossing occurs. The Winkler
Score (WS) is used by [158] to describe the occurrence of true values within
quantile intervals, punishing differences for outer intervals stronger than for inner
intervals. Another metric from [158] is called sharpness (1), which calculates the
width of the quantile intervals. A bigger width can cover more true values, but
also reduces the practical value if the interval is much wider than the underlying
range of the target variable. For sequenced predictions, the average or maximum
sharpness can be considered as metrics, with smaller values indicating better
performance.

Visualizations of quantile-related performance can include a heat map of the
metrics, emphasizing which model performs best for each metric. A histogram of
the share of true values within quantile intervals can provide further insights into
the reliability of the predicted uncertainties. Further possible visualizations are
presented in [231].

3.2.3.3 Exemplary analysis

The described point-prediction and quantile-related metrics and visualizations
enable an evaluation of the prediction performance over the whole test data set.
An additional exemplary analysis targets a more tangible understanding of the
provided information and limitation for specific scenarios [1, 3]. At first, relevant
scenarios need to be defined and identified in the test data set. For example, one
data point from each cluster (see subsection 3.2.1) can be picked. If the data set
contains scenarios with different values of the control variable but same boundary
and initial conditions, an exemplary analysis can be done to compare the influence
of the control variable on the prediction. For each scenario, the predicted quantiles
and the true values are plotted over the prediction horizon. Sections of changing
system states can be marked and characteristic behavior can be connected to the
observed metrics. The sharpness of the quantile sequences can be compared
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for different predictions, which shows if the prediction uncertainty is adapted to
different scenarios.

3.2.3.4 Feature importance

Further model analysis can include feature importance. This helps to identify
relevant features, for better understanding of the model behavior and the input
data. The identification of less relevant features provides information about
which features could be discarded in a later iteration of building a prediction
model. This can be useful in case the model complexity needs to be reduced
due to limited Random Access Memory (RAM) and disk storage of the target
system. High feature importance means the prediction model relies strongly on
the corresponding feature, such that the performance will significantly decrease
if the according input is inaccurate.

For the reference (quantile) regression models, the impurity-based Gini feature
importance can be calculated, which provides good results if all input features are
of the same type (in this work: numerical) [232]. Alternatively, the permutation
feature importance is calculated by comparison of the prediction performance on
the test data after shuffling the according feature within the test data set. This
method is also applied for the Q*NN models, individually for the history input
features and the foresight input features. The according feature data are shuffled
between the different test data, but not for the horizon. For the reference models,
feature importance can be analyzed for each model of different horizon or as
average over all horizon models.

3.2.4 Rule-based prediction and model transfer

An application of prediction models raises various requirements and limitations
dependent on the target system. For example, a target system might require fast
models (e.g. with real-time capability), models with low RAM and disk storage
consumption, or explainable ML models. In these cases Neural Networks or large
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regression models might not be suitable. Furthermore, only few data are available
during system development, when the system is not yet released to customers or
other users. For both aspects, a possible solution is proposed in this section.

Decision Trees are models which can be limited in size and offer explicit, inter-
pretable rules. In this work, a Shallow Decision Tree (SDT) model is built with
limited depth and maximum number of leaves for application in systems with
small RAM and disk storage. It is developed according to the reference models in
3.2.2.2, with the same data set and data processing for training, validation and test-
ing. The SDT can be visualized with its nodes and leaves. The conditional rules
of the tree can be translated into a function with a look-up table which simplifies
the integration into the target system (e.g. an Electronic Control Unit (ECU)). A
comparison of the number of parameters between the SDT and the Q*NN models
gives insights into the required computational resources.

In case of limited available data, Transfer Learning (TL) can be used to train a
model with few data of the target system, based on a model trained on a large
data set of a similar, existing system. It is assumed that the underlying (physical)
relations remain the same and the model weights are fine-tuned to the new target
system. In this work, the following methods of Transfer Learning are investigated
to assess their applicability for the developed Q*NN:

* No adjustments, i.e. continue model fitting with the new data.

* Adjusted learning rate, i.e. a lower learning rate for the first layers and a
higher learning rate for the last layers.

 Resetting layer weights of the last layers.
* Freezing layers except for the last layers.
» Combinations of the above methods.

Each method takes the best performing Q*NN as base model and is applied three
times to cope with the non-deterministic training process. The model with lowest
validation loss is picked for comparison with a reference model. The reference
model is trained from scratch, only with the (small) data set from the target system.
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In this work, large data sets from two similar systems are available. This allows
to investigate Transfer Learning with both a large data set and reduced data sets
(by random subsampling) of the target system. Reduced data sets with different
sizes are considered to investigate the effect of data set size on the prediction
performance for the according application. Such a comparison helps to identify
the required amount of data that meets the required accuracy. The point-prediction
and quantile-related metrics from 3.2.3 are applied for the evaluation.

3.3 Predictive control

In this chapter, a novel predictive control is proposed using the prediction model
(from 3.2). The steps consist of the control design (3.3.1), with cost functions
(3.3.2) to determine the control value, and an evaluation of its performance
(3.3.3). Additionally, rule-based strategies are derived from the predictive control
as a novel approach to cope with computational requirements (3.3.4).

3.3.1 Control design

The proposed control design varies the control value based on the Q*NN pre-
dictions in order to minimize the cost function. The predictive control can be
integrated into a simulation framework as shown in Fig. 3.6 and proposed by
[2]. In application, the simulation model of the system model block is replaced
by the target system. The simulation framework supports the design process of
the predictive control and allows an early evaluation before testing it in a real
environment. The control design and simulation framework are further explained
in the following.

A simulation of the predictive control is conducted until the (integer) simulation
step S reaches the end (Se,,4) of a given profile. Data processing is needed during
the whole simulation to obtain the inputs for the predictive control and to log
the simulation results according to the desired output. In the first simulation
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Figure 3.6: Activity diagram of a simulation framework using the proposed predictive control, based
on [2].

step (S = 0), the model is initialized, including the choice of the initial control
value by the predictive control. While the profile is simulated, each time the
number of simulation steps reaches a parameter value S.;,;, the predictive control
updates the control value. In this work, S, is called control step size. The
value for S is defined according to the expected dynamics of the system
behavior and computational efforts. On the one hand, low values are desired such
that the predictive control can quickly react to changing foresight input data and
boundary conditions. On the other hand, high values reduce the requirements
towards real-time capability. In each predictive control step, the Q*NN is used
to predict quantile sequences of the target variable for cost calculation of each
control value. The control value with lowest total costs is chosen until the next
predictive control step is reached. The number of possible control values needs
to be limited according to the allowed computation time. The ratio between S,
and the Q*NN prediction horizon (i.e. length of the predicted quantile sequences)
is not fixed. However, the predictive control cannot evaluate the effect of the
control value on the system behavior after the prediction horizon, such that S,
should not be larger than the prediction horizon. Thus, the Q*NN prediction
horizon needs to be large enough to cover S and, furthermore, to provide
enough information for the predictive control.
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Before the cost functions are introduced in 3.3.2, an extended control design is
presented as alternative with more degrees of freedom for the control values. It
includes a segmented prediction as indicated by a gray, dashed arrow in Fig. 3.6. In
this case, the selection of possible history input features of the Q*NN prediction
model is limited to the available foresight input features (including the control
variable) and the prediction variable. The segmented prediction is similar to a
recursive prediction: the predicted output for a given control value is used as
input for a prediction shifted by an adjustable number of segments (shift size).
The shift size should be a multiple of the control step size S.t,; to consider the
effect of possible changes of the control value in the prediction. New predictions
are conducted for all quantile predictions of each control value and the according
shift. This step can be repeated for any number of shifts within the foresight input
horizon. However, each additional shift increases the number of predictions and
thus the needed computation time. The number of predictions n,, for n, quantile
predictions of n, control values and np; ¢ shifts can be calculated by (3.8).

Np = Ney - (Mg - New) "M? (3.8)

Fig. 3.7 depicts an example of segmented predictions of the target variable y with
one shift. The prediction model considers three quantiles and two control values
w1 and us. The first predictions without a shift are only included for control value
uy and cut off after the shift horizon hgp; ¢+ (shift 0). These predictions are based
on the history data of y and available foresight data. Shifted predictions after the
shift horizon hgp;r¢ are shown for the upper quantile prediction of control value
w7 of shift O (blue-green dashed line) for both control values u; and us for shift
1. They are cut off after the total prediction horizon h,. The predictions of shift
1 use the corresponding quantile sequence from shift O (in this case the upper
quantile, blue-green dashed line) and foresight data from shift O as history input,
instead of recorded history data. The segmented predictive control calculates
costs for each of the predicted sequences over the prediction horizon, including
all combinations of quantiles for all shifts and all control values. The costs are
averaged over all quantile combinations for each control value combination (in
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this example wquy, ujusg, usu, and usus). The control value combination with

lowest costs is chosen for the current control step.

Figure 3.7:

3.3.2

Target variable y

—— History input
—— Control value uq
Control value us

v shift 0 | shift 1 |

' : ;

b AEA

1 e 1 1

1 1 1

:! hh‘h'i‘/'l II hp =t:
s

Example of segmented predictions with one shift, three quantiles, and two control values
uy and ug over segments s for a shift horizon h,p; ¢ and prediction horizon hp. Pre-
dictions for wo at shift O are not shown to keep the diagram easier to read. The shown
predictions of shift 1 use the previous prediction of the upper quantile of shift 0 with w1
(blue-green dashed line) as history input.

Cost functions

The total costs are calculated as weighted sum of individual cost functions. The
cost functions represent different system properties (e.g. energy consumption,
lifetime, power availability) that can lead to contradicting optimization goals
for the controller. An adjustment of the weights allows fine-tuning the controller
according to the required balance between the contradicting goals, which is further

explained in 3.3.3.

Each considered property is represented by an according cost function ¢ with

quantile predictions ¢, as input. The cost functions can be distinguished in the

way they are calculated:

* Direct computation ¢(g,) for all predicted segments.

* Direct computation cenq(9q) for the last segment of a profile (similar to

terminal constraints in [80, p. 54-55]).
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3 Method of predictive control with quantile prediction models

* Indirect computation c(g(g,)), where c describes costs that need an esti-
mation g of another future system state that depends on .

The cost functions can be derived by empirical or mathematical relations between
the predicted quantity and the system property. Additionally, foresight input
features can be included in the cost functions. The cost functions are normalized
and centered to a range between 0 and 1 according to the expected minimum and
maximum values. They are calculated for each quantile sequence provided by the
prediction model. For each control value, the average of each cost part over all
quantiles is calculated. The total costs are calculated as weighted sum and the
control value with lowest total costs is chosen.

3.3.3 Evaluation

The predictive control can be evaluated based on simulations (in this work) or
measurements of test scenarios. The scenarios are defined in a Design of Experi-
ments (DOE), for example by time-profiles of input data and boundary conditions.
The evaluation covers the adaptability, tunability, and robustness of the predictive
control as proposed in [2] and shown in Fig. 3.8. Further analysis assesses the
resulting computation time.

Specific profile with DOE with varying DOE with foresight
varying end cost weights input noise
b;? .
_e”” 5 w1 ,W2
Ld ° & ’
> —
Sp, Sf C2

Figure 3.8: Evaluation categories of the predictive control, based on [2].
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3.3.3.1 Adaptability

Adaptability describes the controller’s ability to adapt its strategies according
to different foresight input data Xy of foresight segments s¢ and thus different
predictions g, for the predicted segments s,,. An analysis requires at least two
simulations or measurements with the same initial and boundary conditions, and
a profile that is the same in the beginning, but differs at the end. For the varying
end, a significant difference in X is required, such that the predictive control is
expected to adapt the choice of its control values accordingly, before reaching the
changed end. The analysis includes the calculated costs for each control value
and Q*NN predictions of control steps that lead to a change in the chosen control
value and related system state. In this work, the focus is on an exemplary analysis
of two simulations with varying end. However, the adaptability can be evaluated
systematically when a large set of according simulations or measurements is
available that fulfill the evaluation requirements. In case the Q*NN predictive
control shows plausible adaption of the control values to different foresight input
data, its tunability can be evaluated next.

3.3.3.2 Tunability

Tunability refers to the ability to fine-tune the cost weights in order to achieve a
desired balance of contradicting controller goals. A tunability evaluation requires
simulations (or measurements) of a DOE with profiles that are repeated with the
same initial and boundary conditions but varied cost weights.

In the following, simulations with variation of two weights w; and wy for the
respective cost functions ¢y and ¢y are considered. The resulting costs of c;
and cy are visualized as Pareto front (see Fig. 3.8), normalized by the maximum
occurring values of each cost part. The Pareto front represents the Pareto optimal
performance of the respective controller since it represents the points at which
any reduction of one cost part results in an increase of the other cost part [233].
The weights with lowest total costs can be identified as the weights with resulting
costs closest to the theoretical optimum of zero costs (the origin in the diagram).
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Furthermore, a characteristic property of the Pareto front is the point at which
the slope is closest to -1. At this point, the reduction in one cost part equals
to the increase in another cost part, such that the point describes a balance of
the two. The Pareto fronts of different controllers can be used to compare their
performance. The better performing controller is the one with a Pareto front closer
to zero costs. The comparison can be continued by identifying a weight set which
results in the same value for cost function ¢; for both controllers. The difference
in the corresponding value for cost function c, describes the improvement by
the better controller with unchanged value for the other cost part. Furthermore,
related system quantities (e.g. total energy consumption) can be compared both as
average over all scenarios and individually for each scenario. The latter indicates
if the predictive control performs well over all scenarios or if the improvements
depend on the scenario. Additionally, system states resulting from the control
value can be evaluated considering their starting point, duration, and number of
events. Such an analysis provides further insights into the control behavior and
rules of thumb for good strategies.

3.3.3.3 Robustness

The proposed predictive control uses a prediction model that considers foresight
input data Xy from foresight segments s for its predictions. Since the foresight
input data are derived from assumptions about future system states, they can be
noisy and inaccurate. Thus, the effect of input noise on the control performance
is evaluated with simulations, which is called robustness in this work. Noise on
history input data (e.g. due to inaccurate sensor measurements) is not focus of
this work, but recommended for further research.

Two categories of foresight input noise are considered: underestimation and
overestimation of the dynamics of X ;. Underestimation is analyzed by applying
a moving average to the foresight input data before they are used by the prediction
model. Overestimation is considered by adding Gaussian noise to the foresight
input data. The window size of the moving average as well as the mean value and
standard deviation of the Gaussian noise are set corresponding to the expected
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noise of the individual input features. The predictive control is then simulated
with the DOE and weights from the tunability evaluation. Robustness is achieved
when the resulting costs are in a similar range than for the simulations without
foresight input noise. Additionally, the influence of the control step size S.-; (see
3.3.1) is analyzed by comparing the resulting costs for different step sizes.

