Model-Driven Software Development
and Verification Solutions for Safety
Critical Battery Management Systems -
A Quantitative Evaluation of
Probabilistic Inference & Artificial
Intelligence Methods

Von der Fakultat fiir Elektrotechnik und Informationstechnik
der Rheinisch-Westfalischen Technischen Hochschule Aachen
zur Erlangung des akademischen Grades eines Doktors der
Ingenieurwissenschaften genehmigte Dissertation

vorgelegt von

Christian Fleischer, M.S.
aus Dettelbach

Berichter:
Univ.-Prof. Dr. rer. nat. Dirk Uwe Sauer
Associate Professor Dr. Erik Schaltz

Tag der miindlichen Priifung: 22. Januar 2020

Diese Dissertation ist auf den Internetseiten
der Universitatsbibliothek online verfiigbar.



AACHENER BEITRAGE DES ISEA
Vol. 142

Editor:
Univ.-Prof. Dr. ir. h. c. Rik W. De Doncker

Director of the Institute for Power Electronics and Electrical Drives (ISEA)
RWTH Aachen University

Copyright ISEA and Christian Fleischer 2020

All rights reserved. No part of this publication may be reproduced, stored in a retrieval system,
or transmitted in any form or by any means, electronic, mechanical, photocopying, recording,
or otherwise, without prior permission of the publisher.

ISSN 1437-675X

Institute for Power Electronics and Electrical Drives (ISEA)
RWTH Aachen University

Jagerstr. 17/19 e 52066 Aachen e Germany

Tel: +49 (0)241 80-96920

Fax: +49 (0)241 80-92203

post@isea.rwth-aachen.de






Acknowledgements

Now the time has come to let go this work..., I acted with the means that
were avatlable to me. To the end, I understood, that I only could scratch the
surface, leaving room to a more worthy and smarter successors to built upon
these results.

2008/2009, the recession in most parts of the world is resulting in an complete standstill.
As consequence of the European Economic Recovery Plan agreed in December 2008,
Germany gained momentum and an economic upturn by means of adopted measures, e.g.
extensive state investments for businesses and industries in the sector of electric mobility,
resulting into a bold federal government’s goal of bringing one million electric cars onto
the road by the year 2020 (by now we know that will not happen). I am thankful, not
the least of which is the fact that Universities could increase their research plans in this
topic. Then, obviously, I could not know where the journey is heading, and that in the
end I have really been backing on the right horse. Because, as today, i am right in the
middle of the pulsating heart of technological transformation and an active contributer
within pioneering innovations to shape mobility towards 100% sustainable future.

Therefore, my gratitude goes first and foremost to my doctoral mentor Prof. Dirk Uwe
Sauer, giving me the opportunity to research on the most dominant turning point topic
in the automotive industry, as electrification with its battery technology is predestined
as replacing conventional propulsion systems. Joining the institute 2009, I had not clear
indication of direction in which things are heading: At some point, Prof. Sauer built up
an world-wide leading and well known institute in Electrochemical Energy Conversion
which I could feel part of. Not least because of his demonstration of a humble leadership,
he was always supportive also especially when things have not turned out as intended. He
also provided the opportunity to me to become a visiting researcher at DTU / Aalborg
University / Lithium Balance in 2012, which prepared the ground for my future workplace.
That was the time I could get to know Prof. Erik Schaltz, Associate Professor in the
Department of Energy Technology at Aalborg University. During our project in which
we installed the first university based battery hardware-in-the-loop test bench, I had the
chance of many interesting, exciting, and insightful discussions around battery systems
with Erik. T am very thankful to him for taking his time and contributions to my work
and for accepting to be my co-supervisor. I would also like to thank all my colleagues at
ISEA, i could spend my working time together. Especially I want to mention Wladislaw

il



Waag, who was my technical mentor when I joined ISEA, who brought me to a topic
that he has already kept him busy before, also Nsombo Nlandi, a humble colleague I
could always count on, especially in the field of embedded programming. I would also
like to take this opportunity to thank the staff of ISEA and my former students for
their support, especially Yizhou Zhang, Ze Zhang, Sujitah Davidson for helping getting
the toolbox up and running. Especially thanks goes out to Lothar Pfeifer from Esterel
Technologies, which is the leading provider of software development and critical systems
solutions like SCADE. Evaluating the tools during my first job, he supplied me afterwards
with additional evaluation licenses to implement the BMS architecture and algorithms.
He also provided the build of the multi-core code (not commercial available yet). What
would be work-life, without a strong private-life which charges your batteries when needed.
Friendships beyond borders and nationality, here, I would like to thank my friends, the
Ronnerfors family for the amazing tacco nights and brotherhood, the Navarro/Cazares
family for the refreshing bible study discussions and deepest friendship, all my friends
from the CENTRO church community, welcoming us to our new home.

My family, the divine foundation united in the bound of love and respect to each other,
I want to thank my parents in law, Frank and Anabella, for the continues prayers, their
hospitality when we were escaping the winter month, for guidance and support also in
raising children, and the childcare allowing to go out to have dates again, Santiago, for his
fun way as a person. My sister Annemarie, who has to bear with my bad teacher jokes,
but still always being there for my family, providing educationally well-thought-out kids
presents and for making sure that our children learn a correct German grammar.

Meine besondere Danksagung geht an meine Eltern, Georg und Anna, die mich alle
Jahre massgeblich unterstuetzt und gefoerdert haben, die viel verzichten haben um ihren
Kindern die beste Ausbildung und Start ins Leben zu ermoglichen. Danke fuer eure Liebe,
eure harte Arbeit, dass ihr liebevolle Grosseltern seid und stets hilfreich zur Seite steht,
ohne euch ware diese Arbeit nicht gelungen.

In truth, I could not have achieved my work without a strong support at home, my
beautiful wife Andrea, for many hours, days and weeks I had to pull back leaving you
with lots of responsibilities and work. But you kept your patience during this time, also
supported me with advice and gave me faith because you understood me, my strength
but also my many weaknesses.

Felipe, Isabella, and Lukas, what drives me forward is the love I have for you!

Thank you God for everything in my life!



Abstract

The automotive industry is reaching an unprecedented level of turning point. The new
challenges are wide-ranging, the future of combustion engine has been signed and sealed,
as electrical vehicles with their high-voltage (HV) batteries are predestined as replacing
propulsion systems. Today, SW methods and algorithms are not mature enough consider-
ing that the HV traction battery is a complex, electrochemical device in a new application,
with the prerequisite in knowledge and understanding of the working principles including
aging mechanism. These cause complex multi-time scale dynamics by superimposed in-
teractions of chemical reactions which are complex to model. In recent years the need of
battery systems and its advanced SW has increased significantly in order to reach perfor-
mance, energy, lifetime and safety requirements. At the same time, the cost must drop to
compete with conventional propulsion systems. Therefore, the question which put OEMs
at stake is how to use the battery in an optimal way to ensure a competitive HV traction
battery system. Therefore, this work discusses model-based battery management design,
which does not mean applying visual methods to address the problems, rather we are
using qualitative models to represent battery behaviour, e.g. looking at the electrical
properties of the voltage response when applying current to the battery. Providing accu-
rate power and energy estimates to the vehicle propulsion system is part of the on-line
battery management primary objective. This work provides a set of adaptive algorithms
for online battery state- and parameter estimation evaluating different aspects, such as
their efficiency, robustness, accuracy and implementation effort on target. Bayesian opti-
mal filters for non-linear systems, linearization methods e.g. extended Kalman filter, and
other numerical approximation methods (Gaussian sum, iterative quadrature, and deter-
ministic sampling approximation) are quantitatively benchmarked. The comprehensive
discussion involves the definition of the estimation framework which is integrated for state-
and parameter estimation using joint and dual estimation. Additionally, new estimation
techniques from the field of machine / deep learning are introduced to predict battery
lifetime. The Bayesian estimators are benchmarked in regards to various battery equiv-
alent circuit models as they are needed for accurate voltage, state-of-charge, parameter
or available power / energy estimation. Battery management systems are safety-critical
software systems, containing code which failure or malfunction can trigger or contribute
to a hazard jeopardizing people’s lives. The quality of released SW is subject to the effort
of which level the testing is executed. Therefore, SW testing and hardware-in-the-loop
BMS validation on functional and non-functional level is introduced, leading to a novel
battery system simulation environment including fault insertion. Additionally, a new way
of 1SO26262 complaint model-driven software development for BMS is discussed, intro-
ducing a new tool-chain for SW architecture and model development on multi-core target
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CPUs optimizing computing power for individual cell monitoring. The introduced ecosys-
tem fulfils the requirements during development phase with traceability, validation and
verification.
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1 Motivation

Rethinking the Car New: From Nuts and Bolts to a Software-Driven Elec-
tronics Device.

Future perspective development leads to world-wide scarcity of resources and ecological
damage which forces necessary rethinking about unsustainable development, about the
urgent need to take action on climate change. Research and development of new, future-
oriented mobility systems is becoming increasingly important. The development of sus-
tainable technologies, requires rethinking, especially with regard to the vehicle propulsion.
New drive and battery concepts must be developed while the broad infrastructure has to
be redesigned [1]. This causes the automobile industry to experience the biggest transfor-
mation process since its invention in 1886 (combustion). This is enabled by the fact that
new technological requirements and stringent legal regulations (CO2 reduction) force the
market participants to face a rather revolutionary rethinking on developing new propul-
sion systems. In the past, OEMs have focused their efforts in the area of comfort, passive
safety and efficiency, while the optimization of consumption was treated as a minor issue.
However, in order to meet these regulations, changes must drive technological progress
of new propulsion systems away from fossil fuels. Here, the electro-mobility with its use
of sustainable generated electric power, and advantages in ”Well-to-Wheel” efficiency is
seen as the answer to climate change as it will reduce the 20% CO2 pollution caused
by traffic as well as in other applications (e.g. residential battery storage). Addition-
ally, urbanization also drives this development, as the needs for individual mobility and
clean air (megacities) is self-evident. Electro-mobility, with its electric buses, tramway or
modern electric subways using KERS (kinetic energy recovery system with high voltage
battery), will prove that mobility and sustainability can go hand in hand. Generally,
propulsion systems are designed using either internal combustion engines and/or solely
electric drive-trains. The intelligent combination of electric motor and traditional com-
bustion engine can be differentiated by the grade of hybridization, starting at micro-,
mild-, full- (HEV), or plug-in hybrid (PHEV). Additionally, from the architectural design
viewpoint, the setup of the power-train components is also important and categorized into
serial, parallel or power-split hybrid. The drive train of a battery electric vehicle (BEV)
is propelled by a purely electric motor, while the energy can be provided from a variety
of battery systems which may differ in capacities, energy and power density. Lastly, to
complement this discussion, the concept of fuel cell vehicles (FCEV) shall be mentioned,
as this propulsion concept carries a battery on-board for recuperation purposes. While
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the combustion engine was optimized over the last century and is therefore well under-
stood and industrialized, electric propulsion systems (EPS) in automotive applications
still remain at its beginning (standardization — > modular approach; industrialization
— > away from prototype concepts) and has a long research haul ahead, as also energy
supply has to be guaranteed. However, to get to the point where electro-mobility has
an important contribution to sustainable transport system, the industry still must solve
particular difficult challenges. Therefore, the focus of the measures lies in the improve-
ment and reduction of broad variety of EPSs, resulting in minimal efforts in re-designing
the systems for entire platforms and wide applications (stationary), leading to overall
component costs reduction. From the ecological point of view, the overall global carbon
footprint must be reduced to justify EPSs. However, the key challenge and the main
field of action lies within the drive-train with its high-voltage traction battery system
(HVTBS), and this must be identified as the biggest problem as further optimizations in
safety, costs, specific energy and performance, internal and external condition handling
(e.g. temperature), reliability and longevity must be undertaken to also maximize the
electric driving range. The efforts must start at the cell level, here, lithium-ion batteries
(LIB) are the dominating technology fulfilling the performance requirements in automo-
tive industry. In comparision to older technologies, e.g. lead-acid (PbA) or Nickel-metal
hydride (NiMH) batteries, LIB allow for good energy/power densities, relatively high full
cycle numbers under higher efficiency. In contrary, improvement in LIB to achieve these
goals is depending on complex development of new chemistries including new cathodes,
anodes, electrolytes (currently a yearly average of 8% increase of energy density) and
cell design without jeopardizing battery safety. Connecting individual cells together and
grouping them into modules until sufficient voltage to the drive-train can be provided de-
fines a battery system. To operate a LIB, hardware (HW) as well as software components
(SWC) are required, including electronic circuits which together combine to a battery
management system (BMS). It ensures actively and passively that contractors/fuses (dis-
Jconnect the battery from the load, sensors to measure e.g. temperature, voltages, current,
isolation, thermal system to control battery temperature, embedded control units for bat-
tery monitoring, state estimation and controls to coordinate and manage the activities
of the HVTBS. Also, the mechanical and electrical integration of the LIB is of great
challenge, structural integrity when integrated in the vehicle body as well as low and
high voltage harnesses (EMC challenge) must be understood. Beyond the need of basic
functions of a BMS (sensing), intelligent SW components for tracking and monitoring the
battery condition are required. It must be pointed out that SW methods or algorithms
of the BMS has the most important task to correctly diagnose the measured signals and
to estimate current HVTBS operational state and parameters to predict future perfor-
mance limits (short: power boost in HEV, long: remaining energy for range in BEV)
which are parameters that cannot be measured directly [2]. On the other hand, today,
SW methods and algorithms are not mature enough considering that the HVTBS is a
complex, electrochemical device in an new domain/application, with the prerequisite in
knowledge and understanding of the working principles including degradation and aging
mechanism of HVTBS. The critical information to extract consists of the state of charge
(SoC), power & capacity fade. Electrification, particularly HVTBS, has a big impact on
SW development in the automotive industry. The exponential growth of lines of code



within an intelligent BMS is a result of the increased functionality, safety requirements
and variants of HVTBS.

But, a successful integration of electric mobility requires also cost reduction. As the
battery is the single most expensive system in an battery electric vehicle, while it is both
the most complex and most difficult system to integrate, also in terms of size and weight,
these new batteries are still the least understood system and therefore there is a lot
of room for optimization between these domains, materials, system design (electrical &
mechanical design), thermal system and battery monitoring - estimation - controls (SW).
As of today (May 2018) VW announced that it just ordered $48 Billion in electric car
batteries (Source: Fortune.com). If we can achieve with intelligent software methods an
increase of usable energy/power of the battery system, which may vary from new system
to aged system between 1-5%, this will prevent also an over-dimensioning of the pack
and in the end reduces TCO and high potential cost savings thanks to an intelligent
battery management system, no other current SW application offers this potential in cost
reduction in todays automotive industry.

The automotive industry is reaching an unprecedented level of turning point. The new
challenges are wide-ranging, the future of combustion engine has been signed and sealed,
as electrification was predestined as replacing propulsion systems, also the question who or
what will drive our cars later, questions which put ordinary OEMs at stake now as mobility
concepts turn into software-defined propulsion systems. In the past, OEMs have increased
demands on the suppliers of SWC, but, as BMS SW becomes a strategic product and
driver for innovation, driven by increased battery lifetime by intelligent control schemes
for more exciting driving experience, the development will take place more in-house. As
electro-mobility and electric propulsion systems are relatively new, this pioneering role
in BMS SW development brings a technological advantage and separates manufacturers.
To sum up, BMS intelligent software functions implemented with the best knowledge of
LIB working principles must increase, resulting in a higher demand on computing power
in future xEVs.






2 Introduction

Besides the continuous efforts in advancing battery cell materials to ensure safe and
reliable operation, the most important safety mechanism of a battery pack in xEVs is the
BMS. Tt is designed to monitor signals, estimate SoC, SoH (capacity, impedance), SoF
(available power/energy), as well as control (thermal, charging...) and protect (stay within
the battery limits (power, voltage, current)) the battery system. BMS can be defined as
a system of electronic safety circuitry (HW) and SW components performing tasks, a
software-driven electronics device for estimation and control, installed in the battery,
which uses sensors to monitor the systems (voltage, current, temperature, humidity,...)
with the task to control the performance of a battery according to certain set of principles
or procedures, while dealing with measurement errors, noise, and uncertainties [3]. The
system to be controlled is dynamic, a system whose state evolves with time over a state
space where the output cannot be clear identified by its current input, while the state
space cannot be directly measured. In principle, as the battery is a complex, electro-
chemical device, from a controls point of view, the battery system is defined as a highly
non-linear dynamic system, depending on temperature and usage profile, which changes
its characteristics during lifetime due to degradation. Hereby, the major task is to ensure
that individual cells of a battery system are charged and discharged according to the
manufacturer’s specifications, meaning, that cells have to be operated always inside a safe
voltage, temperature and current window. However, to guarantee for safe operation, an
advanced BMS must not only monitor and control the described limits. In fact a wide
range of functions have to be included in a BMS, including, in particular, measuring,
protection, balancing, analysis, external communications, logging and telemetry. All these
management functions and BMS key objectives can be defined as followed [4]:

e Increase safety, reliability and optimized usage.

e Single cell monitoring and protection.

e Intelligent energy usage efficiency for optimized user case scenarios.
e Reduce battery degradation to extend battery lifetime.

Therefore, to be a leader in any application with large LiB, e.g. home-storage or au-
tomotive, it requires sophisticated software methods and algorithms to estimate battery
condition and unmeasurable parameters to control the battery short- and longterm.
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Uncontrollable Accelerated Aging

Defined Battery Control Area

Figure 2.1: From battery monitoring to battery management - an illustration (modified
from [5])

Looking back at the BMS tasks, monitoring is important, but rather low-level function-
ality with minor gain and potential for improvement. On the other hand, estimation &
control has a big impact when optimized, as on the vehicle level many functionalities
are connected and the driver will feel the impact of a poorly designed behavior. It is
therefore the key part of our discussion as these SW methods objectives are to enable
for all systems in the car which depend on the battery, to use the battery optimally,
such as the supervising energy management unit. As mentioned earlier, the BMS SW
has to perform certain actions, such as estimation of internal states, which are unknown
and unmeasurable. As an example, Fig. 2.1 was presented at the Vehicle Electronics
& Connected Services 2018 [5], showing an overall random cloud with sub-areas repre-
senting different operation areas and fading borders. The BMS supervises the system to
stay within the battery safe operating area (BSOA), as long as the system remains in
this state (short time) it is feasible. Staying within the allowed battery operation area
(ABOA) will guarantee for the calculated and expected lifetime requirements. However,
this border between BSOA and uncontrollable accelerated aging area (UAAA) cannot
be defined as it depends on so many factors (temperature, history, DOD, C-rates,...). It
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is a moving target, non-measurable, and crossing this border regularly will cause faster
degradation and results in neglecting the requirements, in terms of range (energy fade
due to capacity loss) and vehicle performance (power fade due to increase of internal re-
sistance). The usage window can be defined by cell testing and SW method verification
comparing system tests with estimated values based on real measurements. But what
does it mean for the vehicles drive-ability? The necessary information within these areas
is based on how much energy and power is available and will be available for the short and
long term time-horizon. Therefore, the better our defined battery control area (DBCA)
is moving towards the ABOA, the less pessimistic the estimations is hence the battery
utilization rather optimized. As we are crossing the ABOA with the DBCA, that means
we were too optimistic, we estimated more performance than what is actually available,
resulting in a sudden power restriction noticeable to the vehicle passengers. This does
not mean that we will damage the battery long term, as the control algorithm will correct
the overshot quickly to be inside the DBCA within milliseconds or up to seconds, until
the DBCA is close to ABOA. But what makes this so difficult? From the control the-
ory point of view, the battery is a dynamic system with memory, it is highly non-linear,
depending on C-rate, DoD, or temperature, which for example leads to higher losses at
lower temperatures, as the stored chemical energy cannot be utilized efficiently causing
available energy and power to drop. In addition, based on how we are using the battery,
its degradation will follow a different path. The BMS also has to follow the rapid change
in chemistry change, almost every 2 years we see new updated material combinations in
cells which leads to different behavior and higher energy density. An intelligent BMS
with an expected lifetime of 104 years shall account for system changes. It must also be
pointed out, that the system is rather complex as it contains several hundred of cells, each
works as a system for electrochemical energy conversion/storage and by redox reactions
electrical energy is then generated through conversion of chemical energy. This reflects
a heavy burden on the BMS and its computational requirements in the future, as no
infinite CPU performance can be justified. Hence, smart SW methods must be applied
to handle the complexity throughout the battery system. Summarizing the BMSs tasks,
and its interface to the vehicle, its providing short-/long-term power and energy predic-
tion, may control the thermal management fully or requests the vehicle supervising unit
for heating/cooling needs and interacts with the charging systems. On the module level
downwards, understanding the charge levels and battery states such as SoH, and how the
system is going to be used, is of highest importance and challenge.

2.1 The Profound Impact of Electrification: From
Computer-like Car to a Car-like Computer

The automotive ecosystem experiences a wind of change towards technology driven envi-
ronment, electric drive-train, battery technology and artificial intelligence developments
are software centric mechatronic domains with few moving parts. Before this disruption,



2 Introduction

the car was a mechanical product with mechatronic and SW functions (~ 1 million lines of
code), today, extremely complex systems (e.g. PHEV) of connected SW and mechatronic
functions (~ hundreds of million lines of code). Advanced battery management systems,
what does it mean for the electric system and software? In battery management systems,
many cells are interconnected, lots of sensors providing lots of data which has to be fused.
This requires coordination and timing across a distributed system with many ECUs. This
data needs to be analyzed while complex and intelligent algorithms decide and control
the vehicle in a safe manner for all times. High performance computational resources
are needed to process high-bandwidth data in dependency of many known and unknown
variables.

2.1.1 Increasing Complexity in Automotive Hardware and Software
Systems

Over the last years, the complexity in automotive E/E systems including battery manage-
ment systems is increasing. Typical key figures regarding complexity are the number of
electronic control unit (ECUs) and the communication between these embedded systems
leading to a very high number in of on-board signals. Also, for an successful penetration
of electric vehicles on the market, one important factor is the topic of cost efficiency,
therefore, at the highest increase of these numbers is the increase of legacy ECUs, mean-
ing that system designers making use of the fact that ECUs which are used in current
systems are taken from the previous models with minor changes. On the other hand, this
limits the development of new functions when major parts are not allowed to be changed
and leads to logistical challenges in the software integration. Additionally, an increase of
bandwidth on busses and networks for connecting the vehicle to the back-end has to be
addressed. This will be of new importance especially for China since the Chinese stan-
dard of remote monitoring system for electric vehicles has been circulated in draft form
including 5 parts: GB/T for electric vehicle lithium-ion battery safety requirements. This
standard will allow remote control by operators and therefore presents new challenges
in regards to complexity, and security leading to an increase in demands in all domains.
Additionally, the current communication topologies like CAN-bus will encounter limits in
bandwidth considering functions for big data, connection to back-end with many BMS
sensors generating a lot of data. To decrease the complexity of BMS architecture a topol-
ogy with few domains has to be considered. The architectural development has to cluster
the domains after functions rather than hardware nodes. The goal is to minimize the
amount of communication between domains (CAN, LIN, FlexRay) with very large design
space of parameters. This requires that the configuration of the network takes place in an
controlled way in regards to the distributed ECUs, gateways and routings. Good docu-
mented processes is a must during development and integration into the battery system.
The key to successful documentation considering ISO 26262 lies in the development of
good tools, which might not always to be obvious. The complexity diagram for software
functions and tasks of an multi-core engine control unit is illustrated in terms of a call
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Figure 2.2: Complexity of automotive software functions in terms of tasks execution
(Trends in Embedded Systems and Vehicle Networks — Gunnarsson, BMW
AG — 2016-05-11)

graph in Fig. 2.2. The figure shall illustrate the different software tasks represented by
blue dots running on core 1 while the green dots representing the tasks running on core 2.
The red dots are non-movable tasks and fixed on one of the cores handled by the operating
system. A software architect has to create an optimal SW architecture to be able to utilize
the computing power and robustness while safety and security must be guaranteed. Sys-
tem integration nowadays already struggles with high complexity to fulfill requirements.
On the other side, bringing features quicker to the customer requires shorter innovation
cycles. Already the pressure of expectation generated by consumer products is building
up where updates are on a regular base forcing OEMs to major changes. This especially
affects the BMS systems as well, such as remote updates over the air to provide new
features such as aging models for batteries, updates of characteristic maps, new operation
parameters extracted from laboratory test, or data which was not available during start
of production. BMS manufacturer have to enable innovations as quickly as possible to
make it available to the fleet, and provide the customer a new experience every day.
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2.1.2 Trends in Software Defined Cars

To reduce costs for BMS, new technology has to be developed in means of OEM coop-
eration without competitive advantages. To give an example, AUTOSAR is a worldwide
development alliance to establish an standardized software architecture for embedded
systems in automotive applications. It is intended to reduce the legacy ECU costs by
increased transferability of software and safety requirements. One aim would be the same
for a hardware platform, from which similar benefits may result. These challenges and
trends have to be well understood with a number of new players on the market, such
as Apple where rumors suggest that it is developing an electric iCar within the Titan
project. Apple has gained experience with CarPlay, connectivity, and user interfaces,
Google brings highest competence and knowledge in big data and maps, Tesla as a com-
plete new OEM with over-the-air remote updates (OTA) which is well received by its
customer. These trends lead to a paradigm shift from evolutionary development of solv-
ing problems to rather revolutionary approach. EVs accelerate the evolution from the
electric system fail-safe to fail-operational architecture, allowing the driver to be able to
control the vehicle even if a failure (e.g. in battery system) occurs. Nowadays, typically
software updates are scheduled via mandatory or voluntary recall due to problems with
vehicle functionality. In most cases this can be resolved by a software update. Depending
on the servility and urgency of the update, the recall has to take place immediately or
as part of a upcoming maintenance service. The traditional method is quite complex,
may take couple of hours, expensive since flashing equipment is costly and therefore only
a limited number of specialized workbenches is available. Modern methods for remote
software update may solve this problem. For today, most OEM are only able to do so for
some off-board functions, this is mainly caused by the integration complexity for entire
software logistic process, where the firmware is built for hundreds of ECUs, while the
suitable ECUs for updates have to be defined to assure the consistency of the vehicle
configuration rather than the technical challenge of updating. Another aspect is the local
processing of all the measurement data to control the system as in classical automated
control approach. There might be a change to big data (BD) processing, where vehicles
and their BMS communicate sensor data to the back-end and receive feedback with control
signals and system state updates. The services will lead to an increase of communication
requiring a shift from limiting factor of single based communication to IP based networks
as a complement. Several fundamental legal, economical and technical questions as well
as liability need to be answered. Topics for the BMS architecture need to meet safety
standards in an intelligent way because OEMs cannot afford to use the amount of redun-
dancy and development of functions with different teams like happening in the avionics
industry. Therefore, basic functions and their high versions together with the generated
redundancy shall be used without the need to develop multiple instances of the same
function. An important aspect has to be answered, such as how is it possible to guarantee
requirements in case of degradation for safe-operation. Under all circumstances, strategies
need to be in place to fulfill a working system also in presence of failure. As mentioned
earlier, new trends in terms of E/E architecture will hit the market for more advanced
connectivity for battery control for big data analytics, to understand how batteries de-
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grade in the fleet. Hereby, all layers of the E/E architecture including BMS is affected by
these trends. From commercial products well known, software as a product/service (SaaS)
featuring updates even on demand for some time shall be hosted in the cloud which leads
to additional integration challenges for non-AUTOSAR, software components. Even open
software platforms may be profitable to increase software system integration to achieve
safety requirements. Therefore, the system architecture design is more critical to prevent
overload the ECUs with topics of buffer size or point-to-point communication to isolate
high bandwidth functions and separate control signals from measurement data. On the
BMS ECU side, multi-core ECUs become more and more common trend which assures
more computing power for BMS for on-line monitoring and safety functions, however, if
the software is not designed for multi-core purposes, it may even be counterproductive, at
the cost of increasing complexity for software integration. Today, individual attempts on
multi-core task coordination between different cores is investigated, where cores are used
independently from each other, but to get the benefit of computational power of all cores
the cores with scheduling need to be coordinated in a effective way. Traditionally the
ECUs used in vehicles for BMS are general purpose processors, depending on the over-
all BMS system, might still be sufficient, such as for intelligent battery disconnect unit
(BDU) which contains lower software complexity, or safety critical calculations, but the
need for a new family of special purpose processors will raise quickly for more intelligent
BMS platforms. Special purpose processors such as GPU (~3 TFLOPS = 25x Iphone
6s) are not necessarily used for graphic calculations since they perform well in sensor
fusion, DSPs can take over complex signal processing algorithms (~ 5 GFLOPS) as well
as application specific ICs or system-on-chips including already proprietary algorithms.
The obvious way to write code is normally done in a sequential manner, but this cannot
be applied to multi-core ECUs especially the communication between task will become
very complex and important also for the timing, it needs to be taken care that timing
of tasks is well known and deterministic for all components in the E/E system. The
classical older versions of AUTOSAR were not suitable for multi-core applications but
because of general direction of requirements especially for intelligent and adaptive BMS
to move towards high computing platforms introduced the AUTOSAR adaptic platform
for multi-core. It is quite controversial, the software component development increases in
complexity, on the other side agile development shall lead to faster cycles of development.
In distributed battery management systems combining different sensor data (sensor fu-
sion) gives different sets of data, accurate time stamps and synchronisation is required.
On top of all trends, reliability, safety and tolerance to fulfill certain automotive safety
integrity level (ASIL) means significantly increased demands on development processes,
increase of complexity by introducing HW and SW redundancy resulting in significant
effort in testing and validation. In terms of sensor redundancy, the mainstream used
e.g. dual current measurement methods in case one breaks down, HW redundancy such
as dual processors to grant battery monitoring, or even several nodes cooperating with
each other, in case one fails, the substitute can take over or the vehicle control unit may
degrade the functionality of the system. Additional power supply redundancy or in com-
munication link to guarantee that any kind of data or signals may reach the receiver via
a second path.

Much of the technology we see in the current car is already outdated by the time they
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are released to the market, caused by the long development and manufacturing time.
In order to experience new technology and software updates, mostly the only way is to
buy a new car. OEMs dont want to risk to ship software that is not entirely functional
and proven. We have seen that in order to handle the increasing complexity in functions
and software development combined with the requirements in shorter development cycles
to reduce the time to market structured methods for BMS and E/E system are neces-
sary to allow HW/SW development to keep up with cell chemistry releases. New OEMs
from other domains enter the market changing the conventional automotive rules with in-
creased technology. To achieve that, structured methods for a revolutionary approached
is needed to decrease the amount of legacy as much as possible. A paradigm change will
take place with service-based communication and computing platform using many-cores.
Safety aspects in battery systems are also of predominant concerns. Different layers of
safety measurements have to be addressed, functional safety (FS) is one part of overall
safety concept, and amongst others, such crash safety, unauthorized access (security),
passive safety (airbag). That is the complexity for many developers, in FS we are not
talking about specific algorithms, hardware or implementation, rather than referring to
a safety of a function, such as for example, charging, is charging safe, is charging unsafe,
is the operation of the battery system safe? In the beginning, its just on the abstrac-
tion layer where we don’t have implementation rather just looking at functions, can fast
charging be unsafe? The answer is yes, because if some rely on it, and it fails, and it
does not tell or warn the actor that the maximum state-of-charge, voltage, or temper-
ature is critical, it can lead to a dangerous situation if the system does not change its
behavior according to the incidence. But why do we need it now, how could we manage
in the past? The difference is, that the systems and including battery systems get more
complex, in hardware and especially software including connectivity, systems of systems,
resulting in the computer to take control over the systems in the vehicle and 20 years
down the road unforeseeable complexity in energy storage systems will arise. Therefore, a
blue screen on the dashboard on the highway losing pack control with a message: ”Thank
you very much for driving our car, unfortunately the system is out of control” is by no
means an option, therefore, we have to secure the software and the functions and safe
guard the driver. Whatever is done for BMS SW, it will be connected to the cloud for
diagnostic and service reasoning and hence to the Internet, making safety and security
especially important. Secondly, complex architectures are developed for various systems
increasing the complexity, while these systems which are deployed here must fulfill the
tasks of functional safety which someone could argue to be part of the diagnostic system,
it is not autonomy rather interconnected to other functions.

All three parts, on-board-diagnostics, functional safety, and cyber security have the pur-
pose to detect and isolate (diagnose) faults or misbehavior of the system. What differen-
tiate them is the reaction in the end. While the OBD for BMS is the safe guard in the
battery pack up to vehicle level, e.g. hot ambient temperature with high speed may lead
to overheat of the battery pack resulting in lowering vehicle power. Functional safety for
example is, the battery impedance estimation algorithm is failing or the battery controller
has a SW fault resulting in uncontrollable or extra ordinary vehicle speed. The conse-
quence must be reaching safe state in BMS by switching off e.g. parts of the electronics
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and get the system into safe operational state for the driver. Cyber security deals with
threats such as wireless carjackers and is in the grey area between safety and security. It
was shown that two hackers remotely hacking into a Mitsubishi Outlander with cell phone
app to open the doors via an open WiFi access point which was unsecured implemented
using only a 4 bit key, making it relatively easy to get access to the car. This key gives
you access to the CAN bus and by knowing the commands everything is possible to do
with the Outlander. Another example, a Jeep Cherokee which was driving on the highway
many miles away. The outcome was that the brakes were disabled sending the car with
its driver into a ditch [6]. None of the functions such as firewalls, authentication routines,
HW encryption or hacking detection are available in most cars and is therefore a new field
in security related diagnostics and makes security also safety problematic, especially for
the BMS remote monitoring system. All the three methods have to be combined to secure
and safe our BMS and car. The E/E architecture needs to be modified with shared local
high performance computers directly connected to backend data center environment. The
BMS will support over the air updates with updated parameters, resulting in the biggest
challenge, how does the manufacturer handle the constantly increasing complexity of soft-
ware, only when the industry can give an answer to this question, a large number of xEVs
will successfully enter the mass market. Why do we need it, first we want to safe the
driver and secondly the integrity of the company in terms of product liability.

How do we handle all this? Basic systems use characteristic maps, trying to de-
scribe the dynamics of a battery via extensive lab tests and storing these results as a
look-up table in the car. Then during operation, real data is compared with the predic-
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tive values from the look-up tables. A mismatch for these methods is expected as lab
tests cannot describe all the operation space in real application. For this method, the
DBCA will be far away from the ABOA and hence rather inefficient. Therefore, to get a
hands-on user experience in driving xEVs and understanding the current solution on the
market in terms of user experience/interface (UX/UI) and SW maturity/functionality are
tested for Model S, i-MiEV, e-Golf, Zoe, Leaf, i3/i8, Fisker Karma, e-tron, and B-Class
as shown in Fig. 2.4 and Fig. 2.5. The test drive was decided beforehand according to
goolge maps and entered into the cars navigation system. It was of interest how well the
software is capable in predicting the energy consumption for this test drive (not all cars
had this function -;jrange anxiety), how the software can handle the driving behavior,
how the system behaves when load is connected (air conditioning, heating-, seat and rear
screen heating...), basically, how sophisticated current display functions are. It was a
rather sobering realization that the SW functions were partly very basic (i-MiEV, Zoe)
not capable in updating predictions based on current and past driving behavior. E.g.
switching on the fan dropped the range by more than 50 %. Surprisingly, the so-called
"best”system from Tesla also uses not very complex methods for routing estimation, as
illustrated, the predicted value based on past driving history leads to an error of ~10%
for range estimation (Zoe ~13%, I-MiEV ~14%). The BMW i3 uses on the other hand
routing information and reflected a more positive feeling. The overall experience puts
the EV UX/UI expectation back down to the reality of hard facts that the SW must be
refined and improved, as the customer expect equal or better functionality in comparison
to the conventional vehicles (as they pay more).

Instead? In recent years the need of battery systems and its advanced SW has increased
significantly in order to reach performance, energy, lifetime and safety requirements. At
the same time, the cost must drop to compete with conventional propulsion systems
currently on the market. This trend has triggered funding shifts from governments and
companies towards battery system research, e.g. towards new chemistry. However, the
need is especially on further advanced control schemes which require more insight re-
garding the hidden inner states of a battery, which on a contrary cannot be provided
by additional sensors. Instead, most solutions focus on proving an intelligent observer
algorithm as an inexpensive alternative to estimate unmeasurable information.

Using! Model-based battery management design, which does not mean applying visual
methods to address the problems, rather we are using qualitative models to represent
battery behavior, e.g. looking at the electrical properties of the voltage response when
applying current to the battery, as well as thermal properties to predict future cooling or
heating needs caused by charging and discharging. These kind of challenges have been
investigated in different domains using methods from statistical signal processing and au-
tomatic control theory. These methods shall be reviewed and implemented to provide a
quantitative evaluation of different algorithms. As the described BMS study later shows,
common architectural designs for BMS must be considered for SW development, e.g. cen-
tralized BMS, where cell monitoring units (CMU), also referred as to BMS slaves, battery
electronic control module (BECM) referred to BMS master, are integrated on one single
PCB. In contrary, the modular BMS architecture consists of individual module manage-
ment PCBs placed close (normally on top) of the battery modules with normally reduced
complexity, namely measuring, sensing and balancing function. The data is sent to the
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BMS master to execute remaining functions such as analysis and system control.

2.1.3 Thesis Structure

First the Motivation chapter describes the profound impact of electrification on OEMs,
and how traditional mechatronic solutions focused OEMs are forced to become a software
driven company. The second chapter, Introduction, discusses new trends in software
defined cars, and that the BMS control unit is a central component for all future vehicle
functions (even in automated driving).

