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Zusammenfassung

Eine prézise und zuverlissige Zustandsbestimmung fiir Lithium-Ionen-Batterien (LIBs)
ist entscheidend fiir die Sicherheit von Batteriespeichersystemen und damit verbunden die
Verbreitung der Elektromobilitat. Allerdings mangelt es bestehenden Batteriemanagement-
systemen (BMS) an Flexibilitat iiber den gesamten Lebenszyklus eines Batteriepacks. In-
telligente, cloudbasierte BMS und rekonfigurierbare Batteriesysteme (RBS) ermoglichen
eine gezielte Nutzung einzelner Batteriezellen und verbessern dadurch die Gesamtleistung
des Batteriesystems. Dariiber hinaus bieten digitale Zwillinge in BMS-Architekturen vor-
ausschauende Wartungsstrategien sowie adaptive Methoden zur Zustandsbestimmung. Die
Nutzung verteilter Rechenressourcen ermoglicht eine effiziente Implementierung cloudba-
sierter BMS und digitaler Zwillinge. Ein entscheidender Parameter fiir ein solches Systems
ist die Round-Trip-Latenz, einschliefilich der Berechnungskosten. In dieser Arbeit werden
moderne Methoden zur Ladezustandsbestimmung (SOC) diesbeziiglich verglichen. Fiir ein
Feedforward-Neuronales-Netzwerk (FNN) wurde bei einer Distanz von 450 km iiber Long-
Term-Evolution (LTE) als Mobilfunknetz eine mittlere Round-Trip-Latenz von 54.6 ms ge-
messen. Dieser Wert liegt deutlich innerhalb der typischen Grenze von 100 ms. Tempera-
tur hat einen erheblichen Einfluss auf die Leistung und Alterung von LIBs. Uberhitzung
beschleunigt die Degradation und kann zu einem thermischen Durchgehen fiihren. Eine
préazise Temperaturabschitzung ist daher essenziell. Zu diesem Zweck werden in dieser Ar-
beit ein Kolmogorov-Arnold-Netzwerk (KAN) sowie ein interconnected Long Short-Term
Memory (LSTM) Modell zur Schiatzung der Kern- und Oberflichentemperatur einer LIB
vorgeschlagen. Mit dem KAN-Modell eine mittlere quadratische Fehlerabweichung (RMSE)
von 0.735°C und 0.520 °C fiir Kerntemperatur und Oberflichentemperatur wiahrend eines
UDDS-Fahrzyklus bei 25 °C erzielt werden. Neben der prizisen Zustandsbestimmung ist eine
robuste Softwarearchitektur erforderlich, um einen bidirektionalen Datenaustausch zwischen
Fahrzeugen und Cloud zu ermdglichen. Diese Arbeit schlégt ein finfstufiges Internet-of-
Things (IoT) Framework sowie eine universelle Datenspezifikation fiir Batteriespeichersys-
teme vor. Im Zusammenhang mit der zentralen Rolle der effizienten Datenkomprimierung
wird eine verlustbehaftete, adaptive Datenkompressionstechnik auf Basis der Polynomko-
dierung vorgestellt. Dabei konnte wahrend eines UDDS-Fahrzyklus ein RMSE von 5.09 mV
bei 99.1 % Kompression erreicht werden. Die Gesamtleistung von cloudbasierten BMS kann
durch ein intelligentes RBS weiter optimiert werden. In dieser Arbeit werden verstarkungs-
lernbasierte Steuerungsalgorithmen fiir diesen Zweck entwickelt. Fiir das Training dieser Al-
gorithmen wurde ein elektrophysikalisches Simulationsmodell als Trainingsumgebung kon-
zipiert. Dieses Modell wurde mithilfe des Just-in-Time-Compilers Numba fiir Python im-
plementiert und ermoglicht die Simulation einer Sekunde Betriebszeit eines zehn Module
Battery Modular Multilevel Management (BM3)-Systems in 0.33 s. Eine Reduktion um den
Faktor 130 im Vergleich zu einer MATLAB/SIMULINK-Implementierung. Die zwei ma-
schinelle Lernalgorithmen, Q-Learning und Amortized Q-Learning (AQL), werden in dieser
Arbeit zur Steuerung von RBS eingefiihrt. Die AQL-Methode erreichte eine 4,5-fach schnel-
lere Ladezustandsangleichung als der proaktiver Balancing-Algorithmus bei einem System
mit zwolf Zellen. Die in dieser Arbeit vorgestellten Methoden und Frameworks bilden eine
Grundlage fiir datenintensive, cloudintegrierte digitale Zwillinge fiir RBS. Diese Fortschritte
tragen maflgeblich zur Transformation hin zur vollelektrischen Mobilitdt bei und eréffnen
neue Perspektiven fiir intelligente, cloudbasierte BMS.






Abstract

Accurate and precise state estimation of lithium-ion batteries (LIBs) is essential for en-
hancing the safety of battery storage systems and increasing the adaptability of e-mobility.
However, existing battery management systems (BMS) lack in reliability and adaptabil-
ity across the entire lifespan of a battery pack. Intelligent cloud-based BMS and recon-
figurable battery systems (RBS) enable the smart utilization of individual battery cells,
thereby improving the overall performance. Additionally, digital twin-based BMS offers
predictive maintenance capabilities and adaptive state estimation. The integration of dis-
tributed computing resources facilitates the efficient deployment of cloud-based BMS and
digital twins. When implementing cloud-based BMS, round-trip latency including compu-
tational cost serves as a critical decision-making parameter. In this thesis, state-of-the-art
state-of-charge (SOC) estimation techniques are compared. The mean round-trip latency
for feedforward neural network (FNN) over long-term evolution (LTE) mobile network of
54.6 ms for an aerial distance of 450 km between the physical BMS and the cloud server was
measured. This computational cost is well within typically allowed limits of up to 100 ms of
computational delay. Operating temperature significantly influences LIB performance and
degradation. Overheating accelerates degradation and may even lead to thermal runaway.
Therefore, accurate battery temperature estimation is crucial for safe and reliable BMS
operation. To this end, a Kolmogorov-Arnold Network (KAN) and an interconnected Long
Short-Term Memory (LSTM) model are proposed for estimating core and surface tempera-
tures based on current, voltage, and ambient temperature inputs. The proposed KAN model
achieved an RMSE of 0.735°C and 0.520°C for core and surface temperature estimation,
respectively, under a 25°C UDDS drive cycle, demonstrating its potential effectiveness.
Beyond state estimation, a robust software architecture is required to enable bidirectional
data transfer between vehicles and the distributed computing environment. This thesis pro-
poses a five-layer Internet of Things (IoT) framework and a universal data specification for
battery storage systems. Efficient data compression is crucial for transmitting large data
volumes. The proposed lossy and adaptive data compression technique utilizes polynomial
coding to compress voltage measurements based on current and time data. This approach
achieved an RMSE of 5.09mV with a 99.1% rate of compression during a UDDS drive
cycle at 25 °C ambient temperature. The overall performance of cloud-based BMS can be
further enhanced through intelligent RBS. This thesis introduces reinforcement learning-
based control algorithms for this purpose. To develop these algorithms, an electrophysical
simulation model was proposed as a training environment. This model, implemented using
the Python just-in-time compiler Numba, enables the simulation of a one-second uptime of
a battery modular multilevel management (BM3) with ten modules in 0.33s. The proposed
model demonstrated a 130 times speed improvement compared to a MATLAB/SIMULINK
implementation. Furthermore, two machine learning algorithms Q-learning and Amortized
Q-learning (AQL) were developed for BM3 control using reinforcement learning. The AQL
algorithm combines classical control techniques with modern machine learning approaches.
When compared to the proactive balancing algorithm, the AQL method demonstrated 4.5
times faster SOC balancing for a 12-cell battery pack. The methodologies and frameworks
presented in this thesis establish a foundation for data-intensive, cloud-integrated digital
twins of RBS. These advancements will significantly contribute to the transition toward
fully electric transportation and open new pathways for intelligent, cloud-based BMS.
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1 Introduction

“The problem so far has been to build a storage battery of light weight which would operate
for long distances without recharging. Mr. [Thomas] Edison has been experimenting with
such a battery for some time”. Since Henry Ford’s response in an interview with the New
York Times on January 11*", 1914 [1], not only the design of vehicles has changed, but also
the range of cars increased to more than 600km [2], [3]. Even electric trucks are prepared
for operation. The Tesla Semi could archive a range of 800 km fully charged and fully loaded
during a test over two weeks by DHL [4]. With technological advances and extended driving
ranges, battery pack capacity has nearly tripled in Electric Vehicles (EVs) [5]. However,
improving energy storage systems in terms of efficiency and lifetime is of high environmental
and economic interest. Certain limitations must still be overcome to achieve widespread
adoption in battery EVs and grid-storage applications.

In this chapter, we first define the motivation of this Thesis. In the second Section, the
research aim and objectives are given. Based on the research aim and objectives, we define
in Section on the following page the research question we work on in this Thesis, followed
by the thesis road map and the publications. Section gives an overview of the research
contribution during the work on this Thesis. At last, in Section on page [/, we look
through the structure of this work.

1.1 Motivation

This Section sets out the motivation for our research to enable the development of efficiency-
enhancing methods using Internet of Things (IoT) technology for electric vehicles. Our
research addresses the issue of climate change through efficient electrification of transport.

Climate Change With the adoption of the Paris Agreement [6], the signatory states com-
mitted themselves to hold the increase in global average temperature well below 2°C
above the pre-industrial level. Rapid reduction of greenhouse gas emissions is neces-
sary to achieve this commitment target, with much more significant reductions than
current policies. According to forecasts, current policies will lead to a global warming
of 3.2°C with a range of 2.2°C — 3.5°C above pre-industrial level by the year 2100
[7].

Transportation Electrification With 7.3 Gt carbon dioxide equivalents in 2020, transporta-
tion is the second most emitting sector after the sector of electricity and heat [8].
Transportation includes every kind of transportation, including aeroplanes, railways,
shipping, and roads. Road transport has the largest share within transportation,
equivalent to 12 % of global greenhouse gas emissions [9]. The most effective means of
reducing carbon dioxide emissions from combustion are walking, cycling, using public
transport, and reducing speed limits, especially on the German Autobahn, which has,
in many cases, no speed limit. If a private vehicle is required, it is recommended to
an electric vehicle [10], [11]. EVs with batteries as the energy source have a lower life
cycle carbon footprint than internal combustion engine vehicles. Therefore, they can
contribute to emissions reductions in the transport sector [12]-[14].

Limited Electricity and Resources for EVs Electric vehicles exhibit higher efficiency than
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gasoline and diesel engines. EVs achieve approximately 40 % — 70% of a well-to-
wheel efficiency if renewable energy sources are used and depending on the location
and type of renewable energy source. The efficiency of EVs is significantly higher in
comparison to the efficiency of gasoline and diesel internal combustion engines, which
is approximate 11 % to 27 % |15]. However, with 8913.9 TW h representing 30.24 %
of the global electric mix, renewable energy is still a limited resource [16]. Also,
limited resources such as lithium are essential in modern battery manufacturing [17].
Currently, lithium remains an essential resource for the production of batteries.

Due to climate change, the limited availability of renewable energy sources, and the
shortage of resources such as lithium, the efficiency and resilience of EV battery systems
are essential to mitigating the effects of climate change.

1.2 Research Aim and Objective

This Section presents our research aim and objectives within cloud-based digital twinning
of battery systems, and controlling reconfigurable batteries utilizing machine learning algo-
rithms.

The Research Aim is to investigate the use of cloud computing and IoT technology for
Battery Management Systems (BMS) and reconfigurable batteries. This research aims to
improve battery systems’ efficiency and safety. Furthermore, we aim to study, develop and
validate digital twinning for battery storage systems and cloud-based BMS architecture.
This will enable the implementation of state-of-the-art battery state estimation and control
methods for modern electric vehicles. To achieve the research aim, we have identified the
following research objectives:

Research Objectives (ROs)

RO 1 Identify methodologies to collect and transfer EVs battery measurements to dis-
tributed compute units for near real-time data analytics, battery state estimation and
digital twinning,

RO 2 Implement and investigate cloud computing environment and machine learning meth-
ods for monitoring and state estimation of EVs battery systems.

RO 3 Propose, develop and evaluate machine learning methods to control reconfigurable
battery systems.

1.3 Research Questions

In this Section, the key research questions are identified. This Thesis proposes an architec-
ture for cloud-based BMS and reconfigurable battery control to utilize machine learning, the
Internet of Things, and cloud computing technologies. To achieve this, we list the research
questions (RQs) below:

RQ 1 What type of machine-learning algorithm can be applied to enable a self-learning
algorithm to implement a control algorithm of a reconfigurable battery and include
the possibility of additional classic control methods in combination?

RQ 2 What cloud-based BMS architecture and methodology can be used to efficiently and
effectively transfer data between the vehicle and distributed computing units?



1.4 Thesis Roadmap and Publications

1.4 Thesis Roadmap and Publications

The thesis work resulted in 14 publications. Table lists how each publication addresses
the objectives while answering the research questions we defined in Section [I.2]on the facing
page. Fig. illustrates the publications and their relation to each other. The publications
include peer-reviewed conferences and journal publications — five journal articles, highlighted
in orange, and nine conference papers, highlighted in blue. Papers A — D address the first
research question, while papers E — L focus on the second. The paper M combines the
proposed machine learning control algorithm and cloud-based methodologies. On the other
hand, the publications N — U are not included in this Thesis. The research objectives are
related to additional, in this Thesis, not considered, research topics in optimized State of
Charge and State of Health estimation - publications N, P — S, U -, decentralized recon-
figurable battery control - publication O -, and publication U, reconfigurable batteries for
aircraft applications.

Table 1.1: Research objectives (RO) addressed in each paper
Publications | RO1 RO2 RO3
Paper A
Paper B
Paper C
Paper D
Paper E
Paper F
Paper G
Paper H
Paper 1
Paper J
Paper K
Paper L
Paper M
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Fig. 1.1. Roadmap of the Thesis with publications, the relation between the publications and the target research question
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1.5 Research Contribution

1.5 Research Contribution

The main contribution of this Thesis is to propose, develop, and evaluate machine learning
methods to control reconfigurable batteries, cloud-based BMS, and digital twinning using
cloud computing technologies.

The author contributed to 6 journal articles and 15 conference articles during the work
on this Thesis. The main research challenge and contributions of the Thesis are presented
in terms of publications addressing research objectives and questions. In the following, we
give an overview of the thesis and its research objectives and research questions related to
the work:

Paper A - “A High Performance Simulation Framework for Battery Modular Multilevel Manage-
ment Converter” [19]
Authors: Karnehm, Sorokina, Pohlmann, Mashayekh, Kuder, and Gieraths (Neve)
Conference: 2022 International Conference on Smart Energy Systems and Technolo-
gies (SEST)
Year: 2022

Paper B - “High Performance Simulation Framework of Three-Phase Battery Modular Multi-
level Management Converter System” [18]
Authors: Karnehm, Sorokina, Pohlmann, Ackermann, Kuder, and Gieraths (Neve)
Conference: IECON 2022 — }8th Annual Conference of the IEEE Industrial Electron-
ics Society
Year: 2022

Paper C - “State-of-Charge (SoC) Balancing of Battery Modular Multilevel Management (BM3)
Converter using Q-Learning” [20]
Authors: Karnehm, Pohlmann, and Neve
Conference: 2023 IEEE Green Technologies Conference (GreenTech)
Year: 2023

Paper D - “Controlling Algorithm of Reconfigurable Battery for State of Charge Balancing Using
Amortized Q-Learning” [21]
Authors: Karnehm, Bliemetsrieder, Pohlmann, and Neve
Journal: Batteries
Year: 2024

Paper E - “Introduction of a Cloud Computing Architecture for the Condition Monitoring of a
Reconfigurable Battery System for Electric Vehicles” [24]
Authors: Karnehm, Pohlmann, Wiedenmann, Kuder, and Neve
Conference: 2023 6th Conference on Cloud and Internet of Things (CloT)
Year: 2023

Paper F - “Five-layer IoT and Fog Computing Framework Towards Digital Twinning of Battery
Management Systems for e-Transportation” [23]
Authors: Karnehm, Samanta, Anekal, Pohlmann, Neve, and Williamson
Conference: 4th International Conference on Smart Grid and Renewable Energy
(SGRE24)
Year: 2024

Paper G - “Universal Data Specification and Real-time Data Streaming Architecture as Enablers
for Cloud-based Battery Management Systems” [26]
Authors: Karnehm, Samanta, Hohenegger, Tashakor, Goetz, Kuder, Neve, and Williamson
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Journal: IEEE Journal of Emerging and Selected Topics in Power Electronics
Year: 2024

Paper H - “Towards Digital Twining of Lithium-ion Battery Management Systems: An Extended
Kalman Filter for State-of-Charge Estimation in Cloud-platform” [2§]
Authors: Karnehm, Anekal, Samanta, Neve, and Williamson
Conference: ECCE 2023 - IEEE Energy Conversion Congress and Expo
Year: 2023

Paper I - “Comprehensive Comparative Analysis of Deep-Learning-Based State-of-Charge Esti-
mation Algorithms for Cloud-Based Lithium-Ion Battery Management Systems” [27]
Authors: Karnehm, Samanta, Anekal, Pohlmann, Neve, and Williamson
Journal: IEEE Journal of Emerging and Selected Topics in Industrial Electronics
Year: 2024

Paper J - “A Resource-Constrained Polynomial Regression Approach for Voltage Measurement
Compression in Electric Vehicle Battery Packs” [29)
Authors: Karnehm and Neve
Journal: Batteries
Year: 2024

Paper K - “Adaptive Compressing Electric Vehicle Battery Pack Measurements using Polynomial
Coding” [25]
Authors: Karnehm and Neve
Conference: IEEE International Conference on Smart Mobility 2024
Year: 2024

Paper L - “Internal Temperature Estimation of Lithium-Ion Batteries Using Long Short-Term
Memory (LSTM) Network and Kolmogorov-Arnold Network (KAN)” [30]
Authors: Karnehm, Samanta, Rosenmiiller, Neve, and Williamson
Journal:
Year: 2024
Note: Under Review

Paper M - “Pioneering Cloud-enhanced Real-time Control of Modular-Multilevel Reconfigurable
Battery Packs for Automotive Applications” [22]
Authors: Karnehm, Samanta, Neve, and Williamsion
Conference: IEEE FCCE Asia 2025
Year: 2025

In addition, an overview of the author’s publications, which are not directly related to
the present work, is provided:

Paper N - “State-of-Charge Estimation of Lithium-Ion Batteries Using Machine Learning Based
on Augmented Data” [31]
Authors: Pohlmann, Karnehm, Mashayekh, Kuder, Gieraths (Neve), and Weyh
Conference: 2022 International Conference on Smart Energy Systems and Technolo-
gies (SEST)
Year: 2022

Paper O - “Multilevel Inverter based Battery System Operation using a Decentralized Con-
troller” [32]
Authors: Schwitzgebel, Buberger, Kuder, Karnehm, Sorokina, Wiedenmann, Mashayekh,



1.6 Structure of the Work

Paper P -

Paper @Q -

Paper R -

Paper S -

Paper T -

Paper U -

Paper V -

Eckerle, and Weyh

Conference: 2022 International Conference on Smart Energy Systems and Technolo-
gies (SEST)

Year: 2022

“State of Charge Prediction of Lithium-Ion Batteries Based on Artificial Neural Net-
works and Reduced Data” [33]

Authors: Pohlmann, Mashayekh, Karnehm, Kuder, Gieraths (Neve), and Weyh
Conference: 2022 24th FEuropean Conference on Power Electronics and Applications
(EPE22 ECCE Europe)

Year: 2022

“State-of-Health prediction of lithium-ion batteries based on a low dimensional Gaus-
sian Process Regression” [34]

Authors: Pohlmann, Mashayekh, Stroebl, Karnehm, Kuder, Neve, and Weyh
Journal: Journal of Energy Storage

Year: 2024

“Voltage Relaxation Pattern Recognition for Efficient Sorting of Healthy Cells for
Second-life Applications of Retired Electric Vehicle Batteries” [35]

Authors: Samanta, Karnehm, Neve, and William

Conference: 25th IEEE International Conference on Industrial Technology

Year: 2024

“Data-informed Healthy Cell Clustering Technique for Second-life Applications of Re-
tired Electric Vehicle Batteries” [36]

Authors: Samanta, Karnehm, Neve, and Williamson

Conference: 2024 IEEE Transportation Electrification Conference and Expo (ITEC)
Year: 2024

“Performance Analysis of Reconfigurable Inverter Battery Systems for Aircraft Ap-
plications” [37]

Authors: Sorokina, Bliemetsrieder, Estaller, Karnehm, Weyh, and Kuder
Conference: 2024 24th International Scientific Conference on Electric Power Engi-
neering (EPE)

Year: 2024

“Lithium Ion Batteries Impedance Approximation and Model Parameterization Using
Artificial Neural Networks” [38]

Authors: Pohlmann, Mashayekh, Karnehm, Kuder, Neve, and Weyh

Conference: 2024 IEEE International Conference on Industrial Technology (ICIT)
Year: 2024

“Temporal Sensitivity Analysis of Internal Temperature Informed Charging Algo-
rithms and Rapid Thermal Management System for E-mobility” [39]

Authors: Samanta, Chetri, Karnehm, Neve, and Williamson

Conference: 2024 IEEE Energy Conversion Congress and Ezposition (ECCE)

Year: 2024

1.6 Structure of the Work

The Thesis is structured as follows. The theoretical foundations of electric vehicles, batter-
ies, cloud computing, artificial intelligence and digital twins are discussed in Chapter [2] on
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the next page. This is followed by the proposal of the simulation environment for a reconfig-
urable battery system and two reinforcement learning algorithms to control reconfigurable
batteries in Chapter [3|on page Digital twinning frameworks and methodologies, such as
a five-layer IoT framework and a universal real-time streaming data specification for BMS,
are going to be proposed in Chapter [4] on page We evaluate the proposed approaches in
Chapter [5| on page Finally, Chapter [6] on page [[11] summarizes key findings, acknowl-
edging limitations and the future of reconfigurable batteries and digital twins in electric
vehicles.



2 Background

This chapter introduces the background and related work within EVs, battery modelling,
topologies of reconfigurable batteries, and BMS. Furthermore, we introduce concepts from
Cloud Computing, Artificial Intelligence (AI), and Digital Twins as related work.

2.1 Electric vehicles and its Components

The powertrain of a battery electric vehicle (EVs) contains mainly the following components:
a charger, battery pack, BMS, Direct Current (DC)-DC converter, Alternating Current
(AC)-DC inverter, and motor engine [40]. Considerable variability exists in the architecture
of the components within the EVs. Fig. illustrates an example of the architecture
of the components and the connection [40]. A battery pack is employed as the vehicle’s
energy source. The BMS monitors and controls the battery pack to ensure safe, efficient,
and reliable operation. The off-board charger enables the charging of the batteries with
grid energy. The charger contains an AC-DC converter and ensures the overcharge safety
of individual battery cells. The schematic in Fig. includes an off-board charger. It is
also possible to implement an on-board charger. Charging systems consist of AC-DC power
converters to charge the battery in a safe and highly efficient way [41]. The combination of
AC-DC and DC-DC converters is used to charge the battery. Furthermore, a unidirectional
converter can be utilized to charge and discharge the battery pack. When operating the
electric power train, it is necessary to take voltage from different systems and components
and feed it into others, which may have different power and voltage requirements. A DC/DC
converter is a power electronic circuit that converts a DC voltage into a different DC voltage
level. The DC/DC converter supplies a constant voltage and current level, which must be
converted into an AC voltage level to supply the electric machine. The inverter supplies
variable voltage, current and frequencies. The AC motor is an element that converts the
electrical energy from the battery into mechanical energy. The page[149|contains a catalogue
of the electric circuit components that are utilized in this work.

Energy Storage devices installed in EVs are super-capacitors, fuel cells, and batteries,
which are differentiated by characteristics and functionality. The battery is a compo-
nent that stores electrochemical energy and supplies electric power. EV battery packs
are structured in a pack-module-cell structure. A cell is a single battery. Multiple
cells are grouped together into modules. Modules are bundles of cells connected to
increase overall voltage and capacity. In general, cells are serial-parallel connected
to modules. Modules are serial connected to a pack. The highest level is the pack,
which consists of multiple modules. The amount of serial-parallel connections and
cells defines the capacity and power of the vehicle [42], [43].

The BMS is a crucial component of modern battery-powered systems. It is fundamental
in ensuring safety, monitoring battery performance, estimating battery state, and
controlling charging and discharging processes [42], [44].

The Inverter converts the in batteries stored DC power into three-phase AC power to drive
the engine [45]. The employed motor system and its topology are another essential
component of the EV. Single or several motors can be installed within the vehicle. The
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AC Motor Inverter Converter Batery Pack BMS

Data Bus

Fig. 2.1. Schematic of a conventional battery electric vehicle with off-board charger, battery
pack, BMS, converter, inverter, and a three-phase AC motor \|

centrally located motor enables integration into existing combustion vehicle chassis.
In addition, there are wheel and wheel hub motors that can increase the efficiency of

the EV .

2.1.1 Battery Modeling and State Estimation

In 1991, Sony Corporation used the first rechargeable Lithium-Ion (Li-Ion) battery for the
very first portable phone . The technology of Li-Ionbatteries found its way into many
use cases. Li-lIon batteries are widely used in EVs due to their safety, lifetime, and inherent
advantage in energy efficiency . A schematic component is illustrated in Fig. The
components of the battery are a cathode, anode, and separator. The positive cathode and
negative anode are connected by an electrolyte holding the lithium ions and isolated by a
separator . Lithium ions migrate from the cathode to the anode during the charging
process, whereas during discharging, they traverse in the opposite direction. Battery cells
differentiate in their form factors. In the field of EVs, solid cylindrical cells, larger solid
prismatic cells, and soft pouch or polymer cells are employed as form factors . This
work will focus on cylindrical Li-Ion batteries. Cylindrical battery cells have demonstrated
significant growth in utilization within the automotive industry over the past years [49].
These batteries have shown great promise in various applications, and understanding their
performance is crucial for future advancements.

To estimate cells’ inner state, accurate modelling of their behaviour is required. There-
fore, various methodologies can be utilized. Depending on the accuracy required and the
accessible computational resources, different approaches to battery models can be used .
Battery models proposed and reviewed in the literature , can be classified into the
following three categories:

Electrochemical models characterize battery behaviour through chemical parameters, in-
cluding the dimensions of the anode and cathode, the materials utilized, electrolyte
concentration, and the underlying electrochemical processes.

Equivalent Circuit Model (ECM) uses electrical elements, such as voltage sources, resis-
tors, and capacitors, to replicate the battery performance characteristics.
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Fig. 2.2. Li-Ton battery schematic containing an anode and cathode with a separator/elec-
trolyte in between and charge/discharge ion movement arrows

Data-Driven models including several types of machine learning approaches. Prior knowl-
edge of battery parameters is not required to define the model. The model’s accuracy
depends on a large quantity of high-quality data, including different operational con-
ditions, such as load, drive cycle, battery age, and temperature.