3.3.3.4 Computation time

For applications with highly dynamic systems, low computation times need to be
achieved such that the predictive control can adapt the control values accordingly.
The computation times of the predictive control are assessed with (3.9) and (3.10).
The average and maximum times for prediction (including required data process-
ing) t,, and for the time of control value choice ¢.;,; are calculated over all control
steps N and scenarios ng.. For the proposed control, higher computational
efforts are caused by the prediction model than by the following choice of the
control value. If the predictive control takes longer than the system needs to reach
the next control step S, it is not able to operate in real-time. In this case, the
previous predictions and resulting control value choice might be outdated which
leads to bad performance. This limits the applicability of the predictive control
variant with several time-consuming steps of segmented predictions (see 3.3.1).

Nsc Netrl

1
towg = ————— tpii+tetriig 3.9
avg e + Tootrl Zl Zl( D,%,J + ctrl,z,j) ( )
=1 j=
tmae = max( max (tp,;)) + max( max (teers,i,;)) (3.10)

3.3.4 Rule-based strategies

The novel predictive control uses Q*NN prediction models, which require suf-
ficient disk storage and Random Access Memory (RAM) of the target system.
Alternatively, rule-based strategies can be derived from simulations or measure-
ments of the predictive control. The derivation is conducted in a back-end, and

63



3 Method of predictive control with quantile prediction models

the resulting rules can be integrated in the target system similar to look-up tables.
The idea is to develop a simple rule-based model that describes characteristic
patterns of the Q*NN predictive control.

This work proposes a method for the development of rule-based models from
simulations of the Q*NN predictive control. A Design of Experiments (DOE)
can be used to generate the scenarios. The simulation data are reprocessed
as sequences with fixed horizons. The considered input and output features are
transformed into single values (e.g. mean, variance, current value of the sequence),
as shown in Fig. 3.9. A Shallow Decision Tree (SDT) classifier is trained for
different horizons at the same control step (e.g. M1 to M3 in Fig. 3.9), such that
both long-term trends and dynamic short-term changes can be considered. As in
3.2.4, each decision tree is limited in depth and maximum number of leaves to
keep its complexity low. Each SDT classifier predicts the desired control value,
based on the simulation results of the Q*NN predictive control. The training data
are balanced if the occurrence of control values or system states is imbalanced.
A voting can be performed on the classification results to use the SDT classifiers
with different horizons as ensemble model with an adaptable voting threshold. In
case the end of a profile is close, only the SDT classifiers are considered whose
horizons end before the end of the profile. Thus, the SDT classifier ensemble can
be used even when its large horizons are exceeding the profile.

An evaluation of the SDT ensemble can be done by analysis of the confusion
matrix which provides information about the number of correct and false classi-
fications. The Fl-score and the accuracy can be used as metrics, based on the
confusion matrix. Additionally, the distributions of predicted classes and true
classes can be compared. Even if wrong classifications occur, the model perfor-
mance might be acceptable if it results in a similar class distribution than for the
Q*NN predictive control. The results can be obtained for different horizons and
different voting thresholds. Further analysis can include feature importance of
the SDT models, which indicates which input parameters have the strongest effect
on the choice of the control value. The resulting costs of the SDT models for
different horizons and the SDT ensemble can be visualized in the Pareto diagram
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M1

current

voting

mean, variance

Figure 3.9: Ensemble Shallow Decision Tree (SDT) Classifier for a rule-based predictive control. For
example, processed features (current value, mean, variance) of three horizons are input
of three SDTs (M1, M2, M3) at the same control step. A voting of the three predictions
obtains the final result.

of the tunability analysis from 3.3.3.2. Tunability of the SDT ensemble can be
analyzed by adapting the voting threshold.

The trained SDT classifier ensemble can be translated into if-else-statements
with the according thresholds and the voting threshold of the SDT ensemble.
Thus, the rule-based strategies can be integrated into the target system with
low computational requirements. The number of required parameters can be
obtained by the number of if-conditions and tree leaves (which need to contain
the corresponding output value). A comparison of the number of parameters,
number of input features, and computation times with the Q*NN models shows
the improvement in needed computational resources.

3.4 Assessment of applicability

The key goal of the developed predictive control methods is to improve the overall
system behavior, for example by improving its energy efficiency. Furthermore, an
assessment of the predictive control for real-world application includes require-
ments towards computational resources and system architecture. In the following,
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different possibilities for an integration of the predictive control are suggested.
The different variants are shown in Fig. 3.10, sorted according to their complexity
levels. The highest adaptability, tunability, and accuracy can be achieved by using
the Q*NN prediction model in the predictive control with custom cost functions.
Adaptability refers to the direct consideration of all information of the foresight
input data as well as the most individual consideration of different scenarios. High
tunability provides various possibilities of parameter tuning (e.g. weights) of the
prediction model and the predictive control (e.g. its cost functions). On the one
hand, the most complex of the considered prediction models presumably result in
the highest prediction accuracy. On the other hand, complex models require more
computational resources which limits their applicability.

Decreasing complexity

Prediction QNN Single step Rule-based
model regression prediction

I /
Predictive Cost finmons Rule-based
control prediction model strategies

Adaptability, tunability,

and accuracy Integration

and interpretability

Figure 3.10: Complexity levels of the predicion model and predictive control.

A reduction of the computational requirements can be achieved with simpler
prediction models (e.g. single step regression). However, their predictions provide
less information and might be less accurate. This also holds for rule-based
prediction models that are based on Shallow Decision Trees. They require the
least computational resources compared to the other considered models, but show
the lowest accuracy. Rule-based strategies can be derived based on simulations
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of the Q*NN predictive control. In this case, Shallow Decision Trees are used to
directly output the control value or desired system state. Look-up tables derived
from these trees can offer the easiest integration in the target system. They allow
the highest interpretability of results because of their direct, rule-based mapping
of inputs to outputs. This is advantageous for transparency and explainability
of the predictive control strategies. On the contrary, the performance of the
rule-based control is limited by its shallow tree architecture and the scenarios
from which it is derived. It is important to note that the development of such a
rule-based control still requires the previous steps of developing and optimizing
a prediction model (e.g. Q*NN) and predictive controller.

Another aspect is the availability of input data for the development pipeline as
introduced in section 3.1. During the development of a real-world system, only
few simulation data and few measurement data are available before the system is
handed over to customers. Therefore, Transfer Learning of a model trained on
large data sets from previous systems to the new system might be necessary for the
application of the predictive control (see 3.2.4). Further tuning of the predictive
control parameters (e.g. weights of the cost functions) might be necessary as well.
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4 Application for battery thermal
management of battery electric
vehicles

In this chapter, the method of predictive control using Deep Learning based Quan-
tile Neural Networks (Q*NN) is applied for the Battery Thermal Management
System (BTMS) of Battery Electric Vehicles (BEV). The structure of this chap-
ter mirrors the structure of the previous chapter. In 4.1, the problem statement
and development pipeline are described for a battery thermal management. The
development of battery temperature prediction models is explained in 4.2. The
prediction models are used in section 4.3 for a predictive battery thermal man-
agement. The applicability of the prediction models and predictive control is
assessed in 4.4.

4.1 Problem statement and pipeline

Battery thermal management of BEV often uses a fixed threshold for simple
and robust control of battery cooling and heating (see 2.1.2.3). In contrast,
predictive strategies adapt to different driving scenarios and information about the
route ahead. For example, if the route ahead leads to a low increase in battery
temperature, it can be tolerated when the battery temperature exceeds the fixed
cooling threshold without cooling activation within an acceptable range and time.
This benefits in a reduction in energy consumption, while battery derating and
ageing are within tolerable ranges. However, a predictive control requires accurate
prediction models, for example using data-driven prediction models based on fleet

69



4 Application for battery thermal management of BEV

data. Thus, a problem statement can be defined by the question: How can fleet
data and foresight data be used to optimize the cooling strategies of a battery
thermal management?

The developed method from chapter 3 is employed to answer this research ques-
tion. Cross-domain data of a BEV model are collected and processed for the
development of battery temperature prediction models. The data need to include
both novel cooling strategies and a large amount of realistic profiles under real
driving conditions. For the application of battery temperature prediction, foresight
input data are expected to be provided by the navigation system, in particular for
trips with active route guidance. Navigation data are location-based, such that the
input and output sequences of the prediction model are sampled to fixed distances
in this work. A fixed sampling distance of 250 m segments is chosen because
of two reasons: Firstly, the low dynamics of the battery thermal behavior do not
require smaller segments. Secondly, the limited spatial resolution of navigation
data often cannot provide foresight input data for smaller segments.

The collected and processed data are used for training and evaluation of Q*NN
and reference prediction models. A rule-based prediction model based on Shallow
Decission Trees (SDT) is considered as additional reference with lower compu-
tational requirements (see 3.2.2.2). Transfer learning is investigated considering
possible model transfer to other vehicle models for which only few data are avail-
able. The best performing prediction model is used for a predictive battery thermal
management to adapt the battery cooling threshold. Cost functions are related to
the key battery properties: energy consumption, ageing and power derating. The
predictive control is evaluated for different scenarios and a rule-based model is
derived as alternative with lower computational requirements.

The applicability of the resulting models is assessed with a focus on an on-
board integration into new battery electric vehicles. On the one hand, such
an integration can pose strict requirements concerning resource availability, for
example limited storage and Random Access Memory (RAM) of the Electronic
Control Unit (ECU). On the other hand, the models need to be able to deal with the
complexity of the underlying physical relations and assumptions about the route
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ahead. Thus, information about model uncertainty is beneficial. Furthermore,
the assessment considers data availability and tunability of model parameters.

4.2 Model for battery temperature prediction

Battery temperature prediction models are developed as described by the method
in 3.2 and in [1, 3]. The model output is the change in battery temperature
with respect to the current battery temperature. The steps include data collection
and preparation (4.2.1), model development (4.2.2) and model testing (4.2.3).
Rule-based prediction and model transfer (4.2.4) are investigated to increase the
applicability of the method.

4.2.1 Data collection and preparation

In order to train and evaluate battery temperature prediction models, suitable data
need to be collected and prepared. Battery data are collected from different sources
and analyzed if they provide plausible information about battery thermal behavior.
Processing involves filtering and resampling the data as well as reshaping the data
for model training and testing.

4.2.1.1 Data source and understanding

Two main data sources provide the input for the development of battery temper-
ature prediction models: simulations and a vehicle fleet. Same as in [1, 3], the
simulations are calculated with new values of battery cooling thresholds compared
to the fleet data. However, the fleet data cover a large variety of real drive profiles,
without simplifications that are present in a simulation model. The data sets used
in the publications [1, 3] and in this work are shown in Fig. 4.1. A Quantile Con-
volutional Neural Network (referred to as QCNN22) is trained on simulation data
and small vehicle fleet data combined with weather data in [1]. In [3], improved
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Simulations
860; 53k km

Additional simulations
111; 9k km —> QCNN22

Small vehicle fleet
1,504; 66k km; —_—
03/21-10/21

Weather data
147 weather stations Q*NN and

Large vehicle fleet reference models

225,629; 9.917M km;
221022 Vehicle model 1

Large vehicle fleet Vehicle model 2
38,028; 2.701M km;
01/23-02/23

Transfer Learn-
ing of a QGRU

Figure 4.1: Overview of the collected and processed cross-domain data used in this work. QCNN22
refers to [1], Q*NN and reference models to [3] and Transfer Learning to 4.2.4.

Q*NN models and reference models are trained on an extended simulation data set
and vehicle fleet data that contains 150 times more trips (225,629) than the small
vehicle fleet (1,504). However, the large vehicle fleet data from that vehicle model
do not contain road height data, in contrast to the small vehicle fleet data and the
data from vehicle model 2. Transfer Learning is investigated as an approach to
adapt a Q*NN for application in another vehicle model with corresponding fleet
data (vehicle model 2). An analysis of the data sets is provided in the following.

The simulation data are generated with a given, validated vehicle simulation
model in Dymola. A Design of Experiments (DOE) is used to obtain information
about the battery thermal behavior for five battery cooling thresholds (25 °C,
30 °C, 35 °C, 40 °C, 45 °C) with a 2 °C hysteresis (which leads to cooling
deactivation when the temperature is lower than 2 °C below the threshold). The
initial battery temperature is chosen such that the cooling thresholds are reached
or exceeded in the simulations. Furthermore, the ambient temperature is varied in
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ranges corresponding to the initial battery temperature. The simulation data used
in [1] are extended by simulations with additional profiles in [3]. The simulation
data used for model testing are the same (i.e. they are not extended in [3]).
In [1], a simulation data analysis indicates a plausible effect of the thresholds
on battery energy consumption and battery temperature. The same analysis is
done for the extended simulation data (including all 971 simulations except for
the test data). The resulting distributions are shown in Fig. 4.2 with the same
plausible effects of the battery cooling thresholds. Additionally, the effect on the
average power limit is included (c), which correctly shows reduced maximum
available power for higher cooling thresholds. Furthermore, the cross correlation
as described in 3.2.1.1 shows the expected shift to later battery cooling activation
for higher thresholds [1]. For the next steps, the relevant physical quantities
and simulation parameters are selected according to the physical equations from
section 2.1.2.1 [1]. Furthermore, pairwise Pearson correlation helps to eliminate
redundant features [1]. A list of the selected features as prediction model input is

provided in A.3.
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Figure 4.2: Simulation results with different battery cooling thresholds. The changes in total energy
consumption (a, based on [1]), average battery temperature (b, based on [1]) and maximum
available power (c, as average sum of the absolute power limit for charging and discharging)
are shown with a 25 °C threshold as baseline.
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The vehicle fleet data are sampled to segments with a fixed distance of 250 m by
calculation of the average value of each signal for the segment. Same than for
the simulation data, the signals are selected based on the physical equations and
Pearson correlation [1]. If a single signal value is missing, the gap is replaced
by the previous value or using linear interpolation. Signals with discrete values
are smoothed by a moving average of five segments, for example the ambient
temperature, battery temperature, and the State of Charge (SOC). An analysisin[1]
shows acceptable inaccuracies of the distance-based sampling on the simulation
data. Speed, sensor resolution, and sensor inaccuracy can lead to an additionally
driven distance of the fleet data segments, such that the segments are not all
equally covering 250 m. It occurs when the distance sensor value (that triggers
the sampling) is received late after the 250 m sampling distance has been passed.
The additional distance d, 44 is calculated in a simplified way by (4.1), with signal
resolution ¢4, constant speed v, sensor inaccuracy dgensor, and sampling distance
dsample (250 m). Fig. 4.3 shows that the effect is negligible for a resolution of
1 s, even with additional 10 m sensor inaccuracy. For comparison, a lower
resolution of 5 s is included, which results in higher maximum inaccuracy for
higher velocities.

dsensor) . ’V dsample
t

sig "V - (1 _ dscnsm«)

sample

dada = taig v+ (1 | = dumpie 41

dsample

E 300 ‘
TD/ 250 ‘.': - tSi_l] =1 S, dscn.so'r =0m
g 200 ,'E- || e tsig =5 s, dsensor =0m
8 A teo =1s.d - 10

Z 150 ," H sig S, Asensor m
< A /, ! mimlgig =0 S, dsensor =10 m
— 100 4 ’ g

< (IR ]

g AT Ea

3 90 YA A Y

£ 0l AN Y

g qua@@x@@ax@{@%@

Speed in km/h

Figure 4.3: Additional driven distance of 250 m segments caused by inaccurate distance measurement
with signal resolution #;4 and sensor inaccuracy dsensor-
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The fleet data are filtered for trips with more than 5 km in [1] because the
change in battery temperature is limited for very short distances due to the battery
thermal capacity. The large fleet data are filtered for trips with more than 20 km
for sequence clustering [3]. While the small vehicle fleet data is collected in
Germany from Spring to Autumn, the large fleet data is collected for countries
from different climate zones and including the winter months of the northern
hemisphere. Therefore, the large fleet data are additionally filtered for trips
without active battery heating. The number of trips and total driven distance in
Fig. 4.1 are obtained from the according data sets after the filtering. The validity
and occurrence of ambient temperatures is analyzed in [1] by joining weather
data from the German weather service. The method of joining and comparing
the weather data is further described in the appendix A.1. The analysis confirms
that the ambient temperature measured by the vehicle fleet is comparable to the
weather data.