In Chapter 3, 7 BMS of different manufacturers were evaluated, to mainly understand
the maturity of implemented SW, from which only 1 is commercial available. Due to the
sensitive data, it is not possible to reveal the manufacturer names, rather they will be
called BMSUT #1...#7 (BMS under test). 6 of the BMS systems are intended /partly al-
ready operate in battery electric vehicles (BEVs) while one system has is a multi-purpose
solution (Lithium Balance A/S sBMS). It is important that during BMS HW and SW
development many guidelines and aspects have to be considered to ensure usability for
safety-critical battery systems, amonst other guidelines, following the [SO 26262 standard
"Road vehicles - Functional Safety”is here considered during the own BMS SW develop-
ment and for benchmarking these 7 BMS systems. Additionally, around 350 papers from
2014-2018 in regards to algorithms for SoX were grouped into categories to understand
the research trends, which is used as input for our SW methods evaluation.

Chapter / introduces the principles in estimation and its problem, of signals and sys-
tems using nonlinear stochastic filtering, and what on-line, real-time estimation methods
requires to monitor batteries. The objective is to introduce the way of conducting the
evaluation of the state-of-the-art estimators for non-linear systems, to identify appro-
priate filter and model combination which were rated under accuracy, complexity and
robustness, while the set of filters, their classification and verification are covered.

Chapter 5 discusses the Bayesian optimal filters for non-linear systems, and the number
of methods which have been developed for these kind of problems, linearizion methods
e.g. extended Kalman filter, and other numerical approximation methods (Gaussian sum,
iterative quadrature, deterministic sampling approximation). Also, artificial intelligence
algorithms, such as neural networks and deep learning are discussed.

Although the importance of state and parameter estimation is discussed in the previous
chapter, in Chapter 6 by describing the multi-variable problems, the profound and com-
plete evaluation for battery systems is provided. The comprehensive discussion involves
the definition of the estimation framework and integrated for state- and parameter esti-
mation using joint and dual estimation with respect to their underlaying attributes. Also,
new estimation techniques from the field of Machine Learning are introduced. All are
benchmarked in regards to various battery equivalent circuit models as they are needed
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for accurate voltage, power and aging prediction. Due to the batteries properties and
non-linear behavior, the investigation concentrates on local and global non-linear meth-
ods for State-of-Charge and ECM parameters, while Machine Learning methods are used
for Remaining Useful Life / State-of-Health estimation.

Chapter 7 deals with the SW testing and hardware-in-the-loop BMS validation on func-
tional and non-functional level, designing a new battery system simulation environment
including fault insertion.

The final Chapter 8 discusses the challenges in safety-critical systems design, introducing
a new way of IS026262 complaint model-driven software development taking into account
a new tool-chain for SW architecture and model development for BMS multi-core target
CPUs. The introduced ecosystem fulfills the requirements during development phase with
traceability, validation and verification, for which new model-based battery management
tool-chain was proposed while computing power was optimized, before the work ends with
a summary and outlook in Chapter 9
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3 State-of-the-Art Battery Management
Systems

3.1 Architectures and Subcomponents

The HVTBS and its design depends on the application and its requirements (e.g. aerospace
vs. home storage systems) which vary in terms of power and energy demand, environmen-
tal condition (ambient temperature) and safety level. The following Chapter is summa-
rized from e.g. [7][8] [9] [10]. This freedom of design is not standardized and hence, not
limited in terms of mechanical, electrical and thermal implementation, each system has
to be developed starting from almost white paper and just taking ”lesson learned”into
consideration. A main component of the HVTBS is the cell module, which consists of the
individual cells integrated in macro cells (modules) e.g. below 60V. The interconnection
between modules may vary between serial and/or parallel and is supervised by the BMS.
The thermal systems’ task is to keep the battery pack within its defined temperature
range. The system can be active (e.g. water cooled) or passive by air. Some systems
also have the opportunity to pre-conditioning the battery pack by heating up the system
e.g. in harsh winter condition to prevent lithium plating. All of the components are
tightly placed within a battery tray & lit (housing) to protect the components from the
environment, which also includes all interfaces (signal /power/thermal) to other nodes in
the vehicle.

3.1.1 High-Voltage BMS HW Components

The scope of a BMS typically consists of the following main components, BECM (Master)
- Battery Electronic Control Module which is the dedicated hardware for communication
and data collection and processing from CMUs, external communication, performance
management with diagnostics and safety 1/O functions. CMU (Slaves, or CSC)- Cell
Monitoring Unit/Cell Supervising Controller, which is a dedicated hardware for indi-
vidual cell voltage measurement, cell temperature measurement, balancing resistors for
balancing for pack equalization and a battery disconnect unit (BDU) sometimes referred
in the literature as switchbox. As mentioned earlier, there is no standards architecture
on BMS and for each new vehicle platform a new BMS must be designed based on the
pre-defined requirements. Therefore, it is necessary to understand the traction battery
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Figure 3.2: Schematic illustration of a battery module and its components. (modified
from [3])

system components and its structure. As illustrated in Fig. 3.2, typical components are
defined. Besides the battery modules, the system consists of the BMS, a thermal system
for heating and cooling of the pack, a BDU, connectors for HV an LV. In case of a mod-
ular system, the BMS slaves are placed typically on top of the modules, to perform cell
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monitoring. The slaves are commonly interconnected via an isoSPI or CAN communica-
tion line ending at the BMS master. The BDU consists of HW and SW functions, e.g.
HYV contactors, fuses with short circuit monitoring using over-current fault handling, fuse
blown monitoring and fuse blown fault handling, in some cases the current measurement
board (CMB) is integrated in BDU, for current measurement, current offset calibration,
pack voltage measurement, DC link voltage measurement, voltage comparison, passive
discharge check, current sensor rationality check, a pre-charge resistor which limits the
inrush current and isolation resistance monitoring to measure if the vehicle is sufficiently
isolated from high voltage components. In Fig. 3.3 a schematic illustration of a battery
management system is illustrated. Additionally, some BMS are able to control the ther-
mal management, e.g. pre-condition the battery at low temperatures or control thermal
balancing with passive/active cooling/heating, valve control, pump control, coolant level
monitoring, coolant temperature monitoring, coolant flow estimate or wake up to cool.
Also the BMS is managing the charging sequence, including charge handshake/request,
and charge control. In order to process the information of a vehicle crash, the BMS must
supply additional CAN inputs and fault handling. With regard to the architecture, BMS
are classified according to the installation mode and its modularity being the choice for
the given application a compromise between safety, costs, reliability and integration. The
BMS is realized using general purpose micro-controllers reading in measurements, as well
as more or less distributed power and control PCBs with the task of controlling, calculat-
ing, estimating and predicting functions executed by the monitoring algorithms running

21



3 State-of-the-Art Battery Management Systems

on the embedded system. Connecting the battery management system electronics to the
battery cells must be accomplished with a very high degree of reliability. This connection
between BMS slave and modules performs two functions, carrying the cell balancing cur-
rent, as well as providing the voltage signal to the measuring circuit. The wire must be
sized appropriately to carry the balancing current without excessive temperature rise. The
wire selected must have a temperature rating exceeding the maximum service tempera-
ture plus the expected temperature rise during balancing. At failure mode of short-circuit
currents flowing in the sense harness is an important consideration. Wire harnesses have
to be constructed using conductors rated for the maximum expected potential difference
between both the battery pack terminals when fully charged, and between the high voltage
system and earth ground. In the following, different BMS HW architectures are discussed,
as it is an important input into the SW methods design [7][8][9][10].

Centralized Architecture The simplest solution in terms of distributed system and in-
stallation has all his functions defined on a centralized single board reducing the
need and costs of inter-module interfaces. On the other side, this single point setup
requires wiring to the central location and limits the scalability of the system due
to fixed number of installed cell monitoring ICs, decreasing the HW effort, while
increasing the wiring within the battery system. At the same time, it has to handle
and support the entire system voltage which means that all connectors must be de-
signed and rated towards the pack voltage. Although some designs are driven by the
fact that the potential difference of successive modules provide isolation barriers,
in case of a system fault, the chance of running into higher voltage faults is given.
Since balancing will take place on that PCB, the local heat generation and cooling
has to be considered.

Modular Architecture Distributed systems offer the highest degree of modularity since
all individual cell modules are equipped with a measurement unit board which is
responsible for monitoring the voltage, carries balancing resistor, and digital com-
munications which offers a simpler design and tends to offer higher reliability while
all slaves are interconnected by e.g. serial communication network ending at the
master. This topology is designed as Master-Slave architecture, where the mas-
ter represents the single central management module, which is fully responsible for
calculating unknown battery states and system controls. The slaves monitor and
control a group of cells and are responsible for measuring cell temperatures, volt-
ages and are in bidirectional communication to master, which initiates balancing. In
modular system designs, the amount of installed battery modules and slave boards
are identical, and when highly integrated the slaves are mounted on top of the bat-
tery module, where the slaves measure via sensing lines, or directly via the PCB.
The communication between master and slaves can be based on different protocols,
CAN, isoSPI, or Ethernet. In general, modular systems are heavier and more ex-
pensive due to extra circuits which consume more energy from the cells. Broadly
speaking, the modular architecture combines the (dis-)advantages of centralized and
distributed systems.

22



3.1 Architectures and Subcomponents

Semi-Modular Architecture The slaves of semi-modular systems can generally monitor
more cells and are not integrated within the modules. In this context, the BMS
can be scaled and expanded throughout the system development, when the final
size or design layout of the battery pack is not frozen (cell supplier is changing cell
chemistry /layout), and is therefore designed to be less depended on the sensing cir-
cuits. Also, some may prefer or require ” off-the-shelve-BMS” products (e.g. Lithium
Balance) which are developed for generic applications and fit for purpose.

Computing Architecture Here the measurement or control circuits are installed on on
multiple HW components/circuits throughout the different battery modules. In gen-
eral, the master is responsible for most functions toward safe functionality of the bat-
tery pack, including contactor control, communication, pack temperature/voltage
monitoring, requests cooling/heating requirements, and most important, calculates,
estimates and supervises the SoC, SoH, SoF (SoX) functions. Besides the hard-
ware, the key function of the BMS are carried out by an increasingly large amount
of coding lines, consisting of complex algorithms, operating system with costly soft-
ware architecture such as AUTOSAR that ensures safe operation of the battery.
Depending on the necessary computing power for a BMS, the software architecture
and computing power holds free selection of design [9]. For instance, in modular
systems, the slaves may consists of a computing unit to monitor individual cell
voltages, temperatures, and initiates the cell balancing.

3.1.2 High-Voltage BMS SW Components - Requirements and
Functionality

The major BMS task is to ensure that individual cells of a battery system are charged
and discharged according to the manufacturer’s specifications, meaning, that cells have
to be operated always inside a safe voltage, temperature and current window, limited by
certain current, voltage and temperature. However, to guarantee for safe operation, an
advanced BMS must not only monitor and control the described limits. The superset of
individual functions are represented in the Table 3.1 and differs from BMS to BMS due
to different requirements (e.g. automotive, aerospace,heavy duty machinery and more).
The general requirements can be grouped into [4][7][8][9][10]:

1. Measuring, sensing and balancing
2. Protection
3. Analysis and high-voltage control

4. Thermal management
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5. External communication and data logging
6. Power and energy management with diagnostics

7. Basic Software Module which defines basic software functionality close to the HW
(System, Memory, Communication, Diagnostics, Complex Device Drivers...)

Due to the immense variety in battery cells (dimensions, sizes, chemistries) and battery
pack vehicle integrations restrictions, an infinite possibility of combinations and architec-
tural designs are possible. The BMS comprised of HW and SW must be designed in a way,
to safely manage and control energy transfer as well as enables overall functionality of
battery systems for automotive applications. The main task is safe operation within the
specified working range and maintenance throughout the battery cells lifetime. Recent
years have shown, that the trend towards modular and scalable architecture is favored.
However, most systems are not independent from battery system or even module design
and therefore don’t offer generic interfaces which makes it impossible for easy mechanical
and electrical integration. The same holds for SW part, changing chemistry or replacing
cells later is not possible since adaptive SW is rarely used. As stated and categorized
before, the functions for the BMS are to measure individual cell voltages, module temper-
atures and system current, additional safety functions such as the isolation measurement,
contactor control for safe dis-/connecting the battery system from the propulsion sys-
tem and thermal management must be considered. In regards to protection, electronics
monitor all signals against all over-voltage and temperature, violation of charging and dis-
charging currents or even short circuit detection. Communication with the overall vehicle
control unit (VCU), as well as vehicle energy management (VEM) must be established,
to communicate constantly the battery status, such as available and future energy and
power limits. Also for warranty propose and lifetime estimation, critical states are logged
and saved in the BMS EEPROM for future analysis. The task of the power and energy
management is to calculate the battery system state, estimate available power and charge,
and equalize the cells in the battery system. Besides the battery diagnostics (monitoring)
where the SoH or the remaining useful life in cycles or capacity is estimated, additionally,
an overall battery diagnostic strategy must be implemented. The basic aim of the diag-
nostic system is to detect and report faults in the battery system and all its components.
The goal is to have a self-diagnostic system which is capable to identify and locate all
faults (including external circuits connected) in the system throughout the entire lifetime
by means of analyzing diagnostic trouble code (DTC).

Safety Management The key task of a BMS is safety management and protection against
thermal and electrical abuse outside of specified operation window. Methods must
be implemented to supervise these parameters and protect the battery pack against
these conditions. These methods include:

e power and energy management (e.g. limiting continuous or peak power capa-
bility under certain operating conditions)
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e thermal management to equalize temperature gradients between cells (i.e. con-
trolling heating/cooling system)

e to disconnect the battery pack from the load
e to prevent dangerous states such as deep-dischared or overcharged

e control the switches located in the BDU with also includes other components
such as current sensor, isolation measurement and interlock enable lines

e pre-charge and soft start control are required to allow the battery pack to be
connected to capacitive load/transients

Measuring Accurate measuring is of high significance of digital BMSs. A sophisticated
digital BMS has to be able to measure pack current (typically 0.5 — 1% up to 500A
accuracy) and pack voltage (typically 0.1% accuracy), voltages of cells (3 —5 mV)
connected in series and temperature ( £1°C accuracy). For cell chemistries with a
especially flat OCV characteristic curve a very high accuracy is required. Besides
voltage and current, several temperatures within the battery pack best placed at
hot and cold spots, have to be measured. Additionally, supplementary sensors, such
as environment sensors like humidity sensors, GPS for location using analog and
digital I/O [3]. Pack current can be measured using a Hall effect sensor or/and
a current shunt. Hall effect sensors, unlike shunts, will be isolated, non-resistive
and stable over time and temperature, but suffer from offset at zero current. Pack
voltage will be measured or calculated from the sum of single cell voltages, whereas
cell voltages can be measured either using one analog to digital converter per cell
or a multiplexer. It should be noted that isolation of voltage signals from control
signals is an issue in large packs and has to be addressed. In automotive application
and the LIB chemistry certain accuracy and sampling rates are required, depending
on the used cell chemistry, these requirements may be adjusted also for precise
state estimation. At the same time, the measurement circuits PCBs must be robust
against electromagnetic interference (EMI).

Balancing If cells in a pack are connected in series, in order to maximize battery capac-
ity, BMS has to correct cell-to-cell unbalances through active (non-dissipative) or
passive (dissipative) systems. Passive systems are usually made up of simple re-
sistors, different power ratios are possible, while a great number of topologies have
been proposed for active systems using some type of DC-DC converter with or with-
out transformers. Furthermore different balancing algorithms shall be proposed, a
smarter method is required. Heat dissipation in passive systems and cost, relia-
bility, volume and standby power consumption in active systems are issues to be
considered. The origins of the unbalance are interconnection of cells with different
SoC levels when the pack is built and/or differences between single cells that show
distinct self-discharge rates or capacity under certain operating conditions. Thus,
balancing is a key function for large packs if the cells are not preselected for the pack
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(choosing cells with similar capacity/internal resistance with a minimum standard
deviation). Charging strategies (CC/CV) , final voltage, and thermal management
have to be included in the system design. Balancing faults in regards of high self-
discharge, voltage measurement deviation have to be considered.

Analysis Analysis of measured variables allows the BMS to estimate and predict the

pack status and therefore to optimize its performance. More advanced algorithms
are required to address the management challenges of battery technologies for each
specific application, for a LIB (eg NMC, NCA) must include accurate SoC and
remaining run-time indication for user convenience and extension of battery lifetime.
Also, prediction of power capability is also a must for any BMS used in LIB EV
applications due to high power charge and discharge pulses. For LFP chemistry, a
voltage hysteresis model has to be included.

External Communications BMS systems incorporate communications between the bat-

tery and other embedded systems of the vehicle, such as the charger and fast charg-
ing interface to transmit information such as SoC, SoH or energy or power pre-
diction, while at the same time the BMS received data as well. Communication
interfaces also need to allow the user access to the battery for modifying the BMS
control parameters, for diagnostics or testing. The BMS system devices requires
communication with external equipment. This is a data link used for performance
monitoring, for data logging, for diagnostics, or for setting system parameters and
communications channel carrying system control signals. The choice of the com-
munications protocol is determined to be CAN to the external devices. External
communications include the transmission of a wide variety of data from and to the

BMS through different channels.

Power and Energy Management (PEM) Common features are: charger control (also

wireless), different power plans or operating modes (e.g. maximum runtime, maxi-
mum battery life...) and ability to be charged during operation, as well as safety
hazards and impact in the grid operation and stability. Therefore it is necessary the
highest accuracy of the input data used to compute the PEM algorithms, i.e. the
state variables estimated and predicted in the analysis module (SoC, SoH, remain-
ing useful life (RUL),...). Using PEM in these applications, the cost of the energy
production, distribution, maintenance and operation can be reduced, increasing as
well the reliability, safety and lifetime of the battery.

Power supply The battery management system slaves shall be powered directly from the
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cells in the battery stack, if not power could be completely provided by an external
control voltage supply. Alternatively the high voltage bus, either on the battery
side or the load side, could be used as a potential power supply. Combinations of
the above implementations are also possible. The master is powered by the SLI
battery 12V board net. Regardless of its source (internal or external), real-time
measurement of this supply voltage is required. It is a must that on-board backup
power for at least the microprocessor and supporting circuitry such that a loss of
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power leads to a controlled shutdown with an orderly save of data to nonvolatile
memory.

For a state-of-the-art BMS, the function attributes consider following requirement set:

Diagnostics System diagnostic implementation with diagnostics interface, diagnostics
conditions, storage of diagnostics data (snapshot data), diagnostics calibration, no-
tification concept, and others.

Battery Mode Manager with functions for power up/power down, restart after fault.

Battery monitoring, estimation & controls SoC estimation, including SOC limits with
a required certain accuracy, cell SoC/voltage balancing, short-/long-term power
prediction considering SoC/temperature dependence for dynamic voltage limit de-
termination, health condition estimation for capacity /resistance determination.

Safety In terms of safety, voltage and current monitoring is of highest priority, it must ac-
count for current measurement, including current offset calibration, single cell/link /pack
voltage measurement with voltage comparison for plausibility checks, passive dis-
charge and current sensor plausibility check. All the functional safety related SWC
are based on the results of the hazard and risk analysis and functional and technical
safety concepts.

Base Tech Additional SW modules include base technology with HW drivers, to make
sure software download is possible, network management and calibration of parame-
ters, memory read/write, reset and failure handling. Regarding the communication,
the system must be robust and be able to handle the system in case of lost commu-
nication, as well as measurement signal synchronization, analog filtering or quality
factor signals handling.

SW Quality Assurance During the SW development phase, SW quality assurance must
be account for, including documentation, full testing over all layers (unit, software-
in-the-loop (SIL), hardware-in-the-loop (HIL), vehicle...) Static code checks and
formal reviews of design and code, functional unit tests, continuous integration
and testing using e.g. Jenkins, automated functional tests on HIL test benches,
regression testing, which must be reviewed amongst all stakeholders for final delivery.

Looking closer into the SW architecture as shown in Fig. 3.6, it can be seen that there are
different level of features. The SW architecture is designed after the AUTOSAR standard,
with the idea to standardize basic SW modules to manage the increasing complexity.
The modular structure makes it possible to re-use legacy code and SW modules from
previous projects, to improve efficiency and handling the shorter lead times, when ECUs
are changed in the automotive industry. By decoupling application layer from basic layer
with a clear interface, the reference architecture can be migrated to new E/E architectures.
Again, different options are available depending on the chosen system architecture, e.g
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centralized systems use single ECU approach containing all the functionality. As chosen
for this work, a modular BECM-CMU architecture is chosen with distributed functionality,
for which ICs on the CMUs are responsible for voltage/temperature measurement as well
as balancing. Also, there are BMS available with CAN communication between CMU
and BECM, in return the MCU can be used for data-preprocessing to add additional
functionality to CMUs.
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(a) AUTOSAR layered architecture provided by AUTOSAR.
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(b) Developed SW architecture for advanced, safety-critical BMS.

Figure 3.6: Proposed and developed SW architecture following AUTOSAR standard.

In the following, only for this work relevant AUTOSAR working principles are mention,
further information can be found in [12]. The fully-preemptive multi-tasking framework
is designed to account for that the safety-critical function carried out in time. The ar-
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chitecture consists of multiple layers, application layer (top level), runtime environment
(RTE) (middle level) and basic software (BSW) (low-level). Within these layers, follow-
ing are integrated like micro-controller abstraction layer, ECU abstraction layer (ECUAL)
and services layer (SL). The functional SW is designed in terms of software components
(SWC) parts of low-level code that executes an application not only on the highest level,
the virtual function bus manages the interaction within all SWC and maps the SWC to
the ECUs with their configuration of base tech SW. The application is the most top layer
and divided into SWCs (e.g. SoC, SoF, SoH...). The SWC using ports to interface to
others, also the data types are defined. The SWC are decoupled and independent from
the used ECU hardware. The application layer communicates through the RTE with the
BSW. MCAL is the lowest SW layer of BSW| including internal low-level drivers to access
directly the MCU. ECUAL interfaces the external and MCAL drivers. SL represents the
top level in BSW, offering OS functionality, vehicle network communication, diagnostic
services or ECU state management. Additionally to the SWC, a flash bootloader is re-
quired. The developed platform is implemented on an 32-bit MCU Multicore/Lockstep
AURIX from Infineon, based on three independent 32-bit TriCore CPUs. 2 out of the 3
cores feature an additional lockstep core enabling 1SO26262 functional safe computational
power. Within the functional safety SWC, the error manager supervises and triggers the
handler in case the fault exceeds the allowable time of action. Also, the safety system
will also run on the corresponding lockstep core of the Aurix, which enhances the overall
safety monitoring. Also, functions are split into different core for increased redundancy
and freedom from interference. In this work, the ASWC are located on Core0 with lock-
step, the SSWC’s are also located on a separate core Corel with lockstep. Core2 is
used as a benchmarking core for advanced algorithms, over-the-air new functions may be
uploaded and compared to ASWC calculations, in case of improvement ASWC may be
flashed. The overall SWC'’s are summarized in Table 3.1 [7][8][9][10].
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Classification of proposed SW components for intelligent BMS functionality

Application - ASW

Basic SW - BSW

Functional Safety - FSSW

Measurement /Monitoring
Cell voltage

Cell/module temperature
LV supply (KL15/30/31)
Balancing

TS coolant (leackage, T)
Contactor (diagnostics)
Pre-charge

Fuses

Interlock

Crash

Insulation

HV current

HV DC-link/system
Sensor synchronization
Humidity

Slave IDA

Address registration

UDS, update programmable

Controls
Thermal system (pump,fans)
Pre-charge

Battery State Estimation
Data pre-processing
Plausibility check

SoC

Battery impedance
Diffusion

Adaptive char.maps
Capacity

Available power

SoH

Available energy

Cell equalization

Data logging

Remaining useful life
Charging time

Fault detection & isolation
Active/passive EIS
On-line SW benchmarking

Support of

A /D measurements (V/I/T)
Improper node/node
State control

Network management
Power-up/down

Contactor control

Fault handling

Cell balancing
Diagnostics

Crash signal
Communication protocolls
OBD standard

NVM access/mangmt.
Operating system

RTE with Task scheduler
CPU load monitoring
HAL driver

Support/handling
Calibration via XCP
RTC

Restart after fault
Fault event logging

Monitoring for SC
Voltages

Cell/module temperature
Program flow
End-to-end comm.
TriCore safety features
Crash signal

Fuse status

BDU diagnostics
Interlock

OV/UV protection
SDU status

Handling
Diagnostics
Safety errors
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Overall BMS functions schema
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Figure 3.4: Schematic illustration of BMS functions (modified from [4][11]).
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Figure 3.5: Schematic illustration of BMS functions.
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3.2 Literature Review and Objectives

This section follows up the critical review of the methods for monitoring of lithium-ion
batteries in electric and hybrid vehicles in Waag et al. work [13], which has reviewed more
that 350 sources until 2014 based on BMS requirements. This work extends this effort
including 350 publications in this field from years 2014-2018, but instead of following up
with a classical literature review, which includes the evaluation of the individual work.
For that, it shall refer to [13][14][15], instead, the classification of methods derived in [13]
is further extended. As it shows much research is put into battery diagnostics. Therefore,
this thesis is going to answers the question:

Which method (filter € model) reaches a certain efficiency p = X% with
a certain stability ( = Y% with the least implementation effort and lowest
computational cost.

Therefore, it is important to understand the estimation problems to this task, which must
consider the following [16]:

(a) understand the battery dynamics in terms of aging;

(b) hidden dynamic states must be observed while considering measurement noise;

(c) for good filter parameterization, knowledge of process and measurement noise co-
variances are one requirement;

(d) on-line identification to counterattack model inaccuracies caused by model reduction
and change of system behavior.

(e) recursive or batched based problem

(f) robustness and convergence towards meaningful values

(g) equality and inequality constraints handling

(h) low complexity on derivatives or need for Jacobians or Hessians

(i) does system- and sensor noise to be considered; if so, what is the underlaying noise
process (Gaussian / non-Gaussian)

(j) stochastic, deterministic or optimization problem statement

(k) robust numerical algorithms available
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(1) feasibility of implementation, complexity handling and robust to uncertainties

For the requirement-purpose of battery state- and parameter estimation in batteries, the
focus in this work emphasis non-linear, stochastic estimators (deterministic estimators are
referred to as observers) which must be adaptive to account for the battery performance
change caused by degradation over lifetime.

But starting first, the focus now is to summarize the methods for the battery states and
parameters to be monitored and group them into functions (SoC, impedance, capacity,
SoH, power, RUL) and categorize the applied filter methods. The general trend uses
simplified behavioral models of the battery characteristics (electrical -;, voltage response to
current); thermal -; heat generation / losses and temperature control) which can be used
to estimate and control the battery attributes. Then, most often methods from automatic
control theory and signal processing methods (Kalman filter) are applied. Something must
be pointed out, as already stated, software in vehicles is becoming a strategic product,
especially with BMS ASWC, as a lot of research is invested. But let us not forget that
although these algorithms are the main driver, it could not work without the overall
SW development and integration processes. Therefore, it is a mistake to just look at
algorithms when discussing BMS SWC, it is more than that and therefore all aspects
(methods and tools) are discussed in this thesis.
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3.2.1 State of Charge Estimation

The State of Charge at all times is a proportional indication of available charge in relation
to the state the cell is fully charged. Its unit is in %, where 100% indicates a fully charged
battery, and 0% fully discharged.
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3.2.2 Impedance Estimation

The battery impedance is defined by the manufacture and the design of the cell. However,
this attribute changes during lifetime as the battery ages and so does it impedance. The
information about present impedance is an important input to estimate energy losses
during driving, SoC estimation using electrical models and for power prediction. The
applied method must be very accurate and consider all dependencies (e.g. current).
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3.2.3 Capacity Estimation

The battery capacity indicates the batteries’ stored and available energy when it is fully
charged. The cell capacity for a new cell is defined by the manufacturer and its chemistry.
However, over the lifetime the available capacity changes due to degradation mechanism
leading e.g. loss of lithium. The methods for present capacity estimation must consider
aging and needs to be adaptive.
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3.2.4 Available Power Estimation

The task of a battery is not only deliver energy to the propulsion system, but it must also
be assured that the battery is capable to deliver a certain power at all times. It is crucial to
estimate the limiting factors, such as voltage limits, current limits, SoC or temperature in a
predictive manner. The applied methods have to consider the dependencies to internal and
external conditions, such as load history or temperature. Battery characteristic changes
due to aging must be considered as well.
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3.2.5 State of Health Estimation

The battery attributes, such as storing energy (SoHe), delivering certain power (SoHp)
reduces over its lifetime due to battery degradation. SoH is a figure of merit to indicate
this aging phenomena, a new battery has a SoH of 100%, while a battery is considered
aged is 0% to a predefined minimum level.
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3.2.6 Remaining Useful Life Estimation

Last but not least, RUL defines the remaining time or cycles of charging/discharging until
the battery reaches a SoH = 0%.
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Which methods to investigate is clear when evaluating the publication list. It is apparent
that methods from automatic control for state- & parameter estimation determines the
direction of research and hence, was the motivation for this work.
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3.3 Analysis of State-of-the-Art Battery Management
Systems

Even though cell technology with its energy density, cycle life or power capabilities keeps
improving, alongside with material improvement the control becomes more complex, the
innovation has to take place also in software, hardware like embedded system and semi-
conductors to provide safe, reliable and efficient management. The complete system is
responsible, including controls, thermal system, sophisticated electronic devices which
go hand in hand with intelligent software. Only then the system is able under all cir-
cumstances to precisely calculate the state of the battery, with its parameters to draw
conclusions about its current and future condition, improve range and lifetime and guar-
antee that the battery does not reach critical levels. Therefore, to understand the needs
for novel and next generation battery management systems, state-of-the-art commercially
and non-commercially BMS are evaluated. In the following, 7 BMS have been analyzed
in regards to key parameters and features, taking HIL tests and surveys into account,
to determine the individual features. In general, for BMS components based on complex
electronics, the requirements are that these systems are manufactured with high quality
and standards to fulfill highest requirements. To understand the requirements for battery
monitoring software, the state-of-the-art battery management hardware architecture cur-
rently in use in commercial available vehicles is studied. This gives a better understanding
for future needs and requirements for intelligent software functions. Because of simplicity
and non-disclosure agreements, acronyms are used instead.

3.3.1 BMSUT #1 - System A

The E/E system architecture of supplier A is defined as following. The master is the
main controller based on Infineon AURIX family for SoX calculation and battery system
control, it offers the interface to the vehicle, generates the high voltage interlock loop
(HVIL) as well as relays drivers. The slave, is responsible for cell voltage and temper-
ature measurement. Here, manufacturer uses different amount of temperature sensors
per module, starting from 1 up to 6 sensors. The CMU is also equipped with balancing
resistors responsible for cell balancing. The cell voltage measurement accuracy is here
of importance over the lifetime of the system, and as discussed earlier, the modularity
of the cell configuration, here it is based on an BMS IC chipset from Linear Technology
allowing modularity and +-3V measurement accuracy over lifetime. The passive balanc-
ing system with diagnostic capabilities is based on voltage or SOC and executed during
normal system operation or during idle while master is periodically woke up by RTC. The
communication with master is implemented using a differential daisy chain setup. To ac-
count for diagnostics and safety functions, the CMU offers over-temperature protection,
open wire detection and reference voltage for plausibility of voltage measurements. One
important component which is mostly not discussed in literature and considered as part of
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Figure 3.7: Supplier A: BMS E-architecture

the BMS is the battery disconnect unit. The BDU must provide safe and reliable connect
and disconnect of high voltage battery pack to the overall electrical drive-train, including
inverter, DC/DC converter etc and acts to ensure a safe operation during servicing, crash,
or fault conditions. It has a pre-charge function for the DC-link, HV circuit protection
and interlock function. For supplier A, the BDU is responsible to measure the battery
pack current (ASIL-C) as well as the battery pack as well as link voltage measurement
(ASIL-A). The BDU also consists of the integrated internal and external isolation moni-
toring unit while it is connected to the master via CAN. Regarding diagnostics and safety
functions, it offers main fuse and relais diagnostic.
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Figure 3.8: Supplier B: BMS E-architecture

3.3.2 BMSUT #2 - System B

For Supplier B, the E/E system is illustrated in Fig. 3.8 and shows similar architecture to
Supplier A. The system also consists of a master, slave and BDU. Regarding the central
processing unit, it is not based on a Tri-core controller, nevertheless, it is an automo-
tive safety controller with lock-step function. In terms of controllability, the BMS from
Supplier B is not able to act as a thermal manager; also, in terms of functional safety,
only one temperature sensor (NTC) is supported per module of 12 cells. Furthermore,
this BMS supports two high voltage interlock loops (HVIL) and five digital output ports
for contactor control including for on-board charger (OBC). The entire communication
is based on CAN which makes the system robust but also expensive. For the slave HW,
the major difference to supplier A lies in the slaves module-to-module communication.
Supplier B trusts the CAN interface, while supplier A uses a bidirectional isolated serial
port interface via a single twisted pair of wires increasing the noise immunity. A trans-
formers over capacitive based approach is used, in which the BMS IC translates standard
SPI signals into pulses and sends these out. It is assumed to reduce costs since no addi-
tional CAN transceiver or micro-controllers are used. Supplier B, however, uses a 80pin
16bit /32MHz general purpose micro-controller featuring CAN 2.0 A, B software compat-
ible module. The slave also consists of protection measures, such as against over-voltage
or under-voltage. The slaves are supplied by the cells directly. The BDU also carries a
micro-controller acting as a battery sensor, voltage sensing at on-board charger, inverter
and on pack level.
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Figure 3.9: System C: BMS E-architecture

3.3.3 BMSUT #3 - System C

The E/E system architecture for Supplier C is illustrated in Fig. 3.9. Similar to Supplier
B, there are separate private CAN interfaces to the vehicle and BDU while Ethernet is also
available. In comparison to the previous supplier, here, the master calculates, monitors
and requests the cooling demand for the battery pack, and it detects any coolant leak
inside the battery box.

The slaves are equipped with a 32-bit/48 MHz CPU and CAN module from Freescale.
The software architecture consists of third party SW which is controlled by OSEK OS.
The system takes care of balancing, diagnostics, and other safety features and is unique
within all tested systems. In comparison to other suppliers, the HV current paths are
PCB assembled, where main contactors, pre-charge and resistors, shunt and bus bars are
directly connected to PCB. This leads to a reduced effort in cable harness for control as
well as voltage and temperature diagnostics with no spacial limitations including cooling
concept.
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Figure 3.10: System D: System architecture

3.3.4 BMSUT #4 - System D

The modular E/E architecture of supplier D is illustrated in Fig.3.10. It offers a flexible
and easy configurable module configuration based on 8, 12, 16 or 18 cells per module
allowing cost efficient system architecture using a isoSPI daisy chain and the solution
integrates the BMS and BDU into one component, it has integrated contactor drivers and
isolation monitoring directly on the master unit. Additionally, system D measures and
manages module temperatures up to 5 temperatures per module and differs from other
systems, also the fact that DC charge interface is integrated on master, this means BDU
includes BMS board and Power Board, including DC fast charge functionality resulting
in no need for a voltage sense harness. This modular and integrated system reduces
complexity, production costs, and wiring effort. The safety concept includes a separate
safety controller which allows efficient safety SW design and is one of two systems in the
test which uses 2 micro-controllers, while others continue to focus on multi-core systems.
Also, this supplier uses an exclusive OSEK distribution but does not follow the AUTOSAR
standard, rather building a lean in-house SW.

Regarding the slaves, most of the systems allow up to 100mA of balancing current, sytem
D goes up to 150mA. It is based on a Linear Technology BMS IC current status allowing
cell voltages reading with typical < 2 mV error, while the system is capable of pack
current/cell voltage synchronization within 1 ms.
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Figure 3.11: System E: System architecture

3.3.5 BMSUT #5 - System E

The BDU is connected to a high voltage battery as an Electronic Control Unit. The Slave
is responsible for sensing cell voltages while the master establishes the communication to
the primary vehicle management ECU via CAN bus. BDU and master are concatenated
to estimate and control SoC, SoF, and SoH of the complete battery pack, the contactors
and the precharge state of the intermediate circuit as well as to detect an overload.

The master is also equipped with two controllers, similar to system D, a main controller
taking care of SoX calculations, while the safety controller takes care of safety functions.
This architecture prevents a single power supply transient from creating a failure at which
all contactors are activated.

The BDU consists of a precision shunt resistor, which is temperature monitored to guar-

antee safe operating area, and a 16bit data acquisition system to measure the data. The
integrated micro-controller supplies all required controls to handle and manage the data.
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3.3.6 BMSUT #©6 - System F
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Figure 3.12: System F': Tested EE architectures

System F' also builds on an optimized de-centralized architecture, instead of inter-slaves
CAN communication, thus a differential communication protocol is applied. The aim
of most BMS manufactures is the reduction of electronic components, by ASIC design,
removing of micro-controller, removing of CAN communication leading to software free
MCU. In comparison to other systems, system F is based on Freescale BMS IC up to
14 cells and 6 temperature sensors per module possible, high passive balancing currents
(200mA) and up to 1000V total system voltage. Power supply is generated by ASIC which
allows to neglect costly DC/DC architecture.