Our work focuses on Equivalent Circuit Model (ECM) and data-driven estimation models.
In Fig. an overview of Integer-Order Models (IOM), a subcategory of ECMs, is illus-
trated. In Fig. the component (a) shows the Rint model, the most simple IOM. It
uses the two electrical components ideal voltage source V,. and the internal resistance Ry
connected in series . Both components’ parameters depend on State-of-Charge (SOC)
and temperature. This model has low complexity but also low accuracy and does not de-
scribe the dynamic processes of a battery cell. The other IOM models are the Thevenin
model (b) and the higher-order Thevenin Model, also known as the Dual Polarization model
(c), and N RC Thevenim Model (d). These models are based on the Rint model and add
serial RC networks consisting of parallel connected resistance and capacitors to simulate
the polarisation effect of the battery. Such as the voltage source and the internal resistance;
the parameters of these components are dependent on battery states such as SOC and tem-
perature. They also change during the ageing of the cell. Electrochemical processes can be
produced at multiple cell frequencies with a third- or higher-order RC model. However, a
large set of parameters is required to describe these models , which leads to increased
complexity in parameter identification, calibration, and the risk of overfitting.

The cell voltage up of a Dual Polarization model, shown in Fig. (c), is defined as :

(D)

1—exp (—%)] — iRy, (2.1)

up = Voe(SOC) — iRy

—i1pRs
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Thevenin Model (b)
Rint model (a)

Vo

> lvoc(soo

Fig. 2.3. Equivalent Circuit Model (ECM) IOM used to describe Li-Ion battery behaviour
[50]; Models in ascending complexity: Rint model (a), Thevenim Model (b), Dual
Polarization model (c), and N RC Thevenim Model

where

ip battery current,

Ve open circuit voltage depending on SOC,
T  charge and dischage time of the cell, and
7,  R; x C; of ith RC network

The following introduces the battery states SOC, State-of-Health (SOH), and core temper-
ature.

State-of-Charge (SOC)

The relative charge of the battery to the battery capacity defines the State-of-Charge (SOC).
It denotes the remaining energy capacity within the battery, which is comparable to the
fuel level of the tank of a combustion engine [44]. SOC is conventionally quantified as the
percentage of relative charge to battery capacity. The Coulomb counting SOC at the time
step t + At is in [56):

At in

SOC(t+At) = S0C@) - [ L. (2.2)
0 c

where

(). remaining current capacity of the cell,
ip the battery current,
t  the time stamp, and
At the time difference between two time stamps

12
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State-of-Health (SOH)

The actual remaining capacity Q. of the battery compared to the nominal capacity @), of
a new cell of the same type defines the SOH [44]:

som = Y (2.3)

@n

The SOH is impacted by charge/discharge stress, amount of charge-discharge cycles,
temperature, and calendar age. It also considers the battery’s performance, such as current,
internal resistance, voltage, self-discharge rate, and heat generation [44].

Core Temperature

Temperature management is a crucial task within an electric vehicle. Temperature signif-
icantly influences battery performance and lifespan of the cell, and high temperatures can
cause thermal runaways with serious safety issues for the cell, vehicle, drivers, and their en-
vironment [57]. The battery cell is influenced by the ambient temperature around the cell,
its surface temperature, and the core temperature in its inner. It is necessary to estimate
the core temperature of a battery cell accurately because it can increase the performance
and safety of the vehicle [58]. The core temperature is not a directly measurable parameter
of a battery cell.

In Fig. a schematic of the temperatures Ty, Ts, and Teope is illustrated. The
ambient, surface, and core temperatures influence each other. Chen et al. [58] propose an
electro-thermal model to estimate the core temperature depending on the model and the
parameters R;, R,, Cg, and C¢ are shown in Fig.

@re heat generation rate,

Ts surface temperature,

T4 ambient temperature,

R; thermal resistance between battery core and surface,
R, resistance between battery surface and environment,
Cc  heat capacity of internal medium, and

Cs heat capacity of battery shell end external medium

Both resistances are given in [K/W] and the capacities in [J/K].

2.1.2 Electric Vehicle Inverter

The inverter converts the stored DC power from the battery to AC to drive the three-
phase AC engine. Islam et al. [45] highlighted that inverters can be classified by different
categories, such as input source, output phase, output voltage, number of voltage levels,
Pulse Width Modulation (PWM) and others. This work discusses the voltage-level-wise
classification: two-level inverters and Multi-level Inverter (MLI).

Two-level Inverter

In the global EVs market, most EVs use a two-level inverter due to its simplicity and cost
efficiency [59], [60]. Fig. shows a two-level, three-phase full-bridge inverter with six
power switches. The three phases, U, V, and W, are utilized to transfer the power of the
three phases AC to the engine as indicated in Fig. The two levels refer to the positive

13
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Core Temperature

TCO’!‘C

Surface Temperature
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Ambient Temperature *
Tamb

(a) (b)

Fig. 2.4. Tllustration of temperatures related to a battery (a) and an electro-thermal model
(ETM) to describe electrochemical behaviour and estimate the temperatures of
the cell (b) [58]

and negative voltage levels the inverter outputs. For example, to achieve a negative level in
the U phase, S has to be switched on, and S has to be switched off. In contrast, to achieve
the positive level, the reverse configuration of these two switches needs to be applied.

The illustrated topology is one of many two-level power inverters discussed in the litera-
ture . In addition to the topology, control schemes that utilize PWM also affect the losses
and temperature profiles of the converter’s power semiconductors and the power converter
itself . Several control schemes, such as space vector-based PWM (SVPWM), trian-
gle comparison-based PWM (TCPWM), and sine-wave pulse width modulation (SPWM),
are well-known and employed in electric vehicles to power three-phase engines. Two-level
inverters generate undesirable harmonics, compromising power quality and necessitating
supplementary filtering . Furthermore, they demonstrate lower efficiency than multi-
level inverters, particularly at high power levels, resulting from increasing switching losses
compared to lower switching losses in multilevel inverters .

P
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Fig. 2.5. Three-Phase (U, V, W), six Switches (S1 — Sg), Two-Level Inverter Topology for
three Phase EV Motor with Battery Pack and Capacitor
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Multi-level Inverter (MLI) for Reconfigurable Batteries

MLI enables the reconfiguration of battery connections in the battery pack during the
discharge and charge , . Multilevel inverters can be used to improve power quality,
efficiency, and reliability. Depending on the number of levels, MLI generate near-sinusoidal

14



2.1 Electric vehicles and its Components

voltages with reduced harmonic distortion, which enhance the motor drive system’s power
quality and efficiency of the motor drive system [66]. Using multiple voltage levels, MLIs
reduce switching losses and improve the overall efficiency of the power conversion process
[67]. MLIs enable a higher fault tolerance and can continue operating even if some power
switches fail. These factors make them reliable for EV applications [68]. Also, MLI has
shown the possibility of bidirectional charging [69], which could also reduce the need for
on-board and off-board charger hardware.

The various MLI topologies proposed in the literature include Bidirectional double full-
bridge/MMSPC [70], half-bridge [71], unidirectional full-bridge |72], bidirectional full-bridge
[73], Battery Modular Multilevel Management (BM3) [74]/Marx [75], and switch-clamped
half-bridge [76]. In Fig. the circuits of these topologies are illustrated. The topologies
differentiate in their amount of switches per module and the potential configurations of each
module in conjunction with other connected modules.

Tl [T fﬁ
. A Lj

(b) (c)
T MJT T\
- L

(d) () (f)

Fig. 2.6. Six different topologies employed in reconfigurable batteries as micro topology:
Bidirectional Double Full-Bridge/MMSPC (a), Half-Bridge (b), Unidirectional
Full-Bridge (c), Bidirectional Full-Bridge (d), BM3/Marx (e), and Switch-Clamped
Half-Bridge (f)

In addition to different MLI topologies, the architecture of reconfigurable batteries can
be categorized. In our work, we follow the categorization by Komsiyska et al. [77]:

Type 1 uses the option of reconfiguration to impact the states of the batteries. It employs
the reconfigurable battery as a DC voltage power source based on a modular reconfig-
urable DC battery pack [5], |[78]. This type of reconfigurable battery pack can directly
replace a conventional battery pack; thus, the DC-DC converter is no longer required.

Type 2 adjusts its configuration dynamically and continuously. Kuder et al. [74] describe
this type as an AC three-phase sinosial voltage source with a 120° phase shift among

the three phases.

Type 3 are Type 1 or Type 2 battery systems, called a hybrid battery storage system. It
operates with different energy storage units within one reconfigurable battery.
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AC Motor Inverter DC Reconfigurable Battery ~ BMS
"Data Bus

Fig. 2.7. Schematic of an EV with Type 1 reconfigurable battery with off-board charger,
Type 1 reconfigurable battery, BMS, inverter, and a three-phase AC motor

In Fig. 277 a Type 1 and Fig. 2.8 a Type 2 reconfigurable battery within an electric
vehicle is illustrated. Compared to a conventional battery pack, as shown in Figure [2.1
on page [I0} a Type 1 reconfigurable battery can produce different DC levels. Therefore,
the installation of a DC-DC converter is not necessary. The Type 2 reconfigurable battery
does not require the AC-DC converter, as it can be used directly as an AC power source.
Furthermore, a Type 2 reconfigurable battery can be employed for bidirectional charging
with AC and DC without additional charger hardware [79], [80].

4 AC Reconfigurable Battery

w
'
'
'
'
'
+

Data Bus

1 r-

Fig. 2.8. Schematic of an EV with Type 2 reconfigurable battery with a three-phase AC
reconfigurable battery, BMS, and three-phase AC motor

Our research lab implements two topologies of Type 2 reconfigurable batteries: half-bridge
and BM3 topologies. Fig. illustrates the circuit of the two switch module half-
bridge and the three switch module BM3. Multiple modules are interconnected with each
other in three phases to a MLI to set up a Type 2 reconfigurable battery. In general,
more switches lead to more possible configurations and higher flexibility but increase the
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Fig. 2.9. Circuit of a two-switch, serial bypass configurable half-bridge (a) and a three-
switch serial, parallel and bypass configurable BM3 module (b)

complexity of controlling. The two-switch module, shown in enables serial and bypass
configuration. The BM3, as illustrated in Fig. enables three configurations: serial,
bypass, and parallel. Table shows how each configuration is switched.

Table 2.1: Principle of operation of Half-Bridge (left), and BM3 (right); Consider off as not
connected Metal-Oxide-Semiconductor Field-Effect Transistor (MOSFET), and
on as connected

ST Sy S
B |5 S S5
Serial of on Bypass || on off off
Parallel || on off on

Bypass || on off

Series off on off

The half-bridge topology benefits from its simplicity, low complexity in control, and low
converter price compared to other MLI topologies [81]. On the other hand, the topology
requires voltage balancing and is limited in power management [72], [81]. Thus, the three-
switch module BM3 enables power management and voltage balancing with its parallel
mode. The parallel mode increases the risk of circulation currents, which causes battery
losses [82].

Compared to conventional two-level inverters, reconfigurable batteries gain less current
and voltage harmonic distortion and less voltage stress on semiconductor devices [45]. Ad-
dressing circulating currents, managing reliability decrease due to increased component
count, and achieving voltage balancing is essential for effectively employing the reconfig-
urable battery. Reconfigurable batteries represent a promising technology with open chal-
lenges to increase reliability, safety, and efficiency [70].

2.1.3 Battery Management System

Monitoring, battery state estimation, and controlling cells and battery packs are crucial
tasks. The BMS is a hardware and software component within an EVs to control and opti-
mize the use of the batteries [44]. The main aim of BMS is to prevent unsafe or dangerous
use, estimate the battery’s condition over time, and improve battery performance [83]. The
main functions of a BMS are data collection, state estimation, thermal and discharge/charge
management, balancing, communication, and alarming [84]. Current, voltage, and temper-
ature are the main parameters of the battery and the battery pack to be monitored by BMS.
The sampling rates for these three primary parameters should be at least 1 Hz and higher,
as indicated by Yang [84]. The estimation of SOC, SOH, cell temperature and other battery
parameters are only some of the tasks to be performed by a modern BMS. Fig. shows
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software and hardware components of a modern BMS needed to ensure an optimized and
safe operation of EVs battery pack. To enable data acquisition, communication between
BMS, battery pack and motor control, and alerting, data communication is a significant
part of BMS . Furthermore, in the case of a hierarchical structure with a main BMS and
submodules of the BMS, stable communication between the main and submodules needs to
be ensured.

</>

Software

Battery Modelling

State Estimation

Fault Detection

Data Storage

Fig. 2.10. Soft- and Hardware components of a modern BMS

With rising computational and storage requirements for BMS and the developments in
cloud computing, big data, and machine learning, cloud-based BMS emerged . Yang et
al. , propose a cloud-based BMS implementing the Cyber Hierarchy and Interac-
tional Network (CHAIN) framework. The authors propose a distributed BMS framework
that employs end-, edge-, and cloud computing and a knowledge repository to achieve highly
accurate multi-scale algorithms within the CHAIN framework. In Fig. 2.1} the four sub-
systems and their relation to each other are illustrated. The subsystems are described in

87]:

End Sensing: Data acquisition from different types of sensors within different measurement
accuracy and frequency.

Edge Computing: Time-sensitive monitoring and computing, data collection and transmis-
sion into the cloud.

Cloud Computing: Long-term data storage, data analysis with advanced data analytics
such as deep learning algorithms.

Knowledge Repository: Orchestration optimization by the monitor-analyze-plan-execute
over shared knowledge (MAPE-K) loop.

Li et al. developed a cloud-based BMS for estimating SOC and SOH using an
extended Thevenin model paired with an adaptive extended H-infinity filter and particle
swarm optimization. Tran et al. suggested a cloud-side model for highly accurate SOH
estimation, primarily focusing on the model’s accuracy. Their study neglects the analysis
of computational cost, technical architectural framework specifics, and cloud-based BMS
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Fig. 2.11. CHAIN framework consists of End, Edge and Cloud components and orches-
tration component, Knowlege Repository; Compute units relation between each
other and knowledge repository is illustrated by data and logic connections

fault detection and prevention. Commercial examples of cloud-based BMS, such as Battery
in the Cloud proposed by Bosch Mobility Solutions, EVE-Ai by Electra, Battery Analytics
Platform by TWAICE, and Elysia Cloud Platform have been evaluated in the literature and
compared with the current state-of-the-art in research , . An overview of commercial
cloud-based BMS systems, their features, and their description is given in Table [2.2]
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Table 2.2: Comparison of commercial industrial cloud-based BMS solutions [90], [91]

Solution Health Life Real Time  Unique Description

Monitoring  Forecasting Data
Bosch Mobility Solu- v v v “Usage certificate to Considers factors such as driving style and the sur-
tions go” service rounding driving conditions to optimize battery

Elecra EVE-Ai

TWAICE Battery
Analytics Platform

Elysia Cloud Plat-

form

operations, thus extending the battery’s lifespan.
Wear and tear on the battery can be reduced by
approximately 20 %.
v v v EVE-Ai 360 Adaptive A versatile system equipped with Al-driven SOC/-
Control SOH prediction features. It provides guidance on
remaining range and ideal driving speeds. En-
hanced diagnostics and minimized downtime can
be attained.

v v Hybrid modelling, Integrates deep battery knowledge, Al, and real-
data security, and life battery data to provide a single source of truth
compliance for battery development and operation.

v v Simulation  toolkit, Provides detailed health and life insights. Life fore-
SIMULINK integra- casting captures non-linear degradation and mon-
tion itors fleet-wide degradation trends to identify po-

tential issues at the cell and pack level.

punoispeg g



2.2 Cloud Computing

2.2

Cloud Computing

As shown in Fig. [2.12] cloud computing is one of many computing paradigms. Suria-
narayanan and Chelliah categorize computing paradigms into three types based on

appl

ication types. The three aspects are enterprise applications, high-performance comput-

ing applications, and selling I'T resources models.

Fig.

(EEEEE > Enterprises are hosting services in the cloud. -----

2.12. Hierarchy of Computing Paradigms and relation from enterprise to selling out

resources

Enterprise applications are based mainly on a modular concept to decrease the complexity

of the individual components, increase flexibility, and achieve better maintainability.
A monolithic model employs only one physical machine to enable the presentation,
business and data access logic. In addition, the distributed model can be separated
into peer-to-peer models or Client-Server models. Within the peer-to-peer model,
all computing nodes are interconnected and serve as clients and servers. The nodes
share their resources without a separate server. The Client-Server models follow a
main-worker configuration. In this model, clients and workers connect to a dedicated
server, the main control node.

High-performance computing applications perform compute-intensive tasks in business or

Selli

science. A cluster assembles parallel or distributed computing nodes that are intercon-
nected . These nodes collaborate to execute tasks that individual nodes cannot
handle. Individual nodes share the computational workload as one virtual server.
Grid computing combines computers from various administrative domains to achieve
a common objective, to fulfil a single task, and then it may disband afterwards. Grid
computing entails performing calculations in a distributed manner, which may also
include combining large cluster-based computing systems.

ng out of computational resources is the third type. Utility computing enables a pay-
and-use model for computing power. The user of the hardware manages the utility
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Fig. 2.13. On-Premise as classic approach compared to the three cloud computing service
models PaaS, TaaS, and SaaS

computing environment and is deployed on-premise . Cloud computing provides
computational resources on-demand over the internet as a pay-as-you-go model.

The National Institute of Standards and Technology (NIST) differentiates between
the three service models: Platform as a Service (PaaS), Infrastructure as a Service (IaaS),
and Software as a Service (SaaS). Fig. illustrates the components to be managed in
these three service models. It also includes on-premise as the model, where the developer
has to manage the components. The developer is responsible for setting up the application
network in on-premise environments. In contrast, in the case of SaaS, the service provider
manages the entire stack. In the IaaS and PaaS, the responsibility for managing the stack
is shared. In the case of PaaS, the application and the data are provided by the developer
and the rest of the stack, from runtime to network, is provided by the service provider.

Over the last few years, serverless computing and Function as a Service (FaaS) appli-
cations become the fourth service model. Shahrad et al. define functions in FaaS
as event-driven, simple, standalone, developer-written to scale automatically the execution
depending on requirements.

In addition, it can be differentiated between several deployment models. The cloud
definition of NIST differentiates between private, public, hybrid, and community cloud.
Sumit Goyal points out that the community cloud is a mixture of private and public
clouds. Furthermore, it is of minor relevance in practical implementation, so it will not be

discussed further. Fig. illustrates the following described deployment models .

Private Cloud: Infrastructure is provisioned for exclusive use. It is possible to be operated,
owned and managed by third-party organizations.

Public Cloud: Infrastructure is operated, owned and managed by an organization and open
for use by the general public.

Hybrid Cloud: A composition of two or more distinct infrastructures, such as a private
cloud and a public cloud environment.
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Fig. 2.14. Difference between deployment models private, public and hybrid cloud

Cloud computing enables global distribution of infrastructure and flexible on-demand
scaling with its underlying pay-as-you-go model for payment. A wealth of literature pro-
vides an overview of cloud computing topics such as the described deployment models of
public, private, and hybrid cloud, the four service models and other cloud computing-related
concepts, such as the computing paradigms edge computing, fog computing, and cloud com-

puting , f.

2.3 Artificial Intelligence, Machine Learning, and Deep Learning

The following section gives an overview of the different disciplines in Artificial Intelligence
(AI), the three main learning paradigms, and the essential learning algorithms employed
in this work, Q-learning, Feedforward Neural Network (FNN), Long Short-Term Memory
(LSTM), Gated Recurrent Unit (GRU), and Kolmogorov-Arnold Networks (KAN). The
rationale behind the chosen algorithm is given depending on the research application in
sections Bl and [l

2.3.1 Disciplines in the Field of Al

Fig. [2.15] illustrates the relationship between the different AI disciplines, which discipline
is a subdiscipline of the other. Furthermore, the relationship between and the selection of
the disciplines has changed over time. The difference between Figure (a) Goodfellow et al.
and (b) Zhuhadar and Lytras illustrates this evolution and development between
2016 and 2023.

Artificial Intelligence (Al) encompasses various technologies designed to mimic human-like
actions through computational systems [101], [102] and defines the highest level of all
the disciplines. An early example of such a Al is the chess computer Deep Blue |103].

Machine Learning (ML) extracts knowledge and patterns from labelled data, raw data
and the interaction with an environment. Simple Machine Learning (ML) algorithms
are, for example, linear regression , naive Bayes , and Support Vector Ma-
chines (SVM) [106]. Machine learning algorithms are used for spam detection and
recommender systems.

Representation learning or feature learning enables automated exploration and extraction
of features from raw data . Exemplary algorithms are principal component anal-
ysis (PCA) [108] and deep auto-encoders . While in Zhuhaar and Lytras
definition, the discipline of representation learning is not considered.
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(a) (b)

Fig. 2.15. The Venn diagram shows relationship between AI and subtypes; (a) as original
proposed in [101] and (b) over time advanced [102)]

Deep Learning (DL) methods are traced back to the early 1940s, known as cybernetics
and connectionism. During the 1980s and 1990s, the developments were inspired by
biological brain functions . DL uses deep neural networks consisting of multiple
layers of different types of interconnected nodes. These layers sequentially extract and
refine features from the input data. Deep Learning (DL) algorithms are for example
FNN, LSTM , and Convolutional neural network (CNN) . Deep Learning is
used for object detection, such as YOLO [112], and deep reinforcement learning, such
as playing Atari 2600 games and the board game Go .

Generative Al is designed to produce text, images, and other media by utilizing input
from the model. Generative adversarial networks (GANs) and generative pre-
trained transformers (GPTs) are the main frameworks enabling this discipline.
Generative Al is used in large language models, such as GPT-3 and LLaMA
[118], and text-to-image models, such as DALL-E 2 [119].

In this work, ML and DL methodologies are proposed to enable state estimation within the
domain of batteries and the control of reconfigurable batteries.

2.3.2 Learning Paradigms

AT has three main learning paradigms: supervised, unsupervised, and reinforcement learn-
ing . Fig. illustrates these three paradigms. The figure illustrates the input and
output during training and prediction. A supervised learning algorithm (a) acquires knowl-
edge from annotated datasets by mapping input variables to a target output. Unsupervised
learning (b) does not require annotations in the training data. In reinforcement learning
(c), an agent interacts with its environment and learns to maximize its reward during in-
teractions. This work focuses on supervised and reinforcement learning.

In supervised learning , the model gets labelled data as training input to approximate a
function f(D) — L with input data D to the output labels L. The labels received
during the training allow the model to estimate the relationship between the input
data and the output. Using the model, it estimates a label based on the previously
trained approximation. Supervised learning is applicable to classification, regression,
and ranking tasks , . In the field of battery research, supervised learning can
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Fig. 2.16. Learning paradigms: supervised (labelled data to mapping function), unsuper-
vised (raw data to clusters) and reinforcement learning (states and actions to
mapping function).

be employed to predict battery states, such as the SOC, employing measurements,
such as current, voltage, and ambient temperature .

In unsupervised learning , models get data input to identify clusters within the input data.
The data received during training enables the identification of similarities and separate
clusters from each other. An example of unsupervised learning in battery research is
the identification of health state clusters to identify batteries for second-life applica-
tions at the end of the life of a battery pack [29].

A reinforcement learning model does not require training data. An agent learns by in-
teracting with an environment. The goal of learning is to maximize the cumulative
reward during the interaction. Fig. illustrates the interaction between agent and
environment during training. A Markov Decision Process (MDP) defines the learning
problem. The MDP contains possible agent actions A = {aj,as,...,a,}, the set of
all posible environment states S = {s1,s2,...,s,} and the reward function r(a,s).
The action a; is chosen through the agent based on the current environment state
st. As a response, the environment returns a reward r; := r(as,s;), determined by
the reward function, and the next state sy to the agent , . Reinforcement
learning can select the configurations M of reconfigurable battery modules based on
the state of the cells [21].

2.3.3 Essential Learning Algorithms

Al leverages a diverse toolbox of algorithms. Although there are numerous techniques, this
work focuses on researching Q-learning, FNN, LSTM GRU, and KAN as Al algorithms to
control reconfigurable battery and battery state estimation.

Q-Learning

Q-learning is a model-free reinforcement learning algorithm [125], [126]. The agent aims
to maximize the expected total reward of the actions taken, thereby finding the optimal
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St

Environment

Fig. 2.17. Agent-Environment Interaction in Reinforcement Learning [21]; Agent performs
action a; based on state s; and rewards state s;11 and reward r;

solution of the finite MDP [127]. In its simplest form, Q-learning stores the results of the
learning process in a table, known as a Q-Table. The table can be employed as a lookup
table to map state and action to a Q-value. The learning process during each episode t, a
sequence of interactions between agent and environment, in Q-learning, is defined in [127],
[128] as follows:

e Observe the current state s; of the environment

e Select and perform an action a; using the e-greedy policy. The action is chosen by the
highest Q-value of state s;: a; = max (Q(s¢)). With the probability of €, a random
action is selected instead of the action with the highest Q-value.

o Receive the reward r; and the new state sy by the environment.

o Update the @ values with the learning rate o and discount factor 7, where a € [0; 1]
and v € [0;1]:

Qnew(St, at) <—Q(s¢, ar)+ (2.4)
are +ymax Q(ser1, ar) — Q(st, at)]

Q-learning has a simple Q-function compared to other reinforcement learning methods
and has become the basic algorithm for many other reinforcement learning algorithms [123].
However, with large state-action environments, Q-learning has problems achieving accu-
rate learning results. Within the field of power electronics, Q-learning has already shown
promising results. The algorithm has been used to balance the SOC in a battery pack [129],
increase the efficiency in battery energy control [130], and utilized to reduce the loss of
DC-DC converters [131].

Feedforward Neural Network (FNN)

Among Artificial Neuronal Networks, FNN is the most straightforward architecture. Also,
FNN is an architecture widely applied to estimate the states of Li-ion batteries [132]. Cui
et al. [133] highlight the simple structure, adaptability to time-varying characteristics, and
the low computational complexity during the prediction phase as positive aspects of FNN.
It composes an input, multiple hidden, and output layer [134]. Each layer is entirely linked
to the next layer. The link allows data to flow from the input node to the hidden until the
output layer nodes. The connection between neuron ¢ in the current layer and neurons j in
the preceding layer is specified as:
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N
0j =0 (Z (wj7ia:i + bj)i)> (2.5)
=1

where N describes the number of inputs, x; the input value, w;; the weight of the input
i in the neuron j, b;; the bias, and o(x) the activation function. Fig. illustrates the
architecture of a FNN with two hidden layers and the structure of a single neuron.

Artificial Neuron

Feedforward Neuronal Network (FNN)

Input Hidden Layers Output
Layer Layer

Fig. 2.18. Feedforward Neural Network (FNN) Architecture of the network with its neurons
connected and a single neuron ||

Kolmogorov—Arnold Networks (KAN)

Unlike traditional Multi-Layer Perceptron (MLP) |135] and FNN where the activation func-
tions are fixed during training and weights are optimized, KAN learn the activation
function for each node. This fundamental difference extends beyond the type of function;
KANs employ learnable, single-variable spline functions, in contrast to the linear weights
of MLPs.