An important aspect of the vehicle fleet data analysis is the occurrence of bat-
tery temperature changes over segments. This helps to define the horizon of the
sequence predictions of the prediction model and to identify possible data imbal-
ance. According to an investigation in [1], a prediction horizon of 20 km is chosen
for the prediction model. The small vehicle fleet data (of vehicle model 1) are
further analyzed concerning the occurrence of the difference between maximum
and minimum battery temperature over 20 km, as shown in Fig. 4.4. In more than
50 % of the collected segments, the maximum change in battery temperature is
less than 1 °C. The distributions for both large vehicle fleet data sets have been
added. The large vehicle fleet data of vehicle model 1 shows even higher shares
of small battery temperature changes (more than 80 % with less than 1 °C dif-
ference). The large differences in occurrence between smaller and larger battery
temperature changes show the need for data balancing before using the data for
training and testing of predictions models, as described in 2.3.1.

A sequence clustering of the battery temperature change is used in [3] for further
analysis of the occurrence of different behavior in the large vehicle fleet data.
While the previous analysis focused on the maximum difference, sequence clus-
tering can take more information such as the derivative and curvature of the battery
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Figure 4.4: Occurrence of maximum battery temperature change over 20 km in the small vehicle fleet
data. In contrast to the occurrence diagram in [1], the shown occurrences are accumulated
and contain the whole vehicle fleet data set, without simulation data. The data are more
imbalanced the larger the distance between the cumulated occurrence and the linear line.

temperature change into consideration. Sequences are picked with an overlap of
25 % between two consecutive sequences, which reduces redundancy in the data
compared to keeping each sequence shifted by one segment (see 3.2.1.2). The
mini-batch k-means algorithm is applied for all cluster numbers between 2 (data
should be split into at least two clusters) and 29 (picked large enough for further
analysis, but limited by computation time). The resulting normalized silhouette
score and sum of squared distance (SSD) are shown for both large fleet data sets
in Fig. 4.5. Seven clusters are chosen to achieve both a low SSD and a high sil-
houette score at the same time. Furthermore, a higher number of clusters allows
better consideration of rare battery temperature behavior during clustering-based
data balancing. For example, if too few clusters are chosen, important battery
temperature behavior can be lost by random undersampling.

The clusters can be visualized using Uniform Manifold Approximation and Pro-
jection (UMAP) for dimension reduction as done in [3] and included in Fig. 4.6. It
shows a good clustering result since there is only few overlap between the clusters
for both of the large vehicle fleet data sets (a and c). Outliers of each cluster
are removed using the isolation forest algorithm with 1 % outlier removal rate
(also called contamination). The averaged curves of each of the seven clusters
are obtained by Dynamic Time Warping based Barycentric Averaging (DBA) and
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Figure 4.5: Sum of squared distance (SSD) and silhouette score of mini-batch k-means clustering for
both large vehicle fleet data sets. All four curves are normalized by their maximum value.
A vertical line indicates the selected number of clusters (7).

shown in Fig. 4.6 (after outlier removal), together with the occurrence of each of
the seven clusters. The cluster occurrence confirms the imbalance of both large
fleet data sets, for example with 53 % (b) and 34 % (d) of the data with no change
in battery temperature (cluster 4). In comparison, the data set of vehicle model 2
(d) shows more dynamic battery temperature behavior. The seven clusters are
additionally shown in appendix A.2 with a random subset and the corresponding
DBA for both large vehicle fleet data.

4.2.1.2 Processing

The vehicle fleet data are processed for training, validation, and testing of battery
temperature prediction models. Missing sensor values are replaced by linear
interpolation as described in 4.2.1.1. Otherwise the gaps are replaced by zero
and an additional qualifier feature indicates if it is a replaced value. A list of all
qualifier features is included in A.3. The input data are reshaped into windows
of history and foresight input as described in 3.2.1.2. The history horizon Ay, is
chosen to 5 km and the foresight horizon hy to 20 km. The prediction output
is the change in battery temperature with respect to the current temperature (at
the time of prediction). The prediction horizon h,, is set to 20 km, since smaller
horizons result in less significant change in battery temperature as shown in [1].
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Figure 4.6: UMAP (a) and DBAs (b) of the clusters 1 to 7 (order from top to bottom in b) for the
large vehicle fleet data from [3]. Accordingly, the UMAP (c) and DBAs (d) for the large
vehicle fleet data from vehicle model 2 are included.

The dependency of foresight and prediction horizon on prediction performance
can be further investigated during model evaluation and comparison (also see [3]).
If the start or end of a trip are within either of the horizons, the exceeding segments
of the fixed horizons are filled with zeros. An additional feature indicates which
values are exceeding the start or end of the trip.

The vehicle fleet data are balanced according to the previous analysis of occurrence
of changes in battery temperature. In [1], the small vehicle fleet data are balanced
using a fitting curve for the occurrence in difference between maximum and
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minimum battery temperature. The large vehicle fleet data are balanced based
on the occurrence of the sequence clusters, as in [3]. At first, the classes are
undersampled such that they contain maximum 20,000 samples each. The fleet
data are split into training, validation, and testing with a fixed share of 70:15:15
respectively. For each of the three sets, random oversampling is applied such
that the number of samples of each class equals the number of samples of the
largest class of the set. For the split into training, validation, and testing sets,
data selection is conducted by whole trips and not segments to avoid data leakage
between the training, validation, and testing sets.

Data imbalance is also given by the different size of the simulation data set
compared to the large vehicle fleet data. Therefore, the IBA data augmentation
method (3.2.1.2) is applied to enlarge the training and validation simulation data
without the need to conduct additional time-consuming simulations. In [3], a
tolerance value of 3 is chosen such that the resulting augmentation factor leads to
a simulation data set size close to the size of one large vehicle fleet cluster after
random undersampling. The simulation test data are not augmented such that the
prediction model evaluation is not influenced by possible inaccuracies introduced
by the IBA tolerance value. In order to remove redundancy in the simulation
data, an overlap is applied for the training and validation data set in [3]. The
overlap is set to 75 %, compared to 25 % for the large vehicle fleet data, to
consider the smaller simulation data size. The simulation test data set is used
completely without overlap filtering due to its size which is not increased by data
augmentation. Clustering and data balancing within the simulation data are not
conducted due to the limited size and the DOE, which puts focus on rare cases
with higher battery temperature change.

Final data processing includes centering and normalization of each feature to the
range -1 to 1. The training, validation, and testing data are composed of both
the vehicle fleet data and the simulation data. The training data are shuffled to a
random order of the samples. Table 4.1 provides an overview of the data set sizes
after processing, used for model development and testing.
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Table 4.1: Data set size for training, validation and testing after data processing, based on [3].

Data set Training Validation Test

Vehicle fleet 86.5%  80.4% 85.7%
Simulation 13.5%  19.6% 14.3%

Sum 142,809 13,634 13,107

4.2.2 Model development

The processed training and validation data are used for building different types
and architectures of battery temperature prediction models. The validation loss is
used to evaluate Q*NN parameters (4.2.2.1) and regression model architectures
(4.2.2.2). The best performing models are tested and compared in 4.2.3.

4.2.2.1 Quantile Neural Networks (Q*NN)

Q*NN battery temperature prediction models are developed in [1, 3] using differ-
ent data sets (see Fig. 4.1). QCNN are developed based on simulation data and
small vehicle fleet data with additional weather data [1]. In this work, the resulting
model from [1] is referred to as QCNN22. Different Q*NN architectures (QCNN,
QGRU, QLSTM) are built based on extended simulation data and large vehicle
fleet data [3]. As described in 3.2.2.1, the choice of fixed and varied hyperparam-
eters is the same for all Q*NN models, except for the number of convolutional or
recurrent layers NV in the combined channel.

The varied hyperparameters are optimized using random grid search (QCNN22,
[1]) or efficient Bayesian optimization (QCNN, QGRU, and QLSTM, [3]). The
hyperparameter ranges are obtained from an exploratory search and provided
in Table 4.3. In random grid search for QCNN22, one out of three values is
randomly selected for each hyperparameter. For each set of hyperparameters,
three models are trained to cope with random initialization of the Neural Network

80



4.2 Model for battery temperature prediction

weights. 50 unique hyperparameter sets are considered (which covers 21 % of all
possible combinations), such that in total 150 models are trained. The efficient
Bayesian optimization of the Q*NN models can select any value within the chosen
hyperparameter range, with additional constraints for the step size and sampling as
specified in Table 4.3. 20 trials with different hyperparameters are evaluated, with
three models (QCNN, QGRU) or two models (QLSTM, due to longer training
time of LSTM layers) per trial. The amount of training data used per trial is given
by (3.5)in 3.2.2.1.

Table 4.3: Considered ranges of hyperparameter optimization. For the random grid search of
QCNN22, one of three values is selected each. The Bayesian optimization selects any
value in the range between the given bounds. If a fixed step size or logarithmic sampling
are used, the according value is included between the ““:”.

Hyperparameter QCNN22 [1] Q*NN [3]

Base number of layer nodes [128,192,256] [128: 32: 256]

Dropout rate [0.2,0.3,0.4] [0.2,0.4]

Loss weight wy, s¢ [0.01, 0.03,0.1] [0.01,0.1]

Learning rate [1073, 104, 10°] [1073 : log : 107]
Mini-batch size [32, 64, 128] [32:16: 128]

Number of sequential layers N fixed 2 or 4 (combined channel)

The average validation loss for each trial and model type is given in Fig. 4.7, scaled
to a range between 0 and 1 for each model. The efficient Bayesian optimization
results in higher validation loss for the first trials of QGRU and QLSTM. For
QCNN, the efficient Bayesian optimization does not show a clear trend, but the
highest loss occurs within the first 30 % of the trials. The validation loss of
QCNN22 does not show an increasing or decreasing trend, as is expected for a
random grid search. For each of the best Q*NN hyperparameters, three models
are trained out of which the best performing model is used in model testing.

81



4 Application for battery thermal management of BEV

@ 1 100 &

— QCNN 9 =

QGRU g 0.8 175 %

— QLSTM z 0.6 <
R = Y- |

QCNN22 = 150 *Cf:

Z 04 ) T

5] g

g 02 2% 2

8 = <

o= =

K | L
OO 10 20 30 40 50 60 70 80 90 10
Finished trials (%)

Figure 4.7: Validation loss for each optimization trial, scaled to a range between 0 and 1 for each model
type. The gray area indicates the training data share for QCNN, QGRU and QLSTM.

The efficient Bayesian optimization reduces the computation time for QGRU by
64 % from 16 days to 6 days compared to a Bayesian optimization with all training
data from the beginning. Furthermore, the test metrics of the best performing
QGRU from the efficient optimization (RMSE: 0.61, R2: 0.86, WS: 1.13) are not
worse (compared to RMSE: 0.68, RZ2:0.83, WS: 1.26). The number of parameters
of each model is as follows, sorted from least to most:

* QGRU: 6,395,924 parameters
* QCNN22: 7,128,228 parameters
* QCNN: 7,959,604 parameters
* QLSTM: 20,001,244 parameters

Table 4.5 provides the number of input features, multiplied by the number of
segments per horizon and the size of the training data set. The numbers are given
for independent input features and for all input features including calculated or QL
features which are based on the independent input features. The resulting number
of input values is between 6 and 41 times larger than the number of parameters
of the Q*NN models. Thus, the Q*NN models are not expected to overfit the
data, additionally taking their regularization layers ("BatchNorm" and dropout)

into account.
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Table 4.5: Number of input features (based on A.3) and resulting number of input values of the Q*NN.

Independent Including calculated and QL

History features 19 39

- history segments (20) 380 780
Foresight features 6 13

- foresight segments (80) 480 1040
Sum (history and foresight) 860 1820

- training data size (142,809) 122,815,740 259,912,380

4.2.2.2 Reference models

The reference regression and quantile regression models are trained using the
same large vehicle fleet data after outlier removal and data balancing than the
Q*NN models, as proposed in [3]. Since the models are less complex than Deep
Learning models, the input features need to be further reduced. Only key physical
quantities are used, selected with consideration of domain knowledge about the
battery thermal behavior and the results from 4.2.1.1. Furthermore, features with
missing data (and thus require QL features) are not included, e.g. road height
differences which are not available for the large vehicle fleet data from vehicle
model 1 (see 4.2.1.1). The sequences of the features are sampled into single
values per sequence. As a result, the following input features are sampled for a
fixed horizon, as cited from [3] (speed difference refers to the difference between
consecutive segments):

» “Battery temperature: Current value.
* Ambient temperature: Current value.
» Upper battery cooling threshold: Current value.

» Lower battery cooling threshold: Current value.
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* Speed: Maximum, minimum, mean, standard deviation.
* Speed difference: Maximum, minimum, mean, standard deviation.”

A regression or quantile regression model is trained to predict the change in battery
temperature as a single-step prediction. In order to obtain the battery temperature
change as sequence over a horizon of 20 km, four models are individually trained
with a different horizon each (5 km, 10 km, 15 km, 20 km) and their single-step
predictions (one value for the respective horizon) are combined to a sequence.
Three categories of reference models are built: the best performing regression
model from an automated Machine Learning toolbox called Pycaret [225], a
quantile regression model using the Python package scikit-garden [226], and
a Shallow Decision Tree (SDT) using the Python package scikit-learn [234].
The SDT is further used as rule-based prediction model in 4.2.4. For better
interpretability of the tree nodes, the data are not normalized for training and
testing of the SDT.