3.3.7 BMSUT #7 - System G

From the ”off the shelve-solution”system G (LithiumBalance Denmark) is claimed to be
flexible, robust and cost efficient for many applications, including automotive, industrial
and storage stationary battery packs ranging from 12VDC up to 1000VDC. The system
has been available for long time and has been validated for extremely harsh environment.
This BMS comes with a PC management tool, which allows bit-level setup and config-
uration of BMS, such as cell-interconnection, communication, or balancing threshold. It
is available as integrated PCB boards or packed and IP6x sealed and protected housed
product. The system can manage up to 256 battery cells while one module is limited to
16 cells. Since its off the shelve, it may be used for any cell chemistry.
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Figure 3.13: System G: Tested EE architectures

3.3.8 Benchmark of Evaluated BMS HW Functionality

The detailed gathered parameters and features for each BMS are given in Appendix A.
For that purpose, the rating is presented in a traffic light format that signals whether
the automotive standard is not met (0 score point), available (1 score point) or exceeds
state-of-the-art (2 score points). In some cases, it was not possible to identify all features,
thus these entries are not rated. The first part of the investigation analyzes the HW
properties of the BMS for system, module and cell level. It discusses features like cell
voltage measurement (resolution, sampling rate, measurement error, HW topology, or
communication interface (CAN, isoSPI), and rated in a point system. Higher points
means better. The results show, that the BMS HW systems are very similar based on
distributed BMS, just System B shows lower results. Generally, the requirements for the
measurement functions are high accuracy, sampling rate and resolutions, in all kinds of
climate/vibration/EMI conditions. The evaluated BMS HW differ in some extend from
the accuracy (e.g. voltage/current measurements), number of sensors and cells per slave,
topology or redundancy. The chosen BMS chip also influences these properties. Also, the
dis-/charge management, namely control of current path by de-/activating switches or
relays is handled differently in terms of communication between Master unit and battery
disconnect unit and widely depends on design of the pack. Functional safety concepts
also differ, some use multi-core technology with different cores for safety and application
functions, while other systems use two separate CPUs. This generates big differences
in the SW design process. All systems are using passive balancing and a master-slave
topology. The BMS functions are complex and can be implemented in many ways [11]
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Figure 3.14: BMS HW evaluation diagram

and topologies. However, this will influence the SW design process.

3.3.9 Benchmark of Evaluated BMS SW Functionality

This chapter investigates the state-of-the-art battery management systems, which includes
besides the electronics most importantly the software components. Since the software is
the key function, this thesis devotes its attention mainly on the mathematical calculations
for model-based software to estimate based on noisy sensor data and process noise the
operational state of the battery pack and makes predictions with best possible certainty
about short (1-5s) and long term (20-30s) performance capability for lithium-ion based
battery packs. A survey of relevant supplier unveils different basic methods used to justify
the key concepts of a battery management system. The weakness of that simple meth-
ods leads the work to focus on more complex but also more robust algorithms. Their
implementation will require higher computational costs, but at the same time multi core
systems and parallel computing will enhance the opportunity. The software and functions
implemented by the supplier are targeted on the corresponding hardware platform. The
general requirements focus on performance capabilities and management which combines
a set of functions to fulfill SoX (SoC, SoFp, SoFg, SoHp, SoHg). An important need
in BMS is the estimation of available energy and power in the immediate future. The
requirement to be able to estimate the available energy is the knowledge of SoC for all
cells and the total capacities. The same requirements on SoC has to be met by power
prediction, but instead of capacities the individual cell resistances must be known. But,
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these values can only be measured indirectly through estimation. During the survey of
state-of-the-art BMS the goal was to identify the level of complexity from the applied
methods. Generally, two different groups could be identified, basic and weak functions
in comparison to current publications about battery state and parameter estimation. Of
course, the lack of software engineers in battery technology and principles restrict complex
or expert methods for SoX, therefore, simpler ways are implemented with higher errors.
As illustrated in the SW evaluation diagram 3.15 Systems A-F lack in advanced battery
monitoring SW, such as power prediction or SoH. On the other hand, SoC estimation with
the more robust methods (e.g. Coulomb counting, OCV) is industry standard showing
similar scores. The methods implemented in this work, the model-based battery moni-
toring improves commonly used methods as shown in the scores Sys CFL. Often, battery
packs are over-dimensioned on purpose to overcome for uncertainty in SoX calculations.
The basic battery controls methods try to overcome these disadvantages, sometimes using
supporting algorithms for recalibration. A summary of existing basic and advanced bat-
tery state algorithms can be found in [13] and shall serve as basis for reviewing software
components of state-of-the-art BMS.

3.3.10 Summary

It must be pointed out, that when developing BMS SW, it is important to consider the
BMS HW too. For example, depending on the used HW architecture, the SW development
has to be adopted, e.g. BSW (basic software and diagnostics). At the same time, the
general experience in functional safety (ISO26262), are processes for Automotive-SPICE
followed, general SW development tasks (tools, SW-architecture, agile mindset, coding
guidlines, model-based design, diagnostics, multicore...) and lastly testing strategy on all
levels from unit test up to target testing. The challange in BMS SW is beyond algorithm
development and a interdisciplinary problem. It can be seen, that the quality of state-of-
the-art BMS lacks in their SW quality, it was evident that no complex algorithms (e.g.
observer, estimators) are fully integrated. Firstly, the applied monitoring algorithms
are of basic nature, model-based estimation have not yet become a standard, keeping the
implementation rather basic. It was also shown that supplier G uses open-source OS which
has not been identified during the HAZOP, which is vital for safety critical applications.
In general, experience with safety-critical development is still in their infancy, AUTOSAR
is not standard, and automation is limited. Figure 3.15 summarizes the overall supplier
score which was partly extracted during HIL tests and partly through data sheets. The
details of the evaluation is attached to the Appendix A.
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Figure 3.15: BMS SW evaluation diagram
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4 Principles in Estimation of Signals and
Systems

An optimal estimator is a
computational algorithm that
processes measurement to deduce a
minimum error estimate of the state
of a system by utilizing: knowledge of
system and measurement dynamics,
assumed statistics of system noises
and measurement errors, and initial
condition information.

— Arthur Gelb

Although linear estimation theory or non-Gaussian Monte-Carlo methods are often stud-
ied in the literature, they are widely scattered through journals with different focus, scien-
tific areas and applications and has not summarized in a single work, especially for appli-
cations in battery systems. Therefore, this Chapter summarizes different sources such as
[350][351][352][353][354][355][356][357][358][359][360]. The parameter problem deals with
the question of a given set of measured data y[0], y[1], ..., y[k — 1] which depends on un-
known parameters 6, the challenge is to find an estimator or some kind of function such
at [361]

0 = f(ylo], y[1], .., y[k — 1)) (4.1)

where f is some function which is used to estimate 6. The parameter estimation problem

solves the question in finding a probability density function (PDF) of data as a function
of 6.

4.1 Basic Concepts of Estimation and Problem
Statement

Estimation delivers approximate calculation or judgment based on available evidence but
tries to guess it in a educated way based on incomplete information. This process consists
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of unknown and uncertain conditions and leads to non-trivial problems. The basic nature
of the estimation problem is that its computation is a backdrop of uncertainty, therefore
the system has to make reliable guesses, like for classification, prediction or detection.
First, the necessary conditions to realize reliable estimation techniques, a mathematical
description of the object is required to capture the generalized behavior in terms of a
model. To which abstracted level the model describes the physical properties of the object
depends on the purpose (need of the developer), the importance of process and the trade-
off between complexity and available computational power. It is for these reasons, that
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Figure 4.1: Block diagram of adaptive filtering [362].

calculations are in strict sense an approximation, because they use a certain approximate
description of the actual physical principles which proceeds and has its origin in stochastic.
Certain phenomena are neither describable, measurable or not necessary to describe in
such detail. For certain application estimation deals with unmeasurable signals (e.g. to
expensive to use measurement sensors, to complex) or if measurable they are superimposed
with measurement or system noise with unknown properties. Additionally, dynamic and
complex systems are considered and if discussed in estimation, signals and systems are
described as models. Estimation can be grouped into two categories:

Off-line estimation (batch learning) collects data while the system is functioning, but
the time when the estimation takes place is unrelated to the data collection, meaning

the samples are stored and later applied for model estimation.

On-line/real-time estimation the data sets are samples and received through the chan-
nel during processing one after another as the model is simultaneously estimated
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and is especially important for high level feedback in supervisory control applica-
tions making systems adaptable, autonomous, intelligent and fault-tolerant. These
kind of systems require continuous monitoring, acquiring signals and check its plau-
sibility, classifies it to make appropriate decisions regarding its control strategies.

On-line estimation requires on-line system monitoring and a method which supervises the
control system (guidance). The on-line estimator acts like a sensor for the supervisory
controller which provides set-points to the automatic controller with learning abilities
(adaptation). It must adapt to a system whose parameters vary or are uncertain. There-
fore, adaptive systems interact with their environment, its feedback loops adjusts the
behavior to deliver a certain level of performance. The estimators are executed on digital
computers extracting states or parameter values form a N-point discrete-time data set

such as y = {y[0],y[1],....y[k — 1]}.

Since batteries are non-linear and time varying systems, it would require that their be-
havior is described through non-linear dynamic mathematical models and introduces the
necessity of non-linear filtering, however, a methodical evaluation of non-linear filtering
techniques and their practical implementation improved only hesitantly. That is based
on the fact that non-linear filter creates their own challenges:

e Theoretically, the optimal solution to a non-linear inference question is primarily the
task of numerically solving in an recursive setup based on measurements the prob-
ability density function of the system state vector. The hereby required computing
power for this problem statement is significant.

e To overcome the computational burden of calculation the Bayes-law, instead, rather
non-linear filters are applied which use the method of moments computation, mean-
ing that the probability density function is approximated by the means of its ex-
pected value and covariance matrix. The same is done regarding the non-linearities,
they are approximated by some kind of linearizion technique around the operating
point.

e The implementation of non-linear filters comes with more complexity in comparison
to linear filters, as it requires a deeper understanding of the mathematical and
controls theoretical background.

Estimation Problem Statement

In general, in many domains it is desired to extract desired signals and reject unwanted
noise signals, such as in state estimation in linear or non-linear stochastically disturbed
controlled system. This is generally classified as the estimation problems. The idea behind
estimation in battery management systems is, that observable measurements from the
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battery are provided, such as voltage, temperature or current, while the battery system
is represented as a discrete dynamic process. Based on that data, the hidden states and
unobservable battery dynamic parameters shall be estimated directly on-line. In this
application, the state of the battery system refers to a set of dynamic variables, e.g. over-
voltages, SoC, or SoH, which characterize the system completely. In continuous dynamic
processes, the state evolution depends during the time (e.g. battery lifetime) only on
the previous state and its transition, and is described by differential equations. Since we
implement these estimators on embedded target systems, the differential equations are
replaced by mapping the state information at measurement ¢; to prior state e.g. tp_;.
Hereby, the measurements are superimposed by surrounding noise and make it random
and uncertain. At the same time, the dynamic system is exposed to process noise with
unknown origin. That is why the uncertainties are modeled via process noise. Based on
observations and measurements, the models, which are representing fundamental system
behavior, and in which the estimation problem is derived and its hypotheses about its
environment, is falsifies or verifies, on the basis of its newest experiences which may lead
to an adaption of the model properties. Depending on the certain quality criteria this
adaptation is carried out as long as pre-defined compromise is not satisfied. A model is
in principle a representation of e.g. a real phenomena. It approximates the fundamentals
behind the real phenomena to a certain extend but especially those which are relevant
to the system design, for which the state of a system consists of states and parameter.
The state is given by a set of real numbers (a vector) in which each entry is expressing a
point in the state space. Combining the state with the system input signal, it is possible
to describe completely the systems behavior. The model parameters on the other hand
describe the static, dynamic and/or (non)linear system behavior. In terms of a lithium
ion battery, the behavior follows a dynamic, non-linear structure. This results in the fact,
that the knowledge of the system model, its parameters and states with its excitation
is leading to the property of predicting the future system’s dynamic behavior. We are
using here the term ”estimation problem statement”, since states and parameters of a
real system are superimposed by interfering random signals as mentioned earlier. The
dynamic process will be defined as a Markov process, meaning that the knowledge of the
next state depends on the previous state. Since we deal with discrete stochastic processes,
it is defined as [363]

Tk = froo1(Th—1,u,Y-1) = fo—1(@p—1) + gk + Y1 (4.2)

where the state vector is described by xj, f._1 represents the state transition function
which transforms the state x from time ¢;_; to time t; while u, defines the control input
sequence which excites the system dynamics. The noise term - is not necessarily fixed
to Gaussian distribution and accounts for the processes which are not included in the
system model. The difference between the parameter estimation and system identification
is, that for parameter estimation an a priori knowledge of the system model is necessary,
while at system identification even the system model is unknown and derived together
with its parameters. In most cases, however, it is important to estimate the internal
states of the system, e.g. in batteries. Hereby the question arises, how can it be assured
that based on a noisy current measurement, the information of an accurate SoX can be
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provided and how about the confidence regarding the reliability in that estimation? Here,
the concept of probabilistic estimation takes place, based on statistical formulation of the
described problem, in which uncertainties are considered, such as that the observation are
superimposed with noise and therefore imperfect and represented by random variables.
The same accounts for the parameter vector, which drives the generation of another
random vector [364]. Hence, the aim via probabilistic estimation is, even though the
imperfect information, to gain knowledge about internal states and parameters for the
underlaying model of the battery, while at the same time to encounter for the measurement
and process noise to guarantee for stable parameter and state estimates. In the recent
years, after first publications in 2000 under Gregory Plett, who first took the extended
Kalman filter and applied it to battery state estimation, many publications have followed
in that field. Many different filters where applied to battery technology, from extended
Kalman filter to sigma point Kalman filter and even particle filter, for each with different
variations trying to decrease the complexity, which did not always succeed ending up in
higher complexity and implementation effort. However, it is difficult to say based on
the countless publications [13], which of these filter algorithms are best for battery state
and parameter application, in respect to filter quality, robustness, required theoretical
background information to allow smooth implementation and complexity regarding time-
to-market, computational costs on embedded system. This fact has raised the question,
which algorithm is the best for this application when favoring the accuracy reached by
this filter followed by the fact that the filter can be implemented on the target platform
and keeps stable throughout operation. Attention should be paid to avoid too complex
methods, meaning, that if more complex methods lead only marginal to an increase
in accuracy, the more simple algorithm shall be chosen. This motivates in this work
to generate a test environment which quantifies based on the defined criteria the best
filter /battery model combination. For model-driven battery diagnostic these methods
gain in significance due to improved calculation power, while its challenge remains, in
fact, the parallel on-line estimation of the models parameter and states.

Objective

In battery packs, which consists of interconnection up to hundreds or thousands battery
cells, deviations caused by production leads to part-to-part inconsistency. It is not possible
to generate for each individual cell parameter maps for off-line-integration into production,
therefore, adaptive algorithms for on-line re-calibration are required. Hence, one part of
this work focuses on the evaluation of state-of-the-art estimators for non-linear systems, to
provide a tool which helps to identify the most appropriate filter and model combination
in terms of filter accuracy, complexity and robustness. Following tasks are fulfilled to
provide a quantitative/qualitative evaluation of filters:

e Set of filters: a filter library beyond mainstream filter were implemented to provide
different optimization opportunities
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e Classification: to give an extended analysis, the filters pros and cons are investi-
gated for battery management application

e Verification: a multi-level verification process was installed to apply the criteria
for evaluation. Besides using measurement data extracted by battery tester, also
hardware-in-the-loop test bed to grant for reproducibility and real integration on
EV prototype to account for real world scenario. First, the simulation environment
reads in the laboratory measurements, followed by the HIL and EV integration.
This study shall be presented by the example of lithium-ion batteries, which are
characterized as complex, highly non-linear and time-variant sytems.

Hence, the specific solution is estimating the in general unknown and unobservable state
vector x;, based on all measurements in the observation vector Y, = {y1, 42, ..., ¥n} The
key assumption for many applications is that the PDF's associated with the estimation
problem under consideration is available or defined a priori. This enables to derive all re-
quired information based on a set of assumptions. However, in most cases this assumption
is the exception rather than meeting the rule. For on-line applications the parameters
of stochastic processes have to be collected and analyzed within a finite set of sampled
measurements. In this chapter, the necessary concepts of estimation theory for on-line
parameter estimation will be introduced summarized from many sources. Lets consider a
problem with observed data y[0] = 0+wv[0] with v ~ A(0,0%), we seek to determine a set of
= [01,...,0,)" from a set of observed and noisy data points = [y[0],y[1],...,y[k — 1]]T such
that the values of these parameters would lead to the highest probability of obtaining the
observed data, max p(x,0) [360][365][366][361][367]. The complete solution to the estima-

tion problem is provided by the a posteriori density function, p(x|y). Often, the point
estimate of the unknown state x is of interests, resulting in an estimator z. By inputing
a measurement data point y into Z, we obtain an estimate . There a different methods
available to choosing an estimator, and unknown parameters may be seen as deterministic
or random variables and have to be estimated from a discrete-time signal. The theory and
techniques of statistical estimation are an important approach towards optimal filtering.
The techniques can be categorized in two groups, estimation based on PDFs which con-
tain unknown but deterministic parameters is considered classical estimation, following
estimators are based on classical estimation (¢ is deterministic)[366]

Minimum Variance Unbiased Estimator (MVU)

Cramer-Rao Lower Bound (CRLB)

Best Linear Unbiased Estimator (BLUE)

e Maximum Likelihood Estimator (MLE)

Least-Squares Estimator (LSE)
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The second category, Bayesian estimation, provides a framework which deals with situ-
ations where decisions have to be made under the state of uncertainty. The unknown
parameters are assumed to be random variables with a given PDF and formalized in a
priori beliefs to lie within some range of allowable parameters or defined performance
[360][365][366]. (0 is stochastic)

Minimum Mean Square Error Estimator (MMSE)

Maximum A Posteriori Estimator (MAP)

Linear MMSE Estimator

Kalman Filter

Since the data are random it is mathematically described by its probability density func-
tion (PDF) such as p(y[0],y[1],...,y[k —1];6). As example consider the problem of DC level
in white Gaussian noise [360][365][366], the observed single point data y[0] = 6+ w[0] with
k =1 and € denotes the mean:

1

1
p(y[()],e) = Wexp - r‘_Q

Clearly, the observed value of y[0] impacts upon the likely value of parameter 6 [360][365][366].

(yl0] - 0)° (4.3)

The parameter which has to be estimated is termed a realization of the random variable
6 whose distribution can be obtained from the joint distribution of the random variables,
and defined as the sampling distribution and should be concentrated as closely as possible
around the true parameter for better results. The data are described in a statistical way
where the joint PDF of the data and parameters are [365]

ply.0) = pyld) - p0) (4.4)
—— ~—~
(conditional PDF) (prior PDF)

where p(f) summarizes the knowledge about 6 before any measured data is observed and
p(y|0) indicates the knowledge provided by the measured data y conditioned on knowing 6.
The goal is to design an estimator as a rule that assigns a value of 6 from each realization
of y =y = [y[0]y[1],...ylk — 1]]T. An estimate of 6 is the value determined for a given

realization in the form of 6 = g(y). The design of the estimator has to fulfill some degree
of robustness allowing a mismatch between the measurement and the PDF assumption.
In real application the specification of PDF is critical in determining a good estimator,
therefore, it has to be chosen in such a way that it not only fits to the problem constraints
and any ”a priori”knowledge but also the fact that it is also traceable in a mathematical
point of view.
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4.2 Assessing Estimator Performance

Beforehand, to classify the ”goodness”of an estimator, the sampling distribution has to
be determined. The intention of an good estimator design is that its estimate should be as
accurate as possible to the true parameter value, however, applying a different or reduced
subset of the gathered observation data, it is most unlikely that the estimator provides
the identical value. An estimator is a random variable, so its performance can only be
described by its PDF or statistically (e.g. computer simulations like Monte-Carlo). When
estimating a value of a random variable y using linear mean square estimation based on
an observation of a related random variable z, the coefficients of the linear equation
y = ax + b depend besides mean and variance of x and y also on their correlation. To
evaluate how ”good”an estimator works, different estimators of the same parameter have
to be checked against each other, based on their sampling distribution. However, since
equality of exact same sampling distributions may not be possible, lower-order moments
such as mean, variance or mean square error are applied.

Bias of estimator|[368][365][366]. One attribute of the estimator defines the
difference between the expected value of the estimate and the actual value such as

B{b) = {6} — 0 (4.5)

where 60, is defined as estimation over k data samples. A zero bias would lead to the
expected value of the estimate to be equal to the actual value, that is

{6,)=0 = B={0)}—-0=0 (4.6)

making the estimate to be unbiased and the PDF of the estimator centered at the true

value ¢. If B # 0 then the estimator 6 = g(y) is said to be biased. If an estimator has

the following properties, klim {0;} = 0 for B — 0 when k& — oo, the estimator is asymp-
— 00

totically unbiased. In practice it is desirable that the estimator is either unbiased (e.g.
mean estimator), closely unbiased (e.g. variance estimator) or asymptomatically unbiased.

Variance of estimator [368][365][366]. It is also beneficial for the estimator
performance to utilize the available statistics efficiently, e.g. considering the variance to
measure the spread of the PDF of # around its average value. That is,

lim var{0,} = lim {16, — {0,317} (4.7)
Applying Chebyshev’s inequality Ve > 0 and {6} = 0

var{0;}
2

€

Pr{|0, — 0] > ¢} <

(4.8)
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shows consistency, meaning that probability of estimation error e = (ék —0) # € will
converge to zero, therefore, the estimator 0), will converge to the actual value 6 with
probability one. Choosing an estimator with the smallest variance may not fulfill the small
bias requirements and resulting in an increase in bias. The mean square error (MSE) is
applied to find a balance between this two opposed requirements [368][365][366].

Mean square convergence [368][365][366]. A stronger property of convergence is
provided by the mean square convergence. The estimator 6, converges towards the real
value @ if

lim {|9k —9|} = 0; +|By|* = (4.9)
————

k—o0

mean square error

and said to be consistent, is asymptomatically unbiased, its variance goes to zero as N —
oo and finally converges to the actual value of the parameter. Considering the case of a DC
level, A in random noise and modeled as y[n] = A+w(n], where w[n| ~ N (0,0?) stands for
the zero mean random process . Given measurement samples {y[0], y[2],...,y[k — 1]}, the
first reasonable estimator to determine the parameter A is the sample mean estimator,

A= £ > y[n]. The estimator is a function of random data, which makes itself to a

n=0
random variable. Therefore, the performance can only be judged on statistical basis. The
mean of parameter A is calculated by

{4} = {%Zym}

Similar, the variance o of A based on measurement samples y[n| would be

k—
Z = unbiased (4.10)

n=0

wl»—‘

k— k—1
R . 1 1
{A?} =var{A} = var{E E [n]} == E var{y[n|}
1 o? . .
= EN o ? as k — oo variance — 0 = consistent

In a sense of classical estimation, the goal is to design a ”good” estimator of unknown, but
deterministic parameters. Here, unbiased estimators yield on average the true value of
the parameters, for that, the real value of the parameter does not play a role, i.e. (é) =4,
with a < 6§ < b where (a,b) defines the range of possible values for 6. However, since the
estimator may only be unbiased for certain values of the unknown parameter 8, this would
result in an estimator which is not unbiased. Biased estimators will introduce a largely
deterministic, systemic error, and have to be avoided for stochastic properties determi-
nation. When several unbiased estimators of the same parameter from an independent
set of measured data are available {él, ég, cee éL}, a better estimator is determined when
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averaging over all estimators [368][365][366]:

~

_lél — {6}=0 (4.12)

1

D>
I
| =

l

assuming that all estimators are unbiased, uncorrelated and have the same variance,
R k-1 N 5 R
var{0} = & > var{6,} = %ke’“}, with k& — o0, # — 0 leading to a decrease in variance
n=1

for increasing sample space. This does not apply to unbiased estimators, no matter how
many estimators are averaged. Theoretically, the most logical criterion for estimation
is the mean squared error, which is in practice unrealizable, since the estimator may be
unbiased for certain values of the unknown parameter #, resulting in an unbiased esti-
mator. Nevertheless, averaging biased estimators will not generate unbiased properties,

V&I‘{é} = %, as L — 00, 0 — 0 (consistent).

Minimum variance criterion In searching for an optimal estimator we need to

define some optimality criterion. A natural criterion is the mean square error (MSE),
defined as ) )
MSE(0) = {(0 — 6)*} (4.13)

However, if we further convert the MSE expression above, it becomes clear, that this
criterion leads, however, to unrealizable estimators - namely, ones which are not solely a
function of the data. It is most likely, that for any given criterion, which depends on the
unknown parameter 6, it leads to an impractical estimator [368][365][366].

MSE(f) = { (- @)+ () - 6)}2}

= var(d) + () ~ ] "~ var(d) + BX(0)

(4.14)

From the implementation point of view, it is not practical to apply the minimum MSE
estimator for e.g. battery monitoring, it needs to be adapted by constraining the estimator
to be unbiased. Instead of minimizing MSE, the variance of the unbiased estimator can
be minimized. Such an estimator is called minimum variance unbiased (MVU) estimator,
but does not always exists. Its PDF of the error is concentrating around zero and provides
therefore an improved likelihood for lower estimation errors. In case the MVU estimator
exists, following approaches may be applied to identify the estimator.

Cramer-Rao lower bound CRLB defines the lower bound on the variance of classical
estimators. Hereby, the variance is at least as high as the inverse of the Fisher
information.

~ ~

Rao-Blackwell-Lehmann-Scheffe (RBLS) states that V6 MSE(0*) < MSE(f) where
0" (y[0)y[1], - . . ylk]) = (O[O, y[1], . .. .y[KDIT (y[0], y[1], . .. ,y[k])) is at least as good
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as 0 in terms of the MSE [369]. Further, if an unbiased estimator is a function of a
complete sufficient statistic 7', it satisfy MVUE.

Estimator Accuracy Consideration

All information which allows to draw conclusions about the system state or parameters
based on an estimator is embodied in the observed data and the underlying PDF. It
is firstly evident, accuracy of estimator depends directly on the PDF, therefore, it is
worthwhile to investigate the circumstances on how the accuracy of an estimator depend
upon the relationship between unknown parameters and the PDF. A key role in estimating
parameters form a set of statistics is the likelihood function, the PDF is considered as
a function of unknown parameters. The likelihood function has a distinctive property,
its "sharpness”, which determines how accurate the parameters may be estimated. It is
measured by its ”curvature”and calculated as [368][365][366]

9%1 0],0 1

_ np(y[0],0) _ (4.15)
062 o?

Clearly, the curvature of the log-likelihood function increases with an decreasing variance

o?. To reduce the influence of the second derivative upon y[0], the function is represented

in a statistical way and measures the average curvature of the log-likelihood function

[368][365][366].

—E (4.16)

06?

o2 1np<y[0170>]

with respect to p(y[0];6). The larger the quantity in the log-likelihood function, the
smaller the variance of the estimator. It can be concluded, since the likelihood function is
a random variable that a minimum variance unbiased (MVU) solution might be preferable.
But, what would be the sufficient information needed to derive an MVUE estimator?

Minimum Variance Unbiased Estimator

Generally, it is difficult to design the MV U estimator, however, in signal processing linear
relations are often first and sufficient approximations to describe the underlying nature
of quantities. This enables a linear data model to determine the MVU estimator, if the
data observed can be described as [368][365][366]

y=HO+v (4.17)

where y is an N x 1 vector of observations, H is a known N X p observation matrix with
N > p and rank p, 0 is a p x 1 vector of parameters to be estimated and v defines the N x 1
noise vector with a PDF A(0,02I). The columns of H must be linearly independent, so
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that (H"H)~' becomes invertible. The MVU estimator for the linear model is
0=H'H)'Hy (4.18)
for which the covariance matrix of 0 is
P;=c’(H'H)™! (4.19)

Based on the linear model, the estimator is unbiased and efficient since it fulfills the
constraint of CRLB. Its statistical performance is completely specified, and 6 is a linear
transformation of a Gaussian vector y and therefore § ~ N'(0,02(H H)™).

Best Linear Unbiased Estimator

Linear estimator are an important class of estimators because of their reduced abstracted
form dealing with only the 1st and 2nd moments [368][365][366]. A great advantage is
in the ease of implementation, especially when considering real-time filtering problems.
Unfortunately, the MVUE is often not computable, for instance CRLB or Rao-Blackwell
theorem are not applicable because the PDF of the data is unknown and the randomness
is only available up the first and second order moments. In such cases, we have to accept a
suboptimal solution by imposing some constraints on the estimator and data model. For
the estimator to be unbiased, the mean of the data must obey a linear relationship with
the true parameter and has minimum variance, this leads to =- Best Linear Unbiased
Estimator (BLUE). Again, this criteria might not always be feasible, an alternative could
be the Maximum Likelihood Estimation (MLE), however, there is an important subclass of
problems where BLUE constraints hold, which are called the Gauss-Markov assumptions.
In many applications we need to make decisions about € from observations y ~ p(y,0).
The density of X varies within a family of distributions, depending on different choices
of 6. In statistical sense, this means, that any information we want to extract from x
depends only on the p parameters § = [0;,0,,...,0,]". Therefore, we compress the N
measurements into a reduced dimensional statistics that consists of all useful information
resulting in the same quality. Nevertheless, even though we are not able to find an efficient
estimator, it is still the goal to design, if exists, the MVU estimator. First we find a
transformation 7'(x) of lower dimension that contains all information with respect to the
parameter #. This data may still be too long, a minimal sufficient statistics is extracted,
which includes all necessary information that is useful for the parameter estimation. To
solve for the above conditional distributions is certainly a challenging task in finding
sufficient statistics directly. The following theorem is used to verify sufficient statistics,
the Neyman-Fisher factorisation. If possible, it allows to factor the PDF [368][365][366]
p(y,0) as

p(y.0) = g(T(y),0)h(y) (4.20)

where ¢(-) is a function depending on y only through 7'(y), while function A only de-
pends on y. This meant that T'(y) is a sufficient statistic for parameter 6. Finally, to
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solve the problem in finding MVU estimator, first, the sufficient statistics is checked for
completeness followed by the verification of uniqueness of g(-) applying the Rao-Blackwell-
Lehmann-Sheffe method. The problem of finding the MVU estimator results fundamen-
tally from the unknown data PDF or simply cannot be assessed. This limits the methods
and CRLB cannot be applied and a suboptimal solution is derived. The BLUE is re-
stricted and data is assumed linear, further restricts estimates to be unbiased, and lastly
BLUE is restricted to minimize the variance of the estimates. All these limitations lead
to an estimator which requires only the mean and the variance of the data, but not the
PDF. On the other hand, the PDF of the estimates cannot be computed. Consider the
measured data y = [y[0],y[1],....y[k — 1]]T, whose PDF p(y,0) depends on the unknown
parameter 0, BLUE [368][365][366] shall be designed such that,

1. Choose a linear estimator for the measured data

y[n] , n=01,....k—1

6 = ayln] =a’y ,  where a=l|agp,a1,...,a5_1 (4.21)

(0) = > an(y[n]) = 0 (4.22)

3. Minimize the variance:

A A A2 2
var(f) = {[e —(0)] } = {[aT —a’(y)] }
T
= {aT =]y - )] a} =a'Pa
The BLUE will be optimal if the found MVU estimator is linear in #. It can be repre-
sented as the amplitude estimation of known signals superimposed with noise. Therefore,

the optimization task lies in the minimization of the variance subject to the unbiased
constraint

(4.23)

Therefore, to determine the BLUE, we only need the information of the scaled mean
s and the covariance P. This allows an estimation based on the first two moments
without the knowledge of the functional relation of the PDF. The estimation becomes
§ = (H'P'H)'HTP~!y with the covariance matrix P; = (H'P7'H)~!. It becomes
obvious that for the case the data is Gaussian the BLUE yields the Gauss-Markov theorem
or when noise is Gaussian then BLUE becomes a MVU estimator [368][365][366].
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Maximum Likelihood Estimator

The maximum likelihood estimation (MLE) is an approximately optimal estimator for
problems, where the MVU estimator does not exist or BLUE cannot fulfill certain con-
straints, e.g. the models are restricted to be linear [368][365][366][370]. The fundamental
concept relies on the property that for large data samples the MLE is asymptotically
efficient. It is claimed that for a large number of sample points or as k — oo, the MLE is
efficient, meaning

0) — 0 (4.24)
var(d) — CRLB (4.25)

If the MLE satisfies Equation 4.24 it is said to be asymptotically unbiased and the estima-
tor 6 is consistent. Further if it also fulfills Equation 4.25 its asymptotically efficient. The
framework consists of a measurement device observation, Y, whose distribution depends
on 6 and superimposed with noise. In comparison to the later framework, the Bayesian
estimation, here the parameter is not modeled as a random variable. Even though 6 is de-
terministic, its estimate is a random variable, because it is a function of the observed data.
The distribution of the parameter estimate 0 depends on the distribution of Y, which is
influenced by 6. For 6 we do not know the prior distribution which means in mathemat-
ical point of view, that many different probabilistic models are possible. In many cases
only a small set of models have to be considered from which we need to distinguish. The
MLE chooses a set of model parameter values that maximizes the likelihood function. Let
Y0,Y1,-.-,Yr be the measurement data, described as independent and identically distributed
random variables (i.i.d) with the PDF p(y,0) where 6 is a (k x 1) vector of parameters
that characterize p(y,0). The joint density of the data is, by independence, equal to the
product of the marginal densities such as [370]

P01,k 0) = p(ys,0) - - p(ye.0) = [ [ p(ib) (4.26)

=1

The joint density is an N-dimensional function of the measurement data yg,y;,...,yx given
the parameter (vector) 6. It satisfies

(y07y17 Yk, 0) - 0

4.27
/ / Py, -5 Yk, )dyl dyk > 1 ( )

The likelihood function is defined as the joint density treated as a function of the param-
eter 0, hereby the PDF p(y,0) when 6 is regarded as a non-random variable, while the
ML estimate is the value of § that maximizes p(y,0). The likelihood function is defined
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as the joint density over the 0

k
5(9’3/073/17---,%) = p(y07y1a-"ayk’;9) = Hp<yl79) (428)

=1

The likelihood function is a function of 6 given the data yy,y1,...,yx and not a proper PDF
[370], it is always positive but not necessary adding to one

Y = (yo,y1,-.-,yx) defines the observed measurement data, then the joint PDF and like-
lihood function may be expressed as p(Y,0) and L(0|Y"). Intuitively, we have to find the
value that makes the observed sample the most probable, in other words, ML estimator
shall maximize the probability of the selected model with the observed data. Therefore,
suppose we take a random sample from the PDF f(y;,0) and looking for an estimate for
6 [370].

OnLe = arg [mgxx LO]Y)] (4.30)

Formally, the maximum likelihood estimator Orie is defined as the value of 6 that maxi-
mizes L£(0]Y). That is, Oyg solves [370]

meaxL’(QIY) (4.31)

To overcome the difficulty in finding a direct solution for the optimization problem in

Equation 4.31, instead the log-likelihood function In £(0|Y') is maximized. The In(-) is a

monotonic function, meaning, determining the value of 6 that maximizes In £(6]Y") will

also maximize £(0|Y’). The MLE is defined such that 0,/ as the value of 6 that solves
[370]

max InL£(0|Y) (4.32)

with the log-likelihood form

In L(0]Y) = 1H<Hp(yi,9)> = Zlnp(yiﬁ) (4.33)

Numerical Determination of the Maximum Likelihood Estimator

A specific characteristic of the MLE is that it can always be found numerically for given
sample points. The procedure of finding the MLE is a maximization problem, therefore
first we find the log-likelihood function in f(y;,0), differentiate it with respect to 6, set it
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to zero and solve it for 6. The established method to solve for the maximization performs
continuously grid search over the allowed values of 6 using small step size. However,
if the sample space of 6 is not constrained to an interval, an iterative maximization
procedure may be computationally more feasible, such as the scoring method (SCM),
Newton-Raphson (NRM) and the expectation-maximization (EM) algorithm. To prevent
the iterative procedures to reach only a local maximum, their initialization have to be
close to the true maximum. If the constraints are fulfilled, the MLE may be found by
differentiating £(0]Y) and solving the first order conditions like [370]:

00

—0 (4.34)

Since 6 (n x 1) the first order conditions k, eventually non-linear, equations with n un-
known values as [370]

dln L(Oyrg|Y)
d1n L(Oype|Y o
& (agﬂﬂ ) _ : (4.35)
dln LOuvrglY)
90,
For a non-linear equation the methods attempt an iteratively solution. Let
dln L(0]Y)
)= —— 4.36
9(0) = (4.3
with an initial guess 6, for the Equation 4.34. The function can be approximated around
0y as
dg(0
o(0) ~ g(0) + U (5 a) (437)
0=0o

The iterative NR method calculates the new guess 6y using

Opir = 0, — # (4.38)

do

0=0,

The derivative of the log-likelihood function is defined by ¢(6), the estimator Orinp s
implemented as [370]

52 mc(@‘y)] o L(0]Y) (4.39)

Prer =05 = { 06? a6

0=0,,
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Oln 'c(éMLE|Y)
96,

An alternative to the NR is the method of scoring. It recognizes that the vector :

dIn L(Ovre|Y)

96
consists of the derivatives of the log-likelihood functions over all 8 and denoted as ’
oln L(0]Y
SY) = 9ln L(]Y) (4.40)
00
and satisfies R
SOvelY) =0 (4.41)

It indicates how sensitive the log-likelihood is to variation in parameters [370]. The score
of a sample from a random process becomes the sum of the scores for each observed data

Yi-
Oln p(y;,
S@)Y) = Z p y Zs 0ly:) (4.42)
=1

with S(0|y;) = W is the score regarding y;. The matrix of the second derivative of
the log-likelihood is called the Hessian and denoted as

92 In ﬁ(é];/ILE‘Y) - Jdln E(éMLE|Y)
06100,
92 1n L(8]Y) o0 .
9% In LOumrglY) . 81 L(OmLe|Y)
80,001 962

Taking the negative expectation of the Hessian will lead to the expected Fisher informa-
tion matriz which is defined as [371]

Z(0)Y) = —E[H(6]Y)] (4.44)
an is the covariance matrix of the score [370]. This method then becomes

aln L(O]Y)

Ops1 = O +T1(O]Y) =9

(4.45)
0=0y

Expectation-Maximization

Under some conditions, this algorithm guarantees to converge at least to a local maximum.
It works under the assumption, that some data sets are more appropriate to determine
the MLE than the provided set. In some cases the MLE may solve a p-multidimensional
minimization problem. Instead, the EM decomposes the problem to a p x 1-dimensional
problem based on a complete (many) — incomplete (one) data transformation as y =
g(x1,x9,...,x) = g(x). x stands for the new ”incomplete”data for which we find the
MLE of 6 by maximizing Inp,(y, ). Thereby, the log-likelihood function is replaced by
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its conditional expectation such as

aolnpa(2.6)] = [ gl 8)plalys)ds (1.46)

To find the solution for p(x|y; ) the knowledge of the 6 is necessary. This will be solved
iteratively in two steps with 6j denoting the kth guess of the MLE estimator [368].

e Expectation (E): determines the average log-likelihood of the complete data

U(o,0y) = /lnpx(x,e)p(x]y,ﬁk) (4.47)

e Maximization (M): maximizes the average log-likelihood function of the complete
data [368]

Orp11 = arg [m;xx U(o,6y)] (4.48)

which for convergence may result in MLE.