For high-precision function learning, a neural network must effectively capture individual
functions and their compositional structure. Liu et al. propose that the inherent flexi-
bility of spline functions within the MLP framework allows KANs to achieve this proficiency.
Figure illustrates the structure of a KAN and its learnable activation functions.

Previous studies , have identified KAN as highly suitable for time-series data
with a high interdependence. These studies demonstrate the network’s high adaptability
and accuracy in predicting time-series data. Furthermore, compared to similar algorithms,
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Fig. 2.19. Structure of a Kolmogorov-Arnold Networks (KAN) , ||

such as MLP and LSTM, used in time series data estimation and prediction applications
KAN uses fewer parameters and still achieves an accuracy that is higher or on par with
other models.

The design of KANSs is inspired by the Kolmogorov-Arnold representation theorem [139].
This theorem states that any continuous function on a unit n-dimensional matrix can be
expressed as a sum of continuous functions of single variables composed in a specific way:

2n+1

flx) = flz1, - 2p) = Z @4 (Zn: ¢q,p(xp)> (2.6)

where ¢gp : [0,1] = R and &,: R — R.

In a KAN, the activation value of a neuron in layer (I + 1) is calculated by summing the
post-activations from all incoming connections. Here, [ represents the layer number, j the
specific neuron in layer (I 4 1), and i denotes a neuron in layer 1 [136]:

ny
Tip1y = 1,5,i(T1i), J=1, ny. .
buj,i(T1,4) 1 (2.7)
i=1

In matrix form, defined as:

Gra1() o Prim ()
Xi41 = : : : X| (2.8)

¢l,nl+1,1(') ¢l,nl+1,nl(')

Dy

where ®; is the function matrix of the [th KAN layer. A KAN network with L layers and
a given input vector z is defind as:
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KAN(z) = (®p_ 100Dy 0Pg) z (2.9)

The notation in Eq. (2.9) represents the sequential application of the function matrices
from the last layer to the first layer on the input vector x.

Long Short-Term Memory (LSTM)

LSTM is a sub-type of Recurrent Neuronal Network (RNN). These networks contain
bidirectional cells. The output of a RNN cell influences the subsequent input of the cell.
Subsequent influence enables the prediction and processing of time series data. The LSTM
algorithm addresses the limitation of RNN by adding a memory function, which makes them
suitable for long-term sequence problems and time series data.

The memory unit is the main component of a LSTM cell. The LSTM cell employs an
input gate i, a forget gate f and an output gate o, as illustrated in Fig. By learn-
ing temporal relationships and capturing them in a compact state representation, LSTM
networks are particularly good at detecting contextual anomalies . They can handle
stationary and non-stationary dynamics and short- and long-term dependencies, making
them particularly effective for modelling multivariate time series and time-varying systems
. LSTM models have shown potential in estimating the state of batteries, such as SOH,
SOC, and temperature .

Gated Recurrent Unit (GRU)

Another type of RNN is GRU , the architecture illustrated in Fig. As the figure
illustrates, a GRU node consists of an update gate z, a reset gate r and the output gate h,
and the parameter matrices and vector W,, W,, and W}, needed to be learned during the
training. The GRU also addresses the long-term memory. However, compared to LSTM, it
offers simplicity and cost-effectiveness in computational operations. GRU achieves shorter
training time and outperforms LSTM networks in low-complexity sequences, while in high-
complexity sequences, LSTMs perform better . In the field of battery SOC estimation,
the results of LSTM and GRU are comparable in accuracy .

Aht

() (b)

Fig. 2.20. Architecture of LSTM (a) and GRU (b) and structure of a single cell of both
algorithms
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2.3.4 Evaluation Metrics

In the disciplines of Al, evaluating the models is essential. Within this work, prediction
tasks are proposed and evaluated. In particular, Root Mean Square Error (RMSE) is a
widely used metric for evaluating the performance of an algorithm. RMSE is defined as the
following:

n N a)2
RMSE = ZM, (2.10)
=1

where n is the number of predicted items, y; is the true value of the ith item, and g; is
the predicted value. This metric is suitable to evaluate the errors of negative and positive
values.

Another metric utilized in this work is the Mean Absolute Error (MAE), which is de-
scribed as follows:

1
MAE = EZL%’ - ¥l (2.11)
i=1

According to Chicco et al. [146], MAE can be applied when there are outliers in the data,
for example, because of measurement errors or corrupted data. Moreover, MAE does not
heavily punish training outliers.

2.4 Digital Twin

The digital twin is a digital model that has emerged in recent years, primarily due to their
important role in addressing industrial challenges [147]. Digital twin technology combines
two approaches to predicting the state of a physical object: mathematical models are used
to simulate the actual physical object, and data-driven methods are used, using machine
learning and deep learning methods. The data-driven models are based on data generated
during the product’s lifespan and historical data used for model creation and tuning [148]. A
digital twin is the bidirectional link between the physical entity and its digital representation.
It enables automated bidirectional data exchange between the two entities in real-time [149].
Yao et al. [150] gives an overview through several definitions of a digital twin. The authors
highlight, among others, the model-focused paradigm proposed by NASA [151], the digital
twin for the product design process [152], the digital twin as the combination of model-
focused and data-driven methods [153|, and the description throughout the lifecycle of a
product [154].

The different definitions indicate that a comprehensive and universally accepted definition
covering all aspects of digital twins remains difficult to define. The definition of digital twin
by the classification of digital twin integration as proposed by Kritzinger et al. [155] is
widely used in the literature, as in this work. Kritzinger et al. differentiate between Digital
Model, Digital Shadow, and Digital Twin. Fig. represents the difference between these
three integration levels. Naseri et al. [156] illustrates the three variations of integration in
the case of a battery:

A Digital Model is a manually modelled digital representation without automated data
exchange between physical and digital representation. A digital model of a battery
is a battery model that does not contain any data interconnection with the physical
object. Battery parameters have to be updated manually.
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Fig. 2.21. Different types of integration: Digital Model with manual data flow only, Digital
Shadow with automatic data flow from physical object to digital object, and
Digital Twin with fully automatic data flow between physical and digital object
|155]

A Digital Shadow enables automated one-way data exchange from a physical object to a
digital representation. Sensor data can be utilised to adjust the battery model in real
time.

A Digital Twin is a fully automated bidirectional data exchange between physical and dig-
ital entities. The digital twin of the battery utilises sensor data to calibrate itself, and
the physical battery receives feedback from the digital twin to optimise the control
and operation.

Gourisetti et al. hint at several possibilities to use digital twins, such as fault predic-
tion, performance and lifespan optimisation, predictive maintenance and product improve-
ment, and customisation. Ibrahim et al. assert that developing model-based digital
twin platforms, including MATLAB/Simulink and Ansys, has demonstrated promising re-
sults. Digital twin systems are in place with technologies such as cloud computing, IoT,
and Al in recent years [149], [159], [160]. These technologies are employed for real-time
connectivity and data collection, processing, and analysis to observe anomalies and esti-
mate unobservable states of the physical entities. Furthermore, it enables forecasting future
states based on assumptions and past observations.

31






3 Reinforcement Learning for Control of
Reconfigurable Batteries

This section proposes reinforcement learning control algorithms to control reconfigurable
batteries and targets the third research objective and first research question of this work, as
proposed in Section[I.2]on page[2] First, an overview of controlling and balancing algorithms
is given. In section on page we introduce the simulation environment used following.
In section two balancing algorithms are introduced: Q-learning, in subsection [3.3.1]

and Amortized Q-learning (AQL), in subsection on page

3.1 Review of Related Work

The behaviour of the individual batteries within a battery pack is heterogeneous [161]. The
battery with the lowest capacity limits the usability and lifetime of the whole system. This
requires equilibration of battery states such as SOC and SOH between the battery pack
cells. Two strategies for achieving SOC balance are mainly active and passive techniques.
The passive balancing approach is related to high power losses. Battery cells with a higher
SOC release excess energy as heat through a shunt resistor [162]. This method is simple
and cost-efficient; however, it reduces the efficiency of the battery system. Active balancing
employs active equalization circuits to enable the shifting of energy from cells with higher
SOC to cells with lower [163]—[166].

Machine learning can be used to implement control algorithms in power electronics. In
the literature, different reinforcement learning algorithms have been proposed to optimize
the system operation parameters of power electronic devices. For instance, balancing the
voltage of the capacitor and the thermal stress of a Modular Multilevel Converter (MMC)
[167] and the optimization of the efficiency of a dual active bridge (DAB) DC-DC converter
[131], [168).

Within reconfigurable batteries, classic approach algorithms have been proposed for active
SOC [169]-[171], voltage [72], and thermal balancing |172]. Previous studies have focused on
improving the performance of the reconfigurable battery to allow a higher range of the car
with each load of the battery, lower losses of the reconfigurable battery, or faster charging of
the battery cells [173]. However, several machine-learning algorithms have been proposed to
improve the control of reconfigurable batteries. The employed machine learning algorithms
can be categorized into centralized and decentralized approaches.

The centralized approach involves the modules transmitting their measurements to a cen-
tral/main unit, specifying each module’s switching states. On the other hand, in the
decentralized approach, each module operates with minimal interaction between the
modules and the main unit. Bowen et al. [174] proposed a centralized approach to
control a three-switch BM3 |74] system using a Deep Q-Network (DQN) reinforcement
learning algorithm. This algorithm enables the balancing of SOC within a specified
voltage level. This method enables the control of a Type 1 reconfigurable battery,
which is used as DC source. The reconfigurable battery types are defined in Sec-
tion on page A DQN algorithm to balance the SOC of a 64-cell Type 1
reconfigurable battery is proposed by Yang et al. [175]. Stevenson et al. [176] pro-
posed a DQN to balance the SOC and the current of a Type 1 reconfigurable battery.

33



3 Reinforcement Learning for Control of Reconfigurable Batteries

Another multiparameter balancing algorithm employing DQN have been proposed in
[177]. The authors balance SOC and SOH of a 10-module half-bridge Type 1 recon-
figurable battery. All previously referenced DQN algorithms utilize the centralized
approach.

The decentralized approach aims to minimize the communication between the central unit
and the individual modules and among the modules themselves. Each module defines
its configuration. Mashayekh et al. [178] proposed an algorithm to balance the SOC
of a half-bridge Type 2 reconfigurable battery. A game-theory algorithm is employed
to achieve the decentralized approach, in which each module seeks to maximize its
reward. The system’s overall performance improves when individual modules optimize
their rewards due to the careful design of the reward function for each module.

DQN based reinforcement learning algorithms have shown promising potential in con-
trolling reconfigurable batteries. The centralized algorithms proposed in the literature are
limited in controlling Type 1 reconfigurable batteries and have not been used to control
a Type 2 reconfigurable battery, which is an AC source. Furthermore, the proposed al-
gorithms do not enable the combination of the machine learning algorithms with classical
approaches to control reconfigurable batteries. This thesis proposes a centralized reinforce-
ment learning algorithm to control a Type 2 reconfigurable battery with 12 cells. The
algorithm balances SOC of the cells. The proposed algorithm enables a hybrid approach
combining classic and machine learning algorithms.

3.2 Simulated Environment for Reinforcement Learning

As mentioned in Section on page reinforcement learning depends on an environ-
ment. Before proposing and implementing reinforcement learning algorithms, it is nec-
essary to establish an environment used for training. Therefore, we propose a physical
model to simulate the environment, and we select based on the required runtime for sim-
ulation of the programming platform used for implementation. We investigated different
platforms that originated from both electrical engineering and machine learning focuses.
Matlab/SIMULINK is widely used in electrical engineering as a programming platform
[82], [179], [180]. MATLAB and Simulink have become standard tools for electrical engi-
neers due to their adaptability, efficiency, and robust modelling, simulation, and analysis
capabilities. Engineers can quickly iterate on designs, test different scenarios, and make
informed decisions. In machine learning, many programming languages and frameworks are
applied [181]. In recent years, Python has been one of the main programming languages for
machine learning [182]. Machine learning and deep learning libraries, such as Tensorflow,
PyTorch, and sci-kit-learn, support the programming language.

A physical model of a BM3 system must be developed. The physical model is implemented
and evaluated to compare the computational cost of both programming platforms, Matlab
and Python. Based on the evaluation results, the programming platform is selected. We
proposed physical models and the runtime evaluation of the programming platforms of
single-phase BM3 system [19] and three-phases BM3 system [18§].

3.2.1 Physical Model of BM3 Reconfigurable Battery

A three BM3 modules reconfigurable battery system is illustrated in Fig. The sys-
tem comprises three interconnected modules (blue) into one reconfigurable battery (red).
Furthermore, the behaviour of a simple electric motor (orange) is modelled by an ohmic
resistance Rac, an electromagnetic coil L 4¢, and an ideal voltage source uac. Each BM3
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:.
A 3

Fig. 3.1. Electric circuit of three interconnected BM3 modules (blue) to a power train (red)
with the ideal voltage source, ohmic resistance and electromagnetic coil to simulate
the behaviour of simple motor (orange)

module consists of a battery, a capacitor, and the three MOSFET switches Sgg, Sgg Sgci,

and Sg?, where k identifies the module. The dynamic characteristics of MOSFETs S are
not considered; instead, they are represented as resistors. The on and off states of the
MOSFETs are defined as fixed resistance in the on state and infinite resistance in the off
state. Table on page shows the switch states of the three configurations: bypass,
parallel, and serial. The ip characterizes the battery current, and uc defines the capacitor
voltage, which is similar to the battery voltage.

The state vector & describes a system consisting of N interconnected BM3 modules as
following:

7= (iac (SOCU &) WD) (5000 i) W), )

where i 4¢ denotes the current within the reconfigurable battery, ig) signifies the battery

current, ug) represents the voltage across the capacitor, and SOC*) the SOC of the battery

cell within module k.

The nonlinear dynamics of the system parameters as defined in Eq. can be estimated
using numerical integration via the forward Euler method with uniform time intervals. The
system’s present state & at time ¢ is assumed to be known, and the objective is to find the
state at the subsequent time step ¢t + At.

The following algebraic system of IV + 1 equations describes the values of i 40 and u(c’f)

at t + At:

A
v aiq;  arz 0 . 0 a1,N+1 !
az1 Q22 a23 e 0 az, N+1
= : ' i (3.2)
0 . 0 an,N—1 an,N aAN,N+1
iac(t + At) aN+11 +-+ +-+ GN4IN-1 ON+1,N | ON+1,N+1
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Following the definition of the elements a,, ,, of the matrix A:

A G

Ak k-1 = R(Dkzg_l)c(kfl) Gk=1)
(k) (k)
wop =14 At Coi+ Gy

rBcw  GH)

k—1 k—1
At gD gl
C(k)R(kfl) G(k*l)

D5
if k<1 then 0
oA o)
Ok,k4+1 = _Rggc(k) G (k)
aal)
g, N+1 = C(k) G(k)
aa
AN+1,k = EG(]C)
At N
an+1,N+1 =1+ Tac (RAC +> G("?)> (3.3)
k=1

The time between two timesteps is defined as At, and the capacity of the capacitor in
module k is given as C'¥). Electrical conductance, denoted by G and measured in Siemens,
is the reciprocal of electrical resistance. The values G%?,) /475 and G*) are contingent upon
the switch state of module k:

® 1
GD3/4/5 - R(k)/ )
D3/4/5

o = (6 + 6% + o)

(3.4)
The vector ¢ of Eq. (3.2)) is defined as:

v= (v v2 ... oy ‘ oni1)? (3.5)

(k) (k)

k At . Gp,+G .(k
v = u(c)(t) + 5w (Mc(t)mG(k)m + ’%)(t)>

. At (N Gy, G

on1 = iac() + 7 - (kz ug ) 8 — wac(?) (3.6)

(k)

To model the battery current i’ a second-order RC Thevenim model is employed as
introduced in Eq. (2.1) on page Furthermore, to describe SOC of the cell, Coulomb
counting is used, as introduced in Eq. (2.2) on page

3.2.2 Simulation Results

Fig. [3.2] illustrates the reconfigurable battery voltage ucony, resulting current ia¢ in [3.24]
the decreasing SOC over time in the simulated battery currents i’g of the batteries in
and the capacitor voltage u* in The battery model parameters of the KeepPower
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Fig. 3.2. Simulation of System with eight BM3 modules, over t =0.12s, with step size
At =10yps; reconfigurable battery voltage and current (a), decreasing SOC (b),
capacitor voltage of the module capacitors (c), and battery current (d)

P1834J evaluated by Estaller et al. |183] with a 1.5 A's capacity are utilized. The figure
shows a 0.12s simulation with eight modules with a step size of At = 10 ps.

A Type 2 reconfigurable battery approximates the sinusoidal voltage control signal step-
by-step. The simulation visualizes nine levels caused by the eight BM3 modules. The
reference voltage signal u,.y and the reconfigurable battery voltage wcon, are illustrated in
orange and blue in Fig. [3:2a] The smooth sinusoidal current i4¢ is illustrated in green.
Due to the inductance L ¢ within the system, the current delays the voltage by 34.6°.

The change of SOC is illustrated in Fig. 3.2b] The absence of an implemented balancing
algorithm causes an increasing difference between the SOCs of the different cells. During
the discharge time of 0.1s the cells 1, and 2 demonstrate a reduction from 90 % down to
86 % SOC. On the other hand, cells 7 and 8 indicate a higher discharge, which ends in a
SOC of 84.2%, which causes the unbalanced voltage across the modules. This behaviour

is illustrated in Fig. which shows the capacitor voltage u((/]f ) of each module. The
zoom-in around 0.1s illustrates the mentioned difference in voltage among cells caused by
the imbalanced SOC. Furthermore, a reduction in the minimum and maximum voltages

within each sinus period can be observed.

Fig. [3:2d]illustrates each system module exhibits a current distinct from the others during
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a sinus period. This variation arises from the differing connection types of the modules at
various operating times. The peak current occurs at the stage corresponding to the highest
possible voltage of 31 V. All modules are connected in series to achieve this voltage level,
resulting in an even current over all modules.

3.2.3 Benchmarking Implementations

The programming platform is selected based on the implementation’s computational cost,
which is defined as the needed runtime. Therefore, the physical model was implemented us-
ing the programming language MATLAB and three Python variations: the library NumPy
[184], the Python just-in-time compiler Numba [185], and CuPy Graphical Processing Unit
(GPU) compiler [186]. The just-in-time compiler Numba focuses on scientific computing,
and array-oriented computing [185]. Numba allows developers to implement Python code
that can reach the execution time of C or FORTRAN programmes [185]. The programming
language C has been evaluated as the most energy and time-efficient programming lan-
guage within several programming benchmarking problems among 27 well-known software
languages [187]. The CuPy library allows the execution on GPU while using NumPy syn-
tax. Furthermore, NVIDIA CUDA kernels can be implemented inside Python code [186].
Parallelization of matrix operations on GPUs allows high-performance increase.

The following hardware and operating system are employed to perform the experiments
for validation of the runtime of the four implementations: a DELL PowerEdge R750xa
server with 512 GB RAM, an Intel Xeon Gold 6338 CPU, an NVIDIA A40 GPU, and the
Linux distribution Ubuntu version 20.04 LTS! as operating system, Python 3.102, NumPy
1.21.13, numba 0.55.1%, CuPy 10.2.0°, and MATLAB R2022b®. The experimental setup
was to measure the runtime of a 1s simulation with a 10 ps time step size of a system with
a variable number of modules.

Fig. shows the results of experiments with 10 up to 200 modules for all implemen-
tations and up to 400 modules for CuPy and Numba. In addition, Table shows the
computational cost for ten, 200, and 400 modules. The table also includes the compu-
tational cost of the literature proposed MATLAB/Simulink simulation model of a BM3
reconfigurable battery [169]. The NumPy implementation (green) shows the highest in-
crease in computational cost as the number of modules increases. To simulate 1s run time
of 200 modules within this implementation, 163.52s are required. The CuPy implementa-
tion illustrated in orange shows the least increase in overall implementations by increasing
the number of modules to simulate up to 200 modules. MATLAB (red) and Numba (blue)
perform the best out of all the compared solutions. In the case of Numba, a runtime time
of 49.43 s for a 200-module reconfigurable battery.

The results of 200 modules do give the impression that CuPy will outperform Numba,
the implementation with the lowest computational cost over all implementations up to 200
modules, around 270 modules. Experiments were carried out to validate this expectation
with up to 400 modules, and the CuPy and the Numba runtime were compared to prove
this impression.

In the CuPy implementation, a noticeable increase in runtime can be observed within
the hardware setup around 220 to 240 simulated modules.Between 240 and 400 modules, a
parallel increase in the required runtime of the Numba and Cupy implementation can be

"https://releases.ubuntu.com/focal/
’https://www.python.org/downloads/release/python-3100/
3https://pypi.org/project/numpy/1.21.1/
“https://pypi.org/project/numba/0.55.1/
Shttps://pypi.org/project/cupy/10.2.0/
Shttps://www.mathworks.com/products/new_products/release2022b.html
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Fig. 3.3. Computational cost per implementation by number of simulated modules up to
200 modules for NumPy and MATLAB and up to 400 modules for Numba and
CuPy; Numba outperforms other implementations

Table 3.1: Computational cost per implementation for ten, 200, and 400 modules in seconds

Number of Modules
Implementation 10 200 400
Python Numba 0.33 £ 0.00 | 49.43 £ 0.09 | 133.25 + 0.54
Python CuPy 60.25 + 0.26 | 78.11 £+ 3.80 | 161.08 + 0.03
Python NumPy 23.20 = 0.03 | 163.52 £ 0.06 -
MATLAB 2.78 £ 0.28 | 58.10 £+ 1.00 -
MATLAB/Simulink [169] | 42.10 £+ 0.73 - -

observed. Given the utilized hardware, the findings do not indicate any specific number
of modules where the GPU implementation exceeds the best-performing CPU implementa-
tions.

Finally, the observed runtime is compared with the literature proposed MATLAB/Simu-
link simulation model of a BM3 reconfigurable battery [169]. With the simulation model,
Mashayekh et al. [169] simulated an up-time of 1s of a reconfigurable battery with ten
modules and the same step size of 10ps, which is the same uptime and step size as used
within our evaluation. The MATLAB/Simulink [169] model needed a runtime of 42.10s +
0.73s for simulation. In our evaluation, illustrated in Fig. [3.3] the implementation using
Numba needed 0.33s. The simulation results archived do not show significant differences.
This comparison shows that the Python implementation of the physical model improves
computational performance by factor 130 compared to the MATLAB /Simulink proposed in
[169].

Based on these results, the Python Numba implementation will be employed as an envi-
ronment to implement a reinforcement learning algorithm to control a Type 2 reconfigurable
battery.

3.3 Reinforcement Learning for SOC Balancing
After introducing the physical model of a BM3 reconfigurable battery, the model will be

employed as an environment to train a reinforcement learning model. This section presents
and evaluates two reinforcement learning models to balance SOC of batteries within a Type
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Fig. 3.4. Q-Table for reconfigurable battery control; 1. select the Q-values row according
to the state; 2. select action determined on max-function

2 reconfigurable battery. We proposed the following Q-learning and AQL models in
our published work. Insights into the Q-learning model’s feasibility and limitations formed
the basis to develop the AQL model.

3.3.1 Q-learning

As mentioned in Section on page the Q-learning algorithm stores the learned
experiences in the Q-table, a table of Q-values . The optimal action is chosen by the
Q-table’s Q-values related to the environment’s state. The learning process of a Q-learning
model has been mentioned in Section [2.3.3] on page 25 Fig. [3.4] illustrates the operating
algorithm. As the first step, based on the state s;, the row in the Q-table Q(S, A) is selected.
In step two, the action is chosen by the max-function. The chosen action is the action a of
the maximum Q-value Q(a,s). The proposed Q-learning algorithm addresses the optimal
reconfigurable battery operation strategy for SOC balancing. The state and action space
and the reward function implemented in the Q-learning are introduced at first.

State Space

Jang et al. define the state space S as all observable states of the environment. The
state space of the proposed Q-learning consists of the required voltage of the system V_gp,
and the SOCs of the reconfigurable battery modules. To employ Q-learning, the state
space has to be discrete. Continuous action and state spaces must be approximated as
discrete spaces. For this purpose, the required converter voltage V.., is represented as ny,
a multiple of the open-circuit voltage of the cell Vpc. Furthermore, the SOC is discretized
as the index igk())c of the module k sorted by the SOC of the modules. This results in the
following state space definition:

(1 (2 (N
S = [nv, Zg‘())ca Zg‘())ca e zgo)c] , (3.7)

Fig. shows three batteries, their SOCs, the required voltage V.ony, and the open-circuit
voltage Vpc of the used battery type. The state S in this case would be [2, 2, 3, 1],
caused by the following:

e 8.4V is twice 4.2V, therefore ny = 2
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e Module 3 has the highest SOC, than Module 1 and the lowest SOC can be observed
for Module 2, therefore the indexes ig%c are 2,3, 1.

Voc = 4.2V

Vconv = 8.4V

11711,

Module 1 Module 2 Module 3
SOC: 50% SOC: 20% SOC: 90%

Fig. 3.5. Example for a state .S; Two modules required to achieve voltage level, therefore
ny = 2; Indexes of sorted SOCs are 2,3,1; Causing S =[2, 2, 3, 1]

Time Dependent State Space

The resulting state sy;4+1 at the time step ¢t + 1 of a MDP depends only on the state s
and the action a; of time step ¢ . It has to be evaluated if a modulation of the state
of reconfigurable battery without time dependency enables a correct SOC balancing. To
compare a time-independent state with a time-dependent state, the state space .S is modified
by introducing a time dependency as follows:

— V '(1)7t '(2)7t '(N):t
S = [n S 5 I 2=, v T Y ) (3.8)
(D=1 .(2),t—1 (N),t—1
tsoc » 'soc > v lsoc >
() t—T (N),t=T
tsoc »--+» lsoc )

where zg%é represents the index of the k' module, ordered according to the SOC of the

module’s battery at the time step ¢, and T denotes the number of preceding time steps
encompassed in the state space S.

Reward Function

Based on the environment state s; and the performed action a;, the reward r; is given. The
reward function r (s, a;) is defined as following:

r(st, ar) =a - [[max (SOC(t+1)) — min (SOC(t +1))]—
[max (SOC(t) — min(SOC(®))]] (3.9)

where SOC(t + 1) is the list of all cells SOC at state s;y1, and « is a weight value to
increase the effect of the reward during training.
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Q-Tables
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Fig. 3.6. Multi-Q-Table for reconfigurable battery control; 1. select Q-Table determined
on voltage level ny; 2. select Q-values row based on the state; 3. select action
according to max-function

Action Space

There are three main action space categories within reinforcement learning: discrete action
space, continuous action space, and discrete-continuous hybrid action space . Counting
the number of possible actions is possible for discrete action spaces. In a continuous action
space, the number of actions can not be counted, but their range can be described; for exam-
ple, a robot’s arm can be moved between 0 and 360 degrees. In discrete-continuous hybrid
action spaces, the algorithm must generate discrete actions and the continuous parameters
associated with those actions. The number of possible configurations of the reconfigurable
battery is limited, leading to discrete action spaces.