The results of the Pycaret regression model comparison for the validation data
show lowest Root Mean Squared Error (RMSE) of the Light Gradient Boosting
Machine (LGBM) for the 5 km horizon and of the Extra Trees Regressor for the
remaining horizons [3]. Hence, the reference model using these four regression
models is called LGBM-ETR, as done in [3]. Due to the good performance
of ETR in the Pycaret comparison, Quantile Extra Trees Regressor (QETR) is
used as quantile reference model. The default hyperparameters are used for both
LGBM-ETR and QETR, resulting in 100 estimators (boosting stages in LGBM
and trees in ETR and QETR). The maximum tree depth and maximum number
of leaves are limited for the Shallow Decision Tree (SDT) to keep its complexity
low [3]. These two hyperparameters are optimized by grid search. The following
values are investigated, with the hyperparameters resulting in lowest validation
loss (RMSE) marked in bold:

e Maximum tree depth: 4, 5 (5 km), 6, 7 (all other horizons), 8, 9

¢ Maximum number of leaves: 9, 11, 13, 15, 17 (all horizons)
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4.2.3 Model testing

Testing of the prediction models includes the evaluation of point-prediction per-
formance, quantile-related performance, an exemplary analysis, and further inves-
tigation about feature importance. The metrics and visualizations are compared
for both the Deep Learning based Quantile Neural Networks (Q*NN) and the ref-
erence models. Therefore, only the prediction values for the four horizons (5 km,
10 km, 15 km, 20 km) are used from the Q*NN predictions, unless otherwise
stated that the whole sequence over 20 km is considered. All battery temperature
predictions are denormalized, such that the evaluation can be done in °C.

4.2.3.1 Point-prediction performance

Point-prediction performance compares the (median) prediction with the true
values. Fig. 4.8 shows the RMSE and R? of each model for the different horizons
(a, ¢), taken from [3]. The proposed Q*NN models perform better in both metrics
than the reference models and the QCNN22 model that is trained on the small
vehicle fleet. The QGRU is the best model with an RMSE between 0.44 °C (5 km)
and 0.86 °C (20 km), with an average of 0.66 °C (over the four horizons), and
an R? between 0.75 (5 km) and 0.89 (20 km), with an average of 0.84 (over the
four horizons). The RMSE and R? are increasing with larger horizons, which is
in accordance with higher occurrence of larger battery temperature changes for
larger horizons. In Fig. 4.8 (c), the R? is above the significance level of zero for all
models and for all four horizons. However, it is above 0.51 only for the Q*NN for
all four horizons (see 3.2.3.1 for the definition of R? and the significance level).

Furthermore, the metrics are distinguished between the battery cooling thresholds
in Fig. 4.8 (b, d), for which the metrics are averaged over the horizons. Conse-
quently, the metrics are split into simulation and vehicle fleet data since only the
simulation data contain a novel variation of the battery temperature thresholds.
The reference regression models (e.g. LGBM-ETR) show different performance
dependent on the threshold and if it is simulation or vehicle fleet data. Moreover,
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Figure 4.8: Metrics of the (median) prediction for different horizons (a,c), taken from [3], and different
cooling thresholds in °C (b,d) (“veh” means vehicle data). The models are listed in (a),
the labels from top left to bottom right map to the bars from left to right.

the R? of the reference regression models is negative for several cooling thresh-
olds (d), indicating large prediction errors (see 3.2.3.1). The performance of a
predictive control using such models is limited due to the imprecise predictions
that are used for choosing the cooling threshold. In contrast, the Q*NN predic-
tion models show comparable performance for the thresholds and vehicle fleet
data, which indicates their suitability for application in a predictive control. The
QCNN22 performance in (b, d) is comparable to the the Q*NN models for the
simulation data, but worse for the vehicle fleet data. Only the R? of the QGRU
and QLSTM models is above the significance value of 0.51 for all five cooling
thresholds and the vehicle data, which underlines their good prediction accuracy.

The error distribution of the Q*NN models and the reference models is analyzed in
the following. Regression plots of the prediction models are provided in Fig. 4.9,
taken from [3]. The regression plots confirm the superior performance of the
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Figure 4.9: Regression plots taken from [3], “for QCNN (a), QGRU (b), QCNN22 (c), LGBM-ETR
(d), SDT (e), QETR (f)”. Larger changes occur with larger horizons, from 5 km (orange,
most inner), 10 km (purple), 15 km (green) to 20 km (blue, most outer).

Q*NN models (a, b) to well predict the battery temperature change compared to
the QCNN22 (c) and regression models (d to f). The QCNN22 and regression
models show large underestimation of larger battery temperature changes (both
for large positive and negative values). The QGRU (b) shows least underestima-
tion, also compared with the QCNN (a), but slightly more overestimation for the
changes between 0 and 5 °C. The QGRU prediction behavior is favorable since an
overestimation of the battery temperature change would result in more conserva-
tive cooling strategies in a predictive control, whereas an underestimation could
increase battery aging and derating. Good predictions for larger horizons are also
favorable for a predictive control to better plan long-term cooling strategies. An
alternative visualization of the regression plot can consider the occurrence of the
prediction errors instead of different horizons, as done in [1].
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While the regression plots from Fig. 4.9 quantify the prediction error, the oc-
currence of prediction errors can be further investigated with Fig. 4.10. Better
performance is achieved when the cumulated occurrence is closer to a step func-
tion with a step from zero to one at 0 °C difference between the predicted and true
battery temperature change. The order of the model performance is comparable
to the metrics from Fig. 4.8. The QGRU and QLSTM show least underestimation
and more overestimation of the battery temperature change, since their cumulated
occurrences are lowest until approximately 0.5 °C difference (see left and right
magnifier window). The QGRU model shows a prediction error between -1.3 °C
and 1.3 °C in 95 % of the test data, which is visualized by an arrow in Fig. 4.10.
94 % of the QLSTM and the QCNN predictions and 69 % of the QCNN?22 predic-
tions are in the same range. The regression models achieve 87 % (LGBM-ETR),
86 % (QETR) and 77 % (SDT).
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Figure 4.10: Cumulated occurrence of the error between the (median) prediction and the true values
of the test data. The arrow covers 95 % of the QGRU predictions.

4.2.3.2 Quantile-related performance

Quantile-related performance can be evaluated with various metrics as introduced

in 3.2.3.2. The metrics of the Q*NN, QCNN22, and QETR are calculated for the
predictions on the test data as done in [3]. The metrics are shown in Table 4.6
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Table 4.6: Quantile-related metrics for the test data, averaged over the four horizons, as given in [3].
The color coding is for each row from best (green, bold, lowest value or closest to quantile),
the median value (white) to worst (red, highest value or farthest from quantile).

Metric QCNN22 QETR QCNN QGRU QLSTM
P(qj)d,abs 0.20 005 0.03 004 005
P(qj,1 = qj)d,aps 0.44 006 0.05 006 0.02
WS 16.81 154 242 127 139
Vaug (°C) 1.03 267 137 154 1.86
Vimaz (°C) 6.10 7.67 451 411 537

CORSin 1072 1.83 0.00 12.09 0.02 1.70

0.50 quantile (%) 41.27 40.40 46.35 56.19 60.10
0.99 quantile (%) 68.95 98.29 9599 98.87 98.13

as average over the quantiles and horizons. The LGBM-ETR and SDT models
are not included, because they do not provide quantile predictions. The QCNN22
and QETR model show worse performance on average compared to the Q*NN
models. However, their average sharpness 14,4 and CORS are similar or even
better than for the Q*NN models. Overall, the QGRU performs best, with the best
values for Winkler Score (WS) and maximum sharpness 4., and no metric
with very bad performance in comparison. Moreover, its share of true values
below the 0.99 quantile interval is 98.87 % (closest to 99 %).

Section 3.2.3.2 introduces the share of true values within quantiles (p(g;)) and
quantile intervals (p(g;,1 — ¢;)) as calibration metric. In a quantile histogram
in Fig. 4.11, the achieved occurrences are compared with the occurrence per
quantile definition (wide, gray bar in the background). For example, 15 % of the
true values are expected to be between the quantiles 0.1 and 0.25. In comparison,
the range between the predicted quantiles 0.1 and 0.25 from the QGRU covers
16 % of the true values, the QLSTM predictions cover 19 % (too high), and the
QCNN22 only 6 % (too low). Considering all intervals, the QCNN22 shows
the worst performance with high occurrence of true values in the intervals with
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supposedly small occurrence (<0.01, >0.99). The QETR shows comparably good
performance, while the Q*NN models achieve the best match of true occurrence

related to the definition of the quantile intervals.
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Figure 4.11: Occurrence of true values between the predicted quantiles compared to their definition
(gray bars in the background). The upper bound values are included (marked with “]”).

The evaluation of point-prediction and quantile-related performance indicated that
the QGRU model performs best in comparison with the other Q*NN, QCNN22,
and reference regression models, even though it has less parameters than the other
Q*NN and the QCNN22. While the evaluation was focused on the predicted
values for the four horizons 5 km, 10 km, 15 km, and 20 km, Table 4.7 includes
the QGRU metrics on the test data for the whole predicted sequence of the 20 km
horizon, same than the evaluation in [1]. The 0.5 quantile (median) prediction
shows a Mean Absolute Error (MAE) of 0.42 °C and an R? of 0.86. The median
prediction covers 53 % of the true values and the 0.99 quantile prediction covers
98 % of the true values (see p(g; )). This table indicates a good QGRU performance
not only for the four horizons but also for the whole sequence prediction.
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Table 4.7: Point-prediction metrics (first group) and quantile-related metrics (second group) of the
QGRU. The metrics are calculated per quantile (columns), with the median shaded in gray.

quantile 0.01 0.10 0.25 0.50 0.75 0.90 0.99

MSE ((°C)?) 2.10 0.78 0.49 0.38 0.46 0.69 1.92
MAE (°C) 1.18 0.64 048 042 049 0.64 1.19
RMSE (°C) 145 088 0.70 0.61 0.67 0.83 1.39

R2 0.24 0.72 0.82 0.86 0.84 0.75 0.30
g, °C/km)  0.61 0.18 0.5 015 015 0.17 0.5
p(q;) 0.01 0.15 031 053 072 0.87 0.98
p(g;;1—q;) 097 0.72 041 n/a 041 0.72 0.97
WS 1.09 1.17 1.12 n/a 112 1.17 1.09

CORS in 103 0.46 12.51 29.32 36.66 10.36 0.25 0.25
Yavg (°C) 234 1.11 057 nfa 057 1.11 234
Umae °C) 993 445 225 n/a 225 4.45 993

4.2.3.3 Exemplary analysis

In contrast to the quantitative performance evaluation of the previous sections,
the exemplary analysis aims at a qualitative comparison for a more tangible
understanding of the prediction model performance for a later application. The
analysis focuses on scenarios with specific system behavior, such as larger changes
in battery temperature, battery temperatures reaching the battery cooling threshold
and thus activating cooling, and in comparison the same scenario with higher
thresholds without battery cooling activation. These scenarios are included in the
evaluation of the QCNN?22 in [1] and provided in Fig. 4.12.

The examples show that the model adapts its predictions to different battery cool-
ing thresholds (comparing (a) to (b)). The model can predict the cooling behavior
more accurately for positions that are close to the current position and provides
predictions even when the end of the profile is reached within the prediction
horizon (c). The model can provide correct predictions for the small vehicle fleet
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Figure 4.12: Example predictions of the QCNN22 from [1], with the true values as thick red line,
the median as thin black line and the quantile intervals as gray area. (a) and (b) show
the same scenario with an initial battery temperature of 30 °C but cooling thresholds
35 °C and 40 °C respectively. (c) is the scenario from (a) but 7.5 km later. (d) represents
an example from the small vehicle fleet data. (e) to (h) visualize the same predicted
quantile intervals from (a) to (d), but with respect to the median prediction (i.e. the
median prediction coincides with the x-axis).

data despite the step-like behavior of the true values due to sensor discretization.

Furthermore, (e) to (h) show the adaption of the quantile intervals (i.e. the pre-

diction uncertainty over the horizon) corresponding to the scenario. For example,

the uncertainty is larger for later points in the horizon (e, f) and when cooling is

active (g). For vehicle fleet data, the uncertainty is larger (e.g. with the 98 % quan-

tile interval between -1 °C and 1 °C) starting from the first horizon segments, but

does not increase significantly over the horizon. This behavior might be caused by
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the discrete sensor values with steps that occur at early segments in the horizon.
Further example predictions of the QCNN22 as well as predictions of the QGRU,
QCNN, and the reference regression models are included in appendix A.4, taken
from [3].

4.2.3.4 Feature importance

Permutation feature importance is calculated for the Q*NN models for better un-
derstanding of their dependency on the input features. For the reference regression
models, both impurity based feature importance and permutation feature impor-
tance can be evaluated. Impurity based feature importance is analyzed in [3] for
the LGBM-ETR and QETR for each horizon. For better comparison with the
QGRU, the permutation feature importance of the reference regression models is
calculated and averaged over the four horizons. Fig. 4.13 shows the permutation
feature importance for the LGBM-ETR, QETR, and SDT (a) and the importance
of the 15 highest ranked features of the QGRU, distinguished by history and fore-
sight input sequences (b). For each model, the feature importances are normalized
such that their sum equals 100 % (for QGRU the sum of history and foresight
features together).

The battery temperature 73 and ambient temperature 7y,,,; are high ranked fea-
tures for both the reference regression models and the QGRU. The speed v of
the foresight horizon (QGRU) and maximum speed (reference regression mod-
els) are ranked high as well. The upper or lower battery cooling threshold
Ty, cool upper /lower 18 als0 present in the higher ranked features of all models.
The second highest ranked QGRU feature is the (within) horizon feature of the
foresight horizon, which indicates which horizon segments are exceeding the end
of the trip. Additionally, the QGRU shows high feature importance for electric
machine temperature (7,, ), the inverter temperature (73, ), and positive changes
in road height » (Ar). 33 more QGRU history features have a total importance
of 15 % and 6 more foresight features of 4 %. In comparison, the permutation
feature importance is more equally distributed between the QGRU features than
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Figure 4.13: Permutation feature importance of the reference regression models (a) and the 13 highest
ranked features of the QGRU (b). In (b), the features are sequences and distinguished
between history input and foresight input.

for the reference regression models. For example, the three highest ranked fea-
tures of the reference regression models take a share of more than 75 %, while
this share is achieved with the 11 highest ranked features for the QGRU.

4.2.4 Rule-based prediction and model transfer

Requirements considering the available hardware can limit the allowed complexity
of a prediction model. Therefore, the Shallow Decision Tree (SDT) is included in
the previous steps of model development and testing. The SDT is limited in depth
and number of leaves, such that it does not need large disk storage and RAM.
The four models for the different prediction horizons 5 km, 10 km, 15 km, and
20 km each consist of 16 if-conditions and 17 leaves (i.e. different outputs), which
results in 33 parameters per model and 132 parameters in total. In contrast to
that, for example, the QGRU model has 6,395,924 parameters and requires more
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complex functions (e.g. GRU layers), while the if-conditions of the SDT can be
translated into any programming language without the need of specific libraries.
Thus, the integration of an SDT into the system hardware is easier and requires
less storage than the Q*NN. However, the SDT predictions are less accurate, such
that the balance between complexity and accuracy need to be further investigated
(e.g. using larger SDTs) in future works.