The Least Squares Approach

When it comes to an excellent estimator, no bias and minimal variance are two aspects
we will focus on. By looking for minimizing the discrepancy (on the average) between the
estimate and the ground truth implicitly, the variance is set to be a criterion of goodness.
The least square (LS) method minimizes the gap between the known corrupted data (as
x[n]) and the ideal clean data in the squared sense [368]. Before that, a model with
unknown parameter # needs to be determined to actually produce the signal. So, the
signal (as s[n]) is totally deterministic. Since the existence of uncertainty, which mainly
includes the sensor noise and the selection of inaccurate model, the objective observation
is more like a polluted version of s[n|, marked as z[n|. The least squares estimator (LSE)
finds the value of the parameter 6 that makes the gap between the two signals smallest.
The closeness is determined by [368]

J(0) = i(az[n] —s[n)),n=12--- N—-1 (4.49)

n=0

the functional J depends on the parameter # in the model s[n|. For now, no probabilistic
assumptions are made, thus this approach is equally feasible for any noise, no matter
Gaussian or not. But it is obvious that, same as any model errors, the performance of
LSE will be affected by the noise type. The application of LSE is wild but usually related
to an absence of well-defined statistical profile of data features, or the lack of better
estimator. It is also possible that a better estimator consumes more computing [368].
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The simple assumption is that the model is linear, which is the linear LS method. Then

the parameter becomes scalar,
s[n| = Oh[n] (4.50)

note that h[n] is some known signal. The closeness can be expressed as

=

J(0) = S (z[n] — Oh[n])? (4.51)

i
[e=)

To create the LSE, the parameter is set as

> om0 P?[n]
The LS error changes into
7(6) = " (aln) — Bhln))(aln] — hfn])
— 3" alnl(aln] - Bhfn]) — 0 3 hfn](aln] — Ohfn])
= g 2*[n] — 0 - x[n]h[n] (4.53)

It is easy to see S = 0. The above derivation is a minimization that can be also written
as [368]

(S alhl])
Jmin = ¥ x*[n] — — 4.54
20 2 n=o P?[1] b

n=
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4.3 Bayesian Philosophy and Estimation

In comparison to the classical methods described earlier, where the parameter vector 6
and its prior are unknown but assumed to be deterministic, the variance of the prediction
depends on 6, its minimum-variance unbiased estimator may or may not be available, and
for MCS, where each iteration runs with a pre-defined 6 to compute the mean and variance
of individual #. The Bayesian philosophy on the other hand takes 6 as random variable
with a known prior PDF and estimates a realization of 6 using measurements, where its
variance is independent of . For MCS, 6 is random initialized and then the mean and
variance over all # computed. Since a Bayesian estimate always exists, most methods
in parameter and state estimation, either linear or non-linear, are originated in Bayes
theorem and differ only in the determination of the a priori. The Bayesian framework
has its objective in estimation of successive values of a random state vector x; given a
random measurement vector Y. For the state equation receptively parameter vector which
describe the dynamics of the process, in our case, the battery dynamic characteristics, the
stochastic term is inherent while inadequate un-modeled secondary reactions are added as
random noise. For the measurement equation the stochastic nature of e.g. quantization
or sensor noise, also random measurement noise is added [372]. For now, we assume
that the random vector x can be represented by its known prior probability p(zy) while
the true parameter/state vector is known, then we can define the probability density of
the measurement Y} is given by the conditional density or likelihood function p(Yy|zg).
With these assumptions the complete statistical properties of the measurements can be
described. With the Bayes Theorem, the posterior probability of x can be calculated as

~ p(Ye|zr)p(x)
pladl¥i) = p(Yr)

which includes all information about x after taking into account the measurements. The
probability density function of the measurement can be found from

(4.55)

p(Y) = / " p(YIo)p(a)dz (4.56)

o0

To solve the estimation framework, the likelihood p(yx|zx) and the a-priori density p(xx|Yi—1)
or their joint density function are required and define the statistical estimation model
[372]. The joint density can be found from the posterior function p(zx|Y%) is proper for
the case that the integral is present, otherwise, it is said to be improper and p(Y) = 1
[354]. The posterior distribution can be seen as the general solution to the statistical
estimation problem, additionally with its help any point estimate, if exists, of x can
be extracted. Hence, the latest measurement is used to calculate the posteriori density
function with the help of the likelihood-density function.
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4.3.1 Statistical Inference in Estimation

In statistical filter theory [353] [373][374][375], [376] [360][367][377][362] the filtering prob-
lem describes the general idea to form the best estimate of the internal states and parame-
ter values only from incomplete or noisy observations applying optimal filtering technique.
The mathematical model for dynamic systems describes the filtering problem either by
continuous, continuous-discrete or fully discrete form. Generally, stochastic differential
equations (SDEs) are used to model the continuous evolution of dynamic systems, and
in which at least one term is subject to stochastic process [378]. Stochastic processes in
physics may be modeled via LANGEVIN equations while in engineering dynamic systems
are described by differential equations superimposed by process noise as errors of mea-
surement. Mainly two distinctive classes of equations for random effects in differential
equations are discussed using different methods of analysis [379]. Consists an ordinary
differential equation of random coefficients or known regular stochastic process, the so
called random differential equations and differentiable functions of ¢ can be solved as
ordinary differential equations [380]. When the forcing of the system is defined by un-
predictable processes such as Gaussian white noise, the second class is called (SDEs) but
interpreted as integral equations with Ito or STRATONOVICH stochastic integrals. Their
solutions consist of a non-differentiability part from the Wiener processes in the integrals.
Continuous, stochastic systems can be described as in following, the oldest representation
of SDE and known as LANGEVIN type equation containing a deterministic part (ordinary
differential equation) and additional random white noise.

z(t) = for(zut)+ K(xu;t)k(t) (4.57)
y(k’) = hCT(xk,uk;tk)—i—F(mk,uk;tk)v(tk) (458)

where for represents the continuous, deterministic system quantity, K and I' the distri-
bution matrix of the system and measurement quantity, x and  stands for the system and
measurement noise respectively, h represents the distribution matrix for the measurement.
Since we are operating the BMS and its generated code on microcontroller, hence, the
discrete battery system models are maped by means of discrete stochastic LANGEVIN
type equations such as

l’(k}) = f(xk_l,uk_l) + K(Ik_l,uk_l)lik_l (459)
y(k) = h(zgug) + T(@gue) (4.60)

Solving SDEs falls back on the techniques for solving ordinary differential equations,
with the change that they consider stochastic dynamics. The conventional approach for
deterministic dynamical system behavior is described by a set of first-order differential
equations on R™. It is written in a state space form and emphasizes trajectories which
interprets the solution of the differential equations for given initial states [381]. Unlike
ODE repesented in derivate form, SDEs are given in differential form. That is due to the
fact that the random process are continous but non-differentiable. The Wiener process is
the earlier version of random behavior and called Brownian motion. It is fundamental in
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describing stochastic processes, one of its properties is that it defines the integral of noise
which is independent of frequency (white noise) [382] and used when randomness needs
to be added for processes which cannot be deterministically modeled.

Applying the concept of stochastic differential equations x is interpreted as generalized
white noise process. To solve for these equations a more advanced concept of integration is
necessary. The LANGEVIN equation is interpret symbolically as a stochastic differential

dX = a(t,X)dt + b(t,X)dW, (4.61)

where a and b are positive constants, dW; represents the Wiener process. The SDE
described earlier has to be transformed into an equivalent integral equation [382]

to t

X(t) =Xy, + /a(s,y)ds4—/1)(s,y)dVVS (4.62)

0 to

where the most right integral represents an ITO integral. Withc =1ty <t; < ... <t,_1 <
t, = d points on the interval [c,d], we get an integral defined by Riemann

n

d
/ f(z)dz = Aljglo;f (ts) At (4.63)

which is approximated by Riemann-Stieltjes sums and depends on the choice of the grid
interval points [382] At; =t¢; —t;_1 and t;_; <ty <t;. The ITO-STRATONOVICH integral
is the most common used method

d
[ soawi= g > s aw (164

with AW; = W,, — W,, , stands for a step of Brownian motion across the grid interval
[382].

The SDEs can be solved by the chain rule for stochastic differentials introduced as ITO
formula. However, only rarely the SDEs have a closed-form solution and therefore a
numerical approximation is required. Complete solutions following methods applied to
approximate of ordinary differential equations, eg. EULER method, the analogue for
SDEs is the EULER-MARUNYAMA. The same also applies to LANGEVIN equations, it is
impossible to analytically solve the system in terms of the elementary processes [382].
A solution is derived from the EULER-MARUNYAMA approximation, a stochastic pro-
cess called Ornstein-Uhlenbeck process which satisfies conditions for large deviations on
MLE [383]. Each calculated approximate path results in a random variable and converges
strongly such as EULER-MARUNYAMA or MILSTEIN method, which makes use of higher-
order terms analogue to the Taylor series or the RUNGE-KuTTA Method but suffer of
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4.3 Bayesian Philosophy and Estimation

higher complexity. Weak solvers (e.g. Monte Carlo estimates) are simpler because they
focus on computing quantities of stochastic processes as the expected value of a random
variable (mean) or variance of the probability distribution. It can be summarized, to
consider random phenomena and solving SDEs numerical approximations are important.
Strong convergence using Taylor and RUNGE-KUTTA is necessary when trajectory-level
properties are studied in detail [382]. On the other side, when only the parameters of
a probability distribution, such as mean and variance are sufficient, in such cases weak
convergence may be sufficient when computing costs are of great importance. Generally,
to solve SDF a normal random number generator is required.

Based on that discussion, this work is focusing only on time-discrete and dynamic sys-
tems. The generation of reference models is proving to be difficult and the question which
approximation gives the correct solution to the integrals. Additionally, it creates the nu-
meric solution is based on simple algorithms such as Heun or RUNGE-KUTTA, but none
for full stochastic quantities. Dynamic systems can be described by dynamic state space
models (DSSM). A joint finite-dimensional distribution of a time series requires assump-
tions of independence. Markovian dependence states that the information about the time
series included in the observations taken up to time ¢ — 1 is the same as the information
carried by ¥, alone.

Since the Markovian framework for observations might not be feasible in all applications,
state space models may be used. The unobservable state x; develops with discrete time
steps (samples) as a partial or indirect Markov process with an initial probability p(yo)

ge+1()

input state measurement

Figure 4.2: Hidden Markov model for battery state and measurement evolution
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according to its transition p(x|zx_;) while y; describes the noisy, independent observations
according to likelihood p(yk|zx). The reference dynamic system framework representing
lithium ion battery characteristics shall be defined and used further. As characterized
earlier, we assume a discrete time system which is defined by non-linear model represented
in difference state space form as

T = f(Tr1,up—1) + K(vp1,up1)kr—1 = F(Tp_1,up—1,Kk-1) (4.65)
with the stochastic system equation F. The measurement equation H is written as
y(k) = h(zp,ur) + T(wg,ur) e = Hvg,ur, V) (4.66)

Where statistical models are available for the system and measurement processes, one
seeks the a posteriori conditional probability density function of state x;

since all statistical information of interests are involved. Y, = {y1,y2,ys, . . ., Yr } represents
a sequence of sampled measurements until time k. Is the posterior probability known, it

is possible to estimate the unobservable system states using e.g. Minimum-Mean-Square-
Estimator (MMSE) or Maximum-A-Posteriori-Estimator (MAP) such as [380]

b M Efp(ove)) = [ plalYido, (4.68)
B AT argmax, p(vg|Y) (4.69)

In the following section the question on how to determine the posteriori conditional prob-
ability density function shall be discussed.

4.3.2 Summary

Most engineering problems, and especially in digital signal processing, need to be modeled
in a statistical sense. Bayesian theory is applied to statistical inference resulting in a
framework where prior information combined with current measurements, where both
are treated as random variables, provides an estimation. The posterior density function
p(zx]Y) includes all the information gained from up to the current measurement. However,
in most cases these integrals and optimizations have analytical solutions. The Bayesian
solution inherent in a recursive framework consists of sequentially updating the posterior
density based on new measurements for each sample time. In practice, discrete recursive
Bayesian estimation utilizes numerical solutions to high dimensional complex integrations
in considerations of the parameters. Moreover, to solve integration problems, the posterior
density has to be approximately described so that by successively applying the Bayesian
theory a generation of estimate is fulfilled.
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5 Probabilistic Inference and Bayesian
Recursive Estimation

Bayesian statistics is difficult in the
sense that thinking is difficult,

— Den Bc.n-mi —

5.1 Hierarchical Classification of Models

In many engineering and non-engineering disciplines models are generated to mimic the
real world behaviors and their parameters into computer systems [367]. General speaking,
the more complex the model of the underlying physical system, the better the estimation,
of course depending on the algorithm. Therefore, it is important to discuss these models
which might be of interest for this work and group them into different classes. First,
a general framework will be introduced, from which further common classes are derived
and evaluated in regards to estimation problems while this Chapter theory of Bayesian
estimation is summarized and further derived from [380][363][384][385][386][387][388][354]
[355][389][390].

First, the generalized system model is given by the differential-algebraic equation (DAE)

]—"(d—x,x(t),u(t)ﬁ,t> —0 (5.1)
dt

where dz/dt represents the differentiation of the internal variable x with respect to time
and R"*, § with R™ is the time-invariant parameter vector, w with R™ stands for the
process noise during time ¢ with R™. wu(t) represents the input vector used e.g. as con-
trol signal. For estimation purposes, the control input signal can be neglected in further
discussions. DAE originate from object-oriented modeling, is of stochastic nature and
incite the use of this framework to estimate unknown, unobservable internal states and
parameters. Nevertheless, the theory and literature focuses on special cases and their
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implementations. Due to later complexity, unmodeled dynamics and disturbances influ-
encing the real system, they are only considered in the model equation as an unknown
stochastic term. Due to its stochastic characteristics, its implementation and transforma-
tion into the corresponding equations bare the risk that the solution also contains noise
components. Therefore, some practical degree of freedom regarding the tuneability is
important, to control the trade-off between estimation results and noise. Later we will
introduce the successful KALMAN filter, whose tuning is realized having a fixed sensor
noise covariance matrix while adapting the process noise covariance on-line.

The set of equations is complete by describing the relation between noisy measurements
and internal states, this equation is called the measurement equation. The observation
samples depend on the measurement system sample frequency and are obtained at discrete
time as

H(yn.zn,0,e5,k) =0 (5.2)

where y, with R™ represents the discrete measurement, e, with R", k£ with R is the
discret time indicator, H with R« +netnetl o RP# gtands for the non-linear function for
the measurement system.

Classification of Models

Generally, mainly four different models (DAE, ODE, DSSM, DLSSM) are discussed and
used in estimation theory [391], and formulated from the original differential-algebraic,
for the BMS SW methods, the DSSM model is applied and further derived as following:

Discrete-time Non-linear State-Space-Model with Additive Noise (DSSM)

The discrete-time nonlinear state-space model with additive noise

Tyl = .F(xkﬂ,t) + Kk .

where k; and v are assumed to be white noises.

It has to be pointed out, that no theroy for the discretization of state noise is proposed in
the literature, only several different ad hoc assumptions are discussed and can be summa-
rized in [391] An special derivative of the stochastic discrete-time nonlinear state-space
model with additive noise uses linear equations which is by far the most studied model
cases
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5.2 Recursive Bayesian Estimation Theory

In traction battery systems, with up to thousands cells, it is nearly impossible to handle
and process the number of measurements, hence, the algorithms are defined in an recursive
or iterative manner, also since data is not always available, on-line estimation is crucial.
Dynamic systems are defined as discrete processes where the actual state is dependent
on prior states. The state dependence and tracking of changes in continuous systems
is realized using differential equations. For the discrete case, as such as electronically
calculated systems, continuous analog signals are discretized and measurements taken
at discrete times, and estimation can only be executed at those time. The differential
equations are replaced by finite differences which connect the current state at time ¢
to the states at measurement times prior to ¢, [372][360] and is defined as first-order
Markov processes and only a model for the true transition function. For many engineering
problems, the observation and transition function are considered adiabatic, meaning that
their dynamics have a higher time constant and slower dynamics making the functions
time independent. The posterior density function can be recursively estimated using
Bayesian theorem. Following Bayes’ law equations are summarized can be rewritten as
[380][367]

p(Yk|zk)p(zk)

p(Ye)

where p(x|Y:) is the pdf of x; conditioned to the all measurements until the current
sample. The set of measurements can be written as individual samples such as

(k| Ye) = (5.5)

P(Ye,Ye—1|zr)p(wr)

p(xg|Yy) = 5.6
(#f12) P(Yr:Yi-1) (56)
Applying the law of the joint density function, this can be written as
Yio Yi_
p(ax[Yi) = Pr|Yi—1,0)P(Ye1|zr)p(k) (57)

Pk Yi—1)p(Yi-1)

Further simplification by applying the law of posterior conditional density and reducing
the equations leads to

Pk Yie—1,26) (25| Y1) p(Yio1p (@)
P(Uk|Yi—1)p(Yi1)p(w)
P Yie1,28)p(2k| Y1)

p(ag|Yy) =

p(Ykz‘Yk—l) (5'8)
p(yrle)p(2k] Y1)
(Yl Y1) (5.9)

A further step is necessary to form a recursive framework for the conditional probabil-
ity density function. The CHAPMAN-KOLMOGOROV equation relates the prior density
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p(zg|Ys—1) and the prior density at time t;_; by
p($k|Yk71) = / p(xk’xkflyykfl)p(l’k|Yk71)d5€k71
= / p(wrlvp—1)p(rg—1|Yi-1)dag 1 (5.10)

The recursive framework for p(zx|Yx—1) and current posterior p(zx|Yy) depends only on
the knowledge of the predictive density p(xg|ri_1) and the likelihood function p(Yy|zy)
[372] [360][380]. The current measurement is used to update the posterior function by the
likelihood at ¢

panl¥) = ([ planlon)plodVoe)don ) planlen) plaal¥ion) 11

/

~
normalized constant Ay

with transition and likelihood function as
plag|rp—1) = / O(xp — F(zp—1,up—1,kk-1)) P(K—1)dKK_1 (5.12)

respectively,
Pyeley) = / 5y — Hlwrawm))- pve)d (5.13)

This leads to the optimal estimator, in the sense of statistical inference problem, how-
ever, with the restriction of solving the multidimensional integrals only for linear systems
with Gaussian noise. The optimal filter for those problems is the linear KALMAN filter
(LKF). For all non-linear, non-Gaussian systems, which also lithium-ion batteries belong
to, approximations of the recursive Bayesian statistical theorem have to be applied and
shall discuss further.

5.3 Approximate Solutions to the Probabilistic Inference
Problem

As mentioned earlier, the challenge in solving the probabilistic inference is to estimate
internal state variables x and parameters 6 based on noisy and missing measurements y.

The details are summarized form [372] [390] [380] [392] [367]
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Figure 5.1: Approximation solution for recursive Bayesian estimation [380]
[367].

5.3.1 Methods Using Gaussian Approximation

As discussed earlier, the recursive Bayesian framework offers the optimal solution to the
non-linear filtering problem. Depending on the problem, the system may consists of
multi-dimensional integrals and results in high computational resources for real-time ap-
plications executed on embedded systems. Several methods to simplify the integration
by approximating are proposed in the literature, such as Sequential Monte Carlo (SMC)
[393] [394] Gaussian Closure, Equivalent linearization and Stochastic averaging. SMC
with Particle filters transforms the domain of the random variable into a group of lim-
ited particles which are passed through the non-linear function to obtain the statistical
distribution of the transformed random variable and are therefore the preferred solution
for complex non-linear and non-Gaussian system approximations while it has to be taken
into consideration that restricting the approximation to the uncertainty propagation, will
forces a reduction of the number of parameters used.[394] Another method to approx-
imate the conditional pdf is based on the assumption that the stochastic variables are
approximated by a sum of Gaussian density functions. The higher the number of Gaus-
sian densities, the better the convergence to any probability function. This leads to the
Gaussian Sum Filter (GSF) when considering model case 3, where the first two moments
of the Gaussian mixture are recursively passed through the linearized model, under the
assumptions, that the new obtained components are equal to the prior weights. This
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assumption is reinforced by Bayesian Theorem where new measurements update the ap-
proximation of the posteriori probability density function. Generally, the weights of the
original GSF are constant, but the uncertainty is passed through the non-linear functions
and updated when new observation samples are available. Under the assumption that
the random variables are normal distributed, the Bayes filter can be greatly simplifying.
Therefore, the filtering problem is limited to determine only the first two moments of
the probability distribution [395] best known as the mean and its distribution about the
central value, the variance, which characterizes its variability around that value. Not only
the optimal estimate in the minimum mean-squared error (MMSE) sense is given but also
any “best“estimator by the conditional mean [367]

i = El(@r — Zep) (@ — rge) " Vi) (5.15)
and the evaluation of E, which requires information of the a posteriori density p(zx|Ys),

leading to the ”best”estimator. [396] Given the n-dimensional non-linear system with
additive noise and uncertain initial conditions given by

op = F(Tho1,Up—1,Kp-1) (5.16)
yr = M(ze, we ) (5.17)

with the normal distributed random variables x and v as

o1 = N(k,Fr1,Ph_y) (5.18)
Since the literature only discusses system equations which are reduced as noise is often

non-zero-mean, the extension for general stochastic dynamic systems is introduced: The
measurement update is done applying Bayes rules:

(Y| 2r)p(2k| Yi1)

ze|Ye) = 5.20
plax[Ye) P(Ye|Ye-1) (5.20)
where
p(x|Ye-1) = p(wk|Tr-1,)p(Th—1[Ye-1)dzs 1 (5.21)
and [380]
Pk Ye1) = p(@r|Ye1,)0(yr|r ) day, (5.22)

including the current state density in dependence of the last previous density and the
current measurement data which solves the problem of estimating the a-posteriori density
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with the help of recursive Bayesian approach as [380],[396]

p(yk|zr)p(zp|Yi1)
P(Yk|Yi-1)
p(rlzr)p(we] Y1)

Jan Pkl p(2] Vo) day,

p(wr|Yr) (5.23)

(5.24)

To solve this problem, the likelihood function p(Yy|zx) as well as the state changes with
transition probabilities p(z|xy_1) has to be determined by the density functions of the
multi-dimensional normal (gaussian) density as [397][380]:

p(z|zry) = i exp[ — %(mk — (F+ Kr)) {KPFXK"Y " (2 — (F + KE>)}(5.25)
plorler) = 5 exp| — 5 (e — (H+ 7)) {TPIT (= (14 T7) | (5:26)

Y

with positive scalars Ay,, and Ay, with me (ye|zr)dyr = fRn (xg|xp_1)dz) = 1 with

v = [ o]
Ay, = /mexp[—

According to this, the recursive Bayes rules with initial condition p(zo|Yy) can be solved
in two steps as following with the analytical solution in the sense of possessing a minimum
variance [396]. Therefore, only the conditional mean and covariance needs to be evaluated,
and leads to the implemented recursive estimation framework [380]:

(2 — (F + Kr)) " {KPXETY " (ay, — (F + Km)} dzy. (5.27)

RO = DNl

(ye — (M +T9) {TP T} (g — (H + FV))] dye  (5.28)

1. Prediction step:

p(@g|Yi1) = / p(@glrr—1)  p@p-1|Yi-1)  dzp—
R ——
N(jkflﬂcfl)vpi_l“‘;_l)
1 _
— exp = 5 (o= (f + KR) {KP"K"} (o0 — {f + KE>)}
p(Th 1|Yk 1)dzy 1 (5.29)
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Tpjh—1 = E[wk’Ykl]:/ Jfk/ p(ar|rr—1)  p(@r—1|Ye-1) dop_idx,  (5.30)

N(ikfukfl)ypi,uk,l)

ik = B[z — Zrp—1) @k — Zep—1)" [Yao1] = Elzeay] — Zepe—1Zhp_y

A AT
:/ :(:ka:k/ {L‘kll'k 1 p([Ek_1|Yk_1) dmk—ldxk_ka—lka_l'
n n —r
$k—1|k—1)7P’;§_1‘k_1)

(5.31)

2. Filtering step:

p(zk|Yi) = An- p(yr|zr)p(@n]Yio1)

= Ay eXp[ = T TPTTY (g — (H+ FV))}

Aw, >
p(@g|Yi-1). (5.32)
Trk = Elzy|Yz] :/ z- C- p(yr|op)p(zr| Y1 )day, (5.33)

e = E(zn — 2up) (wn — 2wgp) T |Ya] = Elaogay] — Enpdiy,

In [397] the integrals can be transformed to

= (prediction of ) + Ky [y — (prediction of yy)]
Tk = Trk—1 + Ki (Yo — Gp—1) = Tapp—1 + Kir y (5.35)
i = Plj1 — Ki PL G (5.36)

and defines the linear recursion, but still the non-linearity of the underlying model
is given. The optimal solution in this recursion corresponds to the KALMAN Filter
with the gain term

Ky = Py (P! (5.37)

expressed as a function of the posterior covariance matrices, while it is necessary to
take expectations of non-linear function of the prior state variable where Py, is

the prediction of the covariance of x; and Pz the covariance of ;. These terms are
calculated by the KALMAN filter in the linear case.

The most problems occurring in practice, including battery systems too, are of non-
linear nature for which no analytical solution to the non-linear recursive solution can be
provided. To still apply the Bayesian framework for linear systems to non-linear system
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and measurement equations, approximations are required which can be categorized into
to different types [380]:

e Local Model Approximations: The model itself is approximated using a less
complex mathematical description of the system dynamics. Multivariate Taylor Se-
ries expansions are applied at each time step, to linearize a model about a working
point. A discrete-time linear state-space model for first order expansions is ob-
tained, higher orders are also possible but only tend to improve the performance for
marginal measurement noise. The non-linear system equation is linearized around
the conditional posteriori estimate Zj_j;—; at time & — 1, while the measurement
equation is linearized around the priori estimate Z;,—;. The KALMAN filter process
may be applied to the linearized model, then its known the extended KALMAN filter.
The estimation error for the extended KALMAN filter depends on the non-linearities
of the underlying process and measurement system. For high non-linearities the lin-
ear Taylor-series approximation may result in a poor estimation or negative definite
covariance matrices which leads to divergent K. Also, another family is the ensem-
ble KALMAN filter (EnKF), and seen as an alternative to the extended KALMAN
filter. The major difference between EKF and EnKF lies within the approximation
of non-linearities of the SSM and measurement process. While the EKF applies
a linearized error covariance, the EnKF passes around a finite ensemble of model
trajectories. As shown in [398], the EKF and EnKF show comparable performance
in regards to accuracy and computational effort. Therefore, there was no specific
need to do a full scale evaluation, however, the EnKF is implemented for state- and
parameter estimation to prove the overall performance.
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Figure 5.3: Battery cell voltage estimation using EnKF. Data provided by [2]
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Figure 5.4: Parameter estimation of 1-RC ECM using EnKF. Data provided by [2]

Figure 5.5: Performing joint estimation for first order Li-ion battery ECM using ensem-
ble KALMAN filter.
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Following methods address the EKF weaknesses:

Iterated Extended Kalman Filter vl To advance the ”first-order” approximation
the iterated EKF was proposed, which improves the convergence behavior of
EKF especially for weak initial values and high non-linearities in the measure-
ment equation. At time step k£ the nominal state estimate is redefined while
the measurement equation is re-linearized around the updated state estimate
[396]. The prediction works similar to the EKF, but based on the first filter
value, primarily the equation is linearized around the predictive state estimate
followed by measurement update. Subsequently, the measurement equation
is linearized around the newly obtained estimate. This process is iteratively
repeated until the absolute difference between two consecutive iteration re-
sults fall below the user defined threshold. This advancement does not effect
considerably the computation efficiency even though outperforms the standard
extended KALMAN filter when non-linear measurements models exist [399].

Iterated Extended Kalman Filter v2 The second version of the iterated extended
KALMAN filter goes one step further by minimizing the linearization errors of
the system model, thus the corresponding prediction equations are linearized
as well. As soon as new measurements are available, the priori state estimation
Tgk—1 as well as the appropriate covariance Py, _; are corrected iteratively.

Adaptive Iterated Extended Kalman Filter The EKF ignores higher-order terms
introducing truncated errors, while the IEKF was designed to overcome that
drawback. Additionally, for process noise vector and measurement noise vector,
the covariances are described with uncertainty and assumptions, for what the
adaptive IEKF was designed to account with a noise statistics estimator.

Additional simplifications focus on the additive noise processes, these are approxi-
mated by Gaussian distributions. The model is now linearized with additive Gaus-
sian system and measurement noise. As proposed by Rudolf Kalman, the extended
KALMAN filter is the optimal estimator for this problem, which means, the esti-
mator processes observations to compute a minimum error estimate of the state
or parameters using the system and measurement equations with its additive noise
and initial conditions provided by the designer. On the other side, hidden Markov
models (HMM) approximate the non-linearity by keeping the state vector constant
within a finite set of values. Nevertheless, for model approximations, the discrete-
time Bayesian recursive estimation approach is neglected.

Global A-Posteriori-Density Approximations - Non-working-point Lin-
earization Whenever the local approximations fail or suffer from high level of in-
accuracy due to high system non-linearity, bad initial estimates or non-Gaussian
noise, the powerful method of Bayesian recursive estimation derived earlier is ap-
plied to the original non-linear models, which are based on physical principles to
describe the systems behavior, to approximate ordinary differential equations by
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solving Bayesian theorem recursively in numerical manners. Many different meth-
ods are discussed in the literature and are summarized in Figure 5.1 and can be
categorized into 2 groups, where group one uses the parameterized posterior density
over a finite values for the parameters and used as inputs to the Bayesian frame-
work, which will be adapted recursively over iterations.

To bypass the linearization process several algorithms are proposed in the literature
to increase the effectiveness of the filtering scheme over the original linearization
methods such as extended KALMAN filter. The so called Bayesian quadrature is a
means of using Bayesian inference with model-based approximation to the value of
a potentially intractable function. For a function F the prior distribution over its
values is defined by the mean and covariance matrix as following [400][380]

I I i 7)) dr (5.38)

1
F- —-exp[
R /(2m)" P 2

where I the context, consists of prior information of mean and covariance functions.

[= / F) (Z;)n /2~exp( . %b%)db (5.39)

with P* = S(S)T and 2 = S*b+7T which is approximated with different quadrature
methods . Later various filtering techniques were introduced under Bayesian frame-
work, such as Central Difference Filter (CDF'), Unscented KALMAN Filter (UKF),
Cubature KALMAN Filter (CKF), Cubature Quadrature KALMAN Filter (CQKF),
Gauss-Hermite Filter (GHF), Sparse Grid Gauss-Hermite Filter (SGHF) and Mul-
tiple Square Root Quadrature KALMAN Filter (MSQKF).

1. Quadrature: Julier & Uhlmann JULIER & UHLMANN define a new method
where a normal Gaussian distribution of a random variable x is approximated

by a discrete distribution as [390][380]

Vn+re® for 1<i<n

@ = { g forn+1<i<2n (5.40)
0 fort=2n+1
) 25 for i=2n+1
p(a®) = § 2 . (5.41)
m for 1 S 7 S 2n

where k£ > 0 represents a constant and e® the ith unity vector in R” and
transform the integral equation into JULIER & UHLMANN approximation [380)]

2n+1

I=Iy =Y Fa®)pa) (5.42)

This filtering method portrayals draws on the Monte Carlo method, with the
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idea that its more complex to approximate the arbitrary non-linear function
rather than approximating a probability distribution. In comparison to MC,
the sampling is not random and therefore the computation is more efficient
due to reduced post-processing. Deterministic sample points, called sigma
points, which represent the pdf of a multi-dimensional random variale x, are
drawn to capture the first two moments of the prior distribution. Each sam-
ple is propagated through the non-linear function y = g(z) and transformed
via T® = g(X®), and weighted based on the original mean and covariance
where afterwards a new Gaussian distribution is fitted to these new trans-
formed weighted points, according to updated mean and covariance matrix.
This transformation is known as the unscented transformation, and lends its
name to the Unscented KALMAN Filter (UKF). Since the transformation prop-
agates the mean and covariance precise to the second order of the distribution,
the filter lacks on accuracy when applied to non-Gaussian distributions. The
matrix X’ consists of 2n + 1 generated sigma points such as [390]

) fOI'iZ 1
X0 ={Lz+ (Vn+rP), fori=2..n+1 (5.43)
T — ( (n+ﬁ)Px)(l), fori=n+2..2n+1

8l

and the following weights w®:

w® m fori =2,...2n+ 1.
2n+1

S w® = 1

with w® represents the i-th sigma-point vector, x is a scaling parameter,

( (n+ H)Pm)m represents the ith vector of the Cholesky factorization of the
weighted covariance matrix. The approximated statistic by means of mean,
covariance and cross-covariance are calculated as following [390][380]

2n+1

> w®rd (5.44)
=1

2n+1

ST w®- (10 —7) (10 —7)" (5.45)

2n+1

S w® (20 —7) (20 —p)" (5.46)

<
Q

PY

Q

P

Q

Thus, the unscented transform was defined and introduced by JULIER &
UHLMANN and further improved the sigma point generation to exploit ad-
ditional stochastic information including the first three moments of the distri-
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bution of a random variable. All these methods face the challenge for higher
state space dimensions since the spherical bounds proportions increase with
27=1/2 and result in taking non-local effects into account. The sigma point
scaling approach (Scaled Unscented Transform (SUT)) [401] overcomes the
transformation skewing by propagating a set of scaled sigma points of the form

X0 = X0 4 (X0 — xO) (5.47)

with a represents the scaling parameter within the interval 0 < o <1 to tune
higher order effects and allows an additional degree of freedom to describe
further moments. The new set of sigma-point vectors is defined below and
influences the fitting in the fourth and higher order moments of symmetric
probability functions by means of a additional scaling factor a.

Ty, fori=1
X0 =Lz+ (Vi NP)Y, fori=2,..n+1 (5.48)
T — ( (n—ir/\)Px)(z), fori=n+2,..2n+1

and the new weighting factors of this transformed sequence are

Hym A
U)( ) T ontA
1),c _ A A2
w(z)vm — w(i)7c — 1 for Z = 2,...7277/ + 1

2(n+X)

The scaled sigma-points are propagated through the non-linear function as
T = g(X®) and the approximated stochastic consisting of mean and covari-
ance is [390][380]

2n+1

> w®m® (5.49)
=1

2n+1

P~ Z w?e (1O — ) (1 — y)T (5.50)
=1

2n+1

PY o~ Y w®e (20 —3) (0 — )" (5.51)
=1

<
%

Based on the (scaled) unscented transformation equations, the so called Un-
scented KALMAN Filter is derived [402].

. Finite Difference Approximation (Central Difference Kalman Filter)

The idea is based on the polynomial interpolation methods, where the given
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function F' is approximated by a quadratic function that satisfies [402]

[ F W. exp - %@; ~B (P e -] dr (552)

(n+1)(n+2)

F(ED)y = PED)  for 1<i< 5 (5.53)
at the points €@ with the step size h > 0
£0) = {(O, he(i), —he(i)> for 1 < z < n
he® + hel) for1<i<j<n
which allows the transformation of quadratic function P
Py(s) = F(0) + ijla(o)s(i) + %STHS (5.54)

where s is the i-th coordinate of a point s and the vector a = a® and the
symmetric matrix H = (H(Z)’(j))nxn [400][380].