The set of possible actions A encompasses all allowable actions a within the state s; at
time step ¢ . An action a is defined as follows:

A:{M<1>, M M<N>} (3.10)

where n represents the number of modules in the reconfigurable battery, and the switch
state M for module k is given by its configuration:

0 if Bypass
M® = {1 if Serial (3.11)
2 if Parallel

Multi-Q-Table Approach

A multi-Q-table method is suggested to minimize the required memory usage. For each
voltage level ny, an individual Q-table Q™ (S, A,,,,) is utilized. This approach helps de-
crease the training time and complexity of the Q-table. Distinct action spaces are assigned
to each voltage level, including only configurations that achieve the desired voltage level.
This forms a policy Q(S, A) defined as follows:

QS, A) = [Q°(S, 4o), QS A1), ..., QNFY(S, Anp)) (3.12)

where Q™ is the Q-table, and A,,,, the action space used at voltage level ny .
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Fig. illustrates the three steps of operation of the multi-Q-table algorithm. Within the
first step, the Q-table is selected based on the voltage level ny. The Q-table Q™ (S, Ay, ) is
selected consisting of the state space S and the action space A, dependent on the voltage
level ny . The steps two and three are the same as the steps one and two in Fig. on
page According to the state s the row in the Q-table Q"V (S, A,, ) is chosen. As the
third step, the selection of an action a is determined by the highest Q-value Q(a, s).

The Q-learning training uses the Bellman optimal equation and e-greedy policy [123] and
is implemented as shown in Algorithm

Algorithm 1 The proposed Q-learning Algorithm [20] ©IEEE 2023

1: procedure Q-LEARNING PROCESS

2 Initialize Q(S, A)

3 S, ny < environment.initialState()

4 while epoch < epochs do

5: done <« true

6 epoch < epoch + 1

7 while not done do

8 if random() < € then

9 a; < chooseRandomAction(Q™V (s))

10: else

1. a4 max (Q (5))

12: end if

13: done, siy1, ny, r¢ <— environment.step(ay)
14: Use Equation to calculate Q™ ™€
15: St <= St+1

16: end while

17: end while
18: end procedure

Baseline Approach: Q-learning for Reconfigurable Battery Control

For validation, the simulation of a five-module BM3 reconfigurable battery is used within
the simulated environment. The in Eq. introduced state space S includes a time
dependency. To evaluate the need for time-dependent state space, the convergence of the
Q-values during training of Q-tables with time dependency, as in Eq. , and without, as
in Eq. , are compared. It could be observed that a time dependency of T' = 2 results in
Q-values convergence, which leads to accurate SOC balancing. Without time dependency,
such as in Eq. , balancing does not take place. Increasing the time steps to T' = 3
or more leads to a longer training time and an increase in the required memory. Also, the
method with higher time steps has not shown a significantly different result in the required
time to archive the balanced state.

Fig. displays the sinusoidal voltage reference signal u;geq;- The reconfigurable battery
approximates this signal, as the figure illustrates as ucony. Six distinct voltage levels are
identifiable, corresponding to the number of connected modules, N = 5, plus an additional
level at 0V, where all modules are in bypass configuration. Fig. shows that all cells
reach balanced SOC after 65 ms. Battery cell 3 exhibited a below-average discharge rate
between 35 and 43 ms, followed by a more rapid discharge, ultimately contributing to system
equilibrium at 65 ms. The above-described faster discharge of the battery of module three
is also shown in Fig. Here, it can be seen for the generation of the 4V voltage level
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Fig. 3.7. Q-learning balancing with system of N = 6 modules, simulation time of

t=0.1second; reconfigurable battery voltage tcon, in blue and ideal voltage u;geqs
in orange (a), decreasing SOC over time with balanced state after 65ms (b) and
configurations per module over time (c) OIEEE 2023

between 44 - 52ms only module three is switched in series. Due to this configuration,
module three experiences a higher discharge than the other cells switched into bypass.

The results clearly demonstrate that the proposed Q-learning method effectively controls
a reconfigurable battery system and balances its batteries’ state of charge.

Advantages The Q-learning method is a reinforcement learning algorithm with low com-
putational complexity during use. The Q-table can be used as an efficient lookup
table for practical implementation. A hashmap implementation of the lookup table
enables direct access and enables a computational complexity of O(1). The Q-learning
algorithm provides a straightforward assessment of each decision taken by the model,
giving it an edge over neural networks.

Drawbacks The discretization of the state space and the introduction of a time-dependent
state space substantially increase the required memory during training. The number
of states can be described by (n!)!*7, where n is the number of modules, and T is
the number of previous time steps added in the state. Due to memory constraints,
the Q-table size grows significantly, making it infeasible to practically implement with
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more than seven modules using the existing hardware.

3.3.2 Scaling Reinforcement Learning: Amortized Q-learning (AQL) for
Reconfigurable Battery Control

As demonstrated in the prior section, applying Q-learning creates significant challenges as
the number of actions and states increases. With a rising number of modules within the
reconfigurable battery, the number of actions and possible states increases significantly. The
proposal of DQN addresses the limitations of Q-learning by using a deep neural network as
an improvement compared to the Q-table [113], [189]. The neural network approximates the
optimal action-value function Q(s,a). The approach of DQN enables large or continuous
state spaces and computes for each action a Q-value in a single forward pass. Thus, DQN
solves the limitation in increasing state spaces but is still limited within the action space
size.

The standard actor-critic approach is an actor function 7g : S — A, where mg is the
leaned policy. The function mg scales approximately linear to the number of actions [190].
Furthermore, the actor-based approach of Q-learning does not generalize over the action
space as naturally as value-based approaches [190]. It cannot extend to previously unseen
actions. This limitation increases the required training time with the increasing action
space.

Van de Wiele et al. [191] proposed AQL to replace the time-consuming Q-value maxima-
tion over all possible actions with a maximization over a small subset of actions sampled
from a learned proposal distribution. This approach is inspired by amortized inference [192]
techniques. AQL is adaptable to discrete, continuous, or hybrid action spaces, making it
suitable for diverse settings. This is particularly useful in scenarios where the action space
is too enormous for traditional Q-learning methods. Furthermore, AQL has shown great
potential in combination with classical planning methods in pre-limiting the action space
[124]. Because of this reason, AQL is chosen as a methodology to control a reconfigurable
battery. The implemented approach will be described in the following section.

Amortized Q-Learning Methodology

In Q-learning, the Q-value of each action a within the action space A has to be computed
for the state s. AQL enables continuous state spaces, which causes a redefining of the state
space, as previously defined in Eq. (3.8). The continuous state s at a specific time step is
defined as follows:

s=[80CY.,., SOCH,... ..., SOCH).], (3.13)

where S OC;{;%W is the normalized SOC of the nth module within a system of N modules.
The normalization takes place by a Min-Max-Scaler, which is defined as the following;:

SOC™ — min(SOC)
(n) 14
SOCrorm max(SOC) — min(SOC) (3:-14)

AQL computes the Q-value based on the state s and an action a. A neural network is
employed as an approximation function. To select the action a with the highest Q-value, a
batch of Q-values has to be calculated. Therefore, the network’s input includes the state s;
and the action space A;. The action a; with the highest Q-value is identified by the function
argmaz. Each element of the input batch is defined as [s, al], where ai € A;. The action
space A; is defined as the following described:
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Fig. 3.8. Schematic of proposed and implemented Amortized Q-learning (AQL) neural net-
work with two hidden layers and one output neuron and argmax function to iden-
tify best action in performed batch [21]

The action space A specifies all possible actions of the reconfigurable battery and is defined

in Equation (3.10]) on page

The subset A,,,, defines all possible configurations to generate the voltage level ny at the
time step t.

The set A¢ contains configurations that should be excluded from the action space A be-
cause the switches are inoperative or batteries are overheating. The possibility of
excluding configurations enables safety functionality and the combination with classic
approach algorithms.

This results in the following definition for A;:

Ay = An, — Ac, (3.15)

Fig. [3-8shows the architecture of the proposed neural network. The figure illustrates the
batch calculation of Q-values for the state containing the normalized SOC of N modules
and the action a containing the configurations. The neural network consists of a FNN
architecture, as described in Section on page [26] with multiple hidden layers and one
output neuron.

The algorithm [2 proposed in [21], outlines the training algorithm that has been put into
practice.

Model Implementation and Training

Python 3.87 and the machine learning library PyTorch 2.0.1% are utilized to implement the
neural network. The proposed AQL method is evaluated over a 12-module reconfigurable
battery. The architecture of the implemented FNN is shown in Table [3.2] It consists of

"https://www.python.org/downloads/release/python-380/
Shttps://pypi.org/project/torch/2.0.1/
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Algorithm 2 AQL training [21]

1: procedure AQL TRAINING(Network parameters #9, exploration probability €, epochs
E, epoch length T")

2 Initialize local replay buffer R

3 fore—1---F do

4 fort —1---T do

5: Observe state s;

6: if random() < € then

7 a; = aﬁ € A > Select a; at random
8 else

9: a; == arg max,¢ 4, Q(s¢, a;09)
10: end if

11: Tt,St41 < environmentStep(sg, a;)
12: R; + (St, ag, I't, St+1)

13: end for

14: Train 69 based on R as defined
15: Reset environment to random state
16: end for

17: end procedure

an input layer with 24 neurons, two neurons per module, three hidden layers, employing a
rectified linear unit (ReLU) as an activation function, and the output layer with one neuron.

Two models are trained to evaluate the proposed methodology. One model is trained
to control a reconfigurable battery based on a half-bridge topology. The other one is to
control a reconfigurable battery employing BM3 as topology. Both topologies are described
in Section [2.1.2] on page The reward for each epoch during the training is illustrated
in Fig. The simulation proposed in Section on page [34] is employed as a training
environment. Caused by the more possible configurations and the resulting larger action
space within the BM3 topology, more epochs are required during training than the half-
bridge topology.

Experimental Evaluation

Following the proposed AQL method is evaluated within the balancing of SOC in reconfig-
urable batteries using the topologies BM3 and half-bridge. Therefore, two different settings
were used for evaluation and discussion.

BM3: Comparative analysis of the proposed AQL algorithm with the balancing algorithm
suggested by Mashayekh et al. [169] employing a 12-module setup in a simulation
environment.

Half-Bridge: Comparative analysis of the proposed AQL algorithm with the balancing al-
gorithm suggested by Zheng et al. [193] employing a 12-module physical hardware.

Table [3.3] shows the required time to balance the SOC. The proposed AQL algorithm
outperforms the algorithm proposed in Mashayekh et al. [169] employing the BM3 topology.
For the Half-Bridge topology, the algorithm by Zheng et al. [193] shows less required time
to balance in the results. The results and the employed settings for both topologies are
described below.
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Fig. 3.9. Reward over the training of the model for Table 3.2. Architecture of the
Half-Bridge (blue) and BM3 (orange) control- model [21]
ling; Half-Bridge reaches stable state faster
than BM3 [21].

Table 3.3: Required time to balance SOC within four settings
Topology ‘ Proposed AQL ‘ Mashayekh et al. [169) ‘ Zheng et al. [193]
BMS3 0.061 + 0.029 0.275 + 0.207 -
Half-Bridge 70.9 £ 11.9 - 58.9 + 10.0

BM3: Simulation Evaluation The three switching states of the BM3 topology increase the
complexity of controlling and balancing with the rising number of modules. At five modules,
the number of possible configurations is 534. This is the size of the system evaluated in
Section on page In the case of a 12-module system, the number of possible
configurations rises to 975 325. In contrast, a half-bridge reconfigurable battery enables 32
configurations with five modules and 4096 with 12 modules. The simulation environment
proposed previously was utilized to evaluate the AQL methodology.

In Fig. a discharge time of 10s with a step size of At 0.1ms is illustrated. During
this discharge time, the batteries show a discharge of 0.3 %. Fig. shows the current
(orange) and voltage (blue). The incremental formation of the resulting voltage by the
Type 2 reconfigurable battery is observable. The zoom-in at the beginning and end of the
discharge time in Fig. illustrates the achieved balancing of the cells. There is a clear
indication that the balanced state is reached and maintained.

The results that were previously shown illustrate the general applicability of the proposed
method. The results of the methods are compared with the proactive balancing algorithm
proposed by Mashayekh et al. [169] to evaluate the method’s efficiency. Therefore, the
balancing experiment was repeated with 50 random initial SOCs. The initial SOC of each
cell is in between 99.99995 % and 100 %. That is a difference of 5e—5%. This experiment
defines the balanced state by a maximum difference of 5¢—4% between all cells. The needed
time to balance each experiment’s SOC is illustrated in Fig. The figure shows both
methods’ mean time in solid lines and standard deviation as shaded regions. The proposed
AQL method is shown in blue, and the proactive balancing is in orange. The observed mean
time to balance the SOC with the proactive balancing algorithm is 0.275s. The proposed
AQL method could archive a 4.5 times faster balancing. A mean balancing time of 0.061s
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s [20].

could be achieved. It can be seen that the presented AQL method is significantly faster
than the algorithm proposed by Mashayekhl et al. . In addition, the standard deviation
is much smaller within the AQL method. This significant difference in the time until the
balanced state is reached can be explained by the fact that the proactive balancing approach

strongly focuses on switching in parallel.

This target is not specified in the AQL, where

during training, the model approximated a benefit in utilizing the bypass configuration to

avoid discharge cells with lower SOC.
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Fig. 3.11. Comparision of required time to reach balanced state with BM3 as topology using
proactive balancing [169] and the proposed AQL method over 50 experiments;
Proposed method outperforms proactive balancing with 0.214 s

Half-Bridge: Physical Hardware Experiment The equipment used for experimental vali-

dation is shown in Fig. and described as follows:

o Device Under Test (DUT): 12-cell hybrid cascaded multilevel converter [193], a topol-
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Fig. 3.12. Experimental setup with a 12-cell hybrid cascaded multilevel converter as DUT,
ohmic resistance as load, and power supplies to simulate battery behaviour \|

ogy of interconnected half-bridge modules and a surrounding H-bridge converter
e Raspberry Pi 4 as Control Unit
e Lenovo ThinkPad-P15-Gen-1 as Computing Unit
e 2x Load Resistor: MAL-200 MEG 102 in series
e 12x Battery Cell Simulator: Rohde & Schwarz NGM202 Power Supply

Battery cell simulators are used to simulate the battery behaviour, establish randomly
chosen SOCs, and ensure a reproducible setup. Initial SOCs between 70 % and 100 % are
set. The cells are discharged to 20 % during each experiment. The computing unit collects
the battery cell simulators’ battery state data and executes the neural network of the AQL
model. The control unit is connected via Controller Area Network (CAN) to the DUT to
enable the setting of the switching states. The control unit adjusts the DUT switching
states in alignment with the actions determined by the balancing algorithm executed on
the computing unit. The control unit, the computing unit, and the battery cell simulators
communicate through an Ethernet connection.

As previously for the BM3 topology, the proposed AQL method is discussed and compared
with a state-of-the-art SOC balancing algorithm. The algorithm proposed by Zheng et
al. prioritizes cells to discharge with the highest SOC. Following this algorithm is
mentioned as the switching-max algorithm. Select the n cells with the highest SOC, where n
is the number of cells needed to achieve the desired voltage level. This approach intentionally
decreases the SOC difference between the cells of the reconfigurable battery.

The experiment was conducted 50 times per methodology, each with a randomly chosen
starting charge level for every battery cell. Fig. [3.13]illustrates the time required to reach
the balanced state. The balanced state is specified as a maximum SOC deviation of 1%
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Fig. 3.13. Comparasion of the required time to reach balanced state with Half-Bridge topol-
ogy using the switching-max algorithm and the proposed AQL algorithm over 50
experiments; Switching-max algorithm outperforms proposed AQL method with

11.99s

within the cells for simulated cells with a capacity of 0.1 Ah. The swiching-max algorithm
archives a mean time of 58.9s £ 10.0s, which is 11.99s faster compared to the proposed
AQL method. The achieved mean time to balance with the AQL methodology is 70.9 s with
a standard deviation of 11.9s.

To analyze this finding in detail, in Fig. the resulting SOC over time for 100s
discharge time is illustrated. In Fig. [3:14a] the proposed AQL methodology is illustrated,
and shows the switching-max algorithm. By employing the AQL method, the system
reaches the balanced state, illustrated with a red line, after 71.9s at a SOC of 54 %. Apart
from the discharge time, the discharge curves of the individual cells display an approximately
linear decrease. The switch-max algorithm reaches the balanced state after 64.7s at a SOC
of 55.4 %, which is 7.2 s faster than the proposed AQL methodology.
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Fig. 3.14. SOC balancing using the proposed AQL algorithm (a) and switch-max algorithm
(b); Balanced state after 71.9s and 64.7s (red) of discharge .

The results show that for the BM3 topology, the proposed method can lead to better
results than established controlling methods. For the half-bridge topology, characterized by
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its two possible configurations, the switching-max algorithm is preferred to control when
balancing the SOC.
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This chapter addresses the second research question, about the architecture and methodol-
ogy to transfer data between vehicles and distributed compute units, outlined in Section [1.2
on page[2]and tackles our initial research objectives RO1 and RO2 of this work. In section [4.1]
on page [53| a significant advancement in cloud-based Battery Management Systems (BMS)
through a comprehensive framework rooted in digital twinning principles. The framework
offers a dedicated data specification, as introduced in section on page an efficient
compute power distribution strategy in section on page a core temperature estima-
tion methodology is proposed as a potential use-case of a functional digital twin with cloud
integration, and a novel data compression method in section on page

4.1 loT-Framework for Battery Management Systems

Nowadays, a BMS estimates the state of the batteries in addition to the control of the battery
pack [194]. Modern BMS has to estimate states such as SOC, SOH, and core temperature. In
recent years, approaches such as data-driven methods and digital twins have been proposed
to estimate these battery states [133], [195]. The volume of data produced by individual
vehicles is constantly increasing, as is the necessity of computational power. A solution
to this is shifting some of the tasks into the cloud by utilizing flexibility, scalability, and
the provision of computing resources on demand [196], [197]. Increased data reliability,
lower cost in acquisition and operation of hardware, improved security, and reduced time-
to-market. These are only a few of the positive effects of cloud computing. This section
overviews existing frameworks and architectures to enable cloud integration in EVs. In
Section on the next page we introduce a monitoring architecture for reconfigurable
batteries. With the Five-Layer IoT Framework in Section on page [56] we introduce a
framework to enable cloud-based BMS.

Standardized frameworks and architectures enable the implementation and comparison
of different systems. These frameworks establish a structure and well-defined interfaces,
enabling a modular approach to system development. Due to such reasons, the three-layer
IoT framework [198] has been applied for the use in cloud-based BMS [199]. The necessity for
reference and standard architectures has been identified not only in the context of research
but also by industry. With Amazon Web Services (AWS) IoT Fleet Wise, the cloud service
provider AWS introduced a service to enable cloud-based fleet monitoring at the end of 2021
[200]. Fig. illustrates the structure of Fleet Wise and the three-layer IoT framework.
The three-layer IoT Framework illustrated in Fig. consists of the layers perception,
network, and application layers. As illustrated by the arrows in the figure, the framework is
intended exclusively for vehicle-to-cloud communication. Cloud-to-vehicle communication
is not available. Furthermore, the framework provides only a data collection layer on the
vehicle side. Insufficient attention is given to encapsulating data acquisition, buffering,
and transmission. The purpose of the AWS IoT Fleetwise Connected Vehicle platform,
shown in Fig. is mainly to monitor the vehicle. It focuses on the software and data
abstraction components with the intention of generalization. This platform separates the
vehicle’s connectivity to the cloud from the data collection.
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Fig. 4.1. The applied three-layer IoT framework (a) and the AWS IoT Fleetwise Connected

Vehicle platform (b) , , @IEEE 2024

4.1.1 Monitoring of a Reconfigurable Battery

The service of AWS lacks the possibility of monitoring high-frequent data. The maximum
number of messages per device per second is 100 . To enable the monitoring of reconfig-
urable battery systems and their high-frequent data, we proposed a monitoring architecture
in the cloud . The central concept of this architecture is to have an infrastructure for
live monitoring, to visualize historical data, and to enable an automated archive of previous
experiments for afterwards evaluation. Fig. illustrates the proposed architecture. The
main components are:

1. Data Collection Units
An IoT device is the gateway in the vehicle and the laboratory environment. This
device has to collect and transform the measurement and ensure robust authentication
and authorization with the cloud infrastructure. A reconfigurable battery is used for
experimental validation.

2. Cloud Gateway
In this architecture, the cloud gateway, applied as AWS Kinesis, is the data collec-
tion point between the physical devices and the cloud applications. AWS Kinesis is
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an event stream service based on the open-source software Apache Kafka. An event
stream service is a system that processes, stores, and distributes events in real-time. It
is like a messaging platform for applications, allowing them to communicate and react
to changes in data. Apache Kafka is a popular open-source distributed event stream-
ing platform. It is designed to handle high-throughput, low-latency data streams.
The benefit of AWS Kinesis over Apache Kafka is its accessibility as a managed ser-
vice, which automates installation, initial configuration, scaling, and maintenance.
Furthermore, the integration into other AWS services makes it simple to implement.

3. Monitoring Application
The architecture introduces a serverless web application for real-time monitoring. The
app enables remote monitoring of the experiments.

4. Storing of Historical Data
Standard services such as S3, Athena, and Grafana are implemented to store and
analyze historical data. As with Kinesis, the focus of selecting the services was on
providing the fullest possible integration of AWS services and minimizing configuration
effort.

This architecture extends the concept for automatized analyzing and processing of ex-
perimental data from modular multilevel inverters proposed by Wiedenmann et al. [203].
It allows the monitoring of long-term measurements in mobile and stationary experiments.
Cloud computing infrastructure allows for straightforward scalability and data sharing with
collaboration partners. The deployment of global infrastructure enables worldwide accessi-
bility to the data.

In addition to the advantages of the architecture, there are also limitations. A gener-
alization of architectural frameworks is essential in the context of a broad application of
technologies. Moreover, the architecture is currently limited to unidirectional communica-
tion. It enables the automation of monitoring for reconfigurable battery systems. Towards
cloud-based BMS and digital twins, bidirectional communication becomes crucial. Conse-
quently, we proposed the five-layer IoT framework to further investigation.
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4.1.2 Five-Layer loT Framework

Reference architectures aim to increase interoperability and optimize the development pro-
cess. Weyrich and Ebert [204] give an overview through reference architectures for IoT. The
authors highlight the importance of connectivity, device management, communication be-
tween different devices, and the propagation of configurations. In addition, they identified
the importance of components for data collection, analysis, and actuation, the scalability
of the system and robust security features in reference architectures.

To address the abovementioned requirements, we apply the five-layer IoT framework [205]
in the context of BMS. We have proposed this framework in our study [23]. Fig. shows
the framework layers:

Layer 1 Sensor and Actor,

Layer 2 Device,

Layer 3 Gateway,

Layer 4 IoT Integration Middleware, and
Layer 5 Application.

This five-layer IoT framework aims to use existing components in an EV and add addi-
tional features. This approach enables the use of existing and widely used technologies and
architectures and combines them with the new technology of IoT. The first layer includes
sensors and actors in a battery pack, such as voltage, current, and temperature sensors and
converter switches. Only the on-board BMS is directly connected to this layer for safety
and security objectives. In general, an additional device, the gateway, should be used to
isolate the on-board controlling and monitoring of the batteries from cloud computing in-
frastructure. The gateway module enables the transformation and aggregation of data from
vehicle protocols to those utilized in cloud computing and web technologies. Additionally,
the gateway is responsible for authorization through the cloud computing infrastructure,
which integrates safety, security, and cryptographic integrity dimensions. The gateway is
linked to the BMS to prevent unauthorized external access. The gateway buffers data and
transmits only validated information to ensure reliable BMS operation even during net-
work disruptions. This modularity guards the BMS from receiving incorrect data, as data
from the gateway is considered extra and not essential for the core functionality of the EV.
Optional, the architecture also directly links the onboard BMS and the IoT Integration Mid-
dleware. If this is selected, however, it should be noted that the additional security layer is
unavailable, and the sizing of the BMS hardware resources must be adjusted. For prototype
development or as part of research projects, however, eliminating additional complexity by
omitting the gateway layer can lead to faster development.

Furthermore, the cloud infrastructure consists of the fourth layer IoT Integration mid-
dleware and the fifth layer application. The monitoring architecture, described in section
and shown in Fig. has implemented AWS Kinesis as a data collection point. The
principle of a gateway into the cloud infrastructure is generalized with the IoT integration
middleware. The fourth layer is the intermediate interface between the physical vehicles
and the cloud applications. Device management, bidirectional data collection, and load
balancing are some functions implemented at this layer. Decoupling cloud integration and
cloud applications into two individual layers enables the modular development of different
services for fleet management, state monitoring, vehicle control, and state estimation.

The main principles of the five-layer IoT framework are modularity and encapsulation of
individual components. Within this framework’s layers, we employ the existing components,
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sensors and actors, and onboard-BMS of the EV and combine them with IoT technologies.
It transforms the EV and especially the battery pack into a driving IoT device. Open
standards and open-source software can be developed based on such a framework to increase
the impact of EVs research. When it comes to Vehicle-to-Infrastructure (V2I), Vehicle-to-
Vehicle (V2V) and Vehicle-to-everything (V2X) [206], the gateway layer also serves as the
connection point for communication with other devices besides the cloud.

One method to evaluate a framework, such as the proposed five-layer IoT Framework, is
the analysis based on non-functional requirements. Therefore, the product quality model
defined in ISO/IEC 25010 [207] is employed. The five-layer IoT framework is evaluated
against nine quality characteristics according to ISO 25010. This assessment shows how
the proposed framework addresses non-functional qualities compared to the two existing
frameworks shown in Fig. and highlights areas for improvement.

Functional suitable characterizes the degree to which the system provides functions that
meet needs. Research objective 1, defined in Section[I.2Jon page[2] establishes the need
for two-way data communication to enable the digital twinning of electric vehicles.
This objective is provided within the framework presented. The two comparison
frameworks only enable one-way communication.

Performance efficiency defines in this context the degree to which the system performs
its functions within specific time, resources and capacities. Compared to the three-
layer IoT framework, the additional layers of the framework can cause a higher need
for time and compute resources caused by the higher complexity of the system; in
Section [4.3.2) on page [71] the characteristic of the time behavior is evaluated.