The potential of Transfer Learning (TL) is evaluated in case a prediction model
is needed for a novel vehicle model for which a large data set is not available,
yet. TL is analyzed using the QGRU as base model and a large vehicle fleet data
set of a second vehicle model representing the novel vehicle model (31k trips
after data balancing). The vehicle fleet data set has been analyzed and balanced
as introduced in 4.2.1.1. Subsets with different size are used to investigate the
dependency of the data set size on model performance after TL. Different TL
methods are suggested in 3.2.4. Table 4.8 shows the resulting total 1loss Lo,
RMSE, R?, and Winkler Score (WS) for TL with varying learning rate and
different choice of reinitialized layers using a data subset of approximately 500
trips. For each method (row), three models are trained and the results of the best
performing model are shown for the validation data. TL using an adapted learning
rate but without resetting layer weights shows the best performance. The learning
rate is adapted to 10~° for all layers from input until (excluding) the sequence
layers in the combined channel. Beginning with these sequence layers, a learning
rate of 1077 is chosen for all remaining layers to the output. For comparison,
models are trained without TL (last two rows) by resetting all layer weights, i.e.
with the same architecture but without the pretrained weights from the QGRU.
The results of TL with freezing layers are not included in the table, because the
training and validation loss did not converge to a minimum during training. The
table shows metrics for the validation data, while another comparison between
data set size and again with the models after resetting all weights follows using
the testing data.

Transfer Learning with the adapted learning rate is applied to training subsets
with approximately 250 trips, 500 trips, 1000 trips, and using all training data of
the vehicle fleet data set after balancing (approximately 25k trips). The RMSE,
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Table 4.8: Metrics of the best model out of three on validation data for different Transfer Learning (TL)
methods and the reference without TL. The table is sorted from lowest to highest total loss
Liotq to identify the best model with and without TL. The best metric is marked in bold
each.

Learning rate Weights reset Lossin 1072 RMSE R? WS

Adapted None 0.56 1.87 0.75 1.35
Original None 0.57 1.68 0.73 1.99
Adapted Last 0.91 155 0.72 4.10
Original Last 1.19 1.64 0.55 8.66
Original All(noTL) 1.25 1.83 049 8.60
Adapted All (no TL) 2.10 2.01 -0.01 52.87

R2, and Winkler Score of the best out of three trained models each are shown
in Fig. 4.14 for the same test data (approximately 3k trips). For each subset,
a comparison is included with a model trained from scratch after resetting all
weights (without an adapted learning rate). The results show a plausible effect of
increasing performance with larger data size. The smaller the subset the larger
the improvement in model performance using TL compared to the corresponding
model trained from scratch. As a result, even with the smallest subset of around
250 trips a RMSE of 1.31 °C and a R? of 0.63 are achieved with the help of TL.
A large effect is also shown for the Winkler Score, which describes the quantile
prediction performance. However, even when using the whole fleet data set, TL
improves the shown metrics. Therefore, the application of Transfer Learning
can extend the applicability of the proposed method of battery temperature pre-
dictions, even when only few data are available from the target vehicle model.

96



4.3 Predictive battery thermal management

2 1 15
o 15 0.75 :
o ' & 10
N —
(23 1 faet 0.5 jv .
205 0.25 §
. . oLl i
N QO O N QL D NI\
PSS P &&Q N &®Q NS
(a) (b) ()

Figure 4.14: RMSE (a), R? (b), and Winkler Score (c) of Transfer Learning (TL) models using subsets
with different number of trips. The results are shown for TL using an adaptive learning
rate (left, blue bar) and for a model with all weights reinitialized (right, orange bar).

4.3 Predictive battery thermal management

A predictive battery thermal management can be implemented using a battery
temperature prediction model from the previous step. The control design, cost
functions, and evaluation of such a predictive control are described in the follow-
ing. The potential of deriving rule-based strategies is investigated for real-world
applications with reduced computational effort.

4.3.1 Control design

The control design of the predictive battery thermal management follows the
activity diagram introduced in 3.3.1, and as described in [2]. A vehicle simulation
model is calculated for different drive profiles. After each control distance Sc,,
a Q*NN model predicts the battery temperature for five different upper battery
cooling thresholds (25 °C, 30 °C, 35 °C, 40 °C, 45 °C), which represent the control
value. Battery cooling is activated when the battery temperature exceeds the upper
battery cooling threshold T3 coot,upper and deactivated when it passes the lower
battery cooling threshold T}, coo1,i0wer afterwards, i.e. it is a two-point control
with varying thresholds. The hysteresis between T}, cool, upper a0d Ty cool lower 18
fixed to 2 °C for both the predictive control and the reference cooling strategy with
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fixed control thresholds. The predictive control is simulated using the QCNN22
(as in [2]) and the QGRU for comparison. Optimization costs are calculated for
each threshold, such that the cooling threshold with lowest costs is chosen by the
predictive control. The simulation continues with the new cooling threshold until
the control distance is reached again (or until the end of the profile is reached).

The control distance is set to 2.5 km, which shows to be a good compromise
between the RMSE and the quantile metrics as described in [2]. Furthermore,
on the one hand, the distance needs to be set small enough to react on novel
foresight data and changing boundary conditions. On the other hand, larger
distances reduce the total simulation time since less predictions are required,
and the battery temperature is not expected to dynamically change within short
distances, as the data analysis shows in 4.2.1.1, [1], and [3].

Predictive control with segmented predictions is conducted using one shift of
2.5 km. This allows the consideration of an adaption of the cooling threshold
within the prediction horizon, with only little increase in computational time
compared to the required number of predictions with more shifts (see 3.3.1). The
shift distance is set to 2.5 km to be equal to the control horizon. Future works
need to investigate the effect of different numbers of shifts and shift distances.
Features of the history horizon that are not present in the foresight horizons
cannot be considered by the prediction model for segmented predictions, since
the according data are not available for future states. Therefore, another QCNN is
built only using the history features that are also available in the foresight channel.
It is trained on the same data set than QCNN22 and with 30 trials of the same
hyperparameter optimization than in [1]. For comparison, the total loss Lyt of
the resulting model on the test data (extended simulation and large fleet data as
in 4.2.3) is 16 % higher (1.07 - 10~2) than for the QCNN22 (0.92 - 10~3). The
predictive control selects the combination of battery cooling thresholds with lowest
costs, using the same cost functions than the predictive control without segmented
predictions. The comparison of the predictive control with and without segmented
predictions is part of the controller evaluation in 4.3.3.
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4.3.2 Cost functions

The predictive control chooses the battery cooling threshold in order to minimize
a total cost function. The calculation of the cost functions is equivalent to [2].
An overview of the calculation steps is given in Fig. 4.15 as in [2]. Costs ¢, ; are
calculated as weighted sum of normalized cooling costs c., ageing costs c,, and
derating costs ¢4 for each predicted quantile sequence and each battery cooling
threshold (4.2). The weights enable the tunability of the control, with their sum
defined to equal one. The resulting costs are averaged over all quantiles to c;,
before the battery cooling threshold with minimum total costs is chosen. In case
of segmented prediction, every combination of battery cooling thresholds and ac-
cording quantiles is considered for cost calculation and the threshold combination
with lowest total costs is chosen. The calculation of each cost part uses the battery
temperature as input sequence. Since the ML models predict the difference in
battery temperature with respect to the battery temperature at the current position,
the inputs for the cost parts are calculated as the sum of the (measured) battery
temperature at the current position and the predicted sequence. The cost parts are
further explained in the following.

Cqt = We * Co+Wq * Cq +Wq * Cq “4.2)
Predictions (Costs per quantile & threshold| [ Threshold choice |
3 ( it
; o[ 7 Cooling | | Ageing | |Derating Costs averaged
E o1l ﬁ\/\f (ce) (ca) (ca) over quantiles (c;)
g oA\ :
u E-1 N | We Wa |wd l
e o) 5
Pih. ahl Threshold with
R | Total costs (cq) | minimum costs
e q Horizon (km)

Figure 4.15: Calculation of total optimization costs based on three parts, taken from [2].
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4.3.2.1 Cooling costs

Cooling costs c. describe the energy consumption of active battery cooling. Since
the prediction model does not directly predict cooling activity, the activity needs to
be derived by checking at which segments the predicted battery temperature passes
the corresponding thresholds. A tolerance of 0.1 °C takes inaccurate predictions
into account. An example is shown in Fig. 4.16: at the second local maximum
the model predicts active cooling behavior (by a predicted decrease in battery
temperature) but before the actual threshold T3 coo1,upper i Teached. However,
battery cooling activation is considered when the battery temperature reaches the
threshold within the tolerance (at T3 coot,upper — 0.1 °C). The resulting segments
with expected active cooling are marked with a gray background.

Battery
temperature (°C)

Horizon (km)

Figure 4.16: Example of how cooling activity (gray) is derived from a battery temperature prediction
for a prediction horizon hp. A tolerance of 0.1 °C is subtracted from the upper cooling
threshold Ty, coo1,upper and added to the lower cooling threshold Tp cool,10wer-

The cooling costs are the sum of all segments with active cooling, divided by the
number of segments within the prediction horizon and not exceeding the end of
the trip. Thus, the according cost function represents an indirect computation
(see 3.3.2) based on an estimation of the cooling activity. Since each cost part is
calculated individually for each predicted quantile sequence and then averaged over
all quantiles, the cooling costs are higher the more predicted quantile sequences
reach the upper cooling threshold (within the tolerance), which means the model
is more certain that battery cooling will be active.

100



4.3 Predictive battery thermal management

4.3.2.2 Ageing costs

Battery ageing is considered by two parts in this work: costs for the battery
temperature effect on cyclic and calendaric ageing during the drive c,_q, and costs
for the temperature effect on calendaric ageing when the vehicle is parked ¢, pq
after the end of the trip. Both cost parts only model the temperature dependency of
battery ageing and do not consider the charge throughput and (drive and parking)
time as input. The total ageing costs are calculated by (4.3), using weight wq_pq
(in this work fixed to 0.2).

Caq = (1 - wa,pa) * Ca,dr + Wa,pa * Ca,pa (43)

Costs for ageing during drive ¢, 4, are calculated by a cost function directly
dependent on the predicted battery temperature (4.4). The cost function is based
on [88] and normalized to 1 at a battery temperature 73 of 45 °C, as done in [2]
and indicated by a dashed line in Fig. 4.17 (a).

Cadr = fo(Tp) = (0.00006121 « Tk — 0.002717 T2 4 0.03095 * T}

—0.6697 % T, + 17.57) /53.52  (4.4)

The cost function during parking considers the effect of high battery temperatures
on calendaric ageing. In cases of lower ambient temperatures, the battery is
expected to cool down naturally according to the temperature difference. This
reduces calendaric ageing, and consequently the ageing costs are assumed to be
lower. According to [2], the battery temperature change is approximated by a
linear function f;.(Ty, Tump) With constant k (4.5). kK = —0.1163 is determined
by curve fitting based on the small vehicle fleet data [2].

OTy(t)
ot

ftc(Tb7 Tamb) = =K- (Tb - Tamb) (45)
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Figure 4.17: Cost functions for ageing during drive ¢, 4, (a), taken from [2], and during parking cq, pa
(b), with battery temperature T3 and ambient temperature T,,,3. Both cost functions
are normalized to 1 for T3 at 45 °C.

The costs ¢, pq are calculated only for the last segment of a trip, if it is within
the prediction horizon, using the last predicted battery temperature 7 ,, and
the ambient temperature T, ,, before parking (4.6). Thus, the ageing costs
during parking are considered by costs of the last drive segment, representing
terminal constraints (see 3.3.2). The parking time itself is not considered because
it requires a prediction of the following departure time, which is not addressed by
this work. f, is multiplied with an exponential function of f;., such that the costs
are reduced for increasing T o — Tumb,pe (Which leads to faster cooling during
parking), but stay positive (4.6). Due to the multiplication and the exponential
function, the costs are normalized to 1 at a battery temperature of 45 °C and
Ty pa — Tumb.pa = 0, as indicated by a dashed line in Fig. 4.17 (b). If the battery
temperature is lower than the ambient temperature, the costs are set to zero.

fa (Tb,pa) : exp(ftc(Tb,pav Tamb,pa)) if Tb,pa - Tamb,pa Z 0
Capa = 4.6)

0 otherwise
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4.3.2.3 Derating costs

Battery temperature based derating of the maximum available power is taken into
account by derating costs. As in [2], the derating costs ¢, are directly calculated
by (4.7) as a linear function of the battery temperature for temperatures above
40 °C. The derating costs are normalized to 1 at a battery temperature of 50 °C,
as shown in Fig. 4.18 with a dashed line.

== (w i T, ; > 40 °C, 0 otherwise) 4.7)
np & 10 °C :
2
1.5+ =
3 1) |
0.5 |- =

I I I I 1
O710 0 10 20 30 40 50 60
Ty (°C)

Figure 4.18: Cost function for derating during drive c4 with battery temperature 73, normalized to 1
for T}, at 50 °C.

In future research, the derating costs could be extended by derating costs for cold
temperatures, relevant for charging and recuperation and resulting battery heating
strategies. Furthermore, an extension in future works can focus on the end of
a trip, when battery charging is expected to be limited by low or high battery
temperatures. Furthermore, a prediction of the battery power request could be
considered to evaluate if the power limits are presumably reached [2].
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4.3.3 Evaluation

The predictive control is evaluated according to its adaptability, tunability, ro-
bustness, and computation time by simulations as described in 3.3.3 and done
in [2]. The evaluation is based on the Design of Experiments (DOE) from [2],
which is included in appendix A.5. It specifies 18 scenarios with different pro-
files, ambient temperatures, and initial battery temperatures. The scenarios are
based on the drive profiles US06 (D) [223], Artemis (Highway H, Rural R, and
Urban U) [235], and Tzirakis et al. (T) [236]. The evaluation of the predictive
control using QCNN22 from [2] serves as a base for additional comparison with
predictive control using the best performing QGRU and a segmented predictive
control using the QCNN22 with reduced number of history input features.

4.3.3.1 Adaptability

Adaptability is evaluated for example scenarios of the predictive control with the
QCNN22 from [1] with the cooling, ageing, and derating weights set to 0.08,
0.72, 0.2 respectively. Two profiles HDDUU and HDDD are simulated with the
resulting temperatures shown in Fig. 4.19, which is based on [2]. The profiles
only differ in the last approximately 10 km at which either an urban area without
any slope is reached (HDDUU, a) or another dynamic uphill drive (HDDD, b).

For both profiles, the predictive control adapts the cooling threshold after 17.5 km
from 35 °C to 40 °C to avoid battery cooling which would be otherwise activated
when the battery temperature reaches 35 °C after 33 km (c and d). Consequently,
the total costs for a 40 °C threshold are lower than for 35 °C at this point (e and
f). After 47.5 km of the HDDD profile, the predictive control chooses a lower
cooling threshold which activates battery cooling (d). The predictions of the 40 °C
cooling threshold (h) show an increase in battery temperature compared to the
HDDUU profile with less dynamics in the last 10 km (g). This results in higher
costs for predictions with 40 °C cooling threshold than for predictions with 35 °C
and 25 °C at 47.5 km (f), also when compared with the HDDUU costs (e) (shown
as dotted line in f). Due to the following battery cooling and resulting decrease
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Figure 4.19: Simulated profiles HDDUU and HDDD as specified in appendix A.5 with an ambient
temperature of 30 °C and an inital battery temperature of 33.5 °C, based on [2]. Speed
and road height are shown in (a) and (b), the battery temperature 73 with the upper and
lower cooling thresholds T}, coo1,upper/lower i (€) and (d). Cooling is active in the
gray shaded areas. The total costs per threshold are given in (e) and (f), with the same
y-axis and the costs for 40 °C from HDDUU in (f) as dotted line. (g) and (h) show the
QCNN?22 predictions of the control step at 47.5 km (vertical dotted line) for a cooling
threshold of 40 °C, with quantiles (gray shaded) and true values from simulation (red).
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in battery temperature, the costs of the predictions with 40 °C cooling threshold
become the lowest again, which results in the deactivation of battery cooling at
52.5 km. A comparison with the true values in (g) and (h) shows good predictions
of the QCNN22 at 47.5 km, which adapt to the different profiles at the end. The
true values of (h) are taken from a simulation of the HDDD profile with a fixed
threshold of 40 °C, since the cooling threshold is adapted again in the simulation
of the predictive control and thus does not provide a reference.