) _ F(he®) — F(—he®)

i = 7 for =1<i<n
(5.55)
o B(he®) — 9B(0) 4 F(—he®
oG _ Fhe”) QFf(LS)JFF( hel”) for =1<i<n
(5.56)
o B(he 4+ he®)) — B(—he®) — P(—he®) 4 F
H®:0) :F(he + hel?) — F( i;; ) (Zhe) + F(0) for =1<i<n
(5.57)

where the substitution of the stochastic recursive Bayesian integral I is ap-
proximated [380]

I ~ Ippr = F(0) + Z %H(i),(j) (5.58)
i=1
and the integral as
< 1 1.,
J= [ RORO) 5o /2-exp( —5b b)db (5.59)
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while J further needs to be approximated by

[ POOR 0 Gea(~ )
= [FDI
A +Z< 041} 4 {2}+;Ho(i),{l}H(i),(i),m}) (5.60)
+ Y HOU OO0 2)
i#j

where P represents the quadratic polynomial approximation of F, When 1=
1,2. Also possible using the diagonal second order correction H (105 ). which
results in

1 1
T~ / P (b) P2 (1) o /2-exp( - 5bTb)db

- - _ " Fy(he®) — By(—he®) Ey(he®) — Fy(—he®
oo RO+ 3 P B Flhe) Bl

i=1

"1 L
2 @,0) A1y (),() {2}
+ § SHOVTROU

Now, the integrals I and J can now be approximated. It is worth mention,
by neglecting the second-order correction term the central difference approach
may be used for the Jacobian matrix approximation of F' for the EKF. The
procedure of finding Central Difference KALMAN Filter goes analog to the
findings of the UKF, namely

T, fori=1
X0 = {7+ (hy/P)Y, fori=2,.n+1 (5.62)
T — (h (P‘”)(Z), fori=n-+2..2n+1

and the weighting factor

wm  — hi;?

wm = - fori=2,.2n+1
whel = # fori=2,...2n+ 1.
w2 = % for i = 2,....2n + 1.

The approximated moments such as mean, covariance and cross-covariance
from y = g(z) are obtained by propagating sigma-point vectors through the
non-linear function g with T = g(x (i)), similar at the unscented KALMAN
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filter approximation
2n+1

7o~ Y wdmrd (5.63)
27;-1
P~ Y [wm,cl. (1O = POr0)2 D2 (1) 4 plnti) QTu))?}
(5.64)

P w1 P [T(2sn+i) . T(n+2:2n+1):| ) (565)

Q

The squaring describes the outer vector product such as (s)? = ss”. The CDK
and UKF are in their structure similar, only differ in the representation of the
sigma points and weights. The square-root form is derived in the following.

. The square-root central difference Kalman filter In the same way we
optimize the UKF, there is a way to optimize the CDKF to a more efficient way
to execute, by means of square-root. Similar, the heavy calculation lies within
the square-root covariance matrix for all sigma-points. The work-around is to
use the Cholesky factorization of the covariance matrices. In addition, opti-
mized least-squares, QR-decomposition and Cholesky factorization is applied.
The filter starts with its initialization as

&g = Elx] (5.66)
S: = CHOLESKY{E[(zo — 27)(zo — &{)"]} (5.67)
Sq = (VQ)" = CHOLESKY(Q) (5.68)
Sk = (VR)" = CHOLESKY(R) (5.69)

followed by the time-update equations with little changes to the original central
difference KALMAN filter

Xl:—l = [ig—p xk s X+ 1 € RN (5.70)

Xy = [ e X RS )T X - h(sh )T | (5.71)

X7 = F(X | up1) (5.72)
2N—1

iy = Z W™ X7 (5.73)

The next step requires further modification from the original CDKF equations,
by writing the Cholesky factorization of the covariance matrix in QR-form,
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resulting in the upper Cholesky factor S,
Sep = qr{ [ W§CI)((*X1;)1:N—1 — ("X )Ns12N-1),

wi® (<*X;§)1:N4 + (" ) vrav—1 = 2[(° o 'X.J.V._'I.D ’SQT}T}
(5.74)

resulting in adding N — 1 times the 0"*-column of sigma-points as following:

(&) 5 = [ Yo (X No], () ] € RV (575

The measurement equations follows the CDKF implementation,

X = [y ,0dr ], X; € RVN (5.76)
Xo=[a, Xp+h(S;)T X —n(s,)" ] (5.77)
Vi = h(X, ug) (5.78)

2N—-1
= W™ (V)i (5.79)

=0

Sy, = qr{ [\/ Wid)((yk)lzN—l — (Vi) n41:2v-1),
o (5.80)
Vel (Ghacs + Onaw-s = 200 210 807}
with

(D00 4] = [0 @)l [+ € RPN (581)
ka,yk, =Y ng)sw_kTD}l:N—l - yN+1:2N—1]T (582)
By =&y + Kelye — 9;) (5.84)
D¢ = KiS,, (5.85)
S; = CHOLESKY-UPDATE (S, d;/—"),i=0,...r —1 (5.86)

with d; is the i*"-column of the Cholesky downdate matrix D¢ applied to S..

4. Gaussian—Hermite Quadrature [402][400] rule is given for the scalar case
as

/n g9(x) (27T1)1/2exp(—x2)dx = ;w(i)g(x(l)) (5.87)
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with the quadrature points x;, whereas the equation for the polynomials g(x)
holds up to 2¢ — 1. J represents a symmetric, tridiagonal matrix with zero
diagonals and J®:(+D = /572 1 < ¢ —1:

0 i/2

yo |Vizo (5.88)
(¢—1)/2

(¢—1)/2 0

It follows that the quadrature points z; obtained from the eigenvalues A of
J and w® = |(v®){|?, where (v®); is the first element of the i-th normalized
A of J. The normalization is

. ) o0 1
(VN (@) = / exp(—2?)dx = /7 (5.89)
i
Considering the one-dimensional case

exp[%(x;ff]d:c—/n f(x) L exp( — 1b2)db

1

2mo

1= [ @

_ / g(b)exp(~)db (5.91)

a1 1,
g(b) = f(x) mexp(—Qb)db (5.92)
r = ob+7 with, dz=odb (5.93)
q
I = > wiga) (5.94)
=0

This results can be extended to the multi-dimensional case such as

q q
I~ Igy = Z e Z GA) X2 o )y () (02) L gy (in) (5.95)
i1=1  in=1

exp (%bﬁ)) (5.96)

G = F(b)

1
V2
The Gaussian—Hermite Quadrature rule is applied to design the Gauss-Hermite
filter for non-linear Gaussian models. The Gauss-Hermite filter is similar to the
Central Difference KALMAN filter and Unscented KALMAN filter, also based
on generating a set of sigma-points. The compared algorithms share the same
structure, the difference lies within the representation through sigma-point
vectors and weights of the probabilities.
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e Sigma Point Kalman Filters The local model approximation out of which the ex-

tended KALMAN filter is the widely accepted standard non-linear estimator, prove
especially for high dynamic, non-linear systems deficiency, such as limited ”first-
order”accuracy of iterated means and covariances due to reduced Taylor series ex-
pansion during linearization in the operating point. Moreover, local approxima-
tion methods don’t take into account the stochastic properties of the corresponding
system state and noise during the linearisation. This leads to reduced accuracy,
consistency and efficiency of these kind of methods. Advanced algorithms such as
the UKF are based on weighted stochastic linear regression, which are collectively
called Sigma-point Kalman filters address this shortcomings by using determin-
istic sampling methods, which makes them derivative-free but following still the
KALMAN update formulation [390][403][404]. In this work, it is also of interest to
shed light on the issue of computational efficiency, based on the motivation to find
the appropriate estimator for battery monitoring systems. For the group of Sigma-
point KALMAN filters the operation counts in terms of function evaluations can be
summarized as follows:
In theory, the algorithm based on Gauss-Hermite rule performs better in the sense
of accuracy. For GHF filter, the Gaussian integrals are as far as possible calculated
while the UKF and CDKF approximately calculate the Bayes integrals. This results
in an strong increase of computational requirements for high-dimensional systems
and makes the GHF only partly suitable and can only employed to a restricted
degree.

e Iterated Sigma-point Kalman Filter In analogy to the Iterated Extended KALMAN
filter, iterated Sigma-point KALMAN filter were derived to improve the filter prop-
erties. One hybrid method follows the combination of the UKF (prediction step),
and the IEKF;. The IUKF is based using iterated stochastic linearization, which
was also implemented for the central difference approximation to ICDKF.

e Square-root Forms [405] Matrix square-root calculations for the state covariance
to generate the sigma-point vectors may be computational too costly for battery
monitoring algorithms, which are executed on embedded controllers which offer
limited computing power [396]. To address the need for higher numerical stabil-
ity and efficiency (guarantees positive semi-definiteness) during the state covariance
update the square-root forms for both, the Central Difference KALMAN filter and
Unscented KALMAN filter. The most demanding part of the UKF lies within the
calculation of the matrix square root of the covariance for computing the sigma-
points at each sample time, which means that the state covariance is directly passed
and updated in Cholesky factored form S together with QR decomposition, Cholesky
factor updating and efficient pivot-based least squares. To understand the SR-UKF,
the equations shall be recalled with emphasis on linear algebra: The Cholesky de-
composition can be described as the computation of the matrix square-root of the
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positive definite covariance matrix P which results in an upper triangular matrix S
P =S"S (5.97)
However, the more efficient decomposition in the form
X =QR (5.98)

is used, where Q € R’ is orthonormal and R € R*" is an upper triangular.
Then the covariance matrix can be calculated as

P=X"X =R7Q"QR (5.99)

resulting in
QfQ =1 (5.100)
due to the orthonormality of Q

P=R’'R=R'R (5.101)

where R is defined as the upper triangular part of R resulting in the upper Cholesky
factor of P. The Colesky factor update and P are defined as

P=P+v xx' (5.102)

where v is a scalar, S the upper triangular Cholesky factor of P and is calculated
as following

S = CHOLESKY(P) = CHOLESKY-UPDATE(S,v/ - ) (5.103)

In comparison the the UKF, the initialization considers the Cholesky factors of the
covariance and noise matrices as [405]

¢ = Bl (5.104)
S, = CHOLESKY{E[(xo — 2¢)(z0 — 2¢)"]} (5.105)
So = <\/6>T — CHOLESKY(Q) (5.106)
Sk = (Vﬁ)T = CHOLESKY(R) (5.107)

The sigma-points for the a posterior: distribution at time step k — 1 is defined via

Xl:r—l = [ j1—:71 lell + 77(8+ )T Xl:l - 77(8+ )T ] (5'108)

Th—1 Tk—1

where 7 defines the spread of the sigma-points, and passed through the non-linear
system equation to compute the a prior:i value for the time step k with the estimated
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state
"X = F(A we) (5.109)
2N—-1
Z W™ D) (5.110)
(5.111)

for which the Cholesky factor is propagated as [405]

T
S, =ar { { W ((*X,;)Lm_l - X,;p) SQT] } (5.112)
S,, = CHOLESKY-UPDATE {S;k, w((f) (X )0 — x,;)} (5.113)

Beginning, the QR decomposition is used at S, containing the weighted change
of sigma-points and the average of the square-root of the process noise covariance
matrix. Following, the Cholesky factor update is applied for stability reason as the
0-th sigma-points are taking into account as well. This calculation leads to a similar
matrix as represented in 5.64,. The similarity between UKF and its square-root

form SRUKF is illustrated for the change of covariance during time as following
[405]

1T

| Wy - ((*Xk‘)l:zzv_l - X,;) SoT (5.114)
P, = (_s;k)T S, =M"M _ (5.115)
_ W (<*X;>1:2N71 _ X,:p) So” ] [ W (<*ng1:2N1 — Xk%)T ]

| _ ’ (5.116)

= <<*Xk_)1:2N—1 - XzZ) <(*Xk_)1:2N—1 - X,;>T +Q (5.117)
P, =" P, 4w (X))o — ) () —35) (5.118)
= 221 () = ) (A — ) +Q (5.119)

It is clearly shown, that the square-root form is equivalent to the UKF implemen-
tation, however, executed in a more compact way.

During the measurement update, the sigma-points are passed through the non-linear
function A(-). This can happen in different ways, option 1 extends the traditional
set of sigma-points to an augmented version **¢X," with 4N + 1 points, while other
methods use previous set time £ — 1 and add 2N new points to it processing more
data in regards to the odd moments at the cost of more calculation efforts. For
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method 1, the new set of sigma-points is generated as following [405]

A

Xy =[a Xo+nsy)" Xp —n(S;)" ] (5.120)

The output is estimated as following:

2N—-1
=Y W™ (V)i (5.122)
=0

followed by the Cholesky factorization for the measurement covariance and cross-
covariance:

Eal

e = qr{ { w? - ((%)1:2%1 - ffksp) SRT}T} (5.123)

S, = CHOLESKY-UPDATE {Syk,w/w((f) (D)o — Qk)} (5.124)
2N—-1
Py = > w@ (X0 — a) (V)i — )" (5.125)
i=0
with A )
Vi, = [ s0k)s Vi, (5.126)
For method 2, the new augmented set of sigma-points is represented in the following.

It must be pointed out, that the sigma-point weights are also adapted to the new
set and size (N— > 2N) [405]

DX =[x (X )o+nShH ("X )o—nSh | (5.127)

@Yy = h(“"D X uy) (5.128)
AN—-1

= w0y, (5.129)
=0

~ T
Sy, =qr { [ wi? (((aug)yk_)lsélN —(aug) Yk) SRT:| } (5.130)
S,. = CHOLESKY-UPDATE {S;k,\/wéc) : ((y,;)o —(aug) Yk)} (5.131)
4N—-1 .

Pﬂ%yk = Z wi(c) (((GUQ)X]:)Z — jj];) (((aUS])yk_)Z _ gk) (5132)

=0

with the estimated output R
@)Y, = [Grse e Uk] (5.133)

Following the KALMAN equation, the gain is calculated following an optimized least-
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squares approach

_ -1
Ky = Pwk,yku; = Puiu (SZ;; Syk) - ka,yk/syk/sgk (5.134)
giving the a posteriori state estimate
By =&y + Kelye — 9;) (5.135)

and the Cholesky factorization of the state covariance as

D¢ = Ki.S], (5.136)
S; = CHOLESKY-UPDATE (S, .d;/—'),i=0,...r —1 (5.137)

Ty
with d; is the i*"-column of the Cholesky downdate matrix Dco. Below, the steps
for the UKF and the SRUKF for the measurement update is summarized for the
covariance matrix.

P =P, —KP, Ky =P, —DcDi =P, — Zd df = (St)'st  (5.138)

S, = CHOLESKY (P ) = CHOLESKY (P;k — Zd,df) (5.139)
= CHOLESKY-UPDATE (S, d;/—'),i=0,..r—1 (5.140)

It can be seen, that the SRUKF evaluates in time the Cholesky factor of the co-
variance the same way as in the UKF form, however, in a more efficient way saving
computational power.

5.3.2 Methods Using Non-Gaussian Approximation

Considering a case of non-Gaussian random variables, taking the methods earlier de-
scribed, the required pdf’s are still approximated by a Gaussian, which may induce dis-
tortions towards the underlying structure resulting in filter divergence. Analytical approx-
imations include Gaussian sum filter or estimating the first two moments of the probability
density. In this section the developed inference methods are introduced which solve the
Recursive Bayesian estimation theory under the assumption of non-linear, non-Gaussian
dynamic systems. These are necessary due to the fact that the non-linear transformation
of Gaussian distributions result in non-Gaussian distributions. Under the stochastic point
of view, the Bayesian framework depends on the concept of processing the integrals over
the multi-dimensional parameter space [380]. For general cases, the integrals represent the
normalizing factor of the posterior density function together with the MMSE estimate.
For the recursive Bayesian estimation a further integral represents the posterior filtering
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density function, but as discussed earlier, it leads to the following problem of finding
analytical solutions. Therefore, approximations are necessary [380][394], but under the
premises that an appropriate choice of the numerical integration approach, also under
computational costs consideration, depend on the dimension and form of the integration
area. In addition, for recursive Bayesian estimation, standard numerical integration meth-
ods do not lead to a mutually acceptable result, since after the filter initialization and
first iteration the integrand are not analytically known and can only be approximated but
not precisely determined. The posterior density

(x1|Y0) =~ szg% 1) (5.141)

can be approximated based on local basis functions and their linear combination, which
will be used in the recursive estimation. In Grid-based methods, the local basis function
are derived from grid mesh, either adaptive or fixed. Grid-based methods (GBF), uses
numerical integration to solve the integrals, here the posterior filter density function is
discretized and recursively processed. Early work applies uniformly grid mesh which
cannot be applied to higher order dimensions. The grid mesh is R? Grid-based filter
subdivide the probability density function into a deterministic discrete grid as

Pz Vi) = Zwk (z, — 2) (5.142)

The difficulty in this approximation lies in determining the correct position of the grid.
For spare grid, the estimation quality is reduced, and if the mesh is too fine, the numbers
of points increase excessive while for both resolutions the grid may be moved and float-
ing. The recursive point mass is now a problem of recursive weights evolution instead

[406][380]

wi_, = Zwk eeap (@) ) (5.143)
wl(c|)k o wl(c|)k—1p(Yk‘xk ) (5.144)
(@) S

The operation counts in terms of function evaluations for Wyp—q 18 N7 The point-mass
approach provides also an expansion to non-linear estimation problems.

e Direct Numerical Integration - Grid-based Methods Let’s define N grid
points to approximate p(z;|Y;), for which each point has its individual probability
mass. The idea is to approximate the posterior by a set of point values on a moving
grid to replace the integrals by summations of weighted Dirac delta functions such

as
N

plaVe) = > pid(ws — af) (5.145)

i=1
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where the Dirac deltas are fixed and uniformly positioned and the sum is over a
finite number of points with probability function p; located at ' [407]. Further work
concentrated on piecewise constant approximations [392]. However, the bottleneck
was considered to be the storing of the high number of grid points. As a consequence,
focus shifted towards more advanced interpolation techniques resulting in less grid
points but more complex analysis for grid point structure. One of the latest methods
was defined by Julier et all (2000 and 2004), the so called unscented transform
with the unscented KALMAN filter, in which the unscented transform generated
a set of grid points in the state space. Another set of algorithms applies a set
of multiple models for estimation, for which each model represents a phenomenon
of the corresponding system. The interacting multiple model (IMM), generalized
pseudo-Bayesian (GPB) and range parameterized EKF are used especially in target
tracking applications. An further improvement to the point mass estimator is the
sequential Monte Carlo method [380][394], applied in particle filters. Here the a
posteriori density is approximated by a set of statistical chosen points, rather than
in a deterministic way, as for point-mass filters [392][367].

Gaussian Sum Approximation Often, on-line estimation is a function approx-
imation problem, whose successful implementation depends on a efficient and reli-
able measurement and time update. Numerical solution is based on multiplications
and convolutions between pdfs generating new Gaussian distributions. Another
method to approximate the conditional pdf is based on the assumption that the
stochastic variables are approximated by a sum of Gaussian density functions [367]
[408][380][394]. If we approximate the a posteriori density using a sum of Gaussian
densities as following

plz,|Y;) ~ Z wl? N (&) Py?) (5.146)

N
where ) wt(i) = 1 and N represent the importance weights and normal distribution
i=1

with mean and covariance respectively of the i** Gaussian kernel with respect to
the first measurements, resulting in the Gaussian sum approach [367]. In practice,
terms containing small weights are not considered while similar weighted terms are
combined to one for each calculation. This gives that for any probability distribution
p(z) it is possible when summing up a sufficient number of Gaussian normal distri-
butions (GMM, Gaussian mixture model) the approximation converges uniformly
to any probability density function in discrete form.

p(z) = pamm(z Z wtz (z4; T (i)ypz}(i)) (5.147)

Based on this Gaussian mixture models, recursive algorithms were derived for dy-
namical system with additive Gaussian white noise, for which mean and covariances
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of the Gaussian components are passed applying the linearized model. The updated
Gaussian stochastic parameters with its weights are set equal to the prior weights.
Once the measurement is available, the approximation of the posterior probabil-
ity function by applying BAYES theorem resulting to the so called Gaussian Sum
Filter (GSF), which allows to deal with non-Gaussian densities. The higher the
number of Gaussian densities, the better the convergence to any probability func-
tion. Considering the dynamic state space model with the assumptions that at time
k — 1 the density p(xy_1|Yx_1) and that the filter density functions for system and
measurement noise can be approximated by the sum of GMM as following [380]

Probability density at £ — 1
penm (Tr-1]Ye-1) Zw N (zp_y; 2 PP (5.148)
System noise

M
pean(he—1) = > v} - N (mier; By PROY) (5.149)
m=1

Measurement noise

pan (k) Z,o N (w7 P9 (5.150)

(5.151)

and subsequent density functions can also be approximated by GMM [380] .

1. Prediction step: priori density function at time &

P(rp—1|Yi—1) = pevm (Tr—1|Ye-1) Zwk|k L Nz 1,1’;(6‘,3 1,Pk|,(€g)1)
~—_———

prediction

(5.152)

2. Filtering step: Posteriori density function at time k

G//
p(@k|Ye) ~ pavm (k| Vi) = Zwklk : xk\k,:c,(c‘k),Pkl,(f )) (5.153)
—_——

// 1
filtering

with G'=G-M, G"=G-M-J

where G,M,J are the represent the amount of GMM models for pdf of states, system
and measurement noise, respectively. Since all the stochastic components of the
GMM are of Gaussian property, the prediction and filtering steps are carried by
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propagating mean and covariance from time k to time £ — 1 applying e.g. a filter
bank in parallel of EKF, which would then result in a Gaussian Sum (extended)
KALMAN filter. Their corresponding weights for the prediction step are calculated
in form o) )
w}(ﬂ_l _ We—1)k— 1 Uk71 — (5.154)
Zg 12 1wk 1k—1"Yk—1

and the weights for the filtering step are given by

(9") _ le:!\]k) 1 71(:) P9 (yi|zy)

klk — G/ J .
2 g=1 21 wl(ch) 1 712) Y (yk|2)

Generally, weights of different components of a Gaussian mixture don’t change on-
line from time k to time k — 1 while passing the stochastic values through nonlin-
ear function. The update is obtained when measurement data is available. This
property is contradicting to the general non-linear approaches, where new values
of weights are necessary for accurate propagation of the density function. This
concept is based on the fact that the change and values of covariance is small and
the linearization is reasonable around the means [394]. However, this case may be
applicable only if the corresponding dynamics are linear or the system behaves con-
ditionally non-linear or the observations are superimposed with marginal noise and
free of offset and obtained with high sample rate. In application, especially for bat-
tery storage systems, these underlying assumptions lead to unsatisfactorily results
for predicting the density function. As batteries have strong non-linear behavior.
The amount of GMM’s from G to G’ during prediction and G’ to G” during filtering
leads to an increase of GMM components which restricts the extent of implemen-
tation into application by the available computing power. In order to reduce the
exponential growing operation counts, GMM’s with similar stochastic properties are
summarized or those with low weighting factors are neglected. The output of the
Gaussian mixture filter is obtained by combining estimates for a bank of KALMAN-
like filter, for which each individual filter matches a corresponding distribution of
the Gaussian mixture [409].

(5.155)

Simulation Based Monte Carlo Methods - to deal with the Bayesian estima-
tion problem, the numerical integration has to be solved. The restriction lies in
the exponential growth for increasing dimension of the integration region. Simula-
tion based (Markov Chain) Monte Carlo integration accounts for a whole spectrum
of approaches that provide solutions to non-linear, non-Gaussian complex systems
and differ from previous described methods in the relative error which is in gen-
eral independent form the state dimension but still keeping the requirements on the
computing power very high [380]. The idea of Monte Carlo sampling (MCS) ap-
proximation is based on stochastic sampling to solve numerical problems. Hereby,
MCS uses a set of random variables in a probability space to approximate the cor-
responding integral. Taking into account, a sequence of random samples from the



5.3 Approximate Solutions to the Probabilistic Inference Problem

probability distribution is drawn, then the integral function f(x) can be estimated
as following [410]. It must be remembered, that MCS’ accuracy is independent of
dimensionality of the state vector [380][394].

1 i
fv=5 2 f@) (5.156)

where {2, ... (™)} represents the random samples. By the law of large numbers,
fN(x) is going to converge toward the expected value for f,. Now, two questions
must be asked, how shall the samples be extracted from the probability distribution
(pz). Lastly, the estimator which is able to determine the stochastic properties of
the function with respect to the density.

Perfect Monte Carlo Sampling - All Monte Carlo methods are formed by the
perfect sampling idea used to approximate the pdf’s where the probability integral
I(g) [380][394][367]

N

) 1 .
p(anlYe) & plan]Ve) = 5 D0 (a — ;) (5.157)
i=1
whereas {x,(;),@' =1,2,..., N} samples are generated from p(xy|Y)) with the dirac-

delta function §. It follows that the expectation described by:
Elg(zy)] = /g(xk)p(xk\Yk)dx (5.158)

N
- 1 ,
discrete sum approximation via E[g(zy)] ~ N E g(x,(;)) (5.159)
i=1

The samples x,(f) are independent from each other and identically distributed and

for large sample numbers, the estimated value converges towards the true value
E[g(X:)] — E[g(X})] by the strong law of large numbers. Nevertheless, this tech-
nique cannot be directly be applied in the later introduced particle filter equations,
since the density information is only available up to a proportionally constant. The
following importance sampling method makes it possible to work around the prob-

lem.

Bayesian Importance Sampling - As the name suggests, the objective of impor-
tance sampling (IS) considers to draw samples within the region of ”importance”to
reduce the necessary of computing power for higher dimensional state space. The
beauty of this sampling method is, that no prior information regrading the dis-
tribution is necessary, since a proposal distribution 7(Xy|Yy) is generated, based
on a sequence of states Xy = {zo,x1,...,r;} and replaces the true distribution.
The results are improved by choosing a good proposal distribution. This will be
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substituted as [380][394]

p(Xk|Ys)
Elg(Xz)] = X)) ——m(Xi| Yi)d X, 5.160
o)) = [ o) ERETS DAY, (160
(Y| Xk )p(Xi)
/ (Xk)—)g/'y’“ (X3 |Vi)d X (5.161)
originates from = /f(x) dx—/f (5.162)
. . P(Y| Xi)p(Xi)
tant ht Xy) = 5.163
important weights wy(X},) T (Xe|V) ( )
Since the normalizing factor of p(z) is unknown, we eliminate the normalized density
p(Yy) as
1
Elg(Xi)] = —/Q(Xk)wk(xk)W(XHYk)ka (5.164)
p(Yz)
[ suComena,
= (5.165)
7 (X |Ye)
Y| X)) p(Xp) ———=d X,
[ pixp(x) S ax,
_ (5.166)
E,|g(X X
_ Eelg(Xp)un(Xp)] (5.167)
E. [w(Xk)]

Once the samples are generated from the proposed distribution 7(Xy|Y%), the ex-
pectation can be approximated as [380][394]

Elg(Xy)] ~ E[g(Xy)] = izll N (5.168)
7 2 w(x)
= > ag(X%") (5.169)
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with the normalized important weights

| @ (i

W) = ka( ) i (5.170)
Sux?)  Yul)
j=1 i=1

The importance sampling is biased, meaning that the expected value is not like
the true value. However, the bias disappears rapidly under following assumptions:
[380][394]

- X ,Ei) are independent with identical distributed samples drawn from (X} |Yy)

— The data space of m(X|Yy) matches the shape of the posteriori and E[g(X})]
exists. If m(Xy|Yy) is relatively far off to true p(X) the importance weights are
uneven distributed and are insignificant.

— The the expectation of posteriori density of wy and wg?(X})

Now, the a solution to the Bayesian estimation problem is found by solving for the
a posteriory density p(X|Yx)

N
PIXE[YVe) = s (X — X)) (5.171)
=1

Sequential Importance Sampling - is derived from the perfect sampling. As
already mentioned, for importance sampling it is essential that a good proposed
distribution is applied. In general, to find a fitting proposal distribution is espe-
cially uncertain in a high-dimensional state space. One way to to circumvent this
problem is to sequentially form the proposal distribution, defineing the sequential
importance sampling (SIS). This means, after the proposal distribution is initialized
in a factorized form without the need of changing the states X 151)1 the distribution
is rewritten as [380][394]

W(Xk|Yk) = 7T(Xk_1|Yk_1)7T(ZL‘k|Xk_1,Yk) (5172)

For our purpose and advanced battery technology, we assume that the states follow
a first-order MARKOV process and for the given states are independent form future
observations [380].

p(Xx) = p(xo) [ [ pwjlw;-1) and  p(Yi|Xy) = [ [ p(ylz;) (5.173)

J=1 Jj=1

Therefore, particle filter using sequential importance sampling (SIS) to directly an
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optimal Bayesian solution, in a recursive manner, the complete posterior state den-
sity is approximated [396]. In MC approach, a set of weighted samples, extracted
from the posterior distribution is applied to map the integrals to discrete sums
[396][380]. As mentioned earlier, due to the difficulty to draw directly samples form
the posterior density function, One can get around this problem by using importance
sampling or sampling from a known proposal distribution ¢(X§|YF). With the pro-
posal distribution, following substitution will lead to the unnormalized important
weights [380][394]:

Bly(x)] — [ g(&’f)-%-q@él%’“)ﬂé (5.174)
_ k _p(yok|X(]f)p(X(]f)_ kv k k
= [ o) BB a(inaxg (5175)
_ k .wk(X(l)c)' k(v k k
— [ ot AKX (5.176)

(5.177)

Applying the equations to the unnormalized importance weighting function, a re-
cursive form can be extracted as

P(Ye| Xi)p(Xk)

wy = 5.178

g (Vi1 | Xg—1)m (@] Xp—1,Ys) ( )
p(Y| Xi)p(Xy) 1

= Wj_ 5.179

(Vo | X )p(Xi1) (| Xim1, Y) ( )

_ wk_lp(ykuk)p(xk‘xkfl) (5.180)

7T($k’kalaYk)

with sampling form known proposal distribution ¢(X}|YF), and where wy,(XF) rep-
resents the important weights such as
w, — PO 1X0P(X0)
a(XG[YE)

(5.181)

After canceling the unkown normalizing density p(Yg), the sequential update to the
importance weights can be designed by revising the proposal distribution as

a(Xg1Y5) = a(Xg Yo Dl X1 Ye ) (5.182)

The assumption for the next step is, that the state k following Markov model, does
not depend on future measurements while all measurements are conditionally inde-
pendent, the recursive form for the weights can be written as

P(Ye|Tr) - p(ag|Tp—1)
qlak| X5 YY)

(5.183)

Wy = Wi—1 -
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The requirements for a successful sequential update of w, depends on the choice
of appropriate (X *|Y{). The solution described by Haykin takes the sampled
values from ¢(Xg'|Y{) and analysis the likelihood p(yx|rx) with change in state
p(zg|zr—1) from which a evaluation set of samples are generated and its updated
important weights are calculated iteratively.

15 6) 0)
N_ ;Q(Xﬂk)wk<XOk’)

Ely(X)] =~ TR—
N7 R (i)

= D 90t me(xox) (5.184)

where w symbolizes the normalized importance weights, and X((JZL the ith sample
points from ¢(X§|Y{). While N goes to infinity, the error of approximated pos-
terior density function goes to 0 using point-mass estimate [396]

PCGIYG) = Zwk § — xok) (5.185)

and the posterior filtering density by [396]

Px|YE) = Zwk (25 — X\ (5.186)

The estimation error depends mainly on the amount of particles used for the ap-
proximation. In comparison to the minimum-variance Gaussian approximation like
the EKF, SIS allows to capture complex structures of higher-order moments. This
enables to approximate any posteriori density function (e.g. modal distribution)
by the point-mass approximation. The accuracy thereby depends on the amount of
samples. and in comparison to GAUSSIAN approximation methods, they offer higher
order moments approximation. The measure E[(n;, — N w,(j))z] points out the spac-
ing between the density peak. The resampling is improved by reducing the spacing
within all peaks [411]. In general, the resampling methods are unbiased, however,
separate in regards to the underlying variance where n; copies of the samples x,(f).
Therefore, n; with low variance improves the results and the two commonly used
techniques for variance reduction are discussed. The SIS method may be applied
not only for Markov chain framework, but also for non-BAYES problem formula-
tion. For high dimensional state space, the unconditional variance of the weights
increase, which results in many weight coefficients close to zero but still taking part
in the computation. A re-sampling step in an more advanced MONTE CARLO sam-
pling method, which will be discussed later, is suggested and applied after weight
normalization.
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Choice of proposal distribution The challenge in a implementing a successful
SIS lies within the correct proposal distribution q(xg|Xy_1,Y%), as it will minimize
the variance of the weights. On the other hand, the optimal proposal may lead to
high complexity and unsolvable integrals. Instead, p(xy|xi_1) may be used as it
does not account for the most current measurement information leading the weights
calculation

P(yrlwr)p(wr] e 1)
Q(fﬂk\qu, Yk)

~ p(yklre)p(wp|Te—1)

B P($k|Ik—1

= w1 (Y| k)

(5.187)

Wi = Wg—1

Even though the implementation effort can be reduced, the evaluation of the likeli-
hood may lead to only a small number of particles with meaningful weights. There-
fore, to improve the results, the particles shall be moved into the area with higher
likelihood.

5.3.3 Resampling

As mentioned earlier, SIS struggles with the fact that the variance of the weights in-
creases statistically with time [380] resulting in converting particle towards 1, while the
rest decays to 0, losing these particles. The re-sampling strategy shall counteract this
problem. Re-sampling is an important step for the later introduced particle filter family.
A justified conclusion regarding which re-sampling algorithm shall be used, it defines the
complexity and/or improves the re-sampling quality and estimation results. Therefore,
in this section different techniques which can be found in the literature are compared
analytically and simulative to decide which method shows the most promising results in
regards to our application and state space dimension. A re-sampling step adjusts the
weighted approximated density py to an unweighted py by rejecting the samples with
lower importance. In the literature different re-sampling methods are discussed through-
out many articles, patents and books in engineering, finance or biotechnology. However,
a comparison and evaluation is still missing and shall be discussed below where the com-
mon algorithms are analyzed and compared in regards to the computational efficiency on
paper and simulation.

Sequential importance re-sampling overcomes the burden of the proposed sequential sam-
pling methods, where the unconditional variance of the important weights increases in a
stochastic manner for one sample towards 1, while the rest converges towards zero hav-
ing inconsequential effect. This effect is called the weight degeneracy problem [387]. A
method which is able to minimize the degeneracy is introduced as the sequential impor-
tance re-sampling (SIR), where samples with lower weights are rejected and weights with
high importance are multiplied whereas the samples are kept constant. In [392], [367],
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the definition of an optimal sample number is approximated by
1
N -
Zi:l(wl(c ))2

where w represents the normalized importance weights. This will lead to a small effective
sample size when the variance of the importance weights is large [367]. If the sample size
even undergoes a pre-defined threshold, the generic principle of re-sampling is activated
to decrease the variance where dedicated algorithms generate particles (samples) {2}

Nog = (5.188)

from an importance density 7, then calculate the importance weights w,(f) for each sample,
then find @y by normalizing the samples. The sample generated from p(z) is just sampled
with the replacement from the set of samples {#(?} with probability proportional to
the normalized weights [412]. Many different re-sampling methods are discussed in the
literature, the most common re-sampling strategies are [380][410]

1. (Adaptive) SIR originates from the Bootstrap methods. More details can be found
in [413][386].

2. Multinomial re-sampling

3. Residual re-sampling (RRS) is a two-step selection method, and partially determin-
istic whereas SIR also included. During the first step, N = |N ’LZJ,(;)J copies of 2P

are generated followed by the SIR to generate N, = N — Zf\il N samples and
new weight ' B . .
W) = N Y@ N — NO) (5.189)

RRS proves to be less demanding in regards to computing power in comparison to
SIR an achieves a lower sample rate with reduced sample variance [410],[380].

4. Minimum Variance Sampling (Systematic re-sampling) (MVS) combines different
re-sampling methods, firstly the Systematic re-sampling/Stratified and Tree Based
Branching method where the weights are processed as continuous random variables
within [0,1] with random order, similar distributed grid points with distance +[410].
The individual samples is mapped and the new samples set is generated in such a
way that the variance E[(N — E[N])?]

5. Local Monte Carlo re-sampling is discussed

6. Stratified Sampling is based on probability linearization technique, and unlike the
simple or systematic random linearization, it distributes the samples unevenly in
regards to their respective variance and is pre-partitioned into different intervals,
so called strata regions D (0,1] that is D = U’_,D;, in which a separate uniform
random number is generated. By generating N; samples z7, from the normalized
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restricted density for each strata p; an estimator can be expressed as [414][380]

p Nj
As p * *
NOEDY ﬁ]] > _glj).  where zj, ~ p; (5.190)
j=1 k=1

with p; represents the probability of strata region D; and proves to be unbiased as
can be seen in [414]. The earlier mentioned proportional allocation where N; = Np;,
the integral has following property: Var I*(g) = N~'E[Var p,9) < N~'aVar p,g,
thus, the decrease in variance may be possible. In the literature further re-sampling
methods are discussed, such as Gibbs Sampling, Bootstrap, Quasi-Monte Carlo, Hy-
brid Monte Carlo, Metropolis-Hastings Algorithm, but only the re-sampling meth-
ods used in this work is briefly discussed.

Remarks on re-sampling quality

The quality of re-samling can be defined from a theoretical point of view, e.g. the variance
of w; and the estimation error between particle filter estimate and true value, which may
be not representative, since an estimate has many influencing factors. On the assumption,
reduced variance leads to improved estimate and shall be proven by simulations. The re-
sampling methods can be grouped into different techniques, simple random re-sampling,
stratified re-sampling and systematic re-sampling, whereas the two latter methods show
lower variance and systematic resample general outperforms stratified re-sampling. Based
on our assumption that a minimum variance of w; leads to improved estimates, all but
the simple re-sampling method, although the systematic re-sampleing is well-disposed.