Compatibility describes the degree to which a system can exchange data with other sys-
tems. The choices made throughout the development process primarily influence the
system’s interoperability. For example, the technologies selected, such as the data
transfer protocol, can significantly determine how interoperable the system is. The
framework does not define technologies. The gateway layer enables the integration of
the framework in existing car architectures. As described above, the gateway can also
be used for data exchange for V2G or V2V. Similar, as the three-layer IoT framework
is a model that does not provide any technological specifications, only the structure of
individual components, no statement can be made about compatibility. This depends
on the respective implementation. Due to its abstraction layers, the AWS platform is
highly interoperable from the perspective of the vehicle platform used but is limited
to the technologies of AWS themselves.

Interaction Capability delegates how a system can interact with the user. This aspect is
not covered within the framework presented.

Reliability describes the degree to which a system performs specified functions under speci-
fied conditions for a specified period. As the framework considers, vertical decoupling
of functionality within the electric vehicle enables a higher fault tolerance. It is of
considerable importance to the system’s reliability that failures or compression at the
cloud levels of the IoT integration middleware or an application do not result in errors
within the vehicle’s critical functions.

Security characterizes the degree to which a system defends against attack patterns. The
security depends on the architecture and implementation of a system. Implementing a
layered architecture that separates the gateway from the device can enhance security
by making it more challenging, due to multiple layers of security and authentication,
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for external attackers to gain unauthorized access to the vehicle. Also, the IoT In-
tegration Middleware, as the fourth layer, serves as an authentication layer for the
applications and enables the isolation of the applications from each other to increase
resistance against failures. The AWS IoT Fleetwise Connected Vehicle platform in-
cludes the Connectivity Layer security features, which need to be added to the concept
of the 3-layer IoT Framework.

Maintainability defines the degree of effectiveness and efficiency in a system that can be
modified to improve, correct and adapt to changes. Decoupling into individual layers
of functionality enables modifications on each layer with minimal effect on the other
layers, increasing modularity. Besides vertical decoupling, the application layer allows
horizontal decoupling of the applications from each other, increasing modularity, the
application level analysis, and the modifiability of individual applications and levels.
The abstraction layer of the AWS IoT Fleetwise Connected Vehicle platform enables
a robust decoupling of vehicle and cloud data and thus significantly increases the
possibilities of modularity and modifiability. The modelling of the vehicle within a
single layer, the perception layer, demonstrates that the 3-layer IoT framework [199],
as it can be seen in Fig. a, was not designed with modularity in accordance with
the relevant standards.

Flexibility describes how a system can adapt to changes. The separation of device and
gateway increases the flexibility towards several different types of vehicles connected
to one cloud environment. Considering the vehicle layers, the AWS solution also has
a high degree of flexibility. Still, this platform is tied to a cloud provider, which limits
cloud-side flexibility in terms of the replaceability of central components. On the
other hand, the framework presented in our work does not assume any technologies
as a precondition, which can increase the flexibility.

Safety delegates the degree to which a system under defined conditions avoids a state
where human life, health, property and the environment are endangered. Separating
the devices and gateway can primarily ensure operational safety in case of cloud
connectivity loss or loss of data integrity. The AWS solution incorporates this safety
function as an essential component of its design by separating the connectivity and
device layers.

The analysis shows the advantages of the five-layer IoT framework, as proposed in this
work, over the three-layer IoT framework by missing out on essential concepts to ensure
non-functional quality characteristics. In particular, regarding flexibility and functional
suitability to the research objective defined in Section on page [2] the five-layer IoT
framework also represents a clear advantage over the AWS solution.

4.2 Universal Real-Time Streaming Data Specification for BMS

The previous section addressed the question of how to structure components of a IoT envi-
ronment for EVs to enable cloud-based BMS and digital twinning. In this context, another
question arises: How can data be transferred between a vehicle and the cloud infrastruc-
ture? In other words, are there cloud-ready data specifications for real-time streaming of
EVs data? Therefore, we will address this question in the next section. The following
section is based on our published work [26].

There are several standards and codes for the exchange of various kinds of EVs data
[208], such as ISO 15118 standardizes vehicle-to-grid communication [209], and ISO 13400
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standardizes the diagnostic communication over Internet protocol (DoIP) [210]. Clark et
al. [211] aims to increase the utilization of published data and facilitate the collaboration
and comparison of data-driven research and development methods. The authors proposed
a unified ontology concerning battery pack data to improve interoperability and seamless
information integration across diverse domains. Many open-source software projects have
been published to transform and analyze battery tester data, such as Battery Evaluation and
Early Prediction (BEEP) [212], cellpy [213], Battery Data Toolkit [214] and Galvanalyser
[215]. The use of these software solutions leads to different data formats. In addition, there
are also open databases, such as the Universal Battery Database [216] and BatteryArchive
[217], which have predefined data structures. Lininger et al. [218] introduced a Comma-
Separated Values (CSV)-based data specification designed to facilitate the storage, sharing,
and processing of measurement data of testers and battery packs. Furthermore, multiple
publicly available datasets using various data formats, such as .mat, .csv, and .txt [219],
[220].

Despite the availability of many formats and infrastructures, the need for standard and
widely accepted data specifications is noticeable. Such missing specifications lead to longer
delays and complexity in pre-processing the data. Furthermore, inadequate and missing
documentation makes the data difficult to understand and reuse in developing the next
generation of modern BMS with cloud integration.

The idea of a data hub with standardized data specifications for battery data is introduced
in the Battery Genome Project [221]. The aim is to make community-wide cooperation
more convenient and impactful in battery research. The methodology we propose in this
work introduces a data specification for conventional and reconfigurable battery packs. The
utilization of the specification is for historical data and the potential implementation of
cloud-based BMS. The Battery Genome Project lacks in a data specification enabling real-
time data streaming and a data specification for reconfigurable battery packs.

4.2.1 Proposed Data Specification

The data specification we propose in this work [26] addresses the previously mentioned
limitations by fulfilling several essential features and qualities:

o storing of historical battery data and cloud-ready streaming during operation and
testing

o providing in-data experimental setup documentation, such as battery cells and power
electronics equipment;

e minimizing the requirements of the data transformation process that occur among
researchers, organizations, data platforms and modern programming languages;

o open data specification can facilitate the development of open source solutions in the
field of cloud-based BMS and reconfigurable batteries

The proposed specification contains three types of data: (a) metadata, (b) time series
measurement data, and (c) cell configurations of reconfigurable batteries.

In contrast to previous data specifications mentioned in [218]-[220], ours separates the
description of the experimental setup and its related measurements and presents both in a
machine-readable way [26]. The metadata contains information about the installed battery
cells and sensors, the micro- and macro-topology of the system, general information about
the experiment, and others. The time-series data contains all the measurements collected
within the experiment and the cell configurations of reconfigurable batteries over time.
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The data specification uses different data formats for specific use cases to facilitate hu-
man and machine readability. The employed data formats are JavaScript Object Notation
(JSON) and CSV. Fig. illustrates the main difference between CSV (a) and JSON
(b) data formats when it comes to data streaming. The figure illustrates measurements,
represented by grey-orange triangles, over time and the resulting data transmission using
the specific data format. In the case of CSV, the aggregation of multiple measurements in
a single file is shown in (a), while JSON is designed to process each measurement itself,
as shown in (b). JSON is more suitable for streaming data applications due to its inher-
ent flexibility, support for schema evolution, resolution of delimiter issues, and efficacy in
real-time processing. However, it requires greater storage capacity for long-term data reten-
tion compared to CSV. Ben Smith introduces the data format JSON. JSON provides
the possibility of describing hierarchical structures and relations. Due to, the proposed
data specification uses JSON to describe the metadata associated to the experiment. For
streaming and processing in real-time of time-series and cell-configuration data JSON is
recommended as data format. On the other hand, CSV files are recommended to store
historical time-series and cell-configuration data.

Location Schema

The precise location of components, batteries, and sensors within the system is necessary
to ensure the correct interpretation, evaluation and comparison of measurements. The
components differ by the level at which they are located. Figure [£.5]shows the various levels
within a system and their interrelationships: arm, module, submodule, and cell. Within the
proposed data specification, each system element is described by a numerical index linked
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Fig. 4.5. Levels of components

to the lowercase initial of the corresponding level. These levels are arranged hierarchically
in descending order and are separated by underscores. For example, a location scheme such
as a2_m4 sl _c¢3. Within this example, the schema identifies cell 3, in submodule 1, in
module 4, in the second arm of the module. Including system levels is optional; a level can
be omitted if it does not exist, such as in al_ ¢2, which identifies the second cell within the
first arm.
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Table 4.1: Metadata datatype description; Name of the field, indentation represents hierarchy; Field required and Description of the field [26]

Name Required Description
Experiment ID X A unique identifier of the Experiment
Start Time X Start time of measurements series in UTC per ISO 8601 standard: (yyyy-MM-dd’T"H:mm:ss)
Format Version X The version of the data specification. It changes when the specification changes.
Test Protocol Path/URL to the test protocol. If data is published, the protocol also has to be published.
Description Description of the performed test.
Battery List of battery types used.
Battery 1D X Identifier of the cell type in the worldwide/company /organization.
Chemistry Cell chemistry, such as LiFePOy.
Manufacturer Manufacturer of the battery cell.
Model Model of a battery cell.
Voltage min Minimal voltage of battery according to the manufacturer in volt.
Voltage max Maximal voltage of battery according to the manufacturer in volt.
Current max charge Maximal battery current during charge according to manufacturer in ampere.
Current max discharge Maximal battery current during discharge according to the manufacturer in ampere.
Temperature min Minimal temperature in Celsius of the battery according to the manufacturer in Celsius.
Temperature max Maximal temperature in Celsius of the battery according to the manufacturer in Celsius.
Nominal capacity Nominal capacity according to manufacturer in ampere-hour.
Cells X List of used battery cells.
Cell ID X Unique identifier in the company/organization.
Cell location X Location as described in Section
Serial Number Serial number of the cell manufacturer.
Calendar Age Produc- Calendar date/month of production in ISO 8601 date format (yyyy-MM-dd)
tion
Calendar Age Storage Calendar date/month of installation in the system in ISO 8601 date format (yyyy-MM-dd)
Charge input The charge input during the lifetime of the cell before this measurement started in ampere-seconds
Current Capacity The current capacity of the battery cell in Ampere-hour.
Sensors X List of used sensors.
Sensor 1D X A unique identifier of the sensor. The proposed schema is <measurement/estimation
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Table 4.1: Metadata datatype description; Name of the field, indentation represents hierarchy; Field required and Description of the field |26

Name Required Description
Location X Location of the sensor as defined in Section |4£|
Unit X The unit prefix and the unit of the sensor
Step Type Is required if the sensor describes step type. Key-value pair to describe the meaning of the step
types.
Description Describes the sensor. This has to be indicated if the value is calculated or determined via averaging.
Manufacturer Manufacturer of the sensor.
Part Number Identifier of sensor given by the manufacturer.
Calibration List of calibration values.
Measured Value X Value measured by the sensor.
Reference Value X The calibrated reference value.
Calibration Date Date of the calibration per ISO 8601 standard: (yyyy-MM-dd)
Measurement Error List of measurement errors
Measured Value X Value measured by the sensor.
Standard Deviation X The standard deviation of the background noise.
Calibration Date Date of the measurement per ISO 8601 standard: (yyyy-MM-dd)
Cell Configuration X List of cell Configurations.
Location X Location of the cell as defined in Section m
Micro Topology X Name of the micro topology
Configuration States Dictionary to map configuration as stored in Section to configure state. Required, if not hard-
wired.
Switch List of installed switches.
Manufacturer X Manufacturer of installed switch
Part Number X Part number of installed switch
Production Date Production date of the installed switch per ISO 8601 standard: (yyyy-MM-dd)
Macrotopologie X The name of the macro topology
Files Required if it is historical data and not real-time streaming. Includes references to time-depending
data
Time Series X List of files with time series data in descending order

Cell Configuration

List of files with cell configuration data in descending order
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Star Polygon Cascaded Arm Modular Multilevel Inverter

Fig. 4.6. Schematic illustration of reconfigurable batteries macro topologies: star, polygon,
cascaded arm, and modular multilevel inverter; differentiation of the arrangement
of the arms of the topologies

Metadata

All metadata attributes and hierarchy, illustrated by its indentation, are shown in Table
Each field is specified by its hierarchy, the required field and its description. The
attributes can be mandatory or optional. The metadata is stored as JSON file containing
general documenting, static information of the experiment. The main attributes are ex-
periment ID, start time, and description, among others. In addition, macro-topology is an
important attribute for reconfigurable batteries. In the literature, various topologies have
been proposed, such as series, parallel, serial-parallel configuration, matrix, star, cascaded
arm, modular multilevel converter, polygonal and polygonal star configuration , .
Figure shows the macro topologies start, polygon, cascaded arm, and modular multi-
level converter with interconnected arms as examples of topologies. As shown in Table [A1]
battery, sensors, and files include subsequent attributes of the metadata specification and
are delineated below:

Battery: The type of battery and cell chemistry characterize the behaviour of the battery
pack. In addition, parameters such as minimal and maximal voltage, maximal dis-
charge current, and the intended temperature range to operate the battery help to
interpret experimental setups. The battery subsequent attribute lists several battery
types installed within the system. Each battery type must list its installed cells. A sin-
gle cell is identified by location and unique identifier and is characterized by optional
parameters such as charge input during lifetime, current capacity, day of production,
and day of storage.

Sensors: The physical location and the installed sensor are required to interpret the context
of the collected time-series measurements. A defined sensor can be a physical sensor
or an estimation model, such as a SOC estimation model. Sensor accuracy is crucial
when implementing electrothermal, electrochemical, and data-driven models. Includ-
ing detailed information on sensor noise and calibration procedures helps to improve
the comparative analysis of different models. Accuracy, measurement frequency, and
similar information can be found in the datasheet accessed by the manufacturer, and
the part number is included as part of the sensors’ attributes.
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Cell Configuration: In a conventional battery pack, cells are connected in series and par-
allel. Thus, a time-dependent configuration is not in place. On the other hand, the
topology of a reconfigurable battery must be known to reconstruct the configurations.
Bidirectional double full-bridge/MMSPC [70], half-bridge [71], battery modular mul-
tilevel management/Marx, unidirectional full-bridge [72], bidirectional full-bridge 73],
and switch-clamped half-bridge [76] are some of Modular Multilevel Inverter (MMI)
topologies proposed in the literature and illustrated in Figure [2.6] on page

The configuration of a half-bridge topology is shown as an example in Listing
Bypass and serial are the possible configurations of this topology. The topology is
located in the first arm, which is the second module. Installed switches are not
specified in this example.

1 "cell_configuration": [{

2 "location": "al_m2",

3 "micro_topology": "half-bridge",
4 "configuration_states": {

5 0: "bypass",

6 1: "serial"

7 }}]

Listing 4.1: Metadata of a half-bridge submodule [26]

Time Series Data

The time series data includes measurements from sensors specified in the metadata. Each
datapoint of measurement includes the timestamp, which is relative to the start time of the
experiment or an absolute value as ISO 8601 standard [224]. The time series measurements
can be stored as JSON and CSV. The Listings [4.2] and compare these two data formats.
Both listings contain identical measurements but in two different representations. The
example illustrated in Listing shows JSON, which includes attributes with their values.
This allows different measurement frequencies for each sensor and enables the transferring
of empty values in case of errors, such as shown with the attribute soc_al. While CSV, as
shown in Listing each attribute must be included within each line. It is independent if
the attribute has a value or not. The separation between empty and missing, as explained
for JSON, is not feasible in the CSV data format. An empty value does not show if it
is missing, caused by an error or by different measurement frequencies. This can lead to
an incorrect interpretation of the measured values. While both listings represent the same
information, CSV requires less storage space since it uses fewer characters to describe the
data compared to JSON.

1 {"timestamp": 9266.23, "cur_al": —0.073, "vol al': 7.31, "soc_al":
undefined }

2 {"timestamp': 9630.11, "vol al ml": 3.7, "soc_al ml": 0.85, "vol m2"
: 3.6, "vol _al_m3": 3.5}

Listing 4.2: Example of time series data in the JSON format |26]

1 timestamp,cur_al,vol al,vol al ml,soc_al ml,vol al m2,vol al m3,
soc__al

2 9266.23,—-0.073,7.31,,,,,

3 9630.11,,,3.70,0.85,3.67,3.65,

Listing 4.3: Example of time series data in the CSV format [26]
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timestamp: 1

timestamp: 2

timestamp: 3

Fig. 4.7. Configuration of a half-bridge reconfigurable battery with three modules al_m1,
al_m?2, and al__m3 over three timesteps; at timestamp 1 only module 2 is serial
connected; at timestamp 2 the modules 1 and 2 are switched serial; at timestamp
3 all modules are switched in serial

Cell Configuration

Streaming and storing their cell configurations is necessary to monitor and analyze the
system control of reconfigurable batteries. The data specification for cell configuration at
each timestamp is comparable to the previous proposed time series data, which uses JSON or
CSV. Each data point comprises a timestamp and the system cell configurations. In Fig. [1.7]
an arm of a reconfigurable battery with three half-bridge modules is illustrated. The figure
shows the configuration state at three timestamps. Listing [£.4] shows the representation of
these three timestamps as JSON. The configuration of the arm, module, submodule, and
cell is delineated in the cell configuration, while the metadata enumerates the potential
states of each component. The data interpretation of these elements facilitates mapping
the specified values, exemplified by 0 and 1, to their corresponding configurations. This
information is annotated in Listing 4.1 which is included in the metadata.

1 {"timestamp":1, "al mi1":0, "al _m2":1, "al m3":0}
2 {"timestamp":2, "al mi1":1, "al m2":1, "al m3":0}
3 {"timestamp":3, "al m1":0, "al _m2":0, "al m3":0}

Listing 4.4: Example of cell configuration data in the JSON format as seen in Fig.

4.2.2 Experimental Validation

Cloud infrastructure has been deployed to evaluate the proposed data specification in the
first step [26]. The system implements the five-layer IoT framework proposed in section Sec-
tion on page As the framework’s electrical vehicle component, we have established
the setup as shown in Fig. [1.8] The components are described as follows:

Sensors and Actors: 12-cell hybrid cascaded multilevel converter [193] (green) as DUT, a
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Fig. 4.8. Experimental setup containing reconfigurable battery (green), load resistance
(red), a master controller (blue), voltage measurement unit (orange), and Rasp-
berry Pi 4 as gateway (purple) [26].

Table 4.2: Required storage per data format for experiment
‘ Cell Configuration ‘ Time Series

Data points | 94,633,109 15,278,114
Storage
JSON 21.5 GB 4.2 GB
cSV 7.2 GB 1.6 GB

topology of interconnected half-bridge modules and a surrounding H-bridge converter
and a voltage measurement unit (orange)

Gateway: Raspberry Pi 4 (purple) as Gateway
On-board BMS: Custom Master Controller (blue)

Load: 4x MAL-200 MEG 2x 10£2 load resistor in series and 2x 10§2 in parallel

The experimental data contains measurements and cell configurations of a 3.27 h discharge
test with a 2 Hz sinus wave. The experiment enables the evaluation of the required storage
for both usable data formats JSON and CSV for both kinds of data time series and cell
configuration. Furthermore, the benefit of subsequent calibration and measurement noise
information has been discussed in the original work . Table shows the number of
measurements and cell configurations stored during the experiments. Also, it shows the
storage required to store cell configurations and measurements for each data format, JSON
and CSV.

We assessed the bandwidth and storage requirements for assumed measurements to assist
the scalability of our proposed data specification of various assumptions, considering factors
like measurement frequency and the number of batteries employed. This analysis is essential
for a comprehensive evaluation of the proposed data specification. In Fig. the calculated
required bandwidth to transfer the measurements under several conditions is shown. Fig.
shows the bandwidth depending on the frequency for both data formats. It ranges from
five to 20 modules and has two measurement parameters for each module. The accuracy of
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Fig. 4.9. Required bandwidth in KB/s under several configurations, number of modules m
and parameters per module p/m and used data format; Linear increasing with the
increase of measurement frequency (a) and number of modules (b); JSON requires
more bandwidth than CSV if other parameters are equal;

the assumed measurements is three digits with three decimal places. Fig. [1.90]illustrates the
bandwidth at changing module amounts. The number of parameters per module (p/m) is set
between one and three, and a measurement frequency of 10 Hz. Both graphs show a linear
correlation between bandwidth and increase of modules or frequency. This visualization
makes it possible to determine the required storage capacities (CSV) and bandwidth (JSON)
for the initial stages of developing a cloud-based BMS.

4.3 Distribution of Computing Resources

After proposing the five-layer IoT framework for EVs and the universal data specification
for BMS, as discussed in Section [£.1] on page 53] and Section [£.2] on page [59} this section
investigates the crucial question of compute power distribution. Regarding digital twinning
and cloud-based BMS, the research question arises of where to compute which tasks and
how to distribute the computing tasks. Tran et al. [89] highlight the limited resources
regarding computationally intensive estimation methods. Cloud computing infrastructure
needs to be considered to overcome this limitation. Dynamic accessible, globally distributed
computing and storage infrastructure can enable the data-driven estimation of SOC and
SOH and other battery states. The economic implications, connectivity, data transmission
rates, and latency represent critical factors in assessing the feasibility of this technology. In
the following, various architectures are discussed to distribute computational tasks and the
computational cost of several state estimation methods.

4.3.1 Computing Distribution Architectures

Our analysis extends beyond the basic paradigms of cloud computing in examining prospec-
tive computational architectures for intelligent BMS. Therefore, we discuss fog computing
for e-transportation to mitigate latency between the vehicle and the computational infras-
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Fig. 4.10. The difference between the distributed computing paradigms cloud computing
(a), direct connection between devices and cloud environment, and fog computing
(b), fog nodes as a bridge between devices and the cloud environment

tructure [23].

Within the Cyber Hierarchy and Interactional Network (CHAIN) framework, Yang et al.
[87] proposes a framework for cloud-based BMS. This framework contains four subsystems:
end, edge, cloud and knowledge. For time-critical tasks, the edge computing component is
implemented in the vehicle. The component is embedded within electronic devices for com-
munication and interaction with the battery systems for monitoring and controlling. This
edge computing framework consists of different computing services. The edge component
reduces cloud load and enables efficient real-time data processing. The cloud component
handles less time-sensitive functions, including SOH, core temperature estimation, adaptive
control, fallout prediction, and proactive safety alerts.

We can identify a research gap in the potential of fog computing for cloud-based BMS.
Fig. [4.10] illustrates the fog computing and cloud computing schema. Fog computing is
a geographically distributed computing architecture, a bridge between the cloud and the
devices [225], [226] to reduce the latency between the devices and the distributed computing
resources. Fog computing addresses limitations in computing and storage resources on the
device. Furthermore, it compresses, filters, and pre-processes the communication between
the device and the cloud.

The potential of fog computing as a distributed computing paradigm has been seen and
discussed in fields such as Industrial Internet of Things (IToT'), agriculture, healthcare, enter-
tainment, intelligent transportation and smart cities [227]. Due to the given infrastructure
in domains such as IIoT and smart cities, challenges such as rural area coverage, global
scalability for mobile devices, and network connectivity disruptions are considered minimal
concerns. However, the methodologies and frameworks for employing fog computing within
these fields can be effectively adapted for e-transportation.

In [22§], differences between mobile fog and fixed fog resources are discussed. The mobile
fog consists of vehicles, such as cars and buses. These computing units can be accessed
at close range but have restricted resources. In contrast, fixed fog computing resources
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Fig. 4.11. Four fog computing architectures with mobile and fixed fog computing units:
centralized (a), hybrid (b), hybrid distributed (c), and distributed (d)[229)]

are available at a moderate distance and possess greater computational power. Moreover,
Wang et al. describe four different architectures to implement distributed computing
employing fixed and mobile fog computing and cloud computing. Fig. illustrates
these four different architectures: centralized (a), hybrid (b), hybrid distributed (c), and
distributed (d). The architectures differ regarding where the generated tasks are executed.
A task defines a computing operation to be executed. The following cloud unit is defined
in that way: it includes fixed fog and cloud computing resources.

Centralized: All tasks are executed in cloud units only.

Hybrid: Tasks are executed locally on the vehicle or uploaded to cloud units for execution.
Distributed: Tasks can be executed locally or shared with mobile fog units.

Hybrid Distributed: Tasks can be executed locally, on cloud or mobile fog units.

Despite the low complexity of centralized computing, it suffers from complete control loss
during network outages, which can be a significant issue, especially in rural areas. While
leveraging shared computational power among vehicles for complex tasks, the distributed
architecture presents various challenges. The challenges include interoperability between
different types of vehicles and manufacturers, fault tolerance, privacy, and security. The
exclusive use of a mobile fog can be of interest in the context of campus applications and
localized bus and truck fleets. However, the hybrid-distributed architecture, which combines
in-vehicle computing with fog, mobile and fixed, and cloud resources, offers a more robust
solution. It enables features like V2V communication for safety and swarm-based fleet
management and maintains functionality even during network failures. Based on the above-
mentioned limitations of the centralized, hybrid-distributed, and distributed architectures,
the hybrid architecture has the highest potential, particularly in real-world high-scale e-
transportation applications. By utilizing supplementary services in fixed fog and cloud
computing layers while the automobile retains a degree of autonomy, a failure in connectivity
does not result in an interoperative vehicle because of the remaining vehicle autonomy.

4.3.2 State-of-Charge Estimation in the Cloud

The evaluation of potential applications is required in addition to the general concepts
of cloud-based BMS and theoretical opportunities. We conduct in our work , an
evaluation based on empirical data to explore the feasibility of SOC estimation within a
cloud-based framework. This work aims to evaluate the applicability of previously proposed
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Fig. 4.12. Cloud Computing architecture to estimate the SOC containing training and eval-
uation steps, and cloud and electric vehicle components which implements five-
layer IoT Framework

estimation models in a cloud environment. For this reason, various estimation models are
implemented and deployed. As an adaptive filter and a classic approach, an Extended
Kalman Filter (EKF) is employed. The schematic of EKF is proposed in [230]. This
method is compared with three deep learning models proposed by Guo and Ma [231], which
introduced several neural network architectures and compared them in accuracy and com-
putational cost. We evaluate FNN, LSTM, and GRU as three deep learning methods which
show promising results in Guo and Ma [231], as FNN and LSTM as demonstrated minimal
and maximal computational cost and GRU as the highest accuracy among the evaluated
models. SOC has been chosen as an example of different types of battery states. Large
datasets exist to develop and evaluate SOC estimation methods; several well-discussed
methods require intensive computation, and the state estimation is highly time-sensitive -
all of which are well-suited to the capabilities of cloud computing. The scalability, reliabil-
ity, and cost-effectiveness of cloud computing make it an ideal platform for SOC estimation.
This choice allows us to demonstrate the potential of cloud computing in battery state
estimation towards cloud-based BMS.