Further analysis of the results is included in [2]. For example, the predictive
control achieves a 65 % reduced cooling time and a 1.02 % reduced total energy
consumption, compared to a fixed threshold of 35 °C. The adaptability analysis
indicates in this example that the QCNN22 and the predictive control are able to
adapt their predictions and resulting cooling threshold choice to different routes
ahead.

4.3.3.2 Tunability and robustness

Tunability evaluation considers the effect of a variation of the cost weights on the
resulting cost parts. This work focuses on a variation of the cooling weight w,
and ageing weight w, and the according cooling costs ¢, and ageing costs c,. The
results of the DOE with weight variation are shown in Fig. 4.20, based on [2]. A
variation of cost weights of the predictive control with QCNN22 (blue) and QGRU
(green) results in plausible change of the resulting costs in the shape of a Pareto
front, see Fig. 4.20 (a). For example, an increase in the cooling weight w, (i.e.
higher consideration of cooling energy consumption) results in reduced cooling
costs but increased ageing costs. Compared with the costs for fixed thresholds,
both Pareto fronts of the predictive control are closer to the theoretical optimum
of zero costs.

The QGRU, which also performs better than the QCNN22 in the prediction model
comparison, further improves the predictive control performance. For example,
the QCNN22 predictive control reduces the cooling costs by 9 % with unchanged
ageing costs compared to the 35 °C fixed threshold (Fig. 4.20 (b)), as also analyzed
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Figure 4.20: Normalized cooling and ageing costs for fixed thresholds (30 °C, 35 °C, 40 °C) and
predictive control with QCNN22 (blue) from [2] and with QGRU (green). The arrow
indicates an increased ageing weight w, or cooling weight w.. (b) shows the cost
difference compared to a 35 °C fixed threshold. (c) and (d) focus on the range of the
rectangle in (a). (c) shows the QCNN22 predictive control with a varied control step
(1 km to 4 km) and added input noise for overestimation (MD) and underestimation
(LD) of the profile dynamics, with the same weights than the larger blue dot, taken from
[2]. (d) includes results of a segmented predictive control using the QCNN22 with less
history input features and one prediction shift (solid gold line with triangles) and the
same model without shifts (dashed).
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in [2]. The QGRU further reduces the cooling costs to 16 % less than for the
35 °C fixed threshold. The total energy consumption is reduced by 0.1 % with
the QCNN?22 predictive control and by 0.2 % with the QGRU predictive control.
For both models, derating costs are the same than for the 35 °C fixed threshold.

Robustness of the QCNN22 predictive control is investigated as in [2]. The effect
of a varied control step size and input foresight noise on the costs is included in
Fig. 4.20 (c). The control step size is varied between 1 km and 4 km, compared
to the chosen 2.5 km. Input noise is applied using Gaussian noise on the speed
profile and height profile for a more dynamic input than actual (MD). A moving
average of the foresight speed profile and the same Gaussian noise of the height
profile are applied for a less dynamic input than actual (LD). The parameters of
the applied Gaussian noise and moving average are included in appendix A.S.
For all variations, the resulting costs are closer to the theoretical optimum of zero
costs than for the fixed 35 °C cooling threshold. In this analysis, smaller control
step sizes decrease the cooling costs, all other variations result in higher cooling
costs, but also lower ageing costs.

Results with segmented predictive control using the QCNN22 with less history
input features are included in Fig. 4.20 (d). For comparison, the same prediction
model (with less history input features) is used with the predictive control without
segmented predictions. In both cases, the Pareto front is worse than for the
QCNN?22 predictive control. In this example, the removal of the history input
features decreased the performance (dashed line with triangles), which could not
be improved again by segmented predictive control (solid line with triangles).

The effect of the QCNN22 and QGRU predictive control (without segmented
predictions) on the total energy consumption is further analyzed by Fig. 4.21. It
shows the change in total energy consumption for each of the 18 DOE scenarios for
the QGRU and QCNN22. While the energy consumption is reduced on average
by 0.2 % with the QGRU predictive control, the change in energy consumption
differs between -0.9 % and 1.0 % over the scenarios. In comparison, the QCNN22
predictive control results in less change in energy consumption.
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Figure 4.21: Relative change in total energy consumption of the QGRU and QCNN22 predictive
control compared to a fixed threshold of 35 °C, sorted by the results with the QGRU.
The scenario numbers are mapped to Table A.2 in appendix A.5.

Amongst the scenarios with larger reduction are the profiles (13-15) with large
vehicle dynamics and elevation. The scenario with largest reduction (9) and with
largest increase (11) with the QGRU predictive control are both the profile without
elevation and few dynamics (HRUU), only differing in the ambient temperature.
The energy consumption is also increased for the other two scenarios with the
HRUU profile (10, 12). The difference of the predictive control between scenario
9 and 11 is an unnecessary cooling activation at the beginning of the drive for
scenario 11. Thus, further optimization could target the case of prediction and
control at the beginning of a trip when no history input data is available. Except
for scenario 11, the other six cases with higher energy consumption exhibit only
small increases of up to 0.26 %, while the best six cases show a reduction of
more than 0.40 %. Overall, the analysis shows that the total energy consumption
reduction depends on the scenario. Therefore, an evaluation of the predictive
control performance in later application requires a representative DOE, taking
(regional-dependent) environmental conditions and driver behavior into account.

In an additional analysis, the time until first active battery cooling and the total
cooling duration are compared between the 35 °C fixed threshold and the predictive
control with QGRU and QCNN22. Fig. 4.22 depicts the differences between the
predictive control and the 35 °C fixed threshold control for all 18 scenarios.
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According to Fig. 4.22 (a), the QGRU predictive control activates cooling earlier
by at least 1000 s in six scenarios, and at maximum 250 s later in four scenarios.
In comparison, the QCNN22 predictive control activates cooling less early in the
same six scenarios than the QGRU. Cooling duration (Fig. 4.22 (b)) is closer to
the 35 °C fixed threshold with the QGRU than with the QCNN22. The QCNN22
predictive control shows greater variation with scenarios of both shorter and longer
battery cooling. On average over all scenarios, the cooling duration is shorter for
both the QGRU (by 87 s) and the QCNN22 (by 49 s), resulting in lower cooling
costs and energy consumption. Fig. 4.22 (c) shows a difference in the number
of cooling events between the QCNN22 predictive control and the fixed 35 °C
threshold in only two scenarios, while the QGRU predictive control leads to more
(but shorter) cooling events. However, dependent on the system properties, a more
frequent cooling activation might cause more stress for the thermal management
components.

The cooling analysis shows that the QGRU predictive control results in earlier but
shorter cooling than the 35 °C fixed threshold control. Early cooling activation
reduces the battery temperature early in the drive, such that cooling duration
can be reduced in order to achieve the same ageing costs. In this way, battery
cooling costs are reduced and thus the total energy consumption. However, if the
weight for ageing costs during parking is increased, later cooling might be more
favorable to achieve a lower battery temperature at the end of the drive, in case
the temperature is expected to rise significantly during the drive. Considering the
dependency of the results on the weights and scenarios, this analysis needs to be
conducted with a representative DOE and the corresponding optimal weights for
application. Furthermore, simple rules (for the given example an early cooling
activation) can be derived from the analysis.

4.3.3.3 Computation time
Computation time for the predictive control step is calculated based on the DOE
simulations with the set of weights which leads to costs closest to the theoretical

optimum of zero costs. The computation times of prediction and threshold choice
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Figure 4.22: Difference in time until first cooling event (a), total cooling duration (b), and difference
in number of cooling events n. (c) of the QGRU and QCNN22 predictive control
compared to a fixed threshold of 35 °C. The scenario numbers are mapped to Table A.2
in appendix A.5 and are the same for (a), (b), and (c), sorted by the time difference of
the QGRU in (a).

are compared in Table 4.9. The simulations are conducted with the same hardware
than in [2]'. The comparison includes the QCNN22 predictive control from [2],
a predictive control with the QCNN22 with reduced history input features both
with and without segmented prediction as well as the QGRU predictive control.
The shown times are the sum of average prediction time and average time for
threshold choice (average time) as well as the sum of maximum prediction time and
maximum time for threshold choice (maximum time). The segmented predictive

1 Intel i7 3.0 GHz processor, 16 GB RAM, Python 3.7.5, TensorFlow/Keras 2.5.0
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control takes around 17 times longer for the average time (29.38 s) and 6 times
longer for the maximum time (34.36 s) of predictive control. This can be converted
into the speed in km/h which would be needed to drive 250 m within that time.
Accordingly, if a vehicle is driving faster than 31 km/h (maximum time: 26 km/h),
the segmented control step takes longer than the time needed to pass 250 m
(which is one step of the horizon), resulting in a delayed threshold update. The
computation times of the other three predictive control models are in a similar
range, for which delayed threshold updates only occur in rare cases of high speeds
and maximum predictive control time.

Table 4.9: Time needed for prediction and threshold choice, and speed in km/h which would be
needed to drive 250 m within the according time. Predictive control is simulated for the
DOE using the QCNN22, QCNN22 with reduced number of history features (with and
without segmented predictions) and the QGRU, with the weights resulting in the cooling
and ageing costs closest to the 35 °C fixed threshold (for comparable cooling strategies in
this analysis).

Model Average Maximum Speed for 250 m Speed for 250 m
Time (s) Time (s) (Average) (km/h) (Maximum) (km/h)

QCNN22  1.59 7.23 567 125

QCNN22  1.83 4.19 491 215

reduced

QCNN22  29.38 34.36 31 26

reduced

segmented

QGRU 1.87 6.27 480 143

4.3.3.4 Example of control with real trip data
The QGRU predictive control is simulated with recorded data from a trip in

Naples (Italy), taken from [237], to analyze the control behavior for real trip data.
The ambient temperature and initial battery temperature are set to 34 °C, which
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corresponds to a hot summer day in Naples®>. Fig. 4.23 shows the results for
simulations with a fixed 35 °C cooling threshold and with the QGRU predictive
control. The trip starts with a drive up and down a hill (with a height difference
of 425 m), followed by a rural and highway section, the latter with speeds up to
123 km/h. The total trip distance is 66.5 km.

During the uphill and highway parts, the battery temperature increases. When
it reaches 35 °C after 53.1 km, battery cooling is activated with the fixed 35 °C
cooling threshold, and deactivated 456 s later when it reaches 33 °C at the end of the
trip (Fig. 4.23 (¢)). In comparison, the QGRU predictive control activates cooling
after 2.7 km, at the beginning of the uphill drive (Fig. 4.23 (d)). Furthermore, the
cooling duration is reduced by 45 s.

The early cooling activation of the QGRU predictive control reduces the battery
temperature from the beginning, such that it stays at a lower level for most of the
trip compared to the fixed 35 °C threshold cooling strategy. Thus, the battery
temperature is on average 0.9 °C lower and the maximum temperature is 1.7 °C
lower for the QGRU predictive control. As a consequence, the ageing costs are
32 % lower. However, at the end of the trip, the battery temperature is 0.5 °C
higher. In case of a higher weight on ageing during parking, ageing costs might
be similar or worse with an early cooling activation.

Due to the shorter cooling, the QGRU predictive control reduces the cooling
costs by 10 % and the total energy consumption by 0.12 %. As result, the
QGRU predictive control strategy of early but shorter battery cooling corresponds
to the cooling analysis of the 18 DOE scenarios in 4.3.3.2. However, energy
consumption might be increased compared to the fixed 35 °C threshold if the trip
ends earlier than 53.1 km. The end of the trip is considered by the predictive
control if it is within the prediction horizon, which is 20 km for the developed
models. A possible solution is a larger QGRU horizon or a predictive control with
segmented predictions (which can evaluate larger horizons as well).

2 The maximum ambient temperature in Naples can reach 35.9 °C and the average daily maximum

27.5° C, according to measurements from 2016 [238].
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Figure 4.23: Speed in km/h (a) and altitude in m (b), as well as battery temperature in °C and battery
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cooling activity (active between brackets) for a 35 °C fixed threshold (c¢) and QGRU
predictive control (d). The simulated profile starts at the car icon and consists of the hill,
rural, and highway profile (in that order) in Naples from [237]. Map: ©OpenStreetMap

contributors.


https://www.openstreetmap.org/copyright

4.3 Predictive battery thermal management

4.3.4 Rule-based strategies

Based on the Q*NN predictive control, rule-based strategies are developed as an
alternative control with fewer computational effort in real-world application. The
rule-based models are trained with simulation results of a predictive control using
Q*NN prediction models. The DOE is extended to in total 100 simulations with
additional combinations of the same cycles and more boundary conditions than
in appendix A.S5. As a result, the simulations cover a total distance of 6,715 km,
with ambient temperatures ranging between 15 °C and 35 °C, the initial battery
temperature between 20 °C and 40 °C, and the absolute slope |6] of segments
with elevation between 20 and 40 m/km. The simulations are conducted with the
QCNNZ22 predictive control with cooling weight 0.04 and ageing weight 0.76 (the
big blue dot in Fig. 4.20 (¢)).

The rule-based strategies are derived as Shallow Decision Tree (SDT) classifier.
In total, eight input features are used: mean value and variance of speed, mean
value and variance of speed difference (between consecutive segments), mean
value and variance of height difference (between consecutive segments), as well
as the current ambient temperature and current battery temperature. The output
is a binary classification for cooling off (0) or on (1). The input features are
processed for four foresight horizons (5 km, 10 km, 15 km, 20 km), the output
(and training label obtained by the Q*NN predictive control) is the activation
or deactivation of battery cooling at the current position. All data are split into
training and testing data with a ratio of 80:20, with the same share of cooling on
(15 %) and cooling off (85 %) in both data sets. Afterwards, the training data
are further split into training and validation data in a ratio of 80:20. In order to
handle data imbalance during training, random undersampling is applied on the
remaining training data, such that the share of the minority class (cooling on) is
increased to 25 % (and the majority class with cooling off reduced to 75 %). The
validation and testing data do not need to be balanced, because model evaluation
includes the F1-score, which considers imbalanced data.