5.3.4 Different Resampling Methods

In general, defining the needed computation power is difficult to determine, this is owned
by the fact of different system architecture, implementation style with toolchain, memory
management and more, therefore, the comparison is done in an qualitative manner. From
the analytical definition point of view, the re-sampling methods are similar but differ in
the how to order the sequence of numbers.

Sequential Monte Carlo Methods - Generic Particle Filter

As discussed in the previous points, out of the combination of Sequential Importance
Sampling and re-sampling algorithms, the basic particle filter is derived, called the Generic
Particle Filter (GPF). For the implementation, the key element in a successful estimation
lies in choosing the proposal distribution g(zx| X} _,,Y)?), meaning out of an initial density
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Figure 5.6: A pictorial description of the particle filter. [415]

p(o) an initial set of samples is generated. This set is passed forward sequentially by SIS
and directly resampled per unit time. The Fig.5.6 below illustrates the idea. The decision
determines the overall performance and depends on to assumptions:

e Monte Carlo simulation (MC): Monte Carlo method delivers a numerical solution
and optimization where a set of weighted samples (particles) extracted from the
posteriori filtering density is applied to transform the BAYES integrals to discrete
sums [396].

e Importance Sampling assumption: Random particles are drawn from the posteriori
filtering density which can be approximated as p(x|Yy) = Z d(zy — . Often

it is difficult to sample from the posteriori density, importance samphng alternatively
draws particles from a known proposal distribution and their weights are sequentially
updated.

Are these assumptions fulfilled and the given proposal distribution is appropriate initial-
ized the GPF allowing at least satisfactory or even excellent results, with the following
restriction, that point-mass estimates can approximate the general distribution in depen-
dence of resolution (number of particles) used. For e.g. low resolution, the problem of
degeneracy may arise, where sequentially the weights will concentrate on a few samples.
To address the problem of degeneracy the particles are moved to the areas of high like-
lihood [416]. As a consequence, this may lead to particle impoverishment, where other
importance weights values are getting close to zero and eventually lead to a weight col-
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lapse. Here, a solution has to be found under the premise that we have to live with the
compromise of re-sampling only at deterministic steps, such as when the variance of the
non-normalized weights exceeds the threshold. The decision of the number of particles is
crucial for the filters efficiency and accuracy since the real-time applicability and the esti-
mation error heavily depends on this number. In general, a fixed number is used extracted
from MC simulation, statistical bounds or improvised criteria resulting in choosing the
particle number higher than needed or selecting the amount too small causing divergence.
An intuitive way to choose the particle size would consider the complexity of the true
density (complex pdf requires higher amount of particles) and how well shall the pro-
posed density meet the original (big difference wastes samples). In the following, some
techniques are introduced which tackle these problems.

Auxiliary Sequential Importance Re-sampling

Considering that particles are re-sampled at the end of the iteration n — 1 prior to taking
the observation y, into account seems inefficient. The question arises whether it makes
sense to take the next measurement into consideration before the re-sampling algorithm
is applied. The Auxiliary Sequential Importance Re-sampling used as auxiliary particle
filter (APF) was first introduced by PITT&SHEPHARD to reduce the earlier discussed
deficiencies of SIR by adding an auxiliary variable (defined as: k(%) wk p(yk| uk )) which
allows for more appropriate update of the filter. This approach keeps diversity in the
sample interval by employing the next measurement in combination with the present
information for the re-sampling selection tuned by the auxiliary variable which stands for
the particle index [417].The essence of this APF is based on the approximation function
,u,(f), which corresponds to the state z;, for given x,(fll, while the weights are multiplied by
the likelihood function and re-sampled [418]. The approximation of the density p(yx|zr—1)
resulting in p(p(yx|zr_1)) may give an appropriate weighting. The resampled particles at
time k — 1 are propagated through the state space model. Assuming that the filtered
posteriori function is represented by N weighted samples:

p(i|Ye) ~ Zwk)(s ) (5.191)

The generated particles x,(j) are calculated and weighted as
(1)
o0 o Plet?)

Wy, : (5.192)
p(yil )

which will update the importance weights to reduce the discrepancy between the likelihood
at the current sample and the predicted point ,u,(f) At each iteration, the following functions
are executed, first drawing a sample indexed with ¢ which will be passed at time k — 1
into the new step k. The indexes are gathered based on the likelihood function of some
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reference points from the approximation function. Using these indexes the conditional
samples can be extracted as :c() ~ p(:c|:1: ) In general, the APF can be described as
a special type of SIR algonthm with a different approach of importance weights with a
marginal increase of computational cost but results obtained for SIR can used for APF
too. For importance sampling framework, choosing a proposal distribution with a heavy-
tailed distribution in comparison to the target distribution lead to an estimator with
finite variance and is defined by a p(y,|zg—1). Choosing p(y,|rg—1) which more diffuse
than p(y,|zr—1) is therefore crucial [418]. It can also be interpreted that at low system
noise the ASIR is more robust that the GPF in terms of outliers. However, it is not
necessarily the case that the APF algorithm outperforms the SIR e.g. for high system
noise when the re-sampling step is started with faulty p(xk|xk ,)- This is also the case
when for £ < n, p(xglyps1) is closer to p(xgly,) than p(xg|yg) is. It can be assumed
that this holds for the DSSMs used in this work, therefore, the APF will outperform the
GPF under the circumstances that a good approximation of the predictive likelihood is
provided. Also, different variances of the estimators running with SIR or APF need to be
considered. Each type performs better in estimating for certain functions.

Reduced Particle impoverishment methods

It can be pointed out as a major drawback of re-sampling in the step of sampling for
importance re-sampling algorithm, that the problem of degeneracy is followed by impov-
erishment. In the following improved re-sampling techniques shall be discussed which
address the problem of importance weight values collapse. The most common applied
methods are based on the regularized particle filter (RPF) with regularization re-sampling

step (RRS) and the Markov Chain Monte Carlo (MCMC) algorithm.

e Regularized Particle Filter The problem of sample impoverishment originates from
the fact that we have discrete samples forming a distribution which tries to approxi-
mate a continuous distribution. For the continuous case, a pure positive distribution
is impossible, on the other side, given a discrete distribution, it is possible to draw
e.g. two exact identical samples. Generally, in re-samping a interval of N particles
is generated by drawing samples form the discrete approximation to the full poste-
riori or ﬁltering distribution p(x|Yy) provided by the importance weighted particles

p(zk|Yy) ~ Z wk ' Ny where the delta function is centered at x,(c). In the RPF,

the ﬁlterlng dlstrlbutlon p(zk|Yy) is approximated using a kernel density estimate
instead of the samples themselves. According to this, for the re-sampling step, the
filtering distribution is replaced by

p(i|Ye) ~ Z wi K (z), — 2\ (5.193)
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with K (xp — x,g)) representing a kernel function around :L‘](:). The optimal kernel

density function Corresponds to the function, which minimizes the distance between

the kernel density estimate Z w,(C 'K (rg — (i)) and the true function. Its bandwidth

1=
together with shape can be analytlcally be solved when setting the importance

weights equal [419] and is called the Eqanechnikov kernel. The kernel is described

by
(4)
1 Ty — Ty,
K, = K .194
= ( ) ) (5.104)

where the kernel K represents a symmetrical probability density function with fol-
lowing properties:

K>0 /K(x)da: 1 /:cK(x)dx ~0 / 22K (2)dz < oo

The kernel bandwidth is chosen in such a way, that the Mean Integrated Squared
Error (MISE) is calculated as

MISE — / B[ (3l - % >~ buntan — )’ e (5.195)

[420] where p(xy|Yy) is + Z D1 /(T —3:5g ) and ¢q;, is defined as a family of rescaled

kernels, representing the bandvvldth of the kernel when h > 0. Another shape which
will improve computation time is based on GAUSS normal distribution and covari-
ance. Each sample %) is mapped (Sm)zk), with S(S*)T = Prrse with Pgrge repre-
senting the covariance of the discrete set of particles. The bandwidth is calculated
as

4 = )\min

] N) " for multimodal distribution — Amin =

Amin = <(nT (5.196)

After the re-sampling step a new set of particles, .IS) f = x,(f) + AminS”€! is extracted,

where € ~ N (0,1,).

Markov Chain Monte Carlo Methods The difference to Ordinary Monte Carlo
(OMC) lies in the fact that the sequence of random elements in OMCs are inde-
pendent and identically distributed [421]. Monte Carlo methods based on Markov
Chains (MCMC)are used to generate fair samples from complex distributions in
high-dimensional space, with the help of random numbers which are gathered from
uniform probability in a range of interests. In many cases, this method is the only
effective [422] technique to approximate posteriori densities of highly combinatorial

quantities. It is based on the idea, that a particle xg)

wg)* when ¥ < «, with ¥ ~ U(¥;0,1). « represents the acceptance ratio and indi-
cates how probable the newly transformed sample is with & = min{1,R}, with R
representing the METROPOLIS-HASTINGS ratio. The MCMC step is followed after

is only mapped to a new state
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the re-sampling procedure, based on the condition that

— N Samples xlj obtained from the re-sampling procedure at time step k& and
a:k L at k—1,

— N samples x,(f) (mk|xk 1-yx) from the proposal distribution

are generated. The METROPOLIS-HASTINGS ratio is calculated as [380)]

Pyl p( e ()2 )

R = . - . . :
p(yi|e ()2 e |2 )

(5.197)

The METROPOLIS-HASTINGS ratio can be further simplified when replacing the
proposal distribution by transition density p(zx|zx_1) leading to the evaluation of the

likelihood function R = (y’““x’“(l))) In general, the MCMC with Hastings ratio delivers

improved estimation in comparison to RPF and GPF. The major improvement in
terms of robustness is given for systems with marginal system and measurement
noise affecting degeneracy.

Kernel Particle Filter

The particles are mapped into regions where the frequency distribution dominate, based
on the gradient information, which is obtained from the kernel densn:y estimation of the

posteriori density. Based on the weighted particle swarm {:13,(C ,w,(;) Z 1, the re-sampling

step is followed by a RRS, mapping each particle towards xfj = ,; + AminS”€?, where
the modes of the kernel density estimation correspond to the zero points of the gradients
such as 7p(xk|Yx) = 0. Mean-shift mode seeking (MSMS) is a popular mode detection
algorithm, or locating the maxima of a density, based on non-parametric method which
is independent from a-priori information, where each sample points are moved towards
the modes such as

> 10 (af? - af? ) itanti

m(z) = = (5.198)
i (J)

Y K, ( (i) ;E;”) @)

7j=1
The step is followed by re-sampling with

(i)v(j) Y)
k - N .
ZKA< (),(49) l(ﬁa%(i))
7=1
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with the x,g)’(j ) representing the particle distribution at time k£ and j-th mode detection
algorithm iteration with

N
p( D:(9) Vi) o< p yk|xk Zp |J;k ))w,gg) (5.200)
g=1

newly weighted and mapped with MSMS. Other researcher further developed the estima-
tion by combining advantages of ASIR and KPF to a hybrid estimator.

Adaptive Particle Filter

The earlier developed GPF profits especially during the initialization of a high value
of particles. The initial density is in general fat and multi-modal. The shape changes
over time with further observations. To improve the robustness and efficiency, later, the
adaptive particle filter (APF) was introduced. This method allows on-line adjustment of
the sample size thorough filtering processes. Mainly two methods are proposed. First
criterion is based on the likelihoods, under the assumption that if the particles match
the real posteriori with a certain accuracy. Second method uses statistic bounds on
the approximation error of the true posterior density. The distance of two densities is
described by the KULLBACK-LEIBLER (KL) divergence and approximated by [410]

N (4)
m(x 1 m(x
KL(7|[p) = E[log —~] ~ — Y log—* (5.201)
18 )] = ¥ 2%
1 — -
- -3 > " log wy” (5.202)
=1

under the premise that 7(-) = p(-) and w,(f) = 1. KL can still further simplified when

assuming that ﬂ(xfj)) is replaced with the transition prior, resulting in

N
— Zlog w,gi) = — Zlog w :z:k N Zlog p Yk\xk ) (5.203)

i=1 i=1
for normalized weights = KL(7||p) = —— Z log wk = Nk (5.204)

Therefore, KL is tracking the goodness of the proposal distribution, which means that if
KL reduces, the particle set can stay constant or also be reduced, if KL increases, the
samples shall also increase. Therefore, the particles are controlled in such a way that the
threshold is not violated. The KL determination increases the computational cost of the
particle filter, hence, on-line application is doubtful.
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Gaussian Particle Filter

The weight degeneracy problem is affected by the particle moving towards areas with
higher likelihood, in general, a poor proposal distribution. Choosing the transition density
as proposal distribution, fulfills the IS requirements, but under the premise that current
measurements are not considered and favors degeneracy which may violate the Monte
Carlo framework. It needs to be pointed out that robustness and accuracy of particles filter
is defined by the proposal distribution, which considers current observations. Gaussian
processes with inference algorithms approximate posteriori distributions over functions
based on observations and is a method to reduce the problem of degeneracy. Gaussian
filter frameworks, such as EKF, IEKF, UKF and more generate a distribution of the
posteriori density of each particle

q(@plXn1,Yn) = plaxler—1,ux) (5.205)

~ gy (o] Ye) (5.206)

= N (27, Pi). (5.207)

for i =1,...,N, from which the proposal distribution is generated. One of the KALMAN

filter frameworks is integrated which estimates for individual particles xk , the new par-

ticles a:k by estimating the mean and covariance. This method allows a variety of hybrid
systems, which are more robust than the generic particle filter at the cost of higher com-
puting power.

Gaussian Sum Particle Filter

For Gaussian Sum Particle filter the initial distribution p(z) is represented as a Gaussian
mixture. The aim is to obtain from noisy signals the corresponding filtering and pre-
dictive densities as a Gaussian mixture which is updated and approximated recursively
[423][380].

G
penn (Tr—1|Yi1) = Zaéfl,)l/\/(xk_l;fé@l, Pﬁ‘?) (5.208)
P (k1) Zﬁk W (ki 7, PO (5.209)
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The samples are passed through the non-linear system function F such as [424]

xkf )~ N (2T, PP (5.210)
e N (ks T, PR (5.211)
rfi = F (e a5 ) (5.212)
O
weightening w9™ = # (5.213)
5 a6
gm=1
with the priori distribution
b = > wON (sl P (5.214)
gm=1
with
1 &
=(gm) _ (gm), (i)
xljk 1Ty Zxkg\,k—l (5.215)
g=1
1 & T
z,(gm) _ (gm), (i) _ —(gm) (gm), (i) _ —(gm)
Pk|kg—1 N Z(xkgufq _xkgvc—l) (xkg\k—l _xkg|k—1) (5.216)

1

g

resulting in a Gaussian mixture model (GMM). Originating from the Gaussian mixture
approximation, the MMSE approach for state estimation can be applied. This is achieved
by the fact that particles are drawn from the proposal distribution allowing point-mass
approximation, the weighting step considers the latest observation with which one can
extract the posteriori density p(xy|Yy).

Gaussian Mixture Sigma-Point Particle Filter

Still, the aim of this work is to evaluate different recursive estimator in terms of accu-
racy, robustness and feasibility. Generally, particle filters are computationally expensive,
therefore, further improvements are investigated. Particle filters may suffer from sample
depletion, which may cause the posterior approximation to reduce to a small quantity.
Previously we discussed techniques which address this problem by shifting particles to
parts of the modes with higher likelihood. Applying Gaussian inference algorithms such
as SPKF will generate the proposal distribution [390]. This burdens the need of high
computing power, since for each sample in the posteriori state distribution the SPKF has
to be executed multiple times. Further improvements are necessary, the Gaussian Mixture
Sigma-Point Particle filter (GMSPPF') which shall deliver at least similar estimation per-
formance in comparison to GPF, with the advantage of requiring less computing power.
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GMM posterior

A N\ =N\ GMSPPF
-/

v Time update &
proposal generation q(x . | Yk)
] _/\J\ Gaussian sum SPKF N
/

. p(xt_} l Yk l) bank of N SPKFs Measurement SMC based
) Update Importance
sampling

V4
\'-\ Recover GMM
\ - s Oe C{:}OO O e o O O) .
- EM/WEM Clustering weighted point mass
P(xg l Yk) Model selection posterior distribution

Figure 5.7: Illustration of the Gaussian mixture sigma-point particle filter [390].

It utilizes the framework of IS based measurement update in combination with SPKF
based Gaussian sum filter for time update and defining 7 [390]. The idea is, that for the
Gaussian mixture Sigma-Point Particle filler GMM approximation pgym (zx|Ys) is gener-
ated by a finite set of Gaussian mixture models by e.g. a filterbank of extended KALMAN
filter, to represent the posteriori filtering density. The proposal distribution is chosen in
that manner

q(wp| Xp—1,Yr) = pevm (x| V) (5.217)

The posterior density is extracted by means of the weighted point-mass approximation
form the posterior particle set during the IS. Since the setup of the GMSPPF is character-
ized by representing the posterior by GMM, which has to be recovered from the equally
weighted, resampled particle set. Two methods, depending on the nature of the problem,
might be applied:

e Resample-then-Expectation-Maximization (EM) algorithm:

e Weighted Expectation-Maximization (WEM) algorithm:
On the one hand, re-sampling is required to restrict the variance of the samples to in-
crease too quickly, on the other hand re-sampling can play a part in particle depletion
when the measurement likelihood shows clear peakedness. In this case the WEM may

lead to better results. In applications, where the KL, parameter between true posterior
and GMM proposal is large, the pure EM algorithm is preferable [403].

(Adaptive) Rejection Particle Filter - Since rejection sampling is possible to generate
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exact samples from the posterior distribution, some authors state that rejection sampling
is preferable to importance sampling. The rejection particle filter deals with the problem
that RS is not able to resolve the update step recursively. It finds a sequential proposal for
solution and was developed by RANIZAKI [387]. The general idea is that there is no need
not evaluate the integration when extracting the particles from the filtering density

1
p(xe|Ye) = Ek/p(yk‘xk)p(mk’xk1)p<xk1|Yk1>dxk1 (5.218)
_ 1~ G pilepal? ) (5.219)
N i=1 Cr Cl(c
Y (@)

N A
with C} representing the normalization constant given as Cj, ~ Ni Z (Yk|xk| r1) = Ch

\\Mz

and for the individual samples Z Z p(Yk|xk]|Z) ) = CA’S) Then the filtering density
Jj=lj=

function will be approximated based on the weights C’ / Ni-Cp’ = )\(Z For the rejection
particle filter, the acceptance probability is defined as

p(Yil2)p(zlz(?  )m(2)
2) = m(z) g (5.221)
sgb{p(Yk\z)p(z\xk_l)w(z)}

The acceptance probability is a measure for the sample set generation, for higher val-
ues the required sample set is generated quicker. There are two choice of an appropriate
proposal distribution 7, either using the transition density function p(xy|xi_1) or a (Gaus-
sian) mixture distribution, but in any event the variance of the proposal distribution need
to overlap the posterior function. Since the computing time depends directly on the ac-
ceptance parameter, its real-time capability is unpredictable.

Rao-Blackwellization Particle Filter - An additional way to decrease computational
cost is to reduce the complexity of individual sample, e.g. reducing the sampling vari-
ables e.g. from 5 to 3, which results in a reduction of system dimension. The Rao-
Blackwellizaion Particle Filter (RBPF) [425] is based on that idea and identifies these
variables, which are unnecessary to be sampled. The model will be evaluated partly an-
alytical, then only the remaining part of the filtering has to be evaluated by particle,
known as the tractable substructure. The more the system can be broken down into sub-
structures, the greater is the performance increase in comparison to the GPF and its
full model. A substructure of the state space vector can be defined as zy = {z14; 224}
for which p(z2x| X1k, Yx) can be determined. This layout enables to apply a PF on X
while the particles x5 are updated by p(xex| X1k, Yr). Because RBPF is favorable for
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systems which states evolve in a linear Gaussian manner, p(xs | Xk, Yy) is Gaussian and
a filter bank of N KALMAN filter to update particles of state x9 ;. This would lead to N
KALMAN filter iterations at each step and N samples. Even though, there are more oper-
ations needed per particle in comparison to the GPF, one should take into account that
the dimensions are reduced which nevertheless leads to an overall reduction of computing
cost. As a positive side effect, the variance of the difference between estimate and true
value is reduced.

5.4 Estimation Framework - Systems, Problem
Statement and Implementation

5.4.1 Different Estimation Problems

In this section the different estimation formulations in question are discussed. Estimation
problems depend on the investigated system and required specifications. The following
estimation problems can be differentiated in (simultaneous) state and parameter estima-
tion:

State Estimation [2]: A state of a system is defined by a (set of) variable(s) or a vector
that gives the necessary and complete representation of the unknown, unobservable
internal conditions or status of the discrete, dynamic system at any given time step,
extracted form noise observations. In general, that is the most frequent task in
estimation problems, because this information is interesting itself . The system is
described by a (non-)linear, continuous/discrete state-space model. Normally, the
physical systems are described in continuous time, but state estimation algorithms
are executed on embedded controller and therefore implemented in discrete time
representation. xjp represents the observed states of the system, y;. the input of
measurements, and u the control input used of control systems. Since this work
concentrates on estimation of non-controlled system, it is not further considered.
The system noise x influences the system dynamics, while the measurements are
superimposed by the measuremnt noise . The (non-)linear functions F and H
describe the system dynamics and measurement equation respectively and maybe
parametrized by a known and constant set of parameters [426][380].

Parameter time-invariant estimation [2]: Parameter estimation defines and pro-
vides the solution of the process of using measurements to estimate the parameters
of the selected distribution. For the parameter identification, which is referred as the
parameter estimation of time-invariant parameters, describes the task of determine
the non-linear, multi-dimensional static system defined as

yr = DSS(0, [ug, Tx)) (5.222)
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with the known state Z;. 0 describes the discrete static system DSS. The identifica-
tion finds the parameter in an optimum way, the introduced estimation algorithms
may be applied. The corresponding state-space is defined as

9k = ek—l = f(l’k_l == Gk_l,uk_l == 0, RE—1 = 0) (5223)
y(k) = DSS(0, [u, Tx]) + v(tr) = H(wk = Op k) (5.224)

where the parameters are described by stationary processes. The predictive expec-
tation is constant while the parameter is adapted during the filtering step. y, may
follow a non-linear observation parameterized by 6. The systems states are known
and assigned to the control inputs.

Parameter time-variant estimation [376] In many systems, parameters varying during

the life time, taking batteries as an example, due to aging effects during lifetime
and diffusion processes, parameters cannot be described as time-invariant. To apply
adaptive algorithms, the state space model has the form

O = Or—1+ Fr—1 = F(xp—1 = Op_1,up—1 = 0, kg1 = Ri—1) (5.225)
y(k) = DSS(0, [u, Tx]) + v(tr) = H(wk = Opu, k) (5.226)

The state transition is in comparison to the time-invariant system replaced by a
random, stochastic process. By modifying the time-invariant equations, the change
of parameters can even be tracked during the filter prediction step. The adaptive
filter is therefore sensitive against changes in the system dynamics and its param-
eters. Regarding system noise, this area is still heavily discussed in the literature.
So far, most promising methods (A-Decay, Dobbins-Monro) are based on the idea,
that initial system noise is set to an constant value, which will be updated on-line

[426][380].

Dual estimation [427] Essentially, dual estimation uses two cooperating filters, e.g.
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extended KALMAN filter which are running concurrently. At every time step, the
corresponding state estimator generates an estimation based on the current model
estimate. The second filter estimates the weights/parameters using the current
state estimate based on the scalar measurements y,. The parameter estimator uses
a model of dynamics and model output. Often, especially in battery systems engi-
neering with model-based monitoring, it is compulsively necessary to couple both
parameter and states estimation simultaneously. Depending on the mathematical
innovation approach, the augmented state vector xayq = [z 0] is represented as
a discrete state space model. Similar to the pure parameter estimation case, the
model parameters are time-variant and defined as [380]

T = Qk_lxk_l (5227)
Tave = [z 0)F (5.228)
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and the general state-space model

= F(Xp_1, Up—1, W_1, K1) (5.229)
Yo = Hi(@k, ug,v,0k-1) (5.230)

In this framework, due to decoupled state from parameter vector, any information
regarding cross-correlations which are causing changes in state or parameters cannot
be tracked. Time-invariant quantities are placed within F or H and excluded from
the parameter vector [2]. This leads us to revised mathematical description for the
system dynamics [426][380]

O = Ok—1+ 151 (5.231)
e = Hi (fe—1(Te—1, Wp—1,0k—1,0k—1) ,U,€x,0k—1) (5.232)

It makes it possible to transform nearly all linear estimation problems to non-linear
problems. Therefore, the introduced methods to approximate the RBET can be
applied to the parallel parameter and state estimator. The corresponding cross-
covariance between parameter and state variables defined by [2]

T x,0
Pi P } (5.233)

E[(Zaver — E[Zaver])(Zaver — Elfavar])’] = { pe  pb

k k
With the augmented description of the problem, it is possible to evaluate and inves-
tigate the uncertainties of both unknowns and their correlation and the EKF maybe
applied. The augmented state vector is initialized with a valid guess for E[z], E[6,]
and error covariance and updated by the standard equations.

Joint estimation In joint estimation, the state and parameter vector are combined, which
is estimated together at the same time. In comparison to the dual estimation frame-
work, the system state/parameter matrix will become large eventually for more
complex battery models (e.g. 2 RC Thevenin). Hence, it involves costly matrix
calculations, additionally, different time scales of states and parameters may lead to
poor results. Its implementation into augmented state matrix is given as

Ty -7'—1471(551@71, Uk—1, Wg—1, 91671)
= 5.234
[ O } [ Op—1+ 181 ( )
Y = H(zp,up,bk) + vg (5.235)

After the augmented model of system state dynamics including parameter are de-
rived, it can be applied to a nonlinear estimator. The properties with its most
relevant questions around estimators for this application shall be answered for the
battery. Therefore, before choosing a filter for a battery management system, the
properties must be analyzed. General statements for filters are difficult to extend
to its modified versions, however, it is required when discussing a great variety.
Therefore, following questions need to be considered when assessing filter choices:
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Figure 5.8: Dual estimation of state and parameter quantities using two KALMAN filters
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running in parallel including data sharing. [2]

understand the battery dynamics in terms of aging;
hidden dynamic states must be observed while considering measurement noise;

for good filter parameterization, knowledge of process and measurement noise
covariances are one requirement;

on-line identification to counterattack model inaccuracies caused by model re-
duction and change of system behavior.

recursive or batched based problem

robustness and convergence towards meaningful values

equality and inequality constraints handling

low complexity on derivatives or need for Jacobians or Hessians

does system- and sensor noise to be considered; if so, what is the underlaying
noise process (Gaussian / non-Gaussian)

stochastic, deterministic or optimization problem statement

robust numerical algorithms available
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(1) feasibility of implementation, complexity handling and robust to uncertainties

5.4.2 Methods for Implementation
Choice of artificial system and measurement noise

The choice of system noise & is a critical parameter, since it cannot be universally applied
to different inference methods and systems. There are methods such as the Probbins-
Monro or A— Decay which considers not just a constant system noise, rather a system noise
which is adapted on-line. Under the assumption, that the noise for the measurement and
system are strictly additive, the state space model for discrete systems can be simplified
as following [426][380]

zy = F(Tp-1, Up—1) + Kg—1 = F(Tp-1, Ug—1, g-1) (5.236)
Yo = H(ww, we) + v = H(wp, up, k) (5.237)

Square-root methods for Gaussian filters

To improve the basic KALMAN filter properties, besides ensuring symmetric, positive-
definite covariance matrices or reduced computational complexity, the filter is sensitive
to finite word length in regards to converging to optimal solution [2]. By using square
roots, the required bits for representing numbers in a digital computer can be reduced by
using square root of numbers. If we consider the CHOLESKY factorization, the covariance
is defined as

P® = 8% (5%)" (5.238)
Pr = 8" (8" (5.239)

The aim is to compute the covariance time and measurement updates in terms of the
CHOLESKY factorization, it secures the positive definite covariance matrix [426][380].

Local methods

The CHOLESKY factorization Si ., is not quadratic, which is needed for the filtering step.
The QR decomposition calculates two quantities, QeR"™*" for a matrix ZeR"™ ™ in a way
that Z = QR, Q is orthogonal, R is upper-triangular and m > n. [2] If there is a upper-
triangular portion of R, then its transpose is the CHOLESKY factor of > = M7 M. If the
upper-triangular portion of R is returned after QR decomposition, then lower-triangular
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CHOLESKY factor is calculated by M M7 [2] resulting in

Sip=ar ([Akﬂ«s;k_l, Sm,k]T)T (5.240)

Z,

and transforms the S, ;| in quadratic form. Now it is also possible to calculate the
covariance for the filtering step in square-root form and can be applied to almost all KF
variants.

Quadratur methods

In the SR-UKF as well as CDFK SR-methods approaches were introduced in which the
covariance matrix P® is also positive definite. The CHOLESKY decomposition (CF) is
computed in each iteration to extract the deterministic sigma-points. The requirements
on computing power are very costly. However, roundoff errors can cause the computed
value of P* may have negative values and become unstable and effect the estimation error.
A new approach is proposed in [372] where the computation is avoided. The improvement
is based on the idea, that the covariance matrix P* are passed through the non-linear
function and updated rather than having to calculating it for each iteration, and also
has no matrix inversions to calculate. The update of the CF is based on linear algebra
algorithms, QR~decomposition, CF updating and least-square methods [380].

1. QR decomposition

The QR decomposition leading to the factorization of a matrix A is given by
AT = QR (5.241)

428] where Q@ € Q" is orthogonal, RV*" is upper triangular with N > L.
Looking at the upper triangular part R, represents the transpose of the CF of

P = AAT respectively RR=AAT=—P

. CHOLESKY factor updating for state estimation

S represent the lower triangle CHOLESKY factor of P = AAT, this results into the
CF of the rank-1 update to }
P =P+ vuu’ (5.242)

If u is a matrix, then M consecutive updates of CF are generated and M columns
of u.

3. Efficient least squares
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The solution to the least-squares problem is given as

(AAT)z = ATh (5.243)
=Ar=0 (5.244)
=rA =0 (5.245)

This overdetermined system can be solved applying the QR-decomposition as de-
scribed for the SR-SPKF state estimation, here during the linearization the CHOLESKY
factorization (taking matrix square-root) of the state vector is determined, further
passed and updated to generate the sigma-points [428][380]. Step Sy_; is de-
termined applying the QR decomposition of the augmented matrix including the
weighted propagated sigma-points X,j’i w—1 and the calculated square-root values of
the process noise covariance S”. This measure is not required for all SP family
filter, exclusively for filters in which during the first iteration is a negative weight
calculated, such as for the UKF. Hereby, the time-update of Pi‘ w1 Was replaced by
the mentioned improving steps, which are also applied to calculate the CHOLESKY
factor of the error covariance P?, SZ| w_1- The efficient least-squares method are used
to derive the KALMAN gain factor [380].

K(SiS)T) = Py (5.246)
K= (Py/(S)T)/s] (5.247)

Since SZ is triangular and quadratic, additional linear algebra simplifications may
apply to further reduce the computing power, e.g. by transforming the equa-
tion of the KALMAN gain K = (P}¥/(S])") /S to a non-inversion problem. The
CHOLESKY factor Sy,_; of the posteriori state covariance matrix Py, is calculated
in the end. SR-UKF provides improved numerical stability since it guarantees pos-
itive semi-definiteness of the underlying state covariance.

4. CHOLESKY factor updating for the parameter estimation
In general, the SR parameter estimation framework follows the state estimation
implementation for the UKF. The knowledge of the linear state transition function
can be utilized at the time-update step of the state covariance P}, = P,* ' +Rj,_;.
Using the weighting factor of the least-squares method, the process noise covariance
is Ry, = (Ants — DP™" = AglsPy* " [428][380]

Filter Concluding Remarks

The Bayesian framework for recursive inference is conceptually well understood, from ob-
serving measurements y; from a sampling density f(y|©) where © may represent a vector
of parameters or states with a prior g(©), then the posteriori density of © is propor-
tional to g(O|y) x ¢(0)f(y|©). The posterior summaries are defined in terms of integrals
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which need to be evaluated in a numerical way. Quadrature methods have limited use
for Bayesian integration due to exponential increase in computation vs. increase of ©
dimension. Therefore, in this chapter, the focus lies on computational methods, used
for computing high-dimensional Bayesian integrals , by approximation in Bayes recur-
sive estimation theory in any way related to the corresponding probability density or the
underlying structure [429] The approximation of the posterior densities requires complex
algorithms because it is extremely difficult to calculate the true density function. Approx-
imate Bayesian computation directly approximates the posterior distribution, which will
be able to be implemented as an estimator. The accuracy, robustness and computational
complexity of the corresponding approximation method is different of each inference, and
it cab be classified into application specific appropriate solutions and non-real-time func-
tionality. The aim is, to determine appropriate filter for on-line monitoring estimation
in battery management systems. As it turns out algorithms can be partly neglected be-
forehand, since practical implementation and computational overload prohibits the use.
Therefore, the groups of following approximation methods shall be evaluated [380]:

1. GAuss approximation methods

2. Gaussian Sum Approximation methods

3. Sequential MONTE-CARLO methods

4. Hybrid methods

This chapter started with the introduction of the theoretical solution to the stochastic
and probabilistic theory. Its framework is determined by the recursive BAYES estimation
theory (RBET). As shown, this framework only provides exact solution for linear Gaussian
systems and can be solved by the linear KALMAN filter.

It is necessary to show, how RBET can be solved also for non-linear systems. At first,
the solution to the Gaussian representation for which case the densities of RBET are
normalized. In this case, the first order TAYLOR-series expansion is applied to linearize the
non-linear system function in the operation point. Now it is possible to apply the KALMAN
filter equations to the linearized system leading to the local model approximations in terms
of the extended KALMAN filter (EKF) and its revealed potential improvements such as
[EKF.

A further approximation method consider the probability density instead of approximating
the systems equations. It uses discrete sums, called the Quadrature-methods and applied
in the Sigma-point KALMAN filter family. In comparison to the TAYLOR-series expansion
methods, Quadrature-methods does not require to continuous recalculate the operation
point lineratization while offering second order approximation.
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Figure 5.9: Summarizing Bayesian and classical methodology.

While the Gaussian systems assume Gaussian distribution for system and measurement
noise, also non-linear dynamic systems with non-Gaussian system assumptions are dis-
cussed. Nonlinear Bayesian estimation using weighted Gaussian sum of probability density
functions is able to closely approximate arbitrary density functions and define the group of
Gaussian sum approximation. Later, sequential MONTE-CARLO methods are discussed.
The basic idea to approximate the integrals of RBET, is to take discrete sums, over an
adaptive grid-based map, where the sums are concentrated around the higher likelihoods
of the state-space. SMC methods acting in a manner similar to SPKF, with the difference
that the determination of the sample points, also referred as the particles, is carried out
in a random way, not like the SPKF in a deterministic approach. Hybrid systems combine
advantages of different methods to improve mainly the computational costs.
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Estimation and Machine Learning

Essentially, all models are wrong, but some are
useful.

(George E. P. Box)

It is critical for a safe operation of an electrified vehicle to monitor the battery’s state-of-
charge during operation. This quantity cannot be measured directly and has to be esti-
mated by using different algorithms, which were introduced before (EKF, UKF, PF,...).
For different applications, there are different types of lithium-ion batteries available, e.g.
power cells (HEV) vs. energy cells (BEV) with different characteristics in electrical re-
sponse behavior when excited with load current. It must be mentioned that different ECM
are required for different cell technologies. There have been some comparative studies of
estimators such as [430][431][432][433][434][435][436]. The authors focus on EKF, UKF,
PF, Luenberger / sliding mode observers for specific battery model, while only in [431]
the estimators are applied to different cell chemistries.

On the other hand, this work expands the library of non-linear filters beyond that ones
compared in the literature so far. On top, machine learning algorithms are applied to
health estimation, whose performance improves over time the more they are exposed to
new data. The estimation approaches are verified using a Monte Carlo simulation as
well as measurement data recorded in vehicle and lab to understand the problems around
sensor and parameter uncertainty and estimator tuning parameters. The estimators are
chosen based on the literature review discussed in Chapter 3.

In this chapter, the introduced estimators and its different battery reduced order equiva-
lent circuit models shall be implemented. In the first steps, the models are generated and
transformed from time-continuous system to discrete stochastic state-space models.
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6.1 Battery State-Space Models

In general, systems can be represented as static, dynamic, (non)-linear, deterministic/stochastic,
continuous/discrete time, time-(in-)variant parameters, lumped or distributed [362]. In
this work, mathematical modeling for battery systems includes deterministic and stochas-
tic processes. Since stochastic systems are difficult to implement, we apply the determin-
istic methods to describe the battery dynamic behavior imposed with additive system and
measurement random noise. Also, it must be understood that no model will be able to
fully describe all physical process within the battery cell, and imperfections, represented
by uncertainties, therefore, results must be accepted. The system will also be affected by
non-deterministic disturbances modeled as white Gaussian/non-Gaussian processes, and
lastly, we have to deal with corrupted or missing data by the BMS sensor measurements
(voltage, current, temperature...). In the most cases, also for battery systems, the dy-
namic system is described by differential equations. The target implementation is on the
BMS, consisting of an ECU running the code. Hence, for implementing the algortihms
and models on the target, the differential equations have to be converted into discrete
time representation, which are described by linear coefficient difference equations in a
sequential way. The differential equations are approximated by the difference equation
to

T — f(xk,l,uk,l) (61)

As described during the estimation theory chapter, the current state will only be derived
from the previous state xj_1, and the excitation of the battery as input (uy_1) and the non-
linear system model f. So, before estimators can be derived and implemented, we first

discuss different state-space models (SSM) of various equivalent circuit battery models
(ECBM).