Cloud Computing Architecture

The architecture of this work [27] implements the five-layer IoT framework. The framework
is introduced in Section [£.1.2] Fig. [£.12] shows the in this section implemented architecture
consisting of the five-layer IoT framework, and a third component, training and evaluation.
This component is added besides the cloud and electrical vehicle components of the five-
layer IoT framework. It contains the steps of the machine learning workflow [232]: data
pre-processing and split, training, and validation. Our primary objective of the architecture
is to ensure cloud readiness. This readiness enables both cloud and on-premise deployment,
where Docker containers are used to facilitate this objective. Jonathan Bartlett [233] in-
troduces containerized software engineering for cloud computing with Docker. The deep
learning models are implemented in Keras 2.12.0 [234]. The model is provisioned with the
Docker image of TensorFlow Serving 2.12.1 [235]. The architectural elements, training and
evaluation, operate independently of the cloud applications and can be implemented on
various infrastructures. Training occurs on-premise hardware, and cloud components are
deployed to a cloud service provider. The chosen cloud computing service provider is AWS.

Dataset and Experimental Setup

Several key details must be specified for the experimental evaluation. First, the measure-
ment data utilized to train the deep learning models and parameters for the adaptive filter
must be clearly defined. Also, the location of the experimental setup should be specified to
establish the physical distance to the cloud infrastructure. Kollmeyer et al. [236] published
charge, discharge, and driving cycle data of a Turnigy Graphene 5 Ah 65C cell. The data
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Table 4.3: MAE and RMSE of 45 min (discharge of SOC 100 % — 91.81 %) UDDS driving
cycle at 0°C and a measurement frequency of 10 Hz |27].
Model | MAE | RMSE
EKF 0.0002 | 0.0002
FNN 0.0067 0.01
LSTM | 0.0744 | 0.0763
GRU 0.0455 | 0.0493

includes experiments at a wide range of temperatures between 40°C and —20°C. Based
on this dataset, Khaum et al. [237] determined temperature-depending ECM parameters.
This parameters are employed in our experiments within the EKF. Next, we evaluated the
precision of the four methodologies, using Urban Dynamometer Driving Schedule (UDDS)
drive cycle at 0°C as test data. This data has been excluded from the training data used
to train the deep learning models.

The cloud computing components are deployed at two locations to evaluate the computing
time in the case of a global fleet and the impact of only local deployments. The system
is deployed in eu-central-1 and ca-central-1, located in Frankfurt, Germany, and Montreal,
Canada, respectively. As computing infrastructure, at each location, a t2.2xlarge instance
with Amazon Linux is chosen as the operating system of the virtual machine service Elastic
Cloud Computing (EC2). The DUT is located at the Ontario Tech University in Oshawa,
Ontario, Canada. The approximately straight-line distance between the DUT and the cloud
infrastructure can be seen in Table ?7.

Discussion of Accuracy and Applicability

The following parameters and their impact for the applicability of the state estimation
methods within the cloud computing environment are going to be discussed:

e Precision of the four estimation methodologies EKF, FNN, LSTM, and GRU;
e Influence of geographical distance on request latency;

o Effects of selected network technology; Comparative analysis of wired versus Long
Term Evolution (LTE) networks;

e Precision of selected estimation methods in terms of network instability

The accuracy of the four estimation models EKF, and neural networks FNN, LSTM, and
GRU is discussed. In Table the MAE and RMSE of the models are listed. The EKF
model showed better results than the other evaluated models, with an MAE and RMSE of
0.0002. The FNN model shows the highest accuracy among the neural networks evaluated
with a MAE of 0.0067 and RMSE 0.01. In contrast to the results shown in Table Guo
et al. [231] had a lower accuracy in SOC estimation applying the FNN model compared to
LSTM and GRU, this may be due to the evaluated datasets.

The use of high-accuracy battery parameters by Khaum et al. [237] produced a higher
accuracy of estimation than the use of the Kollmeyer et al. [236] data set to train the neural
networks proposed by Guo et al. [231]. The results shown in Table can be seen as a
baseline for accuracy to discuss the following computational cost and the impact of loss of
network connection on the performance of could-based BMS.

Using international cloud service providers such as AWS, Microsoft Azure and Google
Cloud enables flexibility, scalability, and global distributed deployment. Fig. shows
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Fig. 4.13. Request time depending on the model and distance between DUT in Oshawa,
Canada and cloud infrastructure in (a) Montreal, Canada and (b) Frankfurt,
Germany [27];

the measured request time in ms of the different models and the two geographical locations
of the cloud infrastructure, Montreal and Frankfurt. The distances between DUT and the
cloud infrastructure are given in Table ?7?. The request time in ms increases on a far-distance
deployment, shown in Fig. (b), than the local deployment in Fig. (a). The request time
among the evaluated models in Fig. (a) does not show a significant difference. However,
FNN and EKF show slightly shorter request times than the other methods. Fig. (b) shows
no observable difference in request time between the four models.

This leads to the conclusion that in the context of cloud-based state estimation models,
the deployment location has more impact than the methods used within each evaluated
location.

Guo et al. [231] found significant differences in on-board execution time. This means
the execution time of the different models is less impactful when deploying the model in
the cloud context than within on-board execution. This implies that models with higher
computational demands can be executed in the cloud before deployment locally, where
computing resources are constrained.

Regarding a general discussion of the feasibility of cloud-based BMS, the maximum ap-
plicable request time must be considered. To the best of our knowledge, no formal standard
exists for the frequency of SOC estimation. Previous work has mentioned 1-10 Hz as a typi-
cal sample frequency according to current practice [238], [239]. It is also mentioned that the
higher the frequency, the better the accuracy. This work defines an estimation frequency
of 10Hz as a baseline to reach. None of the methods can reach this condition if deployed
in Frankfurt. All of the models in Montreal fulfil this requirement with an average request
time of 62.5 ms overall methods.

The above-mentioned experiments took place using wired connections. Mobile connection
is the necessary technology for real-world applications in EVs. Therefore, LTE is used as
public mobile network infrastructure to evaluate request time. For this experiment, the
two models EKF and FNN are chosen as the models with the consistently highest accuracy
and lowest computational costs regarding request time. Fig. depicts the outcomes
of this experimental analysis. During the experiment, DUT was static at Ontario Tech
University’s campus. In the case of FNN, a request time of 54.8 ms + 10.3ms could be
observed, which is shorter than the request time with wired internet connection shown in
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Fig. The average request time for EKF is 66.1 ms + 29.4ms. However, a network
interruption of 1.1s occurred during the experiment. After this interruption, a shorter
request time of 53.5ms 4+ 11.9ms could be archived. This shows no significant difference
between the evaluated models after the network interruption. The results of both methods
could exceed the requirements of 0.1s per request. In conclusion, this series of experiments
demonstrates that cloud-based SOC estimation is feasible in real-world scenarios. However,
attention must be given to the request time to ensure optimal performance.
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Fig. 4.14. Request time over during discharge using LTE as mobile network; comparing the
performance of EKF (orange) and FNN (green); Network interruption of 1.2s
observed in EKF

In application-based research, packet loss is an important parameter that needs to be
evaluated within a cloud-based BMS context. There are two kinds of package loss: random
loss of individual packages and total loss of connectivity. In this work FNN and EKF are
evaluated under random package loss. We evaluated the two models’ accuracy at different
loss rates, as shown in Table [£.4]

To handle the package losses for EKF, which is missing observations, Cipral et al.
propose a solution to overcome this issue. The absence of observations resulting from
connection disruptions can be mitigated by substituting zero values, thereby addressing
data incompleteness. The MAE of both models depending on the loss rate in % is given
in Table [f:4] In the case of EKF, an increase in MAE with a higher loss rate is observed.
The missing of observations cause this. Nevertheless, following the increment of 0.0003 in
MAE, the accuracy remains substantially superior to that of the FNN, which exhibits a
constant accuracy of 0.0062 MAE. The time-series independence of FNN is the reason for
no measurable accuracy change. Fig. shows estimated SOC with a loss rate of 10 %.
The illustration shows the estimated SOC and the measured SOC, using the capacity-based
method, which is considered as baseline. The results in Fig. and Table [£.4] show
a significantly higher accuracy of the EKF compared to FNN. However, in the event of
a complete connection loss, non-time-dependent data-driven approaches like FNN can be
employed to recalibrate the EKF, thereby enhancing and preserving the estimation accuracy.
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Assessment of the Feasibility for State-Estimation in Cloud Computing Environments

The previous part of this work evaluated the applicability of SOC in cloud computing
infrastructure. SOC has been chosen as an example of battery state estimation. The
system implements the five-layer IoT framework and compares four estimation models.
These models have been deployed at AWS as a cloud service provider. The significant
findings of this section include the following:

e The least average request time among the compared models and network infrastruc-
tures is archived by FNN with a mobile network connection.

e« The EKF model demonstrates the highest accuracy, even in the presence of packet
loss.

e No significant difference in request time among the evaluated models could be ob-
served.

e Distance between DUT and cloud infrastructure is the main impact on request time.
This confirms the need for a global cloud and fog computing infrastructure in the case
of cloud-based BMS on fleet scale.

e The short distance deployment located in Montreal, Canada, reached the target of
minimum 10 Hz estimation frequency for wired and mobile network connection.

4.3.3 Data-Driven Core and Surface Temperature Estimation Models

The previous section has shown that implementing cloud-based SOC estimation in the cloud
can be performed under the specified conditions, according to which the estimation must
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be performed within 0.1s. Another crucial battery parameter is the temperature of the
battery, especially the core temperature. In Section [2.1.1] on page [I3] we have defined
the difference between a battery cell’s ambient, surface, and core temperature. Thermal
management often involves using cooling fluids or materials, the flow of which is controlled
and adjusted based on the measured temperature using control and feedback algorithms [89].
Estimating battery temperature as part of the cloud-based BMS is essential to improve local
controlling [89], [241]. In our work [30], we proposed two models to estimate the core and
surface temperature of cells.

Li-ion batteries’ safety, performance, and durability depend significantly on the cells’
operating time [242], [243]. Operating batteries outside the manufacturer’s defined con-
ditions also leads to safety issues such as performance degradation and thermal runaways
[244], [245]. Thermal complications increase in EVs battery packs, which usually comprise
hundreds to thousands of tightly packed individual cells. Close packing causes thermal
imbalance, worsened by uneven heating and cooling, especially during dynamic operations
and rapid charging. Hence, it is crucial to closely monitor the temperatures of individual
cells to ensure a longer battery life.

Monitoring the temperature of each cell with sensors in a battery pack increases the cost
and the amount of installed hardware. Therefore, temperature sensors are placed only at
crucial points within the battery pack, which reduces the observability of cell temperature
[246] and requires temperature estimation. Even with surface temperature sensors, the
core temperature can differ from the surface temperature up to 10°C within a cylindrical
battery [247]. Thus, keeping track of or approximating the core temperature is essential to
ensure the thermal safety of Li-ion batteries. Temperatures can be predicted by high-fidelity
thermal models [248]—[251], reduced order models [252]-[254], lumped thermal models [247],
[255], Numerical methods [256]-[258] such as finite element methods, and Electrochemical
Impedance Spectroscopy (EIS)-based internal temperature estimation methods [259]-|261]
all these methods differ significantly in their accuracy, the resolution of the temperature
distribution within the individual cell and the battery pack and the required computing
resources.

In addition to classical approaches, the researchers proposed several data-driven estima-
tion methods implementing architectures such as FNN [262], RNN [263], GRU [143], [263],
and LSTM [263]-]265] to predict the temperatures of the battery core. These models uti-
lize measurements such as battery voltage, current, surface temperature, SOC, and internal
heat losses to the battery as input. The need for a measured surface temperature causes
a limitation. Reducing the reliance on physical sensors is crucial for efficient thermal state
estimation and management in battery packs. Similarly to SOC, the internal heat losses
are an estimated state. Equivalent thermal models, as shown in Figure|2.4blon page for
estimation is inaccurate over time as the parameters are subject to change due to battery
ageing. Therefore, heat generation is not an accurate input parameter for machine learn-
ing models. In Table an overview through estimation models, the model inputs, the
estimated parameters and their performance can be seen.
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Table 4.5: Summary of references for temperature estimation [30)

Reference Model Model Input Estimated Parameters Performance
Lin et al. [246] H,, model 1, inlet coolant temperature Ts, Trore Worst case < 3.1°C
Richardson et al. [258] EKF-based estimator I,V Temperature distribution RMSE < 0.7°C
Chen et al. [58] EKF-based estimator I,V Ts, Teore Teore = 1.5°C

/Ts + [~0.5°C; 1°C]

Schmidth et al. [259]

Impedance-based

EIS-Measurement, SOC

with SOC £ 0.17°C
without SOC + 2.5°C

Bulk temperature

State-Space model

Wang et al. [264] LSTM with transfer learning IV, Ts, Tomb Teore RMSE < 0.3302°C
MAE 0.3302°C
Zheng et al. [261] LSTM Impedance, I, V volume-average temperature RMSE 0.46°C
Surya et al. [265) 9D grid LSTM IV, O, Ts Toore RMSE < 0.81°C
Xu et al. [266] Nonlinear Spatiotemporal 1,V Temperature distribution RMSE < 0.1439°C
Modeling
Kleiner et al. [267] ECM-NARX-network SOCint, 1 Teore MSE < 0.5°C
Wei et al .[262] LTNN-UKF I,V Temperature distribution RMSE < 0.4266°C
MAE 0.3180°C
Zhang et al. [263] LSTM I, V,Tg Teore RMSE < 0.171°C
MAE < 0.148°C
Zhang et al. [263] GRU I,V, Ts Toore RMSE < 0.131°C
MAE 0.099°C
Chin et al. [268] Electro-Thermal I, Ty Ts, Trore Ts MSE < 3°C
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In our work [30], we propose and evaluate two neural network architectures as a solution
to the research gaps mentioned above in the temperature estimation of Li-ion batteries.
The contributions can be summarised in the following points:

e LSTM and KAN as neural network architectures for core and surface temperature
estimation.

¢ No need of surface temperature as input, reduces cost and wire-harness of BMS.

¢ Operating ambient temperatures of —20°C to 40 °C of prediction during charging and
discharging conditions used to train and validate.

Experimental Data

Before discussing the estimation methods, we describe the experimental setup used to gen-
erate the core and surface temperature data to train the models.

As the first step, a computed tomography (CT) scan was performed to ensure the pos-
sibility of a core temperature sensor insertion. The sensor can be inserted if the winding
mandrel has been removed during production and the innermost winding of the cell has not
collapsed, meaning that the core is free of material. For this purpose, scans of the negative
pole of a Molicel P42A and a Samsung 40T were performed. The results of these CT scans
are illustrated in Fig. The winding mandrel of both cells has been removed during
production, and a gap of 3.85 mm (Molicel P24A) and 3.25 mm (Samsung 40T) can be no-
ticed. As far as can be seen from the scan, the core of the Molicel P42A, as seen in Fig.
[4.164] is free of material and is suitable for inserting a sensor. The core of the Samsung 40T,
as seen in Fig. on the other hand, has a collapsed inner winding, which means that
inserting a sensor can lead to a short circuit and result in a thermal runaway. The collapsed
inner winding is highlighted in blue. Based on this finding, Molicel P42A was chosen as the
cell for subsequent experiments. The battery specification in the manufacturer’s data sheet
is given in Table [£.6]

Table 4.6: Molicel P42A information

Property | Molicel P42A
Nominal Capacity 4200mA h

Continuous Discharge Rating (max) 45 A

Nominal Voltage 3.6V

Maximum Voltage 4.2V

Discharge cut-off Voltage 2.5V
Discharge cut-off SOC 30 %
Nominal discharge 4A
Maximal discharge 45 A
Nominal charge 2A

Maximal charge 84A

Before inserting a physical temperature sensor (TE Connectivity, GA10K3MCD1) to
measure the core temperature, the cells were discharged to SOC 0% and cooled down
at ambient temperature of 0°C. Before inserting the sensor, the cells are drilled with a
width of 0.55 mm vertically through the negative terminal to insert the temperature sensor.
Fig. shows the drilling of the sensor. The figure shows a cylindrical casing attached
temporarily to the cell. The casing has a central borehole with free space to collect metal
shavings to prevent inserts into the battery. A Negative Temperature Coefficient (NTC)

79



4 Digital Twinning using Cloud Computing

(a) (b)

Fig. 4.16. Computed tomography (CT) scans from negative pole with top and side view of
a Molicel P42A (a) and Samsung 40T (b) with collapsed winding within the core
highlighted in blue

thermistor is employed as a core temperature sensor. The sensor provides a accuracy of +
0.2°C at 20°C. After drilling and inserting, the whole is carefully sealed with adhesive to
prevent air from entering and electrolytes from escaping. The prepared cell is shown in Fig.
17D Eight cells were prepared for the experiments. Due to sensor damage or breakage,
four cells could be used during the experiments.

() (b)

Fig. 4.17. Battery cell preparing; (a) drilling of cooled down, discharged cell, (b) inserted
core temperature sensor,

A K-type thermocouple sensor is also installed on the surface of each cell for surface tem-
perature measurement. The K-type sensor provide an accuracy of + 2°C for temperatures
between —25°C to 400 °C.

The experimental setup to collect training, test and validation data is shown in Fig.
The setup enables the collection of voltage, current, surface, and core temperature. The
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setup consists of the following equipment:

e Battery cycler: Ivium OctoStat5000

e Analogue data collector: Ivium OctoPDA-T

¢ Environment control champer: Binder MKF 240
e Power Supply: MCP LBN-1990

e System control unit: Microsoft Surface Pro 7

e Instrument Control Software: IviumSoft platform

Fig. 4.18. Battery cycling setup with cycler and climate chamber with seven prepared cells
and nine validation cells

The experiments were carried out over a wide temperature range and different loading
and unloading rates at each temperature. The test arrangements were as follows:

e Ambient Temperatures in performed order: 20°C 10°C, 0°C, —10°C, —20°C, 30°C,
40°C

e 3x each Constant Current (CC)-Constant Voltage (CV) charge/discharge: 0.3C /
0.3C; 0.5C / 0.5C; 0.8C / 0.8C; 1C / 1C

Due to damage during transport and installation, only four of eight prepared cells, iden-
tified as T1 — T4, could be used as test cells. A non-drilled cell V1 is cycled at the same
level in the climate chamber for validation purposes.

Fig. illustrates the measured core and surface temperature, cell voltage, and current
during the experiment series at 20 °C ambient temperature of cell T7. The experiment series
includes 12 CC-CV charge and discharge cycles with different C-rates.

During the experiments, a reduction in the capacity of cells can be observed, as shown
in 196} The figure illustrates the measured capacity of each cell during each charge and
discharge cycle. Nevertheless, the validation cell V1 shows a significantly lower reduction in
capacity compared to cells T'1 — T4 with an inserted core temperature sensor. The first cycle
illustrates a significant difference between test and validation cells. Possible explanations
for this difference are loss of the electrolyte, insertion of the sensor, which represents a
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Fig. 4.19. Measurement data of surface and core temperature, voltage, and current at 20 °C
ambient temperature (a); Change of discharge capacity during performed experi-
ments; Comparison between validation cell V1 and drilled test cells T1 — T4 (b);
Significant difference between capacities of validation cell and test cells

foreign body, and changes in the cell chemistry due to reaction with the outside air during
opening. The figure also illustrates a difference between the prepared cells, especially at the
end of experiments.

Model Proposal: Long Short-Term Memory (LSTM)

In our work, we proposed an interconnected LSTM network to estimate surface and core
temperature as two parameters affecting each other. The architecture of LSTM has been
described in Section on page The approach of employing interconnected LSTM
networks to estimate parameters that are related to each other has been utilized in previous
studies. Nguyen Van and Ta Quang have introduced an interconnected LSTM to esti-
mate the battery’s internal resistance and the SOH with temperature, current, and voltage
as input. Furthermore, SOC and SOH influence each other. This effect was successfully
employed for a state estimation utilizing interconnected LSTM . The results of the
mentioned studies indicate the potential of interconnected LSTM networks for state esti-
mation of interdependent battery states. Fig. [£.20] shows the architecture of the proposed
network. The input of the first LSTM model is the ambient temperature T,,,;, voltage V,
and current I. The network consists of LSTM cells, a hidden FNN layer, and an output
neuron, which outputs the surface temperature Ts. The second network receives the first
output in addition to the input of the first network. The core temperature, denoted as
Teore, results from a hidden FNN layer and an output neuron.

Model Proposal: Kolmogorov—Arnold Networks (KAN)

KAN, as described in Section [2.3.3 on page has been identified particulary effective for
high interdependency time-series data [137], [138]. High interoperability and accuracy in
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TCOFG

Fig. 4.20. Structure for estimating surface and core temperature using LSTM network

time-series data prediction could be demonstrated. Moreover, KAN achieves fewer param-
eters combined with comparable or higher accuracy compared to widely used architectures
such as FNN and LSTM. This work uses a KAN model to predict the core and surface
temperatures of battery cells within a single model. The model takes as input a vector z,
comprising battery current (I;), voltage (V;), and ambient temperature (Tgmp¢) of three
sequential time steps: t,, t,_1, and t,,_s. The input vector is described as follows:

T = [Itn7 Itn_p Itn_za (41)
V;f,ﬂ ‘/tn_p ‘/tn_m

Tamb,tny Tamb,tn,U Tamb,tn,g]

Model Implementation

For implementation, Python 3.10' is used as a programming language. As deep learning
framework PyTorch 2.3.12 comes into account, and to implement KAN pykan 0.0.5% is
used. A grid search was conducted to determine the hyperparameters for both network
architectures. For the LSTM, the grid search explored variations in hidden layers (from 1
to 3) and hidden sizes (25, 50, and 75) across its estimation networks. As for the KAN,
the search focused on the sizes of the two hidden layers, testing configurations of 8/4,
16/8, 32/16, and 64/32. Table shows the structures of the chosen hyperparameter
configurations.

Comparative Analysis and Discussion

To evaluate and discuss the proposed KAN and LSTM models to estimate surface and core
temperature employing current, voltage, and ambient temperature, two different datasets

"https://www.python.org/downloads/release/python-3100/
Zhttps://pypi.org/project/torch/2.3.1/
Shttps://pypi.org/project/pykan/0.0.5/
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Table 4.7: Architecture of Models

Layer LSTM KAN
1 LSTM (input=3, hidden size = 25, layers = 1) | KAN(9)
2 Dense(32) KAN(32)
3 Dense(1) KAN(16)
4 LSTM(input=4, hidden size = 50, layers = 1) | KAN(2)
5 Dense(32)
6 Dense(1)

were utilized to train and evaluate independently.

The CC-CV Dataset contains the above-mentioned and introduced measurements of core
temperature experiments.

The Drive Cycle Dataset was introduced by Samanta and Williamson [271] and consists
of CC-CV cycles up to 4 C at ambient temperatures between —20°C — 40 °C. Further-
more, drive cycle data, Urban Dynamometer Driving Schedule (UDDS), and Highway
Fuel Economy Driving Schedule (HWFET), at 25°C 30°C, and 40°C ambient tem-
perature. Cylindrical Samsung INR21700-40T cells were used as test batteries. The
dataset contains data with a measurement frequency of 1 Hz. The model is evaluated
once with the UDDS driving cycle at 25°C and once more with HWFET 30°C. The
corresponding driving cycle is excluded from the respective training in this case.

CC-CV Dataset The dataset is split seeded randomly for training and validation, ensuring
a robust evaluation of the models. The split was performed by cell and ambient temperature.
Per ambient temperature, one cell is chosen for validation and three for training. Table
presents the performance of the two proposed models, KAN and LSTM, in estimating core
and surface temperature. The table comprehensively shows the models’ performance across
all ambient temperatures. Notably, KAN consistently outperforms the LSTM model in
MAE and RMSE, demonstrating its superior accuracy and reliability. KAN achieved an
MAE of 0.579°C and 0.353 °C for core and surface temperature, respectively. At the same
time, LSTM showed an MAE of 0.613°C for core and 0.370°C for surface temperature.

Table 4.8: MAE, and RMSE Core and Surface Temperature per Model of drilled cells
KAN | LSTM

MAE
Core 0.579 | 0.613
Surface | 0.353 | 0.370

RMSE
Core 0.814 | 0.875
Surface | 0.519 | 0.520

In addition to the overall accuracy, in Table the MAE performance of the KAN and
LSTM model is shown depending on the ambient temperatures. The MAE for the surface
temperature estimated by the KAN model ranges from 0.230 °C at 40 °C up to 0.422°C at an
ambient temperature of —20°C. In general, the MAE of the estimated surface temperature
of both models is much less than 0.5 °C irrespective of the ambient temperature. In nine out
of 14 metrics, KAN outperforms the LSTM model. Noticeabl is the high error in estimating
core temperature at 30 °C ambient temperature. The high inaccuracy can be explained by
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Fig. 4.21. Measured surface temperature (green) compared with KAN (brown) and LSTM
(brown) estimation models at 10 °C ambient temperature

the high difference in ageing, especially at an ambient temperature of 30°C, as seen by its
difference in capacity in Fig. on page

Table 4.9: MAE Surface and Core Temperature per Model in °C at ambient temperatures;
Higher accuracy is highlighted in bold

Surface Core
Ambient Temperature | KAN | LSTM | KAN | LSTM
40 0.230 | 0.293 | 0.464 | 0.768
30 0.363 | 0.473 | 1.403 | 1.143
20 0.325 | 0.264 | 0.207 | 0.419
10 0.403 | 0.413 | 0.714 | 0.639
0 0.267 | 0.306 | 0.532 | 0.528
-10 0.375 | 0.362 | 0.285 | 0.355
-20 0.422 | 0.432 | 0.493 | 0.571

Figure [4.21] displays the estimated surface temperature, and Figure [£.22] presents the
estimated core temperature, both at an ambient temperature of 20°C. These figures show
that the estimated temperatures align closely with the measured results. The figures also
include the error as an additional graph. The error is illustrated as the difference between the
measured and estimated values. The error is increasing for core and surface temperature
at both estimation models with higher charge and discharge rates, which causes higher
temperature increases in core and surface.

In addition to validating the proposed models employing the prepared cells, the model is
also validated through the validation cell. The validation cell has not been drilled and does
not include a core temperature sensor. Due to this, only the surface temperature estimation
is validated. Table presents the MAE and RMSE of the KAN and LSTM model in
total and through the performed ambient temperatures. A reduced accuracy compared to
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Fig. 4.22. Measured core temperature (green) compared with KAN (brown) and LSTM
(red) estimation models at 10 °C ambient temperature

the drilled cells, as shown in Table can be observed. A minor difference can be seen
for the KAN model at ambient temperatures of 20°C and higher. The MAE difference
between the results of prepared cells and the validation cell is below 0.1°C. At decreasing
temperatures, the error increases. The LSTM model indicates a generally higher difference
in error. Nevertheless, the apparent difference in accuracy between cells with and without
an inserted temperature sensor can be explained by the physical effect on the cell caused by
inserting the sensor. This effect has already been observed with the difference in capacity

over time, as shown in Fig.

Drive Cycle dataset The precision of the proposed KAN and LSTM under dynamic drive
cycle conditions are evaluated with the dataset Samanta and Williamson [271] proposed.