The SDT is limited in maximum tree depth and number of leaves to ensure
models with low complexity. Optimization of these two hyperparameters is done
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by grid search individually for each of the four horizons and with the same
ranges than for the SDT battery temperature prediction model (see 4.2.2.2). The
hyperparameters with highest accuracy on the validation data are a maximum
depth of 5 and maximum number of leaves of 17 (5 km), 8 and 17 (10 km), 7 and
17 (15 km), 5 and 9 (20 km).

Impurity feature importance of the four SDT models is shown in Fig. 4.24. The
current battery temperature 73 has the highest importance for all four models. The
importance of the other features differs between the horizons and does not exceed
10 %. On average, the variance in speed changes var(Awv) has the second highest
importance and the variance in height difference var(Ah) has the lowest impor-
tance. The high feature importance for 7 is plausible considering the impact of
the current battery temperature on the optimization costs. However, the imbal-
ance in feature importance can be also related to the low complexity of the SDT
models, which limits their ability to model the patterns of the predictive control.
Thus, further improvements could address the imbalanced feature importance by
different model design.

[0's}
[en)

=2
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Feature Importance (%)
[\]
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Figure 4.24: Impurity feature importance of the Shallow Decision Trees (SDT) for for rule-based
strategies, sorted by importances from the SDT for 20 km.

The SDT models with input features of four different horizons are composed
to an ensemble SDT classifier with an adjustable voting threshold, as described
in 3.3.4. Four different thresholds are considered, such that battery cooling is
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Table 4.10: Metrics of the Shallow Decision Trees (SDT) for each horizon and the ensemble SDT
with different voting thresholds. The test data has a cooling share of 15 %.

Model Skm 10km 15km 20km|1/4 2/4 3/4 4/4

F1-Score 044 054 051 052 (049 049 048 042
Accuracy 0.88 085 0.84 087 |0.79 0.82 0.85 0.87
Cooling share | 7% 18% 17% 13% |26% 20% 13 % 8%

activated if at least one, two, three, or all four SDT classifiers predict cooling on.
The classification performance is evaluated by F1-score, accuracy, and the share
of cooling off to cooling on for the testing data. Table 4.10 shows the results for
each of the single SDT classifiers and the ensemble SDT with each of the voting
thresholds. Accuracy is comparably good for all models (between 0.79 and 0.88),
while the F1-score (between 0.42 and 0.54) indicates bad performance, which
considers the data imbalance. The share between cooling off and on indicates if,
for example, a model results in a more conservative cooling strategy with more
cooling thus less ageing costs. For the ensemble SDT, a lower voting threshold (1
of 4) results in more cooling than a higher voting threshold (4 of 4), as long as the
classification performance is limited for all models. Thus, the voting threshold
can be used for tunability of the rule-based control, similar to the cooling and
ageing weights from Q*NN predictive control.

Predictive control is simulated for the DOE from 4.3.3.2 using the SDT classifiers
of the four horizons and the ensemble SDT classifier with four voting thresholds
to determine battery cooling activation. The resulting cooling and ageing costs are
shown in Fig. 4.25, together with the costs for the QCNN22 and QGRU predictive
control. The costs are normalized by the same maximum values from the tun-
ability evaluation (4.3.3.2) of the Q*NN predictive control for better comparison.
Tunability of the ensemble SDT is given by the voting threshold (VT), which
decreases ageing costs but increases cooling costs for a lower VT. The ensemble
SDT performs well for a VT with cooling activated if at least one of four models
votes for active cooling. The resulting costs are below the Pareto front of the
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Figure 4.25: Normalized costs from predictive control using QCNN22 (blue), QGRU (green), fixed

thresholds, the rule-based control with the SDT models for different horizons (single,

hollow diamonds), and with the SDT ensemble for different voting thresholds VT (con-

nected, filled diamonds). The arrow points into the direction of a decreasing VT (the

most left diamond is VT 1 of 4). The magnifier is centered at the 5 km SDT control

(hollow diamond), with the costs from the 35 °C fixed threshold (red) and the QCNN22
predictive control that the SDT models are derived from (big blue dot) next to it.

QCNNZ22 predictive control (see the filled diamond in Fig. 4.25, not the hollow
diamond in the magnifier). Compared to the 35 °C fixed threshold strategy, cool-
ing costs are increased by 4 % but ageing costs are reduced by 16 %. However, the
costs also differ from the QCNN22 costs with the weight set that the rule-based
models are derived from (big blue dot in magnifier in Fig. 4.25). In contrast, the
single SDT classifier with 5 km horizon results in closer costs (hollow diamond
in the magnifier in Fig. 4.25). Its cooling and ageing costs are each 1 % higher
than for the respective QCNN22 predictive control, but the SDT still reduces the
costs by 3 % each compared to the 35 °C fixed threshold control.

The number of parameters can be determined as done for the rule-based predic-
tions. The SDT models for the different prediction horizons 5 km, 10 km and
15 km each consist of 16 if-conditions (20 km: 8) and 17 leaves (i.e. different
outputs, 20 km: 9), which results in 33 parameters per model (20 km: 17) and,
together with the voting threshold, in 117 parameters for the ensemble SDT. In
comparison, the QCNN22 predictive control needs 7,128,228 parameters for the
prediction model (QGRU: 6,396,924; see both numbers in 4.2.2.1), additionally
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to 12 parameters for cost calculation and the 4 cost weights. Furthermore, the
SDT classifiers only need up to 8 input features each (28 for the SDT ensemble),
while the Q*NN models need 52 (QCNN22: 60). The ensemble SDT with a
voting threshold 1 of 4 needs 1.15 s (Average Time) and 3.63 s (Maximum Time)
in total for the control step. The single SDT classifier for 5 km needs 1.06 s
(Average Time) and 3.30 s (Maximum Time). Thus, the rule-based models are
approximately 40 % faster than the Q*NN and QCNN22 predictive control. Con-
sequently, the single SDT and the ensemble SDT are a suitable alternative for
integration in the target hardware of real-world applications with stricter compu-
tational requirements (e.g. the ECU of a vehicle).

4.4 Assessment of applicability

The method from chapter 3 for a predictive control has been applied to a battery
thermal management of BEV. The results show how fleet data and foresight data
can be used to optimize battery cooling strategies, as specified in the problem state-
ment. For both the prediction models and the predictive control, simple models
are developed as reference and for real-world application with less computational
effort. The developed models and controllers differ in complexity, accuracy, and
information (prediction uncertainty, tunable cost weights), as described in the fol-
lowing. For real-world application, the most suitable model and controller must
be selected according to the computational effort and desired accuracy.

Q*NN models provide accurate battery temperature predictions for the given test
data. The predicted quantile sequences additionally contain information about
the prediction uncertainty. The Q*NN models are the best choice out of all the
models developed in this work, if a later application requires precise predictions
and the prediction uncertainty, and if the computational requirements allow the
usage of large prediction models. The prediction of quantile sequences provides
the following advantages:
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1. The Q*NN can model complex situations with large uncertainty by provid-
ing a quantile corridor in which the true values most likely will be.

2. The development of Q*NN is independent from assumptions about the
underlying distribution, since quantile sequences are not limited to a specific
probability distribution (e.g. the normal distribution).

3. Information about the prediction uncertainty can be used to increase aware-
ness for inaccurate predictions in complex situations (e.g. larger differences
between quantiles means larger model uncertainty), which can increase the
overall trust in the prediction model.

4. The quantile sequences can be evaluated independently in a predictive
control, which improves flexibility and robustness in the cost calculation
for choosing the battery cooling strategy.

In contrast to that, simpler prediction models can be selected if the computational
requirements are strict, if quantile sequence predictions are not needed, and if the
reduction in prediction accuracy is acceptable. However, the experiments showed
a significant loss in prediction performance compared to the Q*NN models. Fur-
thermore, Transfer Learning of Q*NN models enables the application of battery
temperature prediction models for vehicle models for which only few data are
available. An analysis of Transfer Learning with different amounts of data from
a second vehicle model provides information about the required data set size to
achieve the needed prediction accuracy.

The developed predictive control adapts the battery cooling threshold based on
the Q*NN predictions for different thresholds and resulting optimization costs.
Battery specific cost functions and cost weights allow an interpretable tuning of
the predictive control dependent on the target application. For instance, if battery
ageing needs to be reduced and an increase in cooling energy consumption is ac-
cepted, the corresponding cooling and ageing weights can be adjusted to shift the
costs along the Pareto front. Robustness to input noise during application is ana-
lyzed for cases of inaccurate foresight input data from the navigation system. If the
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computation resources of the target system (ECU in the vehicle) are limited, alter-
native rule-based strategies can be implemented as Shallow Decision Tree (SDT)
classifiers or an SDT ensemble classifier with a voting threshold. These rule-
based models consist of significantly less parameters than the Q*NN predictive
control and can be translated into simple functions and look-up tables. However,
their tunability is limited and their performance can be insufficient regarding the
resulting costs. Furthermore, the rule-based models are derived from simulations
of the Q*NN predictive control for a specific Design of Experiments (DOE), such
that the DOE needs to be representative for the scenarios of the application, i.e.
the typical driving scenarios and behavior.

Overall, the application of the proposed method provides models with different
levels of complexity, suiting different requirements for application in a battery
thermal management system. The applicability of each prediction model and
predictive control depends on these requirements and can be evaluated with this
assessment.
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The developed method is able to answer the research questions raised in 2.4,
according to the results from chapter 4. Deep Learning based Quantile Neural
Networks (Q*NN) predict battery temperature sequences and provide information
about the prediction uncertainty. The prediction uncertainty is given by quantile
predictions, such that it is not limited to a specific probability distribution function.
Data processing includes data balancing with sequence clustering of large fleet
data and data augmentation of simulation data. The Q*NN are trained with
both the simulation and fleet data, using history and foresight input data. The
Q*NN provide better prediction performance than the reference prediction models.
Transfer Learning enables Q*NN training with good prediction accuracy for a new
vehicle model even when limited data are available. The novel predictive control
of a battery thermal management uses the Q*NN and cost functions that represent
battery-related properties (cooling energy consumption, battery ageing, and power
limitation). The Q*NN predictive control results in lower Pareto costs than a
fixed 35 °C cooling threshold, with a reduction of cooling costs (by on average
16 % over 18 scenarios) and total energy consumption (0.2 %) for unchanged
ageing costs. Rule-based strategies can be derived using Shallow Decision Trees,
resulting in less energy reduction but computationally less expensive integration
in the vehicle. Finally, an assessment of applicability provides an approach for
choosing the best suitable prediction model and predictive control according to
real-world requirements.

The results are further discussed with comparison to the state of the art in 5.1 and
concerning method limitations with possible adjustments in 5.2.
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5.1 Comparison with state of the art

The results of the Q*NN for battery temperature prediction and Q*NN predictive
battery thermal management are compared with the state of the art described
in chapter 2. The battery temperature prediction results are discussed in 5.1.1,
followed by the predictive control in 5.1.2.

5.1.1 Prediction model

According to the results, the method can be applied to the development of accurate
prediction models for quantile sequences of battery temperatures. A comparison
with single-step reference models indicates the superior prediction performance
of the multi-horizon Q*NN models, in accordance with the results in [194].
Similar to [195], the GRU-based architecture performed better than the CNN and
LSTM. The RMSE is higher for the Q*NN models compared to [195], which
may be related to more dynamic battery temperature changes in the test data of
this work. Furthermore, both [194] and [195] focus on training and test data of
battery cell measurements, while the Q*NN models are trained and tested on a
combined data set of vehicle simulations and a large vehicle fleet. In contrast to
the methods in 2.3.1, data augmentation with Intersection-based Assembly (IBA)
does not distort data or generate completely synthetic data, but combines existing
data taking physical properties into account.

The Q*NN prediction performance is improved with larger data size in combina-
tion with improved data processing (balancing and augmentation, see the compar-
isons with QCNN?22). The positive correlation of available data size and predic-
tion performance is further shown in the Transfer Learning investigations (4.2.4),
which corresponds to the findings of [25, 102]. However, in contrast to [102], the
deeper Q*NN architecture has not been picked by the efficient Bayesian hyper-
parameter optimization. This is in accordance with [24, p. 215-216], who states
that time-series forecasting CNNs with one dimensional convolutions usually
have fewer hidden layers than CNNs with two or three dimensional convolutions.
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Moreover, the Q*NN architecture distinguishes from [194, 195] considering the
additional input channel for foresight input data, the output channels for quantile
sequences, and the custom loss function.

5.1.2 Predictive control

The developed predictive battery thermal management can successfully use the
quantile predictions of the Q*NN models to improve the Pareto front of cooling
and ageing costs compared to a fixed threshold control. In the references in 2.2.2,
predictive control leads to better performance than a fixed threshold control.
Results in [67, 23] show a Pareto front between cooling energy and battery
ageing. Differences in the achieved energy consumption reduction can be based
on different driving scenarios, vehicle types (P)HEV instead of BEV) [64, 23, 17],
and reference cooling thresholds [16, p. 121]. Furthermore, in contrast to [87, 88,
64], battery cooling is considered as a binary state (cooling on or off) in Q*NN
predictive control, without an adjustable cooling power. Thus, more energy
consumption reduction might be possible when including an adjustable cooling
power, which requires according simulation models and fleet data collection.
For example, an adjustable instead of constant compressor speed reduces the
compressor energy consumption by 11 % in [67].

As an extension to the references in 2.2.2, the cost functions of the Q*NN predic-
tive control additionally include power derating costs and calendaric ageing costs
during parking (as terminal costs). Moreover, the Q*NN predictive control evalu-
ates the costs based on distance-based, multi-horizon quantile predictions for five
different thresholds. The maximum prediction horizon of the references in 2.2.2
is 60 s [89, 23, 68, 17], which can be converted to 1.7 km for a constant speed of
100 km/h. In comparison, the prediction horizon of the Q*NN predictive control
is larger with 20 km (80 steps of 250 m). Thus, the Q*NN predictive control
can adapt the battery cooling strategy to information from larger distances of the
route ahead, for example, if an urban area or a dynamic uphill drive are expected
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after a highway section. Despite the larger prediction horizon, the computation
times of the Q*NN predictive control are comparable to the references in 2.2.2.

5.2 Limitations

The performance of the Q*NN prediction model and predictive control are linked
to the given vehicle model, collected simulation and fleet data, and the scenarios
of the Design of Experiments (DOE). In this context, predictive control with the
more accurate QGRU improves the Pareto front compared to the QCNN22, which
points out the benefit of the increased prediction model accuracy. However, the
average reduction in total energy consumption (0.2 %) remains low compared
to the 16 % cooling energy reduction. It depends on the drive scenarios and
the according energy consumption of the drivetrain as well as the share of the
corresponding thermal management components. For example, 16 % cooling
energy reduction results in a reduction of total energy consumption by 1 % when
a share of 6 % is assumed, as in 2.1.1.3. Additionally, the derivation of rule-based
strategies in 4.3.4 highly depends on the DOE. Furthermore, the predictive control
does not operate when the vehicle is stopped (due to distance-based sampling) [2].
While shorter stops in traffic jams are not expected to significantly change the
battery temperature, thermal management during fast charging is an important
use-case which is not covered by the predictive control, yet. Another aspect is
the dependency on information about the route ahead. However, the predictive
control shows good robustness to foresight input noise in 4.3.3.2. Moreover,
the method steps need to be individually evaluated concerning their effect on
the results, for example how the novel data augmentation approach improves the
prediction model performance.