6.1.1 Equivalent circuit/semi-empirical models

Batteries are highly non-linear electro-chemical devices with complex multi-time scale
dynamics including temperature dependencies, electric and magnetic effects, double-layer
formation, side reactions due to mass transport, SOC effects, and degradation effects
(cycling & calendaric aging) etc [437][438], while these phenomena influence the dynamics
at complete different time scales, starting at micro-seconds while others begin after years.
This causes very mixed and superimposed interactions of chemical reactions and complex
to model. As discussed earlier, the tasks of operating a traction battery in the most safe
and optimal manner depends on its HW like measurement and controls electronics, but
the key functions lays within the intelligent and adaptive BMS SW, hence, for the future
next generation BMSs, as proposed and developed in this work, various battery models
of varying complexity are needed for robust and precise battery performance prediction
(SoC, SoH, SoF, FS...) considering all internal and external conditions accurate. In
general, the different model architectures can be grouped as [438]:
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Figure 6.1: Comparison of different modeling approaches for battery systems

1. Ideal voltage source which offers unlimited power, e.g. used if dynamics and behavior
are not of interest.

2. Full-Order ECMs i.e. electrochemically-inspired and
3. Reduced-Order ECMs i.e. approximate greybox/semi-empirical ones.
4. Black box models do not map underlying physical processes, e.g. Peukert’s law.

Now, the mentioned models shall first briefly discussed and based on that the state-space
model form is derived. Obviously, physico-chemical models give best results of the cell
behavior in comparison to ECM models on the cost of very high computational demand,
due to the system of coupled partial differential equations, which makes it very challenging
for low-cost automotive ECUs, in terms of fulfilling real-time execution and insufficiently
terms of controllability and observability. Such models may have up to hundred param-
eters, from which some can only be guessed. For on-line estimation of battery state, it
can be assumed that it is sufficient to know the reaction and dependency of battery load
current in regards to battery SoC, SoH, internal & external condition (temperatures...).
Hence, ECMs are mostly used, different approaches have been presented in the literature
with the idea to capture as much physical meaningful cell processes within the ECM.
Even though the battery dynamics are multi-time scaled, nevertheless, the electrical I-
V relationship can sufficiently be matched by using equivalent circuit models, namely
impedance based models (full-order), and equivalent circuit models (reduced order).
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Full-Order ECMs

Full-order equivalent circuit models are based on electro-chemical battery cell process con-
sidering polarization transients, electromagnetic interaction, mass and charge transport,
migration and diffusion processes or formation of a passivating layer (SEI). These multi-
scale and multiphysics processes taking place during charge/discharge influencing the bat-
tery impedance of the circuit in separate areas of the frequency response. The impedance
models structure including Warburg Impedance (mass transport effects/diffusion) or ZARC
elements to capture low/middle frequency processes [438]: These models are superior to
the reduced order ECMs and are capable to better map the internal battery dynamics,
at the cost that the models get also more complex in terms of fractional-order transfer
functions due to ZARC and Warburg impedance elements and results in hurdles in esti-
mation and control applications for next generation BMS SW. More accurate modeling
and automatic control requires more robust modeling concepts and control strategies.
Hence, full-order models are used on cell or module level system simulation, e.g. HIL,
mostly coupled to electro-thermal models. With the possibility to investigate the off-line
data form EIS measurements, tracking the change in the frequency domain by means of
Nyquist graph changes in reagrads to state of degradation and temperature, these models
allow the estimation of State-of-Health or internal cell/pack temperature [438].

Reduced-Order ECMs

In terms of lower accuracy and computational demand, the reduced-order ECM mod-
els ( n-order ECMs consisting of RC elements), are used and described by e.g. ODEs.
Clearly, the motivation for such models lies within its on-line applicability due to their
integration on HW efficiency for real-time task, but still re-mapping most of the physical
processes (not supporting spacial resolution), such as adaptive on-line monitoring, esti-
mation and control schemes, used in battery state and parameters estimation and among
other thing safety related tasks (fault detection). Even though its increasing popularity
for BMS application is noticeable, it also involves disadvantages. The model parameters
have no physical meaningful representation i.e. they are not strictly mapping the param-
eters to a corresponding electro-chemical process occurring inside a cell rather following
the mathematical optimization constraints (cost functions). In terms of estimating the
cell temperature, lumped thermal models are used. Moreover, n-order ECMs are very
versatile, the nature of parameterization makes it possible to adapt the model topology
to new cell chemistries or devices with less effort.
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Empirical Models

These models are based on simple semantic process, and can be of wide variety, such as
based on expert intuitions knowledge, or derived from black-box relation (fitting measure-
ment data to some model). Examples in battery technology are the Shepherd’s model
which describes I-V characteristics of a battery, Peukert’s law approximates the change
of capacity in SLI batteries for different C-rates. This models provide low accuracy es-
pecially for xEVs with varying operation conditions and customer usage. Additionally,
since parameters also are not connected to physical processes their applicability to next
generation BMS are not considered in this work. Nevertheless they are still good can-
didate for applications which require very low computational complexity. Non-realtime
tasks, such as SoH tracking may still be a good application for their implementation.

6.1.2 State-Space Models for Battery State and Parameter
Estimation

From a control engineering perspective, batteries ECMs are SISO, where the current is the
input, and voltage is its response (e.g. temperature is treated as input variable which on
which parameters depend). Deriving a transfer-function or state space model in the other
side is very complex for a systems point of view, PDEs must be discretized to ODEs, thus
system parameters need to be determined. From the infinite-dimensional equations, for
observability, a finite-order model with only a few states must be derived. The extraction
of many independent parameters is also non-trivial. A wide range of ECMs for Li-ion
battery cell were developed and designed in the existing scientific paper or technical liter-
ature. In [2], it introduces several lumped models to reproduce the battery behavior under
charging or discharging. For example the combined model, the simple model, the zero
state hysteresis model, the one state hysteresis model and the enhanced Self-correcting
(ESC) model. However the most commonly used ECMs in industry and also academic are
first order RC model and second order RC model [439] [440] [441][442][443]. In [444], the
author concluded that taking into account the accuracy, the complexity and the reliabil-
ity of the models, first order RC model is preferred for LINMC cells and if LiFePO, was
used then first order RC model with one-state hysteresis will be the best choice instead.
Here we will compare 4 different ECMs’(RINT model, first order RC model, first order
with current dependency and second order RC model with current dependency as well)
performance with the combination of different adaptive filter technologies. The detailed
model equations and corresponding circuit models are given below. Considering the tar-
geting cell in our study is NMC cell in which hysteresis effect do not play a big role in
the terminal voltage response, we will not take into account the hysteresis effect in all our
presented models.
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Equivalent Circuit Model 2: OCV + Ry + R,C

|

Figure 6.3: First-oder ECM.
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Output equation:

V(k) = OCV(SOC (k) + Ve (k) + Ro(k) - I(k)
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6.1 Battery State-Space Models

Equivalent Circuit Model 3: OCV + Ry + Ry(k;)C
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Figure 6.4: Rate-dependent first-order ECM.
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6.1 Battery State-Space Models
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Figure 6.5: Rate-dependent second-order ECM.
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6.2 Implementation of Non-Linear Filtering Concepts for BMS

6.2 Implementation of Non-Linear Filtering Concepts for
BMS

Laboratory-Based Algorithm Verification

In recent years, many publications for BMS algorithm developed swamped the journals,
based on KALMAN and particle filtering. Hence, in this section we are proposing to
evaluate different methods to come to the conclusion, which of these stochastic inference
methods based on Bayesian estimation show the best result. The literature shows con-
troversial conclusion. Some would think, that using a battery system on the test bench,
exciting it with some profiles to run the state and parameter algorithms for verification
would be sufficient. Off-line, the results can be derived, rated and analyzed based on the
filter quality.

___________ J___________ pest([xo90])'pest(K)Jpest(y) ___________}___________

HV Traction
Battery

Figure 6.6: Validation of the algorithms on the actual HV traction battery system.
(modified from [380])

However, this is not a practical solution, first of all, battery systems are very expensive,
on material, design, safety and practically level. To be able to get an early prototype of a
pack and its SW tested and verified is very unlikely, also, the safety of the operation has
to be considered. It is also not very practical, it takes a long time to condition the battery
in terms of temperature, SoC or even aging, also the same state cannot be reproduced
in a real system. Therefore, in the first stage a pure off-line simulation framework was
developed, to test various estimators.
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Simulative-Based Algorithm Verification

When designing BMS and its algorithms, as key component of a battery pack, it is im-
portant to simulate the BMS and its SW functions in the most early stage, to guarantee
that the system will meet all requirements. Even though battery packs may be integrated
in a variety of applications, in this works area of interests for BMS verification/validation
lies within the battery electric vehicle domain. In simulative-based algorithm verification
procedure, the real battery pack is replaced by the simulation environment, consisting
of an impedance-based derived model, while the filter model consisting of the derived
non-linear, discrete stochastic system model (DSSM) to approximate the real battery in
a constraint manner as good as possible (tracking all the specified complex, multi-time
scale dynamics). Measurement data is collected with a electric vehicle which is equipped
with measurement electronics. Additionally, test in the lab were conducted. Based on the
reference model, it is possible to compare the "real”battery state with the estimation to
conclude a quantitative assessment. Batteries have complex multi-time scale dynamics,
hence in this work, the reference model was derived to approximate electric-, double-layer-
, mass transport-, SOC-, temperature-, and aging effects to be able to account for all the
testing requirements specified in technical safety and functional safety requirements. As
discussed earlier, no model is capable to capture all effects of the real system, resulting
in a divergence between filter model and real system. Hence, the tool includes different
filter models to investigate their qualities for BMS application. The system description
of the battery pack also includes all factors needed for dynamic simulation, drive-train
characteristics, auxiliary components (e.g. charger). The vehicle task is characterized by
the battery load profile, any kind of current input such as driving profile. As input, the
user specifies the system input (current) and the initial probabilities, such as p([xo 6o))
as well for process and measurement noise p(x, 7). The reference model generates the
"real”’states and parameters. The reference values are generated such as measurement
values for voltage, temperature and current, and used as input to the estimators, which
can be selected out of the filter library. The filter library is builds up on [380] and ex-
tended with further filters. Based on that, and on the users choice of battery ECM, stored
in the ECM library, the system state and parameter can be calculated [380].

T = FRetfiter(Th—1, Uk—1, Kk—1) (6.2)

Uk = Hretfitter (Th» Uk, Vi)

This methods makes it possible, to reproduce the exact test and fault injection cases
which leads to a quantitative assessment of the filter quality. In some cases, we use Monte-
Carlo simulation, to fulfill a certain statistical coverage. Fig.6.7 shows the entire toolbox
ReBAALI, consisting of stochastic inference methods for state- & parameter estimation as
deep learning methods.
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Figure 6.7: Validation of the algorithms based on simulative framework. (modified from
[380])

6.3 Benchmarking Criteria

In this section, the benchmarking criteria, quantitative and qualitative methods are dis-
cussed to assess performance of different filter concepts with their filter models. This
was conducted to provide scores regarding the performance validity of battery state and
parameter inferences. The evaluation of the filter performances includes 10 filters, also
based on machine learning.
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Data set - experiment and measurement setup

The real drive test is conducted and implemented on a FEV eFIAT 500 battery electric
vehicle as illustrated in Fig.6.8a(top). The measurement set up is illustrated in Fig.6.8a
(bottom).

The test drives are anonymously and totally 130 groups of data were collected within more
than 2 years of driving and at least 2 km route length of 51 different drivers. Overall 2547.7
km covered with an average speed of the test is around 23.37 km/h [445]. The highest
ambient temperature of the test is 40°C and the lowest temperature of the test is 0°C.
The different algorithms were spread over the two Microautoboxes 1401/1507 (MABX)
from dSPACE (Rapid-Control-Prototyping).

As input to the MABX I & MABX II the digital signals from the propulsion CAN bus sys-
tem are used containing all important information (current, system voltage, cell voltages,
temperatures, speed,...). To localize the vehicles position a GPS receiver was installed,
while other components are placed in the spare wheel well. To read/write the measure-
ments results, FLEETlog from IPETRONIK are used with integrated 3G modem which
allows to send the data to the back-end. A CAN-decoupler was used to prevent errors on
the CAN-bus, it secures a pure "reading”of the signals and prevents ”"writing”. The in-
cline angle, as input to the energy manager is provided by the IMU sensor board including
acceleration and yaw rate sensors [445]. These electronics are powered by a 5V-DC/DC
converter from TRACO POWER. To not drain the 12V on-board power system while
recording the charging event (HV system shut down to charge to 12V battery), an addi-
tional 12V battery was placed in the trunk, while during the driving mode, the components
are powered /connected via KL 15, 30 and 31. On MABXII, all the state- and parameter
estimation algorithms are running providing the necessary inputs to the vehicle energy
manager (vehicle motion model, load model, battery pack electric and thermal model,
route-based energy estimation, power prediction) implemented in MABXI [445]. During
the collecting time, more than 80GB of data was collected. For simplicity of validation
purposes, instead a Monte Carlo simulation was applied illustrated in Fig. 6.9a-6.9c. Af-
ter the first initial parameters / states are set, followed by 100 Monte Carlo runs. In each
Monte Carlo simulation, the estimated parameter values are selected within a pre-defined
interval in the last 20 iterations. As it was rather difficult to process all the collected data
off-line, the Monte-Carlo methods was used for validation purposes, which allows with
different initializations to simulate battery aging behavior. The results in Fig. 6.9a-6.9¢
show the convergence
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SWOT Analysis in regards to non-linear filtering requirements

This analysis shall give a personal judgement on pre-requisites for a successful preparation of the filtering frameworks including all necessary information, before the

implementation can be started.
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Figure 6.10: Expert judgment on necessary advanced data requirements and implemen-
tation challenges.

Preparation and implementation stringent requirements

A relatively complete library of non-linear filters were implemented, some of these filters
are rather well known and easier to understand and implement, while other filters are
relatively new and need lots of preparation before implementation. The Fig.6.10 shows
subjective rating of advanced requirements the algorithm designer has to be aware of.
The tunable parameters vary for different filters. While EKF is a non-tunable filter, but
for hybrid Gaussian mixture filters, the components for GMM in terms of state, process-
and measurement noise, particles and unscented transform parameters must be available.
This is rather complex to tune and therefore makes the hybrid filters most difficult to
implement. In regards to the implementation effort, this also varies, depending on the
complexity of the algebraic operations. It is a relative rating based on own experience
throughout the work, considering the availability on resources. What makes it so difficult
is the fact, that some of these parameters are not relying on an entirely deterministic
approach in which the rigorous implementation can be based on, rather recommendations
from literature or even educated guess is the last step. Also, an important factor for
implementation effort depends on the initial knowledge regarding these different families
of filters. Someone starting at zero will struggle more that others with first experience, it
is also in the nature of the concepts that they are different and each has to be understood

151



6 Evaluation Methodology for Bayesian Estimation and Machine Learning

accordingly. Therefore, from the gained experience throughout the work, the subjective
evaluation ranks as following, easiest to start with up to most difficult would be like:
Local methods (EKF) — > Quadrature methods (UKF) — > Particle filter
(GPF) — > Gaussian Mixture Filter — > Particle/Quadrature hybrids.
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6.4 Neural Networks and Deep Learning

Much has been written about AI’s
potential to reflect both the best and
the worst of humanity. As leaders, it
is incumbent on all of us to make sure
we are building a world in which
every individual has an opportunity
to thrive. Understanding what Al can
do and how it fits into your strategy
is the beginning, not the end, of that
process.

— Andrew Ng.

Many of the described techniques strongly depend on the reliability and high degree of
accuracy of the dynamic equivalent circuit models. However, higher order models may
be too complex as part of an overall BMS software in terms of real-time implementation
on ordinary vehicle control units. A further challenge is to determine by on-line iden-
tification the model parameters. It may not always be possible to estimate changes in
right direction by means of convergence; hence model robustness over time cannot be
guaranteed. On the other side, a significant feature of solving problems in biological sys-
tems is the characteristic of adaptation towards unknown and unpredictable situations.
E.g. the humans are able to execute special tasks because of the learning process a child
goes through until adulthood. Artificial intelligence (Al) is the wide concept of electronic
systems being able to automatically improve their performance without being explicitly
programmed following the concept of the human nervous system as illustrated in Fig.
6.11. Machine learning is part of Al based around the concept that the systems are fed
with (big) data from which they learn and adapt for itself. There are basically 3 types of
machine learning problems [446]:

Supervised learning - Task driven here the system learns to predict a desired output
(labeled responses) given an input object.

Unsupervised learning - Data driven is used to draw conclusions and find a good rep-
resentation from data sets in the absence of labeled responses.

Semi-supervised learning contains both, labeled (minority of data) and unlabeled (ma-
jority of data) examples with the idea that the model will be more robust in com-
parison to the supervised learning method.

Reinforcement learning is close to how humans learn; in RL the methods used learn a
policy on how the system shall act in an given environment. The systems action will
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have consequences on the environment, as reaction, the environment will provide
rewards that controls the learning.

Simplified speaking, Al algorithms consists of three steps:

e Input data sets

e Corresponding expected output

e evaluation whether the algorithm performs well

Hence, the challenge is to find a Al model that transforms the input data into meaningful
outputs. Deep learning, or layered representation learning, is a sum of successive layers of
representation. The depth of the model, meaning how many layers the network consists,
may range up to hundreds/thousands of layers. On the other hand, other models focus
on training only up to 1-5 layers, which is called shallow learning. To make a neural
network complete the most common goals in machine learning, which are regression and
classification, the right activation functions are quite important. Normally the output
layer has only one unit and the activation function is linear for regression problem and
logistic for classification problem [446].

0 wo
synapse
woo

4‘
axon from a neuron

impulses carried
toward cell body

cell body

Zwixi+b

branches
of axon

i (Zwi:xi +b)

output axon

activation
function

axon
terminals

_
impulses carried
away from cell body
cell body
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Figure 6.11: A cartoon drawing of a biological neuron (left) and its mathematical model
(right).[447]
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Activation

The activation function is unlimited in theory, as long as it is differentiable since the
gradient descent method needs it to find all the parameters, i.e. weights and biases.
However, to ensure the nonlinear performance, nonlinearity should be included in the
activation functions. If all the functions are linear, then the neural network is not able to
approximate any nonlinearity.

TanH (hyperbolic tangent function) and ReLU (rectified linear unit function) are two
major choices besides logistic function [446].

tanh(z) = i,
e+ e *
0 if2<0

relu(z) = {

z otherwise

Matrix

In a regular neural, before execute activation, it calculates W;z + b; in layer [. The
number of rows in W is the number of nodes in the current layer, while the number of
columns is equal to the number of outputs from the previous layer. So, the final output
of the layer [ will be a vector whose dimension is the number of nodes [446].

6.4.1 Shallow learning

The methods on learning models of depth 1-3 layers of data representation are called
shallow learning methods (like support vector machines (SVM), logistic regression, per-
ceptron, restriced Boltzmann machines, de-noising autoencoder). These methods require
extensive and difficult feature extraction/engineering (manually understanding the data
and what is meaningful for the training) A new method using a well-studied technique
from the field of soft-computing, which is called adaptive neuro-fuzzy inference system
(ANFIS) is used for battery management systems. It combines the strength of Fuzzy
Inference, namely the ability of human knowledge modeling, and Neural Networks, the
capability of learning, into one framework to integrate a trainable system that adapts to
the aging process of a battery pack.

Basics of Adaptive Neuro Fuzzy Inference Systems

Fuzzy inference systems and neural networks are well-known methods for modeling non-
linear systems. In his dissertation, Jyh-Shing Roger Jang has proposed a method called

156



6.4 Neural Networks and Deep Learning

adaptive neuro fuzzy inference system (ANFIS), which combines both methods into one
framework and thus possesses the advantages of both the learning capability and the
representation of human knowledge [448]. Basically, ANFIS is a high effective tool to
map input signals to output signals of a non-linear, uncertain or ill-defined system and,
therefore, can be used as an universal approximator.

ANFIS Architecture

For first-order Takagi-Sugeno type of FIS, the output fuzzy sets are represented by linear
functions of input variables. These function outputs are weighted using the degrees of
support of every rule. The results are crisp output values. As a result, after aggregation
by summing up all rule outputs, no defuzzification is needed, which is specific for FIS
of Takagi-Sugeno type. The rule base of this ANFIS contains two if-then rules, whereas
each leg leaving layer 1 correspond to one rule:

e Rule 1: If xis Ay and y is By, then f; = pix+qiy+1;
e Rule 2: If xis Ay and y is Bg, then fo = pox+qoy+ro

ANFIS is a fuzzy inference system, but it is also a subclass of adaptive network systems.
Consequently, the basic underlying structure is a neural network containing different kind
of nodes and connection links. In case of ANFIS, the neural network is a five-layered feed-
forward type (see Figure 6.13). The connection links within this network are non-weighted
and the nodes can be either squared or circled depending on whether parameters pertain
to them (squared nodes) or not (circled nodes). The parameters in layer 1 define the
input membership functions (here generalized bell functions) expressed in equation (6.4).
They are referred to premise parameters as they are used in the premise (antecedent) part
of each rule. The parameters in layer 4 belong to the linear functions expressed in the
consequent part of each rule and therefore they are called consequent parameters. In layer
1, each parameter set defines an input membership function expressed by the following

equation:
1

(=)

z is the first input variable to the ANFIS. The membership function in equation (6.4)
describes to which degree z belongs to fuzzy set A;. The parameter sets {a;, b; and
¢i} determine the shapes of the membership functions. In layer 2, the output according
to equation (6.5) is also called firing strength of the corresponding rule. Every T-norm
operator performing an AND-operation can be used instead of multiplication. Equation
(6.5) formulates the firing strengths for the ANFIS in Figure 6.13. Since generalized bell
functions are non-zero at any time, it is guaranteed that every rule is fired.

pas () = (6.4)

Wi = KA, <I> X UB; (y) ) fOT =12 (65)
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Figure 6.13: ANFIS structure.

In layer 3, normalized firing strength which is calculated in the respective nodes according

to equation (6.6):
Wi
wiN = ——
N wy + wa
Here, the degree of support of each rule is used to calculate the denominator of the nor-

malization formula. In layer 4, The node function of node 7 is expressed by following

equation (implication):

fori=12. (6.6)

6.7)

O? = win fi = win (P + @iy +13) -

O} is the output of rule i in layer 4. The parameter set {p;,q;,r;} describes the coefficients
of a linear function of the input signals (here z and y). In layer 5 the overall output is
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calculated by summing up every rule output from layer 4 (aggregation).

Zwifi

0; = ZwiNfi = lz:w- . (6.8)

The basic ANFIS architecture for a type-3 ANFIS introduced here serves as a basis for
voltage prognosis.

6.4.2 Deep learning

On the other hand, deep learning simplifies the ML work-flow, through automatizing the
extensive work of feature engineering as needed for shallow learning models into a simple
end-to-end learning model [449][446]. Even though, the deep learning methods were un-
derstood early, e.g. long term memory concept in 1997, or convolutional neural network
for computer vision even earlier, it took some time to become more applicable, that is
due to the fact of fast improvements in hardware for these complex calculations, which
are nowadays highly parallel (GPUs) (as deep neural network consist of many matrix
multiplications). Big clusters with GPUs or even beyond, TPU (tensor processing unit)
will increase the learning of deep neural networks. Secondly, only when appropriate data
sets are available the findings are valuable. In terms of battery systems and manage-
ment, with the start of monitoring the fleet and collect vehicle data, machine learning
can contribute. Also, recent new training algorithms such as gradient propagation with
its activation functions resulted in improvements. As in the first part discussed, SoH
estimation is normally done by on-line parameter estimation techniques of reduced mod-
els or using probabilistic methods. As machine learning technology enables embedded
systems to be self-learning, it was the motivation to understand the potential of these
methods. Additionally, cloud computing becomes more and more important for OEMs
and suppliers, as additional functions (e.g. early road side warnings) can be deployed and
shared across OEMs. Already in China the regulation require a remote monitoring sys-
tem (RMS) of electric vehicles sending data via the cellular network to the server where
the data is analyzed, if the xEV is actually driven and used as intended, or the car was
bought to avoid traffic ban for conventional vehicles. On the other hand, a huge amount
of data will be collected, which enables the data driven approach, finding the overall fleet
battery conditions based on the input from individual RMS clients.
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If the neural network has more than one hidden layer, then learning process can be re-
ferred as Deep Learning [446]. With the network becomes the deeper and deeper, training
can be more difficult due to two fatal challenges, exploding gradient and vanishing
gradient.

Some techniques as gradient clipping and L1/L2 regularization are developed to
handle the gradient exploding problem.

As for the gradient vanishing problem, since backpropagation method uses the chain rule
to update the parameters backwards, if the chain is too long the gradient can keep de-
creasing and eventually 'vanish’. Then, the parameters will stop updating and sometimes
the neural network stops working. For instance, the TanH function has the gradient in the
range from 0 to 1. These small gradients will be multiplied L times along the chain, where
L is the number of layers. The gradient vanishes gradually because of the multiplications.
Recently, many improvements, like ReLLU in LSTM or skip connections in residual neural
networks, are used to avoid the gradient vanishing problem.

With all the improvements above, nowadays, the term 'Deep Leaning’ means the combi-
nation of the neural network and those techniques.
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6.5 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a kind of Neural Networks that have great
performance in image recognition and classification. The basic principle are summarized
in [450] is regional feature detection. By collecting subtle features like regional edges and
shadows and aggregating them to form larger features like shapes and colors, CNNs can
construct a feature pyramid while the top is the detected object’s label or class.

The first CNN is LeNet proposed by Yann LeCun in 1990s. Recently CNNs have devel-
oped a lot but the main concepts are remaining. Amongst all the ideas, the core is the
convolution.
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Figure 6.15: A classical RGB image concept [450].

6.5.1 Input Images

Before exploring more about CNNs; we need to look into the inputs first. The inputs are
often images. Figure 6.15 shows a very common input image. However, the input doesn’t
have to be an exact figure. It can be in any similar form so the parameters, width (w),
height (h) and depth (d), can always describe the input. Note that depth is also called
channel sometimes.
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6.5.2 Convolution

The ”convolution” operation is executed by the convolutional layers, which are the key to
extract features. A convolutional layer actually consists of several small three-dimensional
filters which can also be described by width (wy), height (h;) and depth (dy). This kind
of filter slides over the whole input image and multiplies with the inputs elementwise and
output the summation every time it slides. To show this in formula (6.9) [451],

o(ij) =Y c(mmn)w(i —m,j—n) (6.9)

where o(i,7) is the output point at i-th row and j-th column, and c is the filter, x is the
input. The values m and n mean every element in the filter.

An example is shown in figure 6.16. One filter can detect one feature, so more filters in
the convolution layer mean more powerful ability to detect various kinds of features. The
depth of output then depends on the number of filters in this layer.
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Figure 6.16: Convolution operation [450].

The output of every convolutional layer seems shrinking along width and height. In fact,
there are two more common variables that control the output size besides the number of
filters which controls the depth of output.

The first one is the stride step (s). The stride step is how far the filter strides. If s = n,
the filter will move n points (pixels) to the right per stride until the end of current row,
and then go back to the left but also go down n points then repeat.

The other one is padding (p). This is designed to save the information on the border.
Padding means adding values along the border. The most popular one is zero-padding,
which only adds zeros. For instance, in figure 6.16, adding one zero-padding means adding
zeros at the periphery and the input image will be in size of 7 x 7 x 2.

To calculate the size of the output, for a (w x h x d) input and n (wy x hy x dy) filters,
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with stride step s and p padding, the output size is (w, X h, X d,) where [451]

w+ 2p —wy

we =1+ (6.10)
s
h+2p—h
h, = 1+L (6.11)
s
d,=n (6.12)

6.5.3 Nonlinear Activation

After the convolution, we need to adjust the output and map it to more complicated
relationship. Here comes the nonlinear activation function. As any ANNs, the nonlinearity
is achieved by this function, while in CNNs the function is usually the Rectified Linear
Unit (ReLU) [451],

ReLU(z) = max(0,z) (6.13)

The advantages of ReLLU rather than other traditional activation functions as sigmoid and
tanh are the avoidance of gradient vanishing and zero introducing.

6.5.4 Pooling

Although the using of convolutional layers reduces the number of parameters efficiently,
a scan through the whole image still costs. Sometimes the features in a local region
are similar and we only want the most representative one. Pooling is a down-sampling
operation to achieve this idea. A pooling operation is using a window to scan the whole
image like what a convolutional layer does, but the difference is that a pooling uses some
strategy to just keep one value to represent this region. The most popular ones are max-
pooling and mean-pooling. The max-pooling takes the maximal value inside its window,
while the mean-pooling (or average-pooling) takes the mean value of all values in its
window. There is normally no padding in the pooling but the stride also needs to be
defined. Note that the pooling is not necessary in every layer.

6.5.5 Fully Connected Layer

Just like a vanilla forward neural network, to output a class or a value, the output of
convolution is flattened and connected to the fully connected layer, in which every node
connects to all the nodes in previous and next layers if exist [451].
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6.5.6 Architecture

Overall, figure 6.17 shows the general architecture of a Convolutional Neural Network. A
classic CNN stacks the convolutional layers and fully connected layers. The form of the
output layer depends on the result we want.

convolution

activation

Image
pooling |
o ~—/
I . Fully Connected
Input Layer | Convolutional Layer Output Layer

Layer

Figure 6.17: General CNN structure [450].

6.6 CNNs on Battery States Estimation

The lifetime of the battery is related to many factors while using, such as different charging
and discharging behaviors, service environment, the influence of other components, etc.
They are hard to be modeled and evaluated directly. However, the degradation of the
battery is reflected on the signals of the battery. If the pattern of signals’ changing over
time can be discovered, we should be able to find the pattern of battery degradation.
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(b) The way to implement CNNs on the estimation of the battery’s state of health
[450].
Figure 6.18: CNN for State-of-Health determination

As mentioned above, CNNs can be used to detect spatial features inside an image and
similar situations. The main idea is to capture the changes in successive values. As long
as the battery signals are presented as an image, CNNs can be used to capture the hidden
pattern.

As shown in Fig.6.18, the relevant signals including voltage, current, temperature, velocity
and so on are concatenated together after resampling to the same length. To make sure
they are of close magnitudes, the signals should be normalized first. Then, a pseudo
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figure is obtained, whose size is determined by the resampling frequency and the number
of features selected. With the pseudo figures as inputs and the state of health (SOH) as
labels, the rest is nothing but a standard CNN working flow.

The amount of parameters of multi-layer perceptrons (MLP) grows very fast. More accu-
rately, one additional layer means (n;_; + 1) X n; more parameters, where n; is the number
of nodes in the layer [.

Assuming images as the input, the high-dimensional input requires a complex architec-
ture. Then a MLP can be too complex to run efficiently. The convolutional neural network
(CNN) is designed to reduce the complexity of the original MLP.

In a picture, adjacent pixels usually represent a mutual object or clarify the edge of dif-
ferent objects. A square can be used to scan the image locally as a moving window.
The window detects the area and edge of the target object and it needs to remember the
pattern of certain object. Since one window can only detect one pattern, the number of
windows depends on how many features needs to be found. To achieve this effect, the
convolution between the window and the image part is calculated, which contains the
relevant information. That is the basis of CNN.

The windows in a convolutional layer are called filters as they can filter the certain fea-
tures. The filter will slide across the image, top to bottom and left to right. The stride
step and the way of padding to the border need to be defined. The former property
means how many pixels will be crossed in one slide. Padding is the method to deal with
the border as to extend the border (normally with zero values) or not. What is more,
generally all convolutional layers use ReLU as the activation function. Another term in
CNN is volume. Because the existence of several filters leads to the same amount of
output images, the input for the next convolutional layer (if there is) would be those
images which are regarded as a collection called volume.

To speed up the training, a pooling layer following a convolutional layer is usually ap-
plied. Pooling is similar to convolutional layers but untrainable. It usually take the
maximal or average value in its window.

Convolutional neural networks are developed for grid-like topology, such as time-series
data taking measurements [452] at regular time intervals and employs discrete convolution
instead of general matrix multiplication. The following CNN setup is as described in [453].

It convolves kernels over a two-dimensional measurement set for each layer to decrease the
complexity in comparison to fully connected CNNs. The used data set for training and val-
idating the network is represented by D = {(Y(1),S0H (1)), (Y(2),S0H(2)), (Y(3),S0H (3)), ...}
where T represents the input data V.dV,I,T, and SoC, and SoH represents the ground-
truth capacity value from the lab.
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Figure 6.19: Architecture of a convolutional neural network (CNN) where each layer
is designed of a convolution and pooling component followed by a fully
connected layer.

Convolution

We assume measurement data to be defined by a function [454]
D {1,...,711} X {1,...,%2} — W C R, (Z,]) — Di,j (614)

such that the data D can be represented by an array n; X ny. Given the filter K €
R2h+1x2hatl - the discrete convolution with filter K is given by [454]

hi1 ha

(D*K)T,S = Z Z Ku,vDr:Fu,s—i—v (615)

u=—hi v=—ho
with (r,s) represents the position of the neuron, where K is represented as [454]

K*hl,*hz T K7h17h2
KO 0

)

K- (6.16)

K—hl,—hz K—hl,—h2
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with the Gaussian filter for smoothing

1 r? + s*
Ke(r) = /—27m2€$p< 557 ) (6.17)

with o is defined as the standard deviation of the Gaussian distribution.

Bulding a deep convolutional network

The convolution layer [ comprises mg features maps per prev1ous input layer [, with

the dimension of m2 Dy mg Y. The output of layer [ comprises m1 ) feature maps of the

size mg) X mgl). The ™" feature map in [ is calculated as following [454]:

m{=D
Y}(DVA) = B! + Z K« (6.18)

with B! represents the bias matrix and K the filter size. 2h(l +1 % 2h, O connecting
the 51 feature map in (I — 1) with the zth feature map in [, with the output feature map

(Z) m( 2h and m3) = mg b hg To apply this to a multi-layer perceptron
at posmon (r,s), the formula is further rewriten as following [454]:

mgl—l)
()0 = (), + 3 (850,
) ) =1 )
(l 1 h(l) h(l) (619)
(), X XX (k) (5)
r+u,s+v

wm ) p=— O

in which the filters and the bias matrices contain the network adaptive weights and the
output feature maps [454]:

— l
(l) mé 1) — th)

my = 0
5,7 +1
(6.20)
o mgl—n B 2hgl)
’ sg) +1
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Non-Linearity Layer

As the convolution layer is a linear operator, a non-linear layer after the convolution
layer (ReLu, hyperbolic tangent function, Sigmoid) is added. The units at the position
calculates the output as following [454]

Y O(DVA) = g,f (Yﬂ*”(DVA)) (6.21)
where f is the activation function and ¢ represents an additional gain coefficient.

y(DVA) =

v (DVA)( (6.22)

Normalization Layer

The task of the normalization layer is to execute local competitiveness between adjacent
units within a feature map and unit at same position but different feature map. The
subtractive normalization operation computes [454]

mgl—l)

R 3 R 629

Jj=1

with the Gaussian filter K(,). The local normalization in combination with the ReLu is

given as [454]:
)

(Yi<l)>m( =) = )u (6.24)

H+MZ§”:11 (Y; ;

7,8

where k, p are hyperparameters.

Pooling and Subsampling Layer

A pooling layer is placed in between the successive convolution layers to reduce [447]
the amount of parameters and computational complexity and reduce the chance of over-
fitting by downsampling the volume spatially. In the end we gain robustness to the precise
location of the features. Here, the max pooling type is used, it divides the input signal
into rectangular regions and computes the maximum of each.
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Fully Connected Layer

The layer expects feature maps as input (e.g. mg_l) X m:())l_l)), then the computation of

the i unit in [ is [454]

ygl) =f (zf”) with

m{D 1 0D (6.25)

z(l) = Z 22 w(l). (YA(Z_1)>
7 2,75758 J

=1 =1 s=1 s

!
where wi( J) s

of layer (I — 1) and the i"* unit in layer [ [453]. Combining modules into a hierarchy,
the overall CNN can be described that the convolutional layers learn about the features,
while the fully connected layers are used to execute the classification based on computed
features.

represents the weight connecting the unit at (r,s) in the j* feature map

Results Convolutional Neural Networks

There are a lot of other extensions such as attention, bidirection, seq2seq, etc. for
the recurrent neural networks [446]. As a reference case to evaluate the capability of deep
learning based BMS, as such as being self-learning and adaptive to cell characteristic
changes, one method is chosen from the SoH methods described earlier in the literature
review. Exemplary of the long list of SoH algorithms, the methods based on Incremental
Capacity Analysis (ICA) and Differential Voltage Analysis (DVA) or voltage plateau
change estimation for e.g. during charging event shall be applied [455]. The ICA/DVA
are quantitative approaches to investigate inner chemical reaction and capacity fade of
lithium-ion batteries. The evolution of the IC curves is tracked to make a statement about
the changes in the electrochemical characteristics. The plateaus, voltage gradients of the
@ — V relation are connected to the dQ/dV peaks in respect to the cell capacity.
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Figure 6.20: DVA as a tool for analyzing aging. [456]

This work does not emphasis on the deep learning methods and better deep neural net-
works can be found, rather in this work a general trend and opportunities shall be dis-
cussed towards possibilities for deep learning not only on vehicle level, but as a combina-
tion of individual monitoring as an input for large fleet level battery monitoring and if in
the future these methods may replace classical methods. The long term idea is, to build
a battery digital twin (global model), in terms of digital model of the operations of the
electrical vehicle fleet, and continuously update the performance model with information
and data from the real life usage. This extensively trained global model, divided into
operation areas such as cold to hot zones, can then be deployed to update the models on
the individual vehicles. The aim is to get a better understanding from the batteries in
the field, as the customer usage and durability for new cells in cars are based on, bluntly
said suppliers "gut feeling”. For OEMs; its kind of a black box situation as battery data
can only be gathered if customers have to come to read out logging data (which does not
contain time series). With the help of the global model and big data analytics using deep
learning methods, informed decisions are possible (fault detection and prediction, when
to come to service, problems of certain components, deduce battery sizes...).