Table 4.10: MAE, and RMSE Surface Temperature in °C per Model and ambient temper-
ature of Validation Cell

MAE RMSE
Ambient Temperature | KAN | LSTM | KAN | LSTM
- 0.578 | 0.619 | 0.948 | 0.915
40 0.285 | 0.360 | 0.389 | 0.510
30 0.369 | 0.383 | 0.557 | 0.528
20 0.373 | 0.583 | 0.567 | 0.823
10 0.856 | 0.821 1.191 1.090
0 0.552 | 0.579 | 0.874 | 0.915
-10 0.609 | 0.629 | 0.914 | 0.942
-20 0.889 | 0.877 | 1.340 | 1.357
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The training and validation is performed within three different settings, as follows:

UDDS 25 °C
Traininig CC-CV cycles, UDDS (30°C, 40°C), HWFET (25°C, 30°C, 40°C)
Validation UDDS 25°C

UDDS 25 °C (Unknown UDDS profile)
Training CC-CV cycles, HWFET (25°C, 30°C, 40°C)
Validation UDDS 25°C

HWFET 30° C
Training CC-CV cycles, UDDS (25°C, 30°C, 40°C), HWFET (25°C, 40°C)
Validation HWFET 30°C

Table gives MAE and RMSE of core and surface temperature estimation under the
three training and validation settings. KAN indicated higher accuracies at the UDDS drive
cycle compared to the LSTM performance. There is only a slight deviation in the observed
performance parameters for already known UDDS driving cycles compared to the unknown.
For example, there is only a deviation of 0.157°C RMSE for the surface temperature at
KAN. Within HWFET drive cycle LSTM outperforms KAN. The RMSE of 1.150°C core
and 1.007 °C surface temperature indicate better performance of LSTM under high speed
conditions.

Table 4.11: MAE, and RMSE Core and Surface Temperature per Model at variations of
training in °C

UDDS 25°C UDDS 25°C HWFET 30°C
(Unknown UDDS profile)
KAN | LSTM KAN LSTM KAN | LSTM
MAFE

Core 0.610 | 0.901 0.598 0.887 0.936 | 0.727
Surface | 0.411 | 1.206 0.481 1.030 0.775 | 0.725

RMSE
Core 0.735 | 1.354 0.787 1.433 1.507 | 1.150
Surface | 0.520 | 1.459 0.677 1.636 1.305 | 1.007

Figure presents the measured core and surface temperatures during the UDDS drive
cycle at 25°C (in green) alongside the estimated values from the KAN model (in brown)
and the LSTM model (in pink). The training data for these models consists of the data
above described as UDDS 25°C. The figure indicates an increase in surface and core
temperatures of 4.0°C and 4.9°C, respectively. The proposed KAN model captures the
battery’s behaviors and dynamics more accurately than the interconnected LSTM. While
both models effectively modulate the rising temperatures, the LSTM exhibits significantly
higher fluctuations that do not accurately reflect the battery dynamics. Although the
KAN model also shows higher dynamics compared to the measured temperatures, these
fluctuations are less pronounced than those in the LSTM.

Computational Cost Computational cost is a critical component of evaluation when it
comes to applying state estimation models in addition to the previously discussed accuracy
of models. Table [4.12] contains the measured runtime for estimation with LSTM and KAN
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Fig. 4.23. Measured core and surface temperature (green) compared with KAN (brown)
and LSTM (pink) estimation models at UDDS 25°C [30]

employing two different CPU setups. The results show, with 0.55 ms to 0.58 ms LSTM out-
performs KAN, which requires 2.92 ms to 3.28 ms. The results show that better-performing
CPU setups could reduce the computational cost for both models. Additionally, the KAN
implementation remains in its early stages of development. As the implementation contin-
ues to evolve and undergo further optimization, significant performance improvements are
anticipated in the months and years ahead.

Table 4.12: Computational cost comparison of models and different hardware setups
CPU-Setup | LSTM | KAN
Intel Xeon Gold 6338 2G | 0.55ms = 0.10ms | 2.92ms £ 0.45ms
Intel Core i9-10885H | 0.58 ms + 0.04ms | 3.28 ms + 0.34 ms

Although KAN provides enhanced predictive capabilities and greater flexibility, particu-
larly in managing complex nonlinear relationships, these benefits come with the trade-off
of higher computational time compared to the proposed LSTM model.

4.4 Lossy Data Compression

Upon validating the feasibility of cloud-based state estimation for battery cells, the focus
shifts to minimizing the required bandwidth and storage. Therefore, in the following section,
we propose and evaluate a lossy data compression algorithm.

The high amount of data points required for cloud-based fleet monitoring, digital twin-
ning, and cloud-based BMS has already been discussed in previous studies [24], [272]. The
main focus of recent research has been to increase the accuracy of estimation methods [273].
Thus, the requirements needed for storage and bandwidth increase. The compression of the
data can address this issue. Data compression can be defined as reducing the required stor-
age to represent the same data [274]. In the context of implementing cloud-based services
for an entire fleet of vehicles; data compression is required. It will reduce the required
bandwidth for each vehicle and the cost required for storage to archive and process the
data. Furthermore, computationally efficient compression methods can also be applied to
the on-board BMS and efficiently use the system’s available local bandwidth. This enables
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Compression

(encoder)

Original Data

Fig. 4.24. Comparison between lossless and lossy compression. Lossless decompression is
similar to the original data; Lossy decompression contains some errors depending
on the used method and CR

higher measurement frequencies, as the limited bandwidth is better utilized. Data com-
pression can be implemented in two main approaches: lossless and lossy data compression.
Lossless compression permits the complete recovery of the initial data, and it is primarily
used for data that need to stay unchanged after compression, such as textual documents
or database records containing vital information. The compression rate of the data within
lossless methods is technologically limited.

The Compression Ratio (CR) and Rate of Compression (RoC) are defined as follows [275]:

Original Size

= 4.2
CR Compressed Size (4.2)
1
=1—- 4.
RoC CR (4.3)

An evaluation of various lossless compression algorithms has demonstrated an average
CR of 7.088 and a RoC of 85.9% for PPMonstr [276], outperforming the performance of
other compression algorithms across multiple datasets . A lossy data compression
approach does not allow the total reconstruction of the original data. An error can be
caused during reconstruction, resulting in a different outcome compared to the original
data. The difference between lossy and lossless data compression approaches is illustrated
in Fig. [£:24 The compressed data requires less storage in the case of lossy compression
than in lossless compression. Therefore, the decompressed data contains errors compared
to the original data. Lossless decompressed data are always identical to the original data.
However, utilizing both compression approaches depends on the application and use case.

Multiple lossy compression techniques have been proposed and reviewed . The au-
thors of the review study classified the methods into the following types:

Transform: The measured signal’s domain change. An example is the change of time di-
mension to frequency dimension by Fourie Transformation [278].

Artificial Intelligence (Al): Neural networks can compress and decompress data as en-
coders and decoders. For example, image compression by the fully convolutional

network (FCN) model [279].
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Interpolation: The interpolation is defined by approximating new data points based on a
set of known data points. This method can be used to reconstruct data based on the
approximation of representative data points.

Hybrid: Combining different lossy and lossless compression methods.

In addition to lossless and lossy compression, Chiarot and Silvestri [275] introduce addi-
tional classifications for compression algorithms:

Adaptive and non-adaptive algorithms: These refer to whether a model’s training is nec-
essary to apply the compression method. Non-adaptive algorithms rely on model
training.

Symmetric and asymmetric: An algorithm is symmetric if the decoder executes the same
steps as the encoder but in reverse; otherwise, the algorithm is asymmetric.

Many compression methods are known in audio and image compression, as well as for
IoT [280]-[282]. Several research studies have already been published in the BMS field.
One of the most critical features of an BMS is the estimation of battery cell states based
on measured values of current, voltage, and temperature [283|. Measuring, transmitting,
processing, and storing these values is essential. Historical data points are essential to
enable customer service and forecast cell usability in second-life applications. Hence, the
use of efficient data compression methods is necessary.

Zheng et al. [284] introduced a dynamic recording frequency that adjusts based on the
battery pack’s dynamics to minimize the number of necessary data points. They success-
fully decreased the recording frequency from 4Hz to 2Hz and interpolated the missing
measurements, with an average voltage difference of 0.2mV.

Zhou et al. [285] proposed a compression method that utilizes the frequency division
model of a battery pack. This model regards the battery pack as a whole and compares
the average voltage difference between each cell and the whole pack. The method uses
a Thevenim model to reconstruct the voltage measurements. Figure on page has
previously shown a Thevenim model. It is a computational, low-cost, and simple model.
Eight battery cells have been utilized to evaluate the proposed method. A mean RMSE
of 9.7mV at a recording frequency of 0.2 Hz could be observed. This recording frequency
implies a RoC of 28 %.

A hybrid method based on Artificial Intelligence (AI) and interpolation is proposed in
[286]. A neural network approximates voltage measurements based on low-frequent mea-
sured values. Also, a battery model is utilized to reconstruct these values based on the
measured current values of the battery cell. Different RoCs have been tested for evaluation.
The reconstruction RMSE of 2.9mV, 4.16 mV, and 10.01 mV could be observed at RoC of
90 %, 95 %, and 99 %.

In our work [25], [29], we proposed a lossy compression algorithm to compress and de-
compress voltage measurements. This algorithm utilizes polynomial regression to approxi-
mate voltage measurements of individual cells depending on the current in a battery pack
of a series of connected cells. The proposed lossy compression algorithm is an adaptive,
asymmetric algorithm. To the best of our knowledge, this compression method is the first
adaptive, asymmetric compression algorithm in power electronics and electric vehicles. The
individual steps of the method can be seen in Fig.

4.4.1 Novel Compression Method for Voltage Measurements

Figure on page [12] illustrates ECM higher-order models with multiple RC links to de-
scribe the different dynamics in battery behaviour. In Eq. (2.1)) on page the voltage
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Fig. 4.25. Proposed method to compress voltage measurements to transfer and store battery
measurements

up of a battery cell has been defined depending on the open circuit voltage Voo as a
function of several parameters. These parameters are the charge of the cell SOC, ip the
battery current, 7" the discharge/charge time, internal resistance Ry, and the capacity Cj
and resistance Ry, of the RC link k.

In the first step, we proposed that the change in SOC within a short time can be ignored
. In addition, the changes in the parameters in the ECM model caused by changes in
temperature, SOC, and cell ageing are negligibly small. In that case, the voltage up can be
described as a function of current ip and the parameters 3; where ¢ € [0; k]:

up ~ Po+ Piip + -+ Bris, (4.4)

In our work , we improved the previous method proposed in . The impact of
the time parameter 7" was considered in this algorithm. This permits the voltage to be
approximated as a function of current and time:

up ~ o — BriiB — - — BriiB (4.5)
— BraipT — - = BruipT,
) T . .
i, [1 — exp (—Tﬂ ~ BrniB — BrnisT, (4.6)
n

where g7 (1,1 defines an approximation of the RC link and g of Vo (SOC).

The proposed method in this work is to transfer and store the current measurement ig and
polynomial function parameters 5. The voltage up is reconstructed based on the current
and polynomial function parameters. Regression is a statistical method to identify these
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Fig. 4.26. Visualization of variations of regression from linear regression up to fourth-order
polynomial Regression; Decreasing errors at higher orders of the regression are
noticeable

function parameters. Regression describes the relationship between the dependent variables
and one or more independent variables . Fig shows data points P = (z,y), with
the independent variable x and the dependent variable y. In the given example, current
is represented as the independent variable on the x-axis, while voltage is depicted as the
dependent variable on the y-axis. The points are illustrated as green data points, the
regression as the blue line, and the error as a black dotted line. In the figures, the same
points P are illustrated. The figure illustrates the different regressions, such as linear
regression, also known as first-order regression, second-order, third-order, and fourth-order
regression. Up to third-order, the error decreases with increasing orders. A difference
between the third- and fourth order can not be noticed. The linear regression model is
defined as:

y=Po+ bz +e, (4.7)

where the intercept is defined by Sy, the slope 81, and the random component €. The most
widely used method to identify linear regression parameters is the ordinary least squares
method [104], [287], [288].

The correlation between current, time, and voltage can not be described linearly due
to the approximation Eq. . Higher-order polynomial regression, as illustrated with
second-, third-, and fourth-order regression in Fig. [£:26] can be utilized to describe such
higher-order correlations. Acito et al. define a (k + 1)th order regression, and Ryan
describes the employment of the least squares method for higher-order regression.
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Higher-order regression is defined as the following:

y=Bo+ Pz + Box® + -+ Brat + ¢, (4.8)

As previously stated, polynomial regression facilitates the characterization of nonlinear
dynamics within a battery cell over a specified temporal duration. For instance, a 4th-order
polynomial model requires 16 coefficients to describe the relationship between current, time,
and voltage.

For instance, compressing 100 voltage measurements using a fourth-order polynomial
implies that 100 measurements are represented with 16 function parameters. This leads to
a RoC of 1 - (16/100) = 0.84 or 84 %.

Karimi et al. [291] highlight the influence of high currents through parameters of the
ECM. This factor can not be targeted within the polynomial model. Thus, an adaptive
time window is considered for this phenomenon [25]. This is facilitated by an adjustable
voltage threshold V. The voltage is regulated by various resistances dependent on current,
SOC, and temperature. Consequently, the threshold is applied to the voltage rather than
the current.

The compression algorithm applying the adaptive time window is proposed in our work
[25] and shown in Algorithm 3, where the input variables are I and V: list of current and
voltage measurements, and V;;, the voltage threshold.

Algorithm 3 Voltage compression within time window

1: procedure COMPRESSION(I,V, Vi)
2 p < amountRegressionParameters()
3 AV Vi = Vi
4: X4 >, eav Lav(v) > Indicator function
5: if x < p then
6 return Compress based on AV

7 end if

8 if |AVy| > Vi, where t € [0,length(V)] then
9 iv,, < indexOfFirstElement(|AVy| > Vi)

10: if inh < p then

11: return [V[i]|0 <i <1y, ]

12: else

13: return PCCompress([Vo, Vi, |, 1o, Liy,, |)
14: end if

15: end if

16: return PCCompress(V, I)
17: end procedure

Lines four to seven in the algorithm deal with the case of a small number of different
voltage measurements within the time window. When the number of measurements with
a change compared to the previous measurements falls below the number of regression
parameters, only the timestamps corresponding to the measurements with a change are
stored, and no regression is used.

The influence of high dynamic events during measurements has to be reduced. Thus, the
adaptive window size used within the regression modelling must employ the threshold V;j
as outlined in lines 8-15 in the Algorithm [3] A special case is handled in lines 10 to 12 of
the Algorithm. If the index of the threshold is lower or equal to the number of regression
parameters, the voltage measurements are not compressed and stored in the original.
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Fig. 4.27. Reconstruction of voltage values after compression and curve fitting; The equa-
tions (orange box) illustrate the fourth-order regression employed for compres-
sion; achieved RoC of 95 %; Compression only based on current

The PCCompress function, which utilizes the ordinary least squares method, identifies
the higher-order polynomial regression parameters. This function’s output encompasses the
regression model and the associated current values.

Reconstruction Method

Fig. [4:27] illustrates the temporal evolution of reconstructed voltage through two time win-
dows of 10s each. The adaptive, non-symmetrical lossy reconstruction of the voltage data
up(ip, t, B) is executed utilizing the time and current values, and the polynomial coefficients
5 as shown in Eq. . The figure illustrates the slight difference between measured and
reconstructed values. For simplicity and readability, the illustrated polynomial regression
utilizes only the regression of voltage and current, as proposed in the initial study .

4.4.2 Accuracy Evaluation of Lossy Data Compression

For the evaluation of the proposed Algorithm [3] three datasets are used:
Pulsed dataset: 12min charge and discharge pulses of 10 A .

Aging dataset: Data of 28 high-energy round cells that were tested for ageing. Drive cycles
are applied to age the cells at an ambient temperature of 25°C [292].

Temperature dataset: Data of the drive cycles Urban Dynamometer Driving Schedule
(UDDS), Highway Fuel Economy Test (HWFET), LA92, US06, and various random
combinations (referred as mix 1-8) at different ambient temperatures between 40°C

and —20°C [236 -

The RMSE and MAE are used as evaluation matrices. Furthermore, as seen in Algorithm
there is a difference between the set RoC and the achieved RoC. The set RoC indicates
the amount of regression coefficients and the size of the defined window. A window size of
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50 data points causes a set RoC of 68.0 %. Due to the voltage threshold, the achieved RoC
can be smaller than that.

Pulsed dataset

Battery behaviour under pulsed conditions is of high interest in research and development.
Hybrid Pulse Power Characterization (HPPC) can be used to identify the parameters and
states of the battery, such as SOC . Furthermore, the characterization under pulsed
conditions environment is crucial for reconfigurable batteries because of the high frequent
switching of the reconfigurable battery system . Proper control of reconfigurable bat-
teries depends on accurate measurements; however, local bus connections to transmit the
data have limited bandwidth, which causes constraints on the maximum measurement fre-
quency. The proposed algorithm is evaluated under pulsed conditions to address these
challenges. Experimental data encompassing a duration of 130 min with a measurement
frequency of 30 Hz for current and voltage. The data contains charge and discharge pulses
of 10 A over 12min. Figure illustrates the measured (brown) and reconstructed volt-
age (pink). In addition, the reconstruction error (green) in mV is illustrated as a scatter
plot. The set window size is 500 data points, a RoC of 96.8 %, and the achieved RoC is
96.7 %. The maximum reconstruction error observed is 28 mV and is shown in the zoom-in
of the Figure. The measurements with the highest reconstruction error observed are at the
time steps of the pulses. Apart from the described high error events, a reconstruction error
remains consistent at 0.1 mV and less.
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Fig. 4.28. Measured (brown) and reconstructed voltage (pink); reconstruction error (green)
in mV of 130 min with 30 Hz measurement frequency and achieved RoC of 96.7 %
and a MAE of 0.11 mV, a set window size of 500;

In addition to the error at each time step, in Table [f.13] the MAE and RMSE depending
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Table 4.13: MAE, RMSE, and achieved RoC of reconstructed values under pulsed conditions
regarding the set RoC calculated by the error between original and reconstructed

values
Set RoC (%) | Achieved RoC (%) | MAE (mV) | RMSE (mV)
68.0 68.0 0.08 0.11
84.0 84.0 0.08 0.12
96.8 96.7 0.11 0.31
98.4 98.4 0.15 0.58
99.2 99.2 0.31 1.19

Table 4.14: MAE and RMSE, of reconstructed values across aging datasets regarding the
set RoC calculated by the error between original and reconstructed values

Set RoC (%) | Achieved RoC (%) | MAE (mV) | RMSE (mV)
68.0 63 0.26 0.48
84.0 77.0 0.39 0.72
96.8 88.0 1.32 2.27
98.4 89.0 1.83 3.44
99.2 89.6 2.20 4.13

on the set RoC between 68.0% up to 99.2% is shown. The set RoC comes from the set
window sizes of 50, 100, 500, 1000, and 2000 datapoints. Caused by the low dynamics
and the long times of constant current, the difference between set and achieved RoC is not
significant. The low errors, 0.31 mV MAE and 1.19mV, at the highest evaluated set RoC
of 99.2 %, do show the high potential of the proposed method to compress pulsed data.

Aging dataset

During battery cell ageing experiments, large amount of data is generated. This gives great
potential to reduce storage costs with an accurate lossy data compression method. Several
window sizes have been set to evaluate the accuracy within the dataset published by Jost et
al. [292]. Table shows the MAE, RMSE, and achieved RoC depending on the set RoC.
The observed difference between the set and the achieved RoC is relatively high, at set RoC
99.2%, a difference of 10.6 percent points. A lower threshold could be set to reduce the
difference, decreasing the reconstruction error. This shows a high flexibility and practical
adaptation of the proposed method.

Temperature dataset

The temperature dataset [236] allows the evaluation and discussion of the compression al-
gorithm under several conditions. The dataset enables accurate comparison at different
ambient temperatures and drive cycles. Furthermore, the effect of different thresholds is
discussed for the US06 drive cycle at an ambient temperature of 25 °C.

1. Temperature Conditions

The proposed algorithm has been evaluated previously under pulsed and ageing condi-
tions. As ambient and core temperatures greatly influence the electrochemical processes
within a cell [295], therefore it is important to examine the reconstruction error at several
ambient temperatures. Data of the LA92 drive cycle is utilised at temperatures from —10°C
to 40°C. In addition to temperatures set RoC between 68.0 % and 99.2 % are evaluated.
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Fig. shows MAE and RMSE of this experiment. It can be seen that the higher the
temperature, the higher the accuracy. A RMSE of 1.52mV could be achieved at 40 °C with
a set RoC of 99.2 %. This is significantly better than the results of previous studies [285],
[286]. Also, the figure shows that the achieved RoC decreases with decreasing temperature.
Achieving low reconstruction MAE and RMSE becomes increasingly difficult as the tem-
perature decreases. The errors of achieved RoC of 82 % are higher at —10°C than all the
compressions evaluated at temperature ranges between 30°C and 40 °C.

A significant shift to lower achieved RoC is seen mainly in the data at an ambient temper-
ature of —10°C compared to higher temperatures at similar set RoC (size of the marker).
This huge difference between set and achieved RoC cannot be seen with any other ambient
temperature.
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Fig. 4.29. MAE (a) and RMSE (b) depending on the Achieved Rate of Compression over
LA92 drive cycle by set RoC (marker size). Decreasing temperature leads to
less accuracy and lower RoC; Significant correlation between temperature and

MAE/RMSE at same set RoC can be observed

2. Drive Cycle Conditions

The impact of different driving cycles on the accuracy of reconstruction errors is evaluated
in the following section. The MAE of different drive cycles at different set compression rates
are shown in Figs. [4.30a] and [4.30bl The US06 drive cycle exhibits the highest MAE, reg-
istering values of 3.3mV, 1.4mV, and 0.3 mV under 25°C ambient temperature conditions,
as shown in Fig. These errors are significantly worse than those in the compared
drive cycles at the same ambient temperature. Under freezing conditions, shown in Fig.
the discrepancy of the US06 drive cycle is not observable. At 0°C, the US06 drive
cycle demonstrates the second-highest accuracy following LA92.

3. Threshold Conditions
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Fig. 4.30. MAE at set RoC 68 %, 96 %, and 99.2 % and drive cycles at 25°C (a) and 0°C
(b) ambient temperature; At 25°C, the data for US06 and UDDS, and at 0°C,
the data from Mixedl and LA92 diverge from the overall trend at all set RoCs

Table 4.15: Threshold depending MAE and RMSE in mV for drive cycle US06 at 25°C and
set RoC of 99.2 %

Threshold (mV) | MAE (mV) | RMSE (mV ) | Achieved RoC (%)
1.25 0.03 0.10 29.32
2.5 0.11 0.26 50.04
5 0.72 1.33 83.03
10 2.43 3.76 97.38
25 3.27 5.07 99.16
50 3.27 5.09 99.19

A voltage threshold can be utilized to increase the accuracy of the proposed method. By
setting the hyperparameters of the proposed method, there is a trade-off between accuracy
and RoC. Table [£.T5] gives the accuracy and the achieved RoC at different thresholds for
a set RoC of 99.2% of US06 at 25°C ambient temperature. The results demonstrate a
substantial influence on accuracy across various threshold values. Between 5mV and 10 mV
threshold, a significant increase in error can be seen. Depending on the use case, the achieved
RoC and accuracy are highly dependent on the selected threshold. The threshold setting
depends on the use-case, but based on the shown results, a threshold of 2.5 mV enable a
achieved with 50.04 % RoC and an MAE of 0.11 mV a good tread-off between high accuracy
and RoC for high accurate scenarios. If bandwith is the main limiting factor, 10 mV gives
still good accuracies and a high RoC. With higher threshold, the accuracy drops noticeably
with only a slight increase in the ROC.
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4.4.3 Compression Runtime Evaluation

Computational cost is another crucial factor regarding real-world cloud-based BMS applica-
tions. For evaluation of the algorithm to compress voltage based on current is implemented
at an STM321.432 microcontroller with an Arm Cortex-M4 core at 80 MHz and the compu-
tation time has been measured .

An input of 600 data points from the LA92 drive cycle at 25°C is used as validation
data. The experiment evaluates two aspects: the total execution time needed to compress
600 data points and the execution time necessary to compress each time window. The time
window size is corresponded to each RoC. Decompression of the data is not included in
the execution time evaluation. The results are illustrated in Fig. [£.31] Table [£.16] shows
a mapping of window size to the resulting RoC. As previous experiments have shown, a
higher compression rate leads to less accuracy. The results show that higher compression
rates lead to shorter execution times. The microcontroller needs 54 ms to compress 600
data points at RoC 90 %. The higher compression rate of 99.2% for 600 data points can
be achieved in 35ms. Herein a decrease of 35% in the computation time compared to RoC
90 %.
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Fig. 4.31. Compression performance analysis
on STM32L.432 microcontroller to
compress one-time window (green) Table 4.16. Mapping of window size to
and 600 data points (black); At RoC

higher RoC, decreasing total exe-
cution time to compress 600 data
points, but higher execution time
per time window
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5 Cloud-based State Estimation and Control of a
Reconfigurable Battery

In this chapter, we address both research questions (RQ) introduced in Section on
page 2l We combine the machine-learning algorithm to control a reconfigurable battery
with an cloud-based BMS approach. The setup of the proposed cloud-based BMS for
reconfigurable batteries is illustrated. In Section [5.2] on the next page the methodology is
described followed by the evaluation and discussion of the experimental results.

5.1 Cloud-based BMS and Digital Twin Setup

As machine learning control algorithm proposed the AQL algorithm in Section [3.3.2] on
page In addition, we proposed and discussed architectures and technologies to facilitate
a cloud-based BMS and digital twins of battery energy storage systems in Chapter [4 on
page In this chapter, we are going to combine these two fields in employing the AQL
control algorithm with state estimation in the cloud, employing the five-layer IoT framework,
the universal data specification, and data compression and target RQ1 and RQ2 within a
single setup. Fig. [5.]] illustrates the comprehensive process from measurement through
configuration control employed within this experiments. The results of these experiments
have been published in our study .

To evaluate the applicability of BMS in the cloud, we evaluate the total computational cost
of state estimation and reconfigurable battery control. These experiments were conducted
under two distributed compute architectures, hybrid and centralized, Fig. K4.11] on page
[71I On the other and the experiments were performed under the distributed compute
paradigms fog and cloud computing, as illustrated in Fig. on page [70] Additionally,
the necessary bandwidth is assessed using the data specifications outlined in Section [4.2
on page utilizing the JSON data format along with the compression of voltage data as
presented in Section on page Furthermore, we evaluate the required bandwidth by
employing the data specification using the JSON data format, as proposed in Section [£.2]
on page and compression of voltage data, as proposed in Section [4.4 on page The
system’s architecture implements the five-layer IoT framework, as proposed in Section [4.1.2]
on page whereas the third layer, the gateway layer, is not implemented. The device
implements the functionality of the third and second layers. In order to reduce the overall

Reconfigurable Battery

Fig. 5.1. Cloud-based BMS and digital twin data flow
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Fig. 5.2. Cloud-enhanced BMS architecture for SoC estimation and control of reconfigurable
battery pack (a) hybrid architecture and (b) centralized architecture

complexity of the system, the five-layer IoT framework contains the possibility of a direct
connection between the IoT Integration Middleware and the Device layer.