Besides these limitations, the developed method could be extended in order to im-
prove the performance and applicability of the prediction model and the predictive
control. For example, the Q*NN prediction accuracy is expected to improve when
using simulation or fleet data with battery cooling thresholds changing during the
same trip. Future Q*NN architectures might use more advanced sequence layers,
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such as bi-directional RNN, with self-attention, or Transformer models. Bayesian
optimization could be extended to larger ranges of hyperparameters, architecture
modifications, and data processing. Furthermore, the prediction models might be
tested live in a vehicle, with speed prediction models from the navigation system
as foresight input data. Tests on the vehicle hardware assess the potentials and
limitations of the corresponding implementation and integration. Additionally,
continuous training of the Neural Networks could be investigated in order to
fine-tune the models to the individual driver behavior or environmental condi-
tions [1]. However, in this case, either higher on-board computational power or
cloud-computing are required for model training. Further research could address
model explainability. Investigations of Transfer Learning need to include addi-
tional simulation data of the second vehicle model for fine-tuning and evaluation
considering different battery cooling thresholds.

The Q*NN predictive control design could be extended by adjustable prediction
and control horizons, according to the drive scenario (e.g. longer horizons for
highways, shorter horizons for cities) [2]. Moreover, an adjustable, continuous
cooling power could be used for control output and cooling cost calculation. Bat-
tery ageing and derating might be more accurately represented by the cost functions
if the SOC, SOH, as well as drive and parking time are included. Battery derating
costs could be extended by a prediction of actual power demand [2]. Furthermore,
the Q*NN predictive control could be compared with other MPC implementations
and with global optimization methods (e.g. Dynamic Programming). Similar to
the discussed extensions for the prediction model, the predictive control might
be integrated and tested in the vehicle. The cost weights could be continuously
tuned during application according to the driver behavior and environmental con-
ditions [2], similar to Reinforcement Learning methods as proposed in [7]. The
development of rule-based models might be improved, using larger data sets of
the best performing Q*NN predictive control and further optimization of model
type, hyperparameters, and input features.
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6 Conclusion

This chapter concludes the dissertation with a summary of the method and its
key results and findings in 6.1. An outlook provides further remarks for future
research and potential implications in 6.2.

6.1 Summary

The automotive industry enters a new era with the rise of Battery Electric Vehi-
cles (BEV) in order to reduce emissions. An energy consumption reduction of
BEV contributes to well-to-wheel emission reduction as well as increased driving
ranges. However, electric vehicle batteries require an energy-consuming thermal
management due to their temperature dependent properties such as battery age-
ing and power derating. Thus, an energy-efficient battery thermal management
control is developed in this dissertation.

The developed method includes a battery temperature prediction model and a pre-
dictive control which uses the model for an adaption of battery cooling thresholds.
The prediction model is a Deep Learning based Quantile Neural Network (Q*NN).
Its architecture considers both history inputs and foresight inputs to predict quan-
tile sequences of the battery temperature change. The data-driven development
processes simulation data (971 simulations) and fleet data (225,629 trips). The
simulation data are augmented with Intersection-Based Assembly (IBA). Further-
more, the fleet data are balanced based on a sequence clustering. The Q*NN
is trained and evaluated with different sequence architectures such as Convolu-
tional Neural Network (CNN), Gated Recurrent Unit (GRU), and Long Short-Term
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6 Conclusion

Memory (LSTM). Moreover, the resulting Q*NNs are compared with reference
regression models including Shallow Decision Tree (SDT), Light Gradient Boost-
ing Machine and Extra Trees Regressor (LGBM-ETR), as well as Quantile Extra
Trees Regressor (QETR). The Q*NN with GRU (QGRU) achieves best perfor-
mance for point-prediction (median) metrics (RMSE: 0.66 °C, R?: 0.84, both as
average of the four evaluated horizons) and quantile-related metrics (e.g. with
98.87 % of the true values below the 0.99 quantile). Furthermore, Transfer
Learning of the QGRU to another vehicle model provides accurate prediction
performance even when only few data are available and reduces training time for
large datasets.

The best performing prediction model (QGRU) is used in a predictive control
of the battery thermal management. The battery cooling thresholds are adapted
according to a cost function considering battery cooling, ageing, and derating
with tunable cost weights and the predicted quantile sequences as input. Thus,
the QGRU predictive control can adapt the cooling strategies according to the
route ahead. Simulations of 18 scenarios show a reduction in cooling energy
consumption on average by 16 % with corresponding ageing costs compared to
a fixed 35 °C threshold control. Simpler rule-based models are derived from
simulations of a Q*NN predictive control and achieve comparable performance
with lower computational requirements.

In a nutshell, the main contributions of this dissertation are:

* A method for the development of Deep Learning based quantile sequence
prediction models with history and foresight inputs and using simulation
and fleet data, as well as their integration in a predictive control.

* The application of the developed method for an improved battery thermal
management of Battery Electric Vehicles (BEV).

* Assessment of real-world requirements with further investigations of Trans-
fer Learning of the prediction model and the derivation of rule-based models
of the predictive control.
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6.2 Outlook

In conclusion, this dissertation describes the data-driven development of a pre-
dictive control method, which improves the energy efficiency of a battery thermal
management of BEV.

6.2 Outlook

The developed method could be improved and extended, addressing the limitations
discussed in chapter 5. For example, further improvements in data collection and
processing might provide a more representative, balanced, and clean data set for
training and evaluation. Optimization of model architectures could be investigated
for better performance concerning accuracy and computational requirements. Fur-
thermore, future research could aim at more adaptability of control values, cost
functions, and horizons of the predictive control. The evaluation of the predictive
control might be based on more (representative) driving scenarios. Additionally,
alternative (global) optimization methods could be investigated for further refer-
ence. Both the prediction model and predictive control need to be tested in real
vehicles, with real driving conditions and estimated foresight input data (rather
than recorded data). Research about explainability is required for a better under-
standing of the capabilities and limitations of the prediction model and predictive
control.

Besides method modifications, future research might improve other use-cases with
a data-driven prediction model of quantile sequences or a predictive control using
such models. For example, the method could be applied to a predictive control
of battery heating or other components of the electric drivetrain. Additionally, an
application in other industries could be assessed, such as the thermal management
of buildings, predictive control in aviation, or financial forecasting. Overall, the
developed method provides a large base for further research about prediction
models and predictive control, in order to develop more energy-efficient control
systems.
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A Appendix

A.1  Weather data analysis

If a vehicle fleet data set contains the vehicle location, weather data from nearby
weather stations can be additionally analyzed and taken as input for the prediction
model [1]. The data processing steps conducted in this work for an according
analysis are shown in Fig. A.1. Weather data from the German Weather Ser-
vice (DWD) [239] are used for the analysis. The vehicle location is provided
in longitude (long) and latitude (lat) coordinates from the Global Positioning
System (GPS).

At first, faulty or plausible data are filtered. The first and last six segments are cut
off, since the vehicle could be located in a parking garage such that its ambient
temperature measurements are not comparable with weather data. The plausibility
of the vehicle position is investigated by comparing the GPS distance and the
measured distance of a trip. The GPS distance dgpg is calculated in a simplified
way by equations (A.1) to (A.4) according to [240], with corrected latitude dlat and
corrected longitude dlong. The curvature of earth is approximated by considering
different meridian distances along the latitude.

daps = \/(dlat)? + (dlong)? (A1)
dlat = 111.3km/° - Alat (A2)
dlong = 111.3km/° - cos(lat) - Along (A.3)
Tal — latq —;—latg (A4)
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- ’ Data Center

Analysis of weather data and distances
between weather station and vehicle

\ J

<

Figure A.1: Steps of data processing for weather data analysis as used in [1] and 4.2.1.

A trip is neglected if the distances between weather station and vehicle differ by
more than 10 km or 5 %. Drives on a test rig inside a testing facility are identified
if the drive follows a periodic profile. A Fast Fourier Transformation (FFT) of
the speed provides information about the periodicity. A trip is neglected if the
maximum absolute amplitude is larger than 100 and shifted by at least two steps
in the frequency domain. The analysis is reduced to 1000 segments.

A list of the weather stations is queried from the DWD server to find the closest
weather station. As additional, simplified requirement, only weather stations
located at 1000 m altitude or lower are considered, to discard weather stations
located at mountain peaks [1]. For each sample, the weather data of the matching
weather station, date, and time are queried. An analysis can target the differences
in measured ambient temperature combined with the distance between vehicle and
weather station. According results are included in [1] and show a good fit between
the measured ambient temperature of the vehicle and the weather stations. The
difference is between -2.1 °C and 3.5 °C in 95 % of the data.
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A.2 Fleet data clusters

Random samples of the time-series cluster results from the large vehicle fleet data
are shown in Fig. A.2 and for the second vehicle model in Fig. A.3. The shown
Dynamic Time Warping based Barycentric Averaging (DBA) curves are the same
than in Fig. 4.6 in section 4.2.1.1. The results are shown after outlier removal
with 1 % for each cluster.

135



A Appendix

(Do) omyerodura)
A19170q UT S3URY))

]
N

15

10
Distance (km

(Do) amyeroduoy
A1993Rq UI S3URY))

Distance (km)

)

Distance (km)

(Do) @myeroduray
L1917 UI 98URY))

[ ]
N

15

|
10
Distance (km)

I B A W
64204%4

(Do) @myeroduroy
AI1939Rq UI 93URY))

|

N Y [

15
km)

10

Distance

4]

(Do) @myeIodure)
A19%9Rq UI 93URY)

N N P R R I =]
N

L o

i
= o
H o

| [ 1 [ [

10

Distance

4]

(Do) amyeIodmwoy
A19)90q UI S3URY))

(

(km)

(Do) @myeroduroy
A103yeq UI 98U

km)

(

Distance

Figure A.2: A random sample of 500 curves for each cluster 1 (a) to 7 (g) and the DBA (red) from

time-series clustering of the large vehicle fleet data.
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time-series clustering of the large vehicle fleet data of a second vehicle model.

137



A Appendix

A.3 Q*NN input features and fixed parameters

The choice of input features of the Deep Learning based Quantile Neural Net-
works (Q*NN) is based on the data collection and processing step (see 4.2.1).
The used features and qualifiers (QL) are marked with 1 for the each horizon in
Table A.1, taken from [1]. Additional weather data (marked with *) are only used
with the small vehicle fleet data for the development of the QCNN22 from [1].

Table A.1: Input features and qualifiers of both input channels, cited from [1].

Parameter History Foresight
Channel Channel

Acceleration pedal 1 0
Ambient temperature 1 1
Battery cooling threshold end 1 1
Battery cooling threshold start 1 1
Battery SOC rate 1 0
Battery SOC squared 1 0
Battery State of Charge (SOC) 1 0
Battery temperature 1 0
Battery temperature - Ambient temperature 1 0
Battery temperature rate 1 0
Cabin target temperature 1 0
Cabin target temperature QL 1 0
Cabin temperature 1 0
Cabin temperature QL 1 0
DPMA acceleration propulsion 1 0
DPMA acceleration propulsion QL 1 0

(Continues on next page)
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DPMA acceleration recuperation
DPMA acceleration recuperation QL
DPMA speed propulsion

DPMA speed propulsion QL
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Settings of fixed parameters of the Deep Learning based Quantile Neural Net-
works (Q*NN), taken and cited from [1]:

140

L]

“Optimizer: Adaptive Moment Estimation (ADAM)
Maximum number of epochs: 200

Early stopping patience: 20

Quantiles: [0.01, 0.1, 0.25, 0.5, 0.75, 0.9, 0.99]

Initial quantile weights (after constraints and softmax): [0.024, 0.064,
0.175, 0.475, 0.175, 0.064, 0.024]

Horizon lengths: 20 (history), 80 (foresight and prediction)

Kernel and bias constraint: maxnorm with weight 2

Activation function: “relu” (“linear” in final dense layers)

Convl1D kernel size: 3 (history), 15 (foresight), 25 and 15 (combined)
MaxPooling poolsize: 2 (history), 3 (foresight and combined)

Scaling factor for number of nodes: 2 (Conv1D) and 0.5 (Dense) for history
and foresight, 1.75 (Dense in Concatenate) and 0.25 (Dense in ChannelOut)
for combined. The number of nodes of the quantile output layers equals
the fixed horizon length of 80. All other layers have a scaling factor of 1.”



A.4 Further example predictions

A.4 Further example predictions

Additionally to 4.2.3.3, further example predictions are shown in Fig. A.4 for
the QCNN (a), QGRU (b), QCNN22 (c) and the reference regression models
(d), as provided by [3]. In this example, all models predict the correct trend
of battery temperature change. However, the QCNN and QGRU predictions are
more accurate, and their quantile intervals are more narrow than for the QETR.

A(Battery Temperature) (°C)
S
|
|

=20 e e
0 5101520 0 5 101520 0 5 101520 0O 5 10 15 20
Horizon (km)  Horizon (km)  Horizon (km) Horizon (km)
(a) (b) () (d)

Figure A.4: Example predictions of the QCNN (a), QGRU (b), QCNN22 (c) and the reference
regression models (d) from [3]. The true values are represented by a thick red line, the
median by a thin black line and the quantile intervals are the gray areas. (d) includes the
LGBM-ETR (triangles), SDT (diamonds) and QETR (circles and gray areas of quantile
intervals).
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A.5 Design of experiments for predictive
control evaluation

The Design of Experiments (DOE) used for predictive control evaluation is taken
from [2] and shown in Table A.2. As described in 4.3.3, the DOE is based on the
drive profiles US06 (D) [223], Artemis (Highway H, Rural R and Urban U) [235]
and Tzirakis et al. (T) [236]. The noise on foresight input data for robustness
analysis is specified by Table A.3.

Table A.2: Design of experiments for tunability evaluation of the predictive control, with initial
battery temperature T}, ;,,;¢, ambient temperature T, 5, and slope 6, cited from [2].

Scenario  Profile  Elevation  Tgp (°C)  Tp init (°C) 0] Y(1,1)
(m/km)

1/2/3/4 HDDD 1)1 30/30/25/30 33.5/38/33.5/30 20

5/6/7/8 HDDUU _ 1] _ 30/30/25/30 33.5/38/33.5/30 20

9/10/11/12 HRUU o 30/30/25/30 33.5/38/33.5/30 20

13/14/15 12T 3] 313] 31 30/20/30 30/25/38 50

16/17/18  9TUU 31313, 30/20/30 30/25/38 50

Table A.3: Foresight input noise, cited from [2]. “Gaussian noise is defined by mean value p and
standard deviation o, centered moving average by window size.”

Noise type Speed Elevation

More Dynamic (MD) Gaussian noise Gaussian noise
(u=0km/h,c =20km/h) (u=0m,oc =4m)

Less Dynamic (LD) Centered moving average Gaussian noise
(window size 9) (u=0m, o =4m)
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