Fig. illustrates the architecture of the two distributed compute architectures imple-
mented: centralized and hybrid. The compute architectures described in Section [.3.1] on
page [69| can be encapsulated as subsequently:

Hybrid Computational tasks are executed on distributed compute nodes and on the vehi-
cle. Fig. shows the architecture of this approach. The application layer of the
IoT framework contains the SOC estimation and monitoring. The onboard BMS exe-
cutes the configuration control of the reconfigurable battery. Vehicle and distributed
compute nodes execute computational tasks.

Centralized Computational tasks are executed only on the distributed compute nodes. The
vehicle only measures and controls actuators. Fig. shows this approach, where
state estimation and controlling are executed entirely in the cloud. The reconfigurable
battery executes the control commands set by the cloud-based control algorithm.

5.2 Cloud-based Digital Twin Methodology

The experimental setup includes hardware and software components — the architectures in
Fig. [5.2introduce the components and their interconnection. Cloud and fog deployment are
differentiated as distributed computing units that deploy the layers of IoT integration mid-
dleware and application. The characteristics of the cloud and fog computing infrastructure
are the following:

Fog Computing
Location: Datacenter container within the university campus
Operating System: Ubuntu 20.04 LTS
Server Configuration: Dell PowerEdge R750xa with Intel Xeon Gold 6338 CPU

Cloud Computing
Location: AWS Region Frankfurt, Germany; Availability Zone eu-central-1b
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Operating System: Ubuntu 24.04 LTS!
Server Configuration: EC2 instance type t2.2xlarge

Fig. [5.3 illustrates the centralized cloud computing implementation. The applications,
SOC estimation, configuration control, and monitoring, are deployed as Docker containers.
The MQTT Broker, which implements the IoT Integration Middleware, is also deployed as
a Docker container. As shown in the figure, the automated data flow between the DUT
and the applications is an implementation of a digital twin of a reconfigurable battery as

defined by Kritzinger et al. [155] and illustrated in Fig. on page

Physical Object Digital Object
|
E AWS Cloud &
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Fig. 5.3. Implementation of centralized cloud computing digital twin with reconfigurable
battery and control unit as physical object, and the cloud computing environment
as digital representation

Due to the computational demands of the AQL control algorithm, an additional comput-
ing unit is utilized to run the configuration control application in hybrid control. A Lenovo
ThinkPad P15 gen 1 with an Intel Core i9-10885H CPU is used as a computing unit.

Battery cell simulators are employed instead of battery cells for reproducibility. This
experiment does not evaluate the accuracy of the employed SOC estimation method and
control algorithm. In Section [4.3.2] on page [71] and Section [3.3.2] on page the SOC
estimation method and the control algorithm have been evaluated. Fig. shows the
physical setup and its components as follows:

o DUT: 12-cell hybrid cascaded multilevel converter (orange) |[193], a topology of inter-
connected half-bridge modules and an h-bridge converter, as a reconfigurable battery
module

o Raspberry Pi 4 (red) as Control Unit
e Lenovo ThinkPad-P15-Gen-1 as Computing Unit in case of the hybrid approach
o 3x Load Resistor: MAL-200 MEG 102 (blue) in parallel

o 6x Battery Cell Simulator: Rohde & Schwarz NGM202 Power Supply (orange)

LAMI: ami-0084a47cc718cl11a
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Fig. 5.4. Experimental setup with a 12-cell hybrid cascaded multilevel converter as DUT
(blue), power supply as battery cell simulator (orange), Raspberry Pi 4 as control
unit (red), and ohmic resistance as load (blue).

5.3 Evaluation and Discussion

The evaluation of the experimental outcomes comprises three independent parts: illustration
of monitoring, request time, and bandwidth measurements.

5.3.1 Interactive Visualization for Monitoring

A web application is employed and hosted in the cloud environment to enable real-time
online monitoring. Fig. shows a screenshot of an Grafana instance deployed in AWS.
The figure represents the system’s real-time monitoring, employing five diagrams to show
the battery status. The heatmap on the top left illustrates the cell configurations over time.
The x-axis shows the time, and the y-axis shows the cells. The colours in the heatmap show
the configuration of each cell at each time step, in blue bypass and green serial configuration.
The second and third diagrams in the first row illustrate the SOC of the cells ¢1 — ¢12. The
bar chart shows the current SOC. Because of the focus of this experiment, we decided to
display the SOC of the simulator and not the estimated state. The accuracy of the estimated
SOC values deviates significantly from the values of the simulator. The line plot, the third
diagram in the first row, shows the decreasing SOC over time. The second row contains
the current and voltage diagrams per cell. Implementing an interactive web application
enables the researcher to conduct a live analysis during the experiment. It enables instant
interaction with real-time measured experimental data. Error analysis and observation of
functionalities, such as state estimation methods and control algorithms implemented in this
experiment, can be observed immediately. This observation is independent of the location
of the experiment and the person analyzing it. Also, this implementation provides the
possibility of analyzing and comparing historical data.
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Fig. 5.5. Interactive visualization of real-time measurements, state estimation, and control
commands during the experiments in Grafana hosted at AWS infrastructure.

5.3.2 Request Time Evaluation

The literature mentions a typical sampling frequency of SOC with 1 - 10 Hz , .
Within this experiment, we define 10 Hz as the baseline for estimation and control. The
evaluation contains eight different system configurations, the combinations of the following
settings: compute paradigms, cloud- and fog computing; compute architecture, hybrid and
centralized approach; and control algorithms, switching-max and AQL.

Fig. [5.6] illustrates the concluded time measurements of these eight experiments. The
request time consists of the time between the battery measurements taken and the configu-
ration executed by the control unit. This time includes the time needed to transfer the data
from DUT to the compute unit, perform SOC estimation, compute configuration, and trans-
fer data to the control unit. A boxplot has been chosen, representing the median, shown as
a black horizontal line, and the 25 % quartiles. A green-black triangle represents the mean
request time of each configuration. The graph does not include outliers. There is an appar-
ent deviation between the mean and median, except for the Cloud Centralized and Cloud
Hybrid results with the switching-max control approach. The cloud hybrid switching-max
control approach archived the shortest mean request time with 67.7 ms and median request
time of 71.3ms. Cloud Centralized switching-max control approach archived with mean
request time of 70.2 ms and median request time of 69.1 ms the shortest mean request time.
The fog centralized switching-max approach demonstrated the highest request time, with a
mean of 94.3ms and a median of 73.3ms. The results demonstrate that all configurations
exhibit average and median values below the defined baseline. However, cloud computing
deployments indicate better request times than their fog computing variants, excluding the
hybrid AQL control configurations.

For a more detailed explanation of these results, Figs. and show the request
time in seconds [s] for the AQL and switching-max control, respectively. The representation
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Fig. 5.6. Request time over experiment time of one minute dependent on distributed
computing environment (cloud/fog), computing architecture (hybrid/centralized),
and control approach (switching-max/AQL); summarizing of time measurements;
green triangle mean, black line median, control approach by texture

of the required request time of each request enables the evaluation of archiving the defined
baseline of 10 Hz per request. The results show that the AQL control algorithm requires
significantly extended durations compared to the switching-max control algorithm. For fog
centralized AQL control, a total of 14.0% of all requests exceeded the defined baseline of
0.1s per request. Even in the cloud centralized AQL control configuration, 11.8 % of requests
were above the defined baseline. This configuration exhibited the fewest requests above the
baseline within AQL control. This result highlights the high computing requirements for
the AQL control algorithm.

As illustrated in Fig. the percentage of outlaid requests above the baseline is
significantly less in the case of switching-max control compared to AQL control. With 1.1 %
and 1.5 % respectively, the cloud hybrid and cloud centralized configuration outperforms
the fog configurations with 13.8% (hybrid) and 8.7 % (centralized). The exceeding of the
baseline follows a recurring pattern. For the Fog configurations, as shown in Fig. a
repeating pattern of approximately 2s — 4 s of transmission shows significant delays, which
then show only transmissions within the set limits for 12s. As the experiments with cloud
computing infrastructure do not show this pattern, it can be assumed that this can be
explained by network configurations within the university network. However, this does not
occur for connections outside the university campus.

5.3.3 Bandwidth Evaluation

The required bandwidth depends on multiple settings: measurement frequency, experimen-
tal setup, measured parameters, employed data format, and if data compression is in use,
the method and the rate of compression. To compare the required bandwidth of different
battery systems, we compare the bandwidth requirements for the DUT, a reconfigurable
battery with a hybrid cascaded multilevel converter as topology, with the bandwidth of a
battery pack. Therefore, the reconfigurable battery is employed as a serial-connected battery
pack without dynamic reconfiguration. Both systems contain 12 battery cells. The battery
pack setup requires transferring voltage measurements from 12 cells and one battery pack
current measurement. On the other hand, the reconfigurable battery configuration requires
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Fig. 5.7. Request time over time with switching-max control approach (a) and AQL ap-
proach (b)

the transfer of voltage and current of 12 cells. As data format, the JSON implementation of
the proposed universal data specification is used, as proposed in Section [4.2]on page[59] The
measurement of one data point for both setups, battery pack and reconfigurable battery,
are shown in Listing and respectively.

1 {"timestamp": 1727886569.2028234,

2 "vol _ml_c1": 3.902268, "vol_ml_c2": 3.902268,

3 "vol_ ml_c3": 3.918042, "vol _ml_c4": 3.918042,

4 "vol_ml_cb": 3.962061, "vol_ml_c6": 3.962061,

5 "vol_ml_c7": 3.972382, "vol_ml_c8": 3.972382,

6 "vol _ml_c9": 4.01781, "vol _ml_c10": 4.01781,

7 "vol_ml_c11": 4.041907, "vol_ml_c12": 4.041907,
8 "cur_ml": 0.77075771%}

Listing 5.1: Transfered JSON data of one data point of a battery pack with 12 voltage and
one current measurement
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1 {"timestamp": 1727885074.3059,

2 "vol_ml_ci1": 3.91324, "cur_ml _cl1": 7.808e-05,

3 "vol_ml_c2": 3.91324, "cur_ml_c2": 0.00018624,

4 "vol_ml_c3": 3.929683, "cur_ml_c3": 0.00022464,
5 "vol_ml_c4": 3.929683, "cur_ml_c4": 0.0001728,

6 "vol_ml_cb": 3.966075, "cur_ml_cb": 0.5224461,

7 "vol_ ml _c6": 3.966075, "cur _ml _c6": 0.0001664,

8 "vol _ml_c7": 3.98312, "cur_ml c7": 0.2234317,

9 "vol_ ml_c8": 3.98312, "cur_ml_c8": 0.1706842,

10 "vol ml_c9": 4.029879, "cur_ml _c9": 0.2205907,
11 "vol_ml_c10": 4.029879, "cur_ml_c10": 0.00012928,
12 "vol_ ml _c11": 4.049043, "cur_mil_cl11": 0.5383738,
13 "vol_ml_cl12": 4.049043, "cur_ml_c12": 0.44576%}

Listing 5.2: Transfered JSON data of one data point of reconfigurable battery with 12
voltage and current measurements

Fig. illustrates the required bandwidth in kbit/s over 1 min. The bandwidth includes
the transferred data and the protocol overhead caused by the used protocols Message Queu-
ing Telemetry Transport (MQTT) and Transmission Control Protocol (TCP). MQTT is a
lightweight messaging protocol with a small code footprint for networks and devices with
limited bandwidth. MQTT uses the TCP protocol for transmitting data. TCP is a com-
munication standard for delivering data and messages in order and lossless bidirectional
through networks. The data is measured and transferred during the experiment with a
frequency of 10 Hz. Red and turquoise illustrate the required bandwidth for the battery
pack and reconfigurable battery without compression. The blue (reconfigurable battery)
and orange (battery pack) lines illustrate the required bandwidth for compressed data. To
compress the data, the proposed voltage compression data algorithm, as introduced in Sec-
tion [£.4] on page has been implemented with a 6s time window for compression. In
the case of a reconfigurable battery, the battery voltage data is compressed based on the
battery current due to the individual switching of each battery. The battery pack setup
archives higher compression; the battery voltage is compressed based on the battery pack
current, whereby fewer parameters are transmitted. As shown in the figure, compressed
data causes peaks in required bandwidth of up to 125kbit/s (reconfigurable battery) and
55 kbit /s (battery pack) and uncompressed causes permanent data transmission of 60 kbit /s
and 40 kbit /s, respectively.

Table (5.1l shows the transferred data over the measurement time of 1min of all four
variations. Also, it includes the RoC over the whole amount of transferred data. With
64.7 % and 77.1 %, significant compressions could be archived for reconfigurable battery and
battery pack measurements. Noc compressed are timestamps and current measurements.

Table 5.1: Transfered data in kByte over one minute and Rate of Compression
‘ Reconfigurable Battery | Battery Pack

Uncompressed (kB) 438.0 290.4
Compressed (kB) 154.5 66.6
Rate of Compression (%) 64.7 77.1

It is necessary to compare the required bandwidth with the usable bandwidth to evalu-
ate the usability of BMS in the cloud. Therefore, it is necessary to review bandwidths for
the mobile networks used: LTE and 5G. In 3rd Generation Partnership Project (3GPP)
Release 8 LTE is specified, which enables a peak upload of 75Mbit/s [296]. 3GPP is a
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Fig. 5.8. Bandwidth required over time in kb/s of compressed and uncompressed data trans-
fer for reconfigurable battery and conventional battery pack

group of several standards organizations that develop mobile telecommunications proto-
cols. LTE-Advanced specified in 3GPP Release 10 enables upload peaks of 500 Mbit/s by
specification. With International Mobile Telecommunications (IMT) Version for 2020 and
future technology trends for the land-based IMT systems, known as IMT-2020, the Inter-
national Telecommunication Union (ITU) defined the requirements for the fifth generation
of mobile communications, also known as 5G. IMT-2020 defines 10 Gbit/s peak upload and
50 Mbit /s as user-experienced upload rate. Ghoshal et al. evaluated the uplink of LTE
and 5G under driving conditions. The mentioned driving speed was 32km/h. The authors
could measure a upload rate of 33.1 Mbit/s + 6.2 Mbit/s for LTE and at 5G 39.7 Mbit /s
with a standard deviation of 21.2 Mbit/s. Other studies in the USA and several European
countries obtained similar results , . At stationary conditions for the most 5G
operators evaluated an average upload between 20 Mbit /s to 80 Mbit/s and under less chan-
nel conditions, the average throughput of nearly all operators falls to around 20 Mbit/s
. In conclusion, while the theoretical peak upload speeds of LTE and 5G networks are
sustainable, real-world performance, particularly under moving conditions, is significantly
lower. However, the achieved average upload speeds shown in the literature of around 30 —
40 Mbit/s are several times higher than the required bandwidth of 0.06 Mbit/s or short-term
bandwidth of 0.125Mbit/s when applying data compression, measured in the experiment
in our work. This indicates that a 12-cell module uses a mere fraction of less than 1% of
the bandwidth available with LTE and 5G.

5.3.4 Summary

The evaluation reveals that centralized and hybrid architectures achieve the target esti-
mation and control frequency of 10 Hz in the mean. However, the centralized approach,
primarily when implemented in the cloud, demonstrates superior performance in terms of
request time. However, fallbacks must be considered in the event of a loss of connection
for centralized implementations. Cloud computing consistently outperforms fog computing,
particularly in the centralized architecture.

The work also highlights the significant computational demands of Al-based control.
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Using the AQL algorithm proposed in this work leads to increased request times. In contrast,
the switching-max control approach exhibits lower computational requirements and shorter
response times.

Data compression is crucial for efficient data transmission, especially in bandwidth-
constrained scenarios. The proposed compression technique effectively reduces bandwidth
requirements for reconfigurable and conventional battery systems. A buffered data transfer
of compressed data can significantly reduce the required bandwidth but increase the time
between measurement and data transmission.

Even without compression, the required bandwidth for the reconfigurable battery system
is well within the capabilities of current mobile networks like LTE and 5G. The in litera-
ture achieved average upload speeds of 30 — 40 Mbit/s in real-world scenarios are several
times higher than the required bandwidth of 0.06 Mbit /s without compression or short-term
bandwidth of 0.125Mbit/s when applying data compression. This results indicate that a
12-cell module employs a mere fraction of less than 1 percent of the available bandwidth in
LTE and 5G networks.

The cloud-based approach demonstrates the feasibility of remote monitoring, state es-
timation, and control of reconfigurable batteries. While Al-based control offers potential
advantages, its computational demands must be carefully considered. Data compression is
crucial for efficient data transmission, especially in bandwidth-constrained scenarios.
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6 Conclusion and Qutlook

This chapter summarizes the results of this work and evaluates the results concerning the
research questions defined in Section on page [2. We discuss the results of the chapters
and [} Ultimately, the future work section outlines potential research objectives for
further exploration.

6.1 Results and Consolidation of Contribution

The conclusion of this work will be marked by a discussion of the research questions(RQs)
defined in Section [1.3] on page[2l As a recap:

RQ 1 What type of machine-learning algorithm can be applied to enable a self-learning
algorithm to implement a control algorithm of a reconfigurable battery and include
the possibility of additional classic control methods in combination?

RQ 2 What cloud-based BMS architecture and methodology can be used to efficiently and
effectively transfer data between the vehicle and distributed computing units?

With the first research question, we wanted to propose and evaluate machine learning
algorithms that can be applied to enable a self-learning algorithm to implement a control
algorithm of a reconfigurable battery. With the AQL algorithm, we propose, implement
and evaluate in Section on page [5] a promising method. Compared to the classic
approach, the algorithm has shown its potential in simulated and hardware setups, espe-
cially in balancing the SOC within the BM3 approach. The full-bridge topology has shown
promising results, and future investigations in multi-parameter optimizations have to show
the full potential of the algorithm with this topology. Furthermore, the algorithm enables
the combination of machine learning algorithms with the possibility of the combination with
classic control algorithms to limit the set of possible configurations selected by the machine
learning algorithm. This functionality enables the benefits of both sides: the self-learning
of machine learning and the implemented expert knowledge of classic control approaches.

The second research question was investigated by introducing the universal data specifi-
cation, enabling the transfer and storage of data from conventional battery packs and re-
configurable batteries. We proposed a compression method for lossy compression of voltage
measurements to efficiently use bandwidth during transfer and storage for archiving. With
the five-layer IoT framework, we introduced a framework for bidirectional data exchange
with modular components adapting EV components and cloud computing standard archi-
tectures to enable cloud-based BMS and digital twinning for battery storage systems. Thus,
evaluating cloud-based state estimation, SOC, and the proposed core and surface temper-
ature estimation methodology shows promising results for implementing cloud-based BMS
systems.

Finally, in Chapter [5] on page we have evaluated implementing a hybrid and a cen-
tralized cloud-based BMS employing cloud-based state estimation and the AQL algorithm
to control the reconfigurable battery. We have closed the automated data loop, imple-
mented the cloud-based state estimation with the control algorithm, and implemented a
cloud-based digital twin for our reconfigurable battery. We have shown the applicability of
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hybrid cloud-based BMS systems and could observe latencies below 100ms for the cloud
and fog computing setup.
A summary of all the research topics covered in this thesis is described below:

Highly Performant Simulation A flexible framework enabling single-phase reconfigurable
battery system simulations with a variable count of BM3 modules was introduced
in Section on page This framework’s Python implementation, utilizing the
just-in-time compiler Numba, achieved a simulation duration of 0.33s 4+ 0.7ms to
simulate 1s of operational time for a 10-module BM3 system, offering a performance
improvement of over 130 times in comparison to the Matlab/SIMULINK comparison
implementation introduced in [169).

Control using Reinforcement Learning With the introduction of Q-learining and AQL al-
gorithms, proposed in Section on page two reinforcement learning algorithms
to balance the SOC of modules within a reconfigurable battery have been proposed.
The AQL algorithm can be used to combine a classic approach and machine learning
control of a reconfigurable battery. The algorithm has been evaluated through ex-
perimental setups involving a hybrid cascaded multilevel topology and the simulation
of a BM3 converter. Using the hybrid cascaded multilevel topology a comparison
with the algorithm proposed by Zheng [193] shows a 20.8 % slower SOC balancing
of the proposed AQL algorithm. However, for the BM3 topology the proposed algo-
rithm achieved a 4.5 times faster balancing than the proactive balancing algorithm
proposed by Mashayekh et al. [169]. Despite this, the in this thesis proposed AQL
algorithm requires higher complexity and computational cost during execution than
classic control algorithms such as the conventional approaches [169], [193]. Due to
the lower switching time requirements, Type 1 reconfigurable batteries, variable DC
sources, can be a field of application of the proposed algorithm.

Universal Data Specification A novel data specification in the domain of batteries, recon-
figurable batteries, and cloud-based BMS has been proposed in Section[4.2]on page
The proposed data specification implements interoperability by being open, free, and
universally implementable. It is a standardized data specification that is reusable and
richly described with a plurality of accurate and relevant attributes, as two of the FAIR
[300] principles: Findable, Accessible, Interoperable, and Reusable. The other two
principles, Findable and Accessible, are dependent on globally unique and persistent
identifiers and accessible and shared, respectively. The data specification suits long-
term data storage and real-time applications, such as cloud-based BMS or real-time
data visualization. The implementation of the data specification is intended to mea-
sure data of battery packs and reconfigurable batteries with time-dependent switching
configurations and measurements. The data specification integrates additional infor-
mation in separated metadata with information about the installed components, such
as sensor measurement errors. This information allows a better interpretation of the
measured data and pre-processing for developing data-driven estimation algorithms.
Furthermore, the proposed data specification also enables the in-data documentation
of experiments and experimental setups.

Five-Layer 1oT Framework In Section[4.1.2)on page[56], we proposed a five-layer IoT frame-
work applied for cloud-based BMS. It contains a sensor and actuator, a device, a gate-
way, an loT integration middleware, and an application layer. With a non-functional
quality characteristics analysis, we identified the framework as the preferred option for
the digital twinning of BMS in e-mobility applications. The analysis demonstrates the
benefits of the five-layer IoT framework compared to the three-layer IoT framework
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[198]. In particular, due to the flexibility and functional suitability of the research
objective, the framework also represents a distinct advantage over the AWS IoT Fleet-
wise [200] solution.

Data Compression To compress battery voltage measurements, we proposed a polynomial
coding lossy data compression algorithm in Section [4.4] on page The algorithm
performs effectively under pulsed conditions and low temperatures across various drive
cycles. Thus, a MAE of 3.27mV and RMSE of 5.09mV as reconstruction error for
the US06 drive cycle at 25°C could be achieved. Furthermore, the applicability to
real BMS systems could be demonstrated with a computing time of 35 ms required to
compress 600 data points with a RoC of 99.2 % on an STM32L432 microcontroller. In
Chapter [p|on page[10I], we have shown the use of the compression algorithm in a cloud-
based BMS setting for reconfigurable batteries and battery packs. The application
of the compression algorithm has shown the potential to reduce the quantity of total
data to be transmitted by a factor of 64.7% and 77.1% for reconfigurable batteries
and battery packs, respectively.

Cloud-Based BMS Section on page [71] presents a comparative analysis among the
classical approach EKF and neural networks. Furthermore, the evaluation of several
cloud-based BMS architectures in Chapter [flon page for researching the possibility
of implementing a cloud-based BMS has been outlined. These methods have been
implemented and deployed on a cloud-based platform towards the practical application
for cloud- and digital twin-based BMS for e-mobility applications. For this purpose,
an architecture for SOC estimation has been deployed using AWS. A minimal average
computing time of 54.8 ms to estimate SOC in the cloud is noticed in FNN with
LTE mobile network connection. The main impact on computing time is the distance
between the DUT in Oshawa, Canada, and the cloud infrastructure in Montreal,
Canada, and Frankfurt, Germany. Due to a typical sampling frequency for state
estimation of 1Hz — 10Hz, the computational time of 66.1ms + 29.4ms for EKF
and for FNN 54.8ms 4+ 10.3ms under LTE as network connection is considered as
reasonably brief. After evaluating cloud-based state estimation, we evaluated cloud-
based state estimation and control in Chapter [5|on page With 70.3 ms £ 12.0 ms,
the best results could be achieved with the cloud hybrid approach implementing the
classic control approach deployed at AWS located in Frankfurt, Germany and the
DUT located in Neubiberg, Germany.

Core Temperature Estimation In Section [4.3.3] on page we proposed with KAN and
LSTM two neural networks to estimate the surface and core temperature at once using
voltage, current, and ambient temperature measurements as input. The experimental
validation with Molicel P42A as DUT with inserted core temperature sensors have
demonstrated with KAN as algorithm an MAE of 0.579°C and 0.353°C and RMSE
of 0.814°C and 0.519 °C for core and surface temperature, respectively. Furthermore,
at dynamic drive cycle conditions KAN has shown an MAE of 0.598 °C and 0.481°C
for core and surface temperature, respectively, through the UDDS drive cycle at 25°C
ambient temperature. Within the training of this model, the UDDS drive cycle has
been excluded of the training data. The fact that both temperatures are estimated
based only on current, voltage, and ambient temperature eliminates the need for
battery surface temperatures in the battery system. Eliminating these sensors can
significantly reduce the weight and cost of battery systems.
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6.2 Future Work

The scope of this work opens new opportunities for exploring how cloud computing and ma-
chine learning in state estimation and controlling can further revolutionize battery manage-
ment systems and reconfigurable batteries, particularly in real-time data analytics, digital
twinning, and remote diagnostics.

The proposed AQL algorithm to balance SOC has shown the possibilities of machine
learning to control reconfigurable batteries. Reducing switching losses, thermal manage-
ment, or balancing the SOH are further target parameters for the algorithm and will be
included in future work. Likewise, computing time is an aspect that must be considered for
use in real-time environments.

The core temperature estimation method based on KAN presented promising results.
Experiments with higher charge-discharge rates are necessary for further improvements and
evaluations of this method. Also, physic-informed neural networks and neural operators
can be evaluated to improve the proposed method’s accuracy.

Lossy data compression has shown great potential and can be applied on the car to reduce
bandwidth between sensors and the onboard BMS and to transfer data into the cloud and
to be stored there. The present work has focused on compressing voltage measurements.
This approach is to be combined with the compression of battery current measurements to
reduce the total amount of data to be transmitted further.

Lastly, this work defined, evaluated and discussed architectures, frameworks, and tech-
nologies to enable cloud-based BMS, intelligent batteries, and digital twins of EVs battery
electric storage systems. In future work, these results will help to implement generalized
and personalized digital twins for EVs to improve battery efficiency, safety, and lifespan.
The next step is implementing the five-layer IoT framework in a test vehicle in combination
with the presented universal data specification, automated archiving of test data, and de-
ploying real-time estimation methods in the cloud to implement cloud-based digital twins
and BMS.
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