To evaluate the performance of the CNN, the ground-truth data is compared with the es-
timated SoH value resulting in the mean squared error. As an initial startup, the network
weights were initialized by a random number generator with normal distribution. The
CNN is capable of detecting the smallest changes and their correlations in the current
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input profile in the DVA plateaus or charging curves as illustrated in 6.21.

06 - charging(24C) - Voltage vs. Charges (1.946~1.1538)
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Figure 6.21: Figure 1. There is a fact that batteries with different SoH have different
performance while charging [457].

The network is designed in TensorFlow out of Matlab. The raw data contains of 34
datasets/batteries. Before the data can be fed to the CNN, it must be preprocessed, as
the recorded data was very noise, jittered, or had missing data in need of data parsing
and data purity. After pre-processing, only 28 sets were classified as valid. The dataset
was divided into training set and test set, which contain 21 batteries for training, and
7 for validating accordingly for 4, 25, and 40o C. Any lost or nonphysical values were
substituted by the mean of previous and next true values. The data set is available at
NASA [457]. Each input data set is mapped towards SoH¢ values, resulting in an average
accuracy of 97,84%. The raw data includes 34 batteries tested under different conditions
such as ambient temperature and discharging load. Each battery contains three processes
which are charging, impedance and discharging. However, the charging processes are the
same, which is constant current 1.5A until the voltage is 4.2V. The data needs to be
trimmed firstly. Only charging processes are remained. In addition, some data have large
error or don’t have a reasonable behavior, e.g. the SoH is low at the beginning but so
much higher then, so these data will be discarded. The trimmed data has three basic
features: current (I), voltage (V) and temperature (T). To make sure all the data have
the same length (for feeding CNN).
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Estimation vs. Full Lab Data

A reasonable approach for DCA/ICA analysis is to estimate on-line the SoH is based on a
Convolutional Neural Network (CNN), considering the direct measurements, V,dV, I, T,
and takes into consideration user behavior, such as partial charging habits. We have
chosen a CNN because it has been proven to be superior under the framework of ImageNet
competition results. As can be seen in Figure 6.22, the SoH ground truth data oscillates
rather strong, making it more difficult for the CNN to follow. As seen in the NASA data,
the quality of the 28 tests have a range from good to poor quality. Therefore, processing
techniques are used to identify and replace incomplete, inaccurate, irrelevant ”dirty” data
by aggregation, filtering, and standardizing.
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Figure 6.22: SoH estimation based on CNN - (a) using all available test data from 28
cells with (b) best accuracy of 97.4% [450]
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6.6.0.1 Recurrent Neural Network

Our signals are sequences and time-dependent, therefore, the investigation of RNN as
SoH estimation on this data is applicable.

Input (channels) LSTM Full-connect Output

Figure 6.24: Structure of recurrent neural network used for SoH estimation [modified
by [450]]

Since sequences such as texts, speeches and signals have a time line which contains some
relationship amongst elements in the sequence, it can be assumed that one element can be
determined by elements at other positions. Recurrent neural networks are invented
to handle the sequences. Unlike the feed-forward neural networks, a RNN updates its
inner states recurrently, which can be regarded as memorizing. In every loop, the units
in a RNN will have two inputs, the input from previous layer and the state of itself from
previous time instant. The outputs also consist of two parts, the output to the next layer
and the updated state to itself for the next timestep. This process can be shown as [446]

hy = fh(tht + Uphi—q1 + bh) (6.26)
ye = fy(Wyhy + by) (6.27)
where h is the state and x,y are the input from the last layer and the output to the next
layer. The output of each unit will have the same dimension as its input. The activation

function f;, is applied to the linear combination of the input and state, and the TanH
function is often the choice. For a classification problem, the output activation function
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is often the softmax function:

o(2)j = —— i=12.-.-.D 6.28
= (629)

where D is the number of classes. The dimension of W, depends on the dimensions of
the state and output.
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Figure 6.25: Variables flow in a RNN [446].

Because a RNN is trained along time, the back-propagation is also through time. It brings
a obvious problem. For a long sequence, the gradient will be calculated through the folded
network and tend to vanish (TanH and softmax functions suffer the vanishing gradient
problem). Another major problem of RNN is the long-term dependency. For example, in
a text fragment, a word may be related to the previous or next word, while it can also be
related to a word in a different sentence.

The most practical RNNs are those with gates that can control to remember or forget the
information at a certain timestep. Long short-term memory (LSTM) networks and
networks with the gated recurrent unit (GRU) are known as gated RNNs. They use
the gate state which is a value in the range of (0,1) to multiply with the information. As
an example, a fully GRU has two gates, the update and reset gates while the minimal
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GRU only has a forget gate:

ft = O'g(WffEt + Ufhtfl + bf) (629)
ht = ft O ht—l + (1 — ft) ) O'h(thEt + Uhht_l + bh) (630)

where o is the elementwise product. In the formula, f; is the forget gate. The activation
function for the forget gate is sigmoid function. If the forget gate is close to one, the
memory tends to keep its value from the last timestep, otherwise it will be substituted.
The reason why the gate technique can solve the vanishing gradient is that sometimes it
will keep the input, which means the derivative is constant, i.e. not vanishing.

Results Recurrent Neural Network

A standard LSTM neural network with one input layer, several LSTM layers (“Lx Ny”
means Node y in Layer x), one full-connect layer and one output layer is applied in this
work. Except that the last LSTM layer outputs only the value of the last time instant,
other LSTM layers output the complete sequences. To evaluate the RNN feasibility, a
basic test was conductedt. Using RNN with three LSTM layers (128, 128, 64 nodes), two
full-connect layers (64, 16 nodes), 0.001 learning rate in RMSprop Optimizer, recursively
trained by four batteries’ data (05, 06, 07, 18), is leading to the following result.
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For the whole dataset, which contains 28 batteries, the result is obtained as following. As
the results for the ”dirty” data is not very good, the following training will be conducted
on 4 NASA batteries (#5, #6, #7, #18).

The problem for all batteries is the data of some of them is not very good, which means

being highly corrupted or having strange changes in capacity change within one cycle.
The RNN has more difficulties to follow this changes in comparison to the CNN.
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Figure 6.23: SoH estimation based on CNN - (a) using washed data from 28 cells (ex-
cluding corrupted data) with (b) better overall accuracy (max. 98.6%)

[450]
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6.7 Numerical Benchmarking of Estimators

To give a conclusive evaluation of the different filter families, and which factors are im-
portant for the BMS application, following filter specifications are followed [380]:

1. Robustness and quality The task is to estimate the hidden states of the battery
pack in an exact way while being always robust (numerical stable and robust, also
the estimation error within threshold, divergence to meaningful value) in a timely
manner and therefore has the highest priority. One quality measurement is based
on the root-mean-squared error method which is a measure for the assessment of
the estimation quality. It indicates in our case how much the estimation deviates on
average over all Monte-Carlo simulations from the actual observation values. The
RMSE gives indication about relative quality, which algorithms shows lowest estima-
tion error, but not if the estimation is actually satisfactory. Therefore, an indicator
is needed, which calculates a theoretical lower bound for the RMSE for any kind of
unbiased estimator (UE) (for maximal second order). Since the posterior density
function p(zy, Yy) is in practice not following Gaussian shape, some statistical errors
are involved. Nevertheless, the PCRB is widely considered for quality evaluation in
non-linear estimation problems.

The Posterior Cramer-Rao Bound (PCRB) sets a lower bound on the variance
of any unbiased estimators. Assume the PDF p(x;#) satisfies the regularity
condition with expectation respect to p(z[0]; ), then

[8111 p(z[0]; 0)
90

] =0 Vo (6.31)

As consequence, the variance of any unbiased estimator # must satisfy

Var(f) > [(W)] (6.32)

Additionally, an unbiased estimator that fulfills the CRLB for all 8 for some
functions g and Z can be found, iff:

0lnp(x;0)

PR~ T(0)(9(x) — ) (6.33)

That estimator is the minimum variance unbiased (MVU) estimator § = g(x)
and its minimum variance is [I (9)] 71, where 7 is referred as the Fisher infor-
mation. It means the more information is available = the lower the bound
= the lesser the variance. Besides the possibility of finding the MVU esti-
mator using CRLB, the CRLB is applied to benchmark the performance of
any unbiased estimator, the closer the estimator converges towards CRLB, the
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184

better. Also, signals that change rapidly as 6 changes result in more accu-
rate estimators. Moreover, it is important for systematic evaluation of a set of
different estimators to find and justify the estimators existence or to rule-out
unfeasible estimators, that it is physically not applicable to find an unbiased
estimator that beats CRLB. The unbiased estimator, which fulfills the CRLB
is efficient”in terms of MVU and it efficiently uses the available data. CRLB
depends in general on the parameter # and the data length. We further need
to extend this theorem to a vector parameter, where the goal is to estimate
a vector parameter, 8 = [0y, 0s,...,0,]7. It is assumed that the assumptions
for the scalar parameter are met. Then the variance of any unbiased estimator
6 satisfies Cy —Z () > 0 and C; is positive semidefinite. Z represents the

Fisher information matrix, the unbiased estimator 6 = g(x) exists iff:

zw-w):—(—a ;“e?éﬁie-)) — RO 10)g(a) - 0) (631)

In general, Z is not diagonal and therefore, the CRLB will depend on other un-
known parameters as the posterior p(zx|Yx), normally not normal distributed,
may lose information of higher moments. Another way to measure the filter
quality is as following:

Mc

1 NOREONS :

— &, — ;) >+/diag(PCRBy) (6.35)
035 s> Vamieen

while PCRB represents the inverse of the filter information matrix J; such that

Je = Digl - Dl%£1 (kal + Dlilfl)_l Dlgl (6.36)
where
Dlilfl =& [—Aiﬁjlogp(xﬂxk,l)} (6.37)
D2, =€ [~23: logp(arlri-y)] (6.38)
Dt =€ [=AZogp(zg|ze—1)] = [Dp24]" (6.39)
D;? | =€ [—Alogp(zy|zp_1)]
+ & [~ A logp(yk|zr)] (6.40)

Further, we assume that the inital state zy has know probability density func-
tion p(zg). 7 and A are operators of the first and second-order-partial deriva-
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tives,
0 0
e A1
Vg {89{:1’ ; 0%} (6.41)
AT =<7, AL (6.42)
The filter efficiency is defined as [380]
vPCRB
Vo R S 100% (6.43)

= "RMSE,

between 0% < 1, < 100% and where 1, = 0% means that a poor filter was
used. Another quality factor is the relative improvement, and calculated as

[380]
K MC
B )
RTAMSE =, | — C - ’; z_: ( o ) (6.44)
 RTAMSE,; — RTAMSE fis,
RI = IS % 100% (6.45)

where RTAMSE, ¢ represents the Root Time Averaged Mean Squared Error
for the EKF, K carries the number of observation points. In case that the
partial differential equations of the logarithmic probability density functions
cannot be determined, alternatives to the PCRB have to be applied, such as
WEISS-WEINSTEIN, BHATTACHARYA, Ziv-Zakai bound just to name a few
[380].

Ziv-Zakai Bound was derived for time-delayed signal parameter estimation. In
contrast, the CRLB gives in general a very good prediction of estimation error
in applications where the signal-to-noise ratio is in expected range, the noise
level small. In high-noise scenarios, the CRLB tends to be on the optimistic side
and hence, for high-noise scenarios, a closer bound shall be used. The Ziv-Zakai
bound (ZZB) shall be introduced, which was designed for this reasons. While
for CRLB, only the measurement model is required, ZZB additionally need
input from the prior p(©) and requires higher numerical calculations. On the
other side, it allows the ZZB to include any a-priori information. Considering
the estimation of a continuous vector random parameter #e© through noise
measurement zey. For any estimator 6(z), the estimation error ¢ = 6(z) — 6,
the error correlation function is defined as

D>
D>

R. = Eee” = E(O(x) — 0)(0(x) — 6)" (6.46)

185



6 Evaluation Methodology for Bayesian Estimation and Machine Learning

1

|
\ Large errors i Threshold

1

I

10% = ! |

100 [ 1 _

MSE

1072 i N

Small errors

104 - -

s Cramer Rao Lower Bound

Ziv-Zakai Bound for different parameters

i
Ll | Ll L Ll Ll Ll Ll Ll Lo
103 102 10! 100 10! 10? 10% 10* 10°
SNR (dB)

Figure 6.29: MSE bounded MLE performance vs. SNR for estimation for CRLB and
Ziv-Zakai.

When 6 is a D-dimensional vector, we want to estimate the lower-bounding
a’ R.a for any D-dimensional vector a. By finding the unit vector a bound on
the MSE of the corresponding component of ¢ is found. Now, the vector bound
is calculated by

T R(f)a > / " y{ max / p(0) + (0 + 8)] Prin (6,0 + 5)de}h dh (6.47)

§:aT6=h

Lastly, the robustness of the filter shall be defined. Since little information regarding
analytical description of non-linear filters can be found, a rather empirical method
is used, in fact the Monte-Carlo simulation results are analyzed, by identifying the
quantity of diverging MC simulation results per test case. By diverging we mean
that for example the covariances will lose the positive definite property, that is after
division by zero, or the results from reference model vs. estimation model are too
far apart exceeding the defined threshold.

Jrobust = (1 — ch X 100%) (6.48)

where an empirical conclusion regarding the robustness is defined, in fact 0% <
Jrobust < 100% with Joopust = 0% means that the filter is not robust.
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2. CPU load The different level of complexity of algebraic operations will define the
CPU load on the embedded target computer, which for battery management sys-
tems are generally low-cost controllers. Since the BMS SW does only consist partly
of the algorithms for SoX determination, missing the safety functions, communica-
tion, balancing, fault diagnostics..., the maximal reserved CPU load for state and
parameter estimators are limited and generally for the entire BMS software must
not exceed 75% of available CPU performance. Since BMS is a safety-critical ap-
plication, at all times the real-time execution must be fulfilled. However, it is very
difficult to give exact measures about how much resources on an ECU may be used,
it depends on the ECU architecture and clock frequency and hence makes it impos-
sible to convert runtime form desktop simulation PC (DELL Core i7, 8GB RAM)
to the multiple automotive ECUs on the market. Also, the simulation will be done
in the Matlab/SCADE environment, the execution time also depends on how much
Matlab parallelizes the algorithms, for which the user does not have any control.
It is possible to analyze how much recursions/iterations (loops) are involved for
each filter, however, that is not in the scope of this thesis and other rating will be
used. Rather, a relative worst execution time tendency can be discussed. From the
generated C-code for an given filter (reference filter EKF'), the execution time on
target can be compared against a second filter family which will also be run on the
target ECU by repeatedly measuring the execution time. From there the difference
in execution time can be used to estimate a general trend. This method can be used
if no professional static SW analyzer is available (including ECU model of target
etc). Knowing execution time on the used computer it is possible to make useful
approximations of the running time on a different machine and therefore, a target
platform independent conclusion can be provided. First, the simulations are run
in Matlab/SCADE environment, first for the EKF reference case. The execution
time for each function is measured and stored, this will be done for all correspond-
ing algorithms. The absolute change in execution time between the filter is then
calculated as following The relative performance time PT is defined as

MC MC
Zi:l tsim,ref(i> - Zi:l tsim,ﬁlter(i)

S et
i=1 Usim,ref(®

This gives an understanding in regards the execution time amongst the filters to-
wards the reference case increases.

PT = x 100% (6.49)

6.8 Results

In the context of this thesis, a new modular MATLAB/TensorFlow (deep learning) based
toolbox was developed for testing and evaluating the combination of ”best” model-filter
selection in terms of which method (filter €& model) reaches a certain efficiency p = X%
with a certain stability ¢ = Y% with the least implementation effort and lowest compu-
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Figure 6.30: Implemented algorithm library in ReBAAI toolbox

tational cost. The toolbox was inspired by [458] and heavily extended to the Recursive
Bayesian Estimation & Artificial Intelligence Toolbox for Battery Monitoring
(ReBA AI-Toolbox) with the following attributes:

1. Evaluation of methods for classical and Bayesian estimation under consideration of

various battery equivalent circuit models. The evaluation considers all the intro-
duced quantitative metrics, such as different (re-)sampling methods, filter accuracy
in comparison to reference filter (EKF), robustness, implementation effort and com-
putational cost, and based on the results a recommendation of the model-filter
combination can be provided.

Modular approach, ReBAAI is implemented so that the end-user only has to focus on
implementing additional models without worrying about updating filter framework.
The user defines the system model interface and parameters (likelihood, innovation,
linearization, dimensions, noises, )of the generalized state-space model which will
be used in the filter framework as input. The toolbox with its dynamic state space
model framework allows to choose from a variety of probabilistic distributions (uni-
and multivariate ) for system and measurement noise.

3. Graphical user interface® was developed for Matlab, in which the user can choose

(Due to the fact that during the implementation phase the decision was taken that the emphasis shall
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the GSSM framework, model dimensions, initial parameters (e.g. SoC, impedances,...),
input signals and filter.

4. ReBAALI filter and model library consists of classical approaches but mostly on
Bayesian filters and methods from AI and machine learning techniques, as decisions
are made based on data not on opinions.

6.8.1 Application Example - Non-linear Battery State Estimation

The toolbox can generate different noise source types, such as Gaussian, combination of
independent Gaussian, Gaussian mixture and scalar gamma noises. For the first test, only
the Gaussian noise source is added to the voltage and current signal. Additionally, the
initial SoC level is set with a random value between real value and error bound of 20%
resulting in a first indication of which estimator has the best performance.

One of the most important aspect to evaluate the filter’'s dynamic performance is the
estimation accuracy. Normally the voltage error between the estimated value and the
measured value are used as the indicator of the model accuracy. However, additionally,
the estimated SoC value was used considering its the core value that will be considered
in the real EVs application. The indicator function for the model accuracy was defined
by root mean square error method. Experiments from different temperatures, battery
degradation state and various road conditions (city road, high way and mixed road) are
used from the FIAT 500 to get a comprehensive evaluation of the overall battery model
performance. Aging is simulated via MONTE-CARLO simulation.

The improvement of first order and second order RC model compared to the RINT model
is quite obvious. The more complicated models can achieve better the accuracy but will
also cost more computation power instead. Apart from the model comparison, the al-
gorithm comparison is also important to choose a reliable and simple SoC estimation
method. The results represent the maximum, minimum and average RMS errors of differ-
ent adaptive methods from the same simulation result as described above. And in most
of the cases particle filters family show better result compare to KALMAN filters family.
However the drawbacks are also quite obvious, which requires much more computation
power and it’s way above the limit of a cheap microprocessor. The safety and reliability
performances of the electric vehicle is really important as it requires that the BMS can
handle harsh environment conditions. The robustness of the different estimators need to
be evaluated in order to test their dynamic performances. The robustness evaluation pro-
cess consist of a poor initial state value, parameter uncertainties, different load profiles,
different aging states and sensor noise. From the previous study conclusion, considering
both the computation power and estimation accuracy using KALMAN filters with sec-

be on increasing the filter library, at the time of the publication of this work the consideration of all
filters in the GUI was still ongoing (e.g. ANN).
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ond order RC model and Particle filters with first order RC model makes more sense to
compare the robustness performance of these methods. The filter tuning for the EKF
and UKFs rely on the tuning parameter for noise covariances and the selection was not
automatized in the evaluation.

6.8.2 Results - State Estimation

Nowadays the most common and widely used method is Ampere-hour counting method
which is easy to implement and relatively cheap in terms of computation power compared
to other method. But on the other hand it also have sever drawbacks. Poorly initial
value and accumulated measurement error may cause a big deviation between the real
and estimated value. This can be pretty annoying when a car suddenly stops in the
middle of the road whereas sufficient battery capacity is indicated. The adaptive filter
technology will not suffer from such deficits but the converge time will highly depend on
the algorithm and also the tuning factors of the corresponded filters. The plots below
show the result when the initial SOC value has 20% error from the real SOC value. The
main observation from this test is that all filters can converge back to real SOC value in
a very short period of time. In most of the cases Particle filters converge faster than the
KALMAN Filters family.

MODEL 1
Efficiency Improvement Robustness Simulation Calc.costs SoC Error Voltage Error
Algorithms

- [%] [%] [%] Is] %] %] v]
6,55 0,00 8811 1503 0,00 2,97 0,02
6,55 -0,01 88,11 637 6118 2,97 0,02
6,55 -0,01 88,11 676 5879 2,97 0,02
6,55 -0,01 88,11 6,81 5846 297 0,02
6,55 -0,01 88,11 727 5569 2,97 0,02
7,35 20,48 89,40 9,02 4499 265 0,03
6,10 -18,79 8711 90,00 -44875 3,22 0,03
5,49 -43,29 8578 3487 -11258 3,55 0,02
5,33 -51,30 8538 809,38 -4834,73 3,65 0,02

Figure 6.31: Results of Monte-Carlo simulation for state estimation model 1, used driv-
ing cycle: E-Fiat-10Grad-City-Highway, number of iterations - 100.
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MODEL 2
Efficiency Improvement Robustness Simulation Calc.costs SoC Error Voltage Error
Algorithms

- [%] [%] [%] [s] %] %] vl
1,76 0,00 89,60 16,40 0,00 2,60 0,07
1,77 0,13 89,60 7,23 5590 2,60 0,07
1,77 0,10 89,60 798 5132 260 0,07
1,77 0,13 89,60 7,49 5434 260 0,07
1,77 0,10 89,60 837 4898 9260 0,07
19,32 61,88 93,61 1270 2256 160 0,011
13,82 21,35 90,89 128,46 -68319 20g 0,012
2312 58,90 93,80 60,87  -27113 155 0,013
10,67 23,92 8842 88683 -530692 290 0,005

Figure 6.32: Results of Monte-Carlo simulation for state estimation model 2, used driv-
ing cycle: E-Fiat-10Grad-City-Highway, number of iterations - 100.

MODEL 3
Efficiency Improvement Robustness Simulation Calc.costs SoC Error Voltage Error
Algorithms

- [%] [%] [%] [s] % (%] [v]

EKF 9,49 0,00 90,71 16,60 0,00 2,32 0,08

UKF 9,48 -0,02 90,70 7,51 54,77 2,32 0,08
9,49 0,00 90,71 8,29 50,04 232 0,08
9,48 -0,02 90,70 777 53,22 230 0,08
9,49 0,00 90,71 8,65 47,92 232 0,08
13,26 47,74 93,30 14,13 14,90 167 0,010
8,76 -27,27 89,65 13214 -69587 2,59 0,012
17,92 54,98 94,16 63,46 -282,24 146 0,013
7,61 -55,35 88,42 91519 541222 290 0,005

Figure 6.33: Results of Monte-Carlo simulation for state estimation model 3, used driv-
ing cycle: E-Fiat-10Grad-City-Highway, number of iterations - 100.
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MODEL 4
Efficiency Improvement Robustness Simulation Calc.costs SoC Error Voltage Error
Algorithms
- [%] [%] [%] [s] %] (%] [v]
100,00 0,00 99,85 0,00 000 004 0,003
100,00 11,68 99,84 5476 7361 0,04 0,003
100,00 -9,23 99,84 4962 7515 004 0,004
100,00 11,68 99,84 5316 7698 0,04 0,003
100,00 -9,23 99,84 46,71 7441 0,04 0,004
319,70  -88484,74 96,42 014 51,03 0,89 0,005
366,72  -38472,20 9751  -73879 -28817 062 0,008
123,35 -214926,59 9367  -30370 -6813 158 0,004
100,00 88,95 99,95 -539314 -1489,42 (01 0,001

Figure 6.34: Results of Monte-Carlo simulation for state estimation model 4, used driv-
ing cycle: E-Fiat-10Grad-City-Highway, number of iterations - 100.

From the 100 Monte-Carlo simulation, it is obvious, that the errors and spread are rather
small, that in general the more complex model the better accuracy for voltage estimation.
For simple battery SSM, there is no improvement using complex estimators, this is differ-
ent for complex models, then complex algorithms lead also to better voltage estimation.
The robustness, RTAMSE is rather constant throughout models and estimators, while
the computational costs gradually increase with model and filter complexity. For state
estimation, the biggest improvement comes from using a second-order battery model,
reducing SoC error from 2.4% to less than 1%.

6.8.3 Results - Joint Estimation

The performance characteristics of a lithium-ion battery depends on internal (degradation,
temperature, SoC...) and external (driver behavior, ambient temperature...) conditions,
hence the parameters will vary and these test cases will show how the different estima-
tors can handle uncertainties in model parameters. Additionally, current sensor bias is
evident for this kind of sensors, therefore, a Gaussian distributed random variable with
corresponding variance is added with a maximum error of 0.1% maximum load current
causing filters to drift away from the actual SoC. Regarding the voltage sensor variance,
the standard deviation is set up to 5mV. Figure 6.37 summarizes the MC simulation re-
sults for joint estimation, namely state- and parameter estimation for 3 different SSMs.

—_
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MODEL 2
Efficiency Improvement Robustness Simulation Calc.costs SoC Error Voltage Error
Algorithms
- [%] [%] [%] [s] % (%] vl
43,33 0,00 9503 16,98 0,00 1,24 0,025
92,22 77,93 97,66 107,05 -530,58 058 0,016
72,88 64,66 97,04 71,97  -32394 (74 0,012
70,36 62,08 96,94 10918  -543,16 077 0,017
73,22 64,98 97,06 7\ -318,86 074 0,017
68,52 46,32 96,67 54510 -3111,02 083 0,244
14,13 96,52 9590 137,82 -4024,56 0,25 0,014
743 95,51 9457 390,24 -1578,36 036 0,008

Figure 6.35: Results of Monte-Carlo simulation for joint estimation for model 2, used
driving cycle: E-Fiat-10Grad-City-Highway, number of iterations - 100.

MODEL 3
Efficiency Improvement Robustness Simulation Calc.costs SoC Error Voltage Error
Algorithms

- [%] [%] [%] [¢] %] (%] vl

EKF 17,70 0,00 95,28 17,38 0,00 118 0,013
14,12 57,18 94,09 12824 63801  14g 0,026
7,11 519,26 88,26 8513  -389,92 293 0,138
15,66 27,81 94,67 130,12 64881 133 0,011
15,84 -24,95 94,73 8455  -38659 132 0,011
22,96 -5,20 95,58 557,62 -3109,00 110 0,098
7,93 95,87 96,05 137,50  -3942,40 (99 0,012
3,87 88,63 92,99 402,32 -11727,80 (75 0.0068

Figure 6.36: Results of Monte-Carlo simulation for joint estimation for model 3, used
driving cycle: E-Fiat-10Grad-City-Highway, number of iterations - 100.
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MODEL 4
Efficiency Improvement Robustness Simulation Calc.costs SoC Error Voltage Error
Algorithms

- [%] [%] [%] [s] % (%] [v]
96,09 0,00 9593 17,07 0,00 1,02 0,011
98,48 4,79 96,02 176,51 -93427 099 0,006
96,06 -0,07 9592 114,27  -569,57 102 0,009
99,72 714 96,07 178,68 -947,03 098 0,006
98,92 5,63 96,04 113,44 56473 099 0,006
90,00 -8,50 9596 539,25 -3059,80 101 04100
6,93 81,17 3515 14547 -362641 0,16 0,008
82,43 99,95 9613 41224 -10460,97 097 0,005

Figure 6.37: Results of Monte-Carlo simulation for joint estimation for model 4, used
driving cycle: E-Fiat-10Grad-City-Highway, number of iterations - 100.

From the result, it can be stated that already for basic SSM model, more complex estima-
tors result in better accuracy, e.g. the UKF has an efficiency of 92% outperforming the
EKF with 43%. For higher order SMM, the gap closes in, making the EKF competitive.
In general, the non-Gaussian distribution filters outperform the Gaussian distribution
filters (e.g. local methods), especially for voltage prediction, which also improves with
higher order SSM. The efficiency between EKF and UKF differs only about 2%, while
similar robustness can be reached. The best result is reached by the GMSPPF, with the
highest accuracy for voltage (parameter estimation) and SoC.

6.8.4 Results - Dual Estimation

Figure 6.40 summarizes the MC simulation results for dual estimation, namely state- and
parameter estimation for 3 different SSMs.

—_
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MODEL 2

m Efficiency Improvement Robustness Simulation Calc.costs SoC Error Voltage Error

[%] [%] [%] [s] [%] [%] vl
| exF [EPEEE 0,00 80,66 17,59 - 4,83 0,180
| ukF [ERN 86,87 92,99 11,05 37,17 175 0,006
79,69 86,87 92,99 1264 2811 175 0,006
| srukF  [EETEH 90,13 93,92 11,79 32,95 152 0,006
62,60 78,72 91,08 11,44 3896 223 0,004
B o 91,38 94,71 14,03 20,21 132 0,143
| omsprF  [EPERE 91,68 95,00 81,90  -37393 1,25 0,154

Figure 6.38: Results of Monte-Carlo simulation for dual estimation for model 2 and 4,
used driving cycle: E-Fiat-10Grad-City-Highway, number of iterations -
100.

o

MODEL 3
Efficiency Improvement Robustness Simulation Calc.costs SoC Error VE:_:_?)?e
[%] [%] [%] [s] [%] [%] A
| ExF [EEERN 0,00 67,45 17,45 0,00 814 0,180
BT o 95,36 92,99 11,62 33,41 175 0,006
62,18 95,36 92,99 13,18 24,43 1,75 0,006
| srukF  [IERE! 96,45 93,87 12,23 29,92 153 0,006
48,97 92,52 91,10 11,88 31,88 223 0,004
70,04 95,84 93,54 13,90 20,34 161 0,143
| omsprr  [EEYY 96,34 93,63 8412  -392,38 1,59 0,147

Figure 6.39: Results of Monte-Carlo simulation for dual estimation for model 3, used
driving cycle: E-Fiat-10Grad-City-Highway, number of iterations - 100.
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MODEL 4
Efficiency Improvement Robustness Simulation Calc.costs SoC Error Voltage Error
Algorithms
- [%] [%] [%] [s] %] %] [v]
61,14 0,00 92,95 1730 0,00 176 0125
100,00 69,17 96,08 95 3094 098 0,001
100,00 68,94 96,06 1372 20,70 0098 0,000
100,00 69,22 96,08 12,58 27,28 098 0,001
100,00 71,45 96,23 12,35 28,63 094 0,003
66,48 -5,99 93,01 13,80 2020 175 0,023
6,54 -41,57 92,15 87,08 -390,36 1,96 0,005

Figure 6.40: Results of Monte-Carlo simulation for dual estimation for model 4, used
driving cycle: E-Fiat-10Grad-City-Highway, number of iterations - 100.

In direct comparison to joint estimation, here separate KALMAN filters are used for state
estimation and parameter estimation. The joint estimation is computational more ex-
pensive, as the matrix operations for dual estimation is smaller. For the case of complex
model and complex algorithm, the calculation time is almost 10x. Even though, by de-
coupling state- from parameter estimation and the loss of cross-correlation, the results
for dual estimation is comparable, sometimes resulting in worse, but also better results.
Especially for local approximation filter, the joint estimation has advantages. The supe-
rior estimators in terms of accuracy in estimation are the filters based on the quadrature
methods. The SRCDKF shows very good parameter estimation, while the GSPF results
with best SoC results. The robustness is the lowest for the EKF, as well as the SoC
estimation accuracy.

6.8.5 Final Verdict

The safety and reliability performances of the electric vehicle is really important which
requires the BMS can handle harsh environment conditions. The robustness of the dif-
ferent estimators need to be evaluated in order to test their dynamic performances. The
robustness evalua- tion process consist of poor initial state value, parameter uncertainties,
different load profiles, different aging states and sensor noise.

6.8.5.1 Poor Initial State Vector

Nowadays the most common and widely used method is Ampere-hour counting method
which is easy to implement and relatively cheap compare to other methods. But on the

—_
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other hand it also have sever drawbacks. Poorly initial value and accumulated measure-
ment error may cause a big deviation between the real and estimated value. This can be
pretty annoying when a car suddenly stops in the middle of the road whereas sufficient
battery capacity is indicated. The adaptive filter technology will not suffer from such
deficits but the converge time will highly depending on the algorithm and also the tuning
factors of the corresponded filters. In can be said, that the RMSE and the convergence
rate increases with higher initial SoC error while the PF converges the fastest in compari-
son the EKF. That can be triggered by the fact that EKF applies a polynomial OCV-SoC
representation. The result when the initial SOC value has 20% from the real SOC value
show that all filters can converge back to real SOC value in a very short period of time.
Especially particle filter which can track back the real SOC value in few seconds.

6.8.5.2 Parameter Error

Considering the battery itself is a electrochemical device. Not only the characteristics but
also the internal parameters will be changed under different conditions eg. temperature,
SOC and aging states. However the focus right now is not on how to update the parameters
according to environment change. Instead the estimator or the algorithm itself should have
the ability to handle the incorrect model parameters.

6.8.5.3 Sensor Drift

In the real vehicle application the major sensor error will come from the current sensors.
It will not only affected by the sensors resolution but also the EMF problem within the
vehicle. Here the sensor noise can be represent by a normal distribution with zero mean
value and maximum deviation of 1A. In order to test the limits of the filters another set of
test with maximum deviation of 2A is also given here as comparison. The voltage sensor
drift will also be investigated here, the variance of the voltage sensor is also represented
by a normal distribution with zero mean value and the standard deviation of 10mV.

The question of

Which method (filter € model) reaches a certain efficiency p = X%
with a certain stability ( =Y % with the least implementation effort
and lowest computational cost.

can not be easily answered, because requirements are so different, e.g. will the algorithm
run on 16bit controller (as of today), or on a high-performance centralized vehicle CPU
(e.g. automated driving computer). Looking at state estimation using model 1, the
particle filter with a standard deviation of 1.5% shows the best results, for model 3 it
drops to 1% while the best filter, the GSPF is around 0.5%. Looking at higher model 4,
the SPPF shows the strongest performance in terms of accuracy with standard deviation of
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0.2%, followed by UKF, CDKF, and EKF. Considering JE and model 2, the PF and EKF
show similar performance (std. dev. 0.9%), while the SRUKF/SRCDKF have a std. dev.
0.2%. This trend follows for model 3, where the PF shows the best performance in terms
of std.dev., while for model 4 all filters show similar std.dev. results. For DE, the PF and
EKF for model 2/3 shows best results (std.dev. 0.2%), while the best results are gained
with model 4, all filters perform similar, while the UKF is the best. The PF has problems
caused by wrong tuning parameters. However, rather than having the most complex
algorithms, improvements are easier by adding additional RC circuits to the model. The
well known EKF can be seen as still competitive until up-to-day, however, to get the last
% out, 1% accuracy increase for state estimation can save the OEM in long run money,
however, with the constraint of much heavier calculations. It can also be concluded, that
the PF family outperformed the EKF/UKF filters in terms of accuracy for higher order
models / non-linearities. The tuning parameters have an significant impact on the results.
A lot of time and effort can be spend on this task to find an optimal solution, unless an
automated selection is in place. The UKF is free of local approximations (e.g. EKF) and
no additional Jacobian’s are necessaries to be computed. Since it stores the 2nd order
moments, UKF shows better results for higher order models. Here, the PF family may
be a better substitute as it handles non-Gaussian noises.
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7 Hardware-in-the-Loop Testing for Battery
Management System

No amount of testing can prove a
software right, a single test can prove
a software wrong.

— Amir Ghahrai

The BMS is a part of a distributed automotive electrics/electronics (E/E) system whose
design follows the automotive V-model breaking down into chronological cycles such as
development, integration and test process [459]. To promote a decrease in software com-
plexity, model-based development is an recognized method. Battery models may help to
analyze functional problems. Functional safety depends on the correct functioning of the
E/E system and is particular important. At all times and test levels safety components
of E/E must ensure to be absolutely reliably for a later successful testing and validation
of the battery storage system. The following test levels are established in the automotive
industry [459]:

Model-in-the-Loop (MiL) comprises the co-simulation of the physical plant model (e.g.
battery cell or pack model) with the control strategy on the algorithmic level (e.g.
battery state estimation). Here, the response of the control logic is in focus and
compared to the expected system response. If the results are correct, the control
algorithm can be integrated on the target platform using e.g. automated code
generation tools.

Software-in-the-Loop (SiL) is used after code generation where the C-code is simulated
together with the battery cell/pack model from the MiL cycle. The C-code may
compiled out of the toolbox using the host-PC periphery instead of the intended
target ECU. Some differences in precision and performance may arise.

Processor-in-the-Loop (PiL) still focusing only on control algorithms testing but avoid-
ing the disadvantages of Sil.. In PiLL the C-code is specifically generated for the
target ECU platform and executed on a processor or evaluation hardware. Due to
the synchronization between the processor board and the simulated platform the
times and allocations can be investigated.
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Hardware-in-the-Loop (HiL) is the last finale step before the integration into the overall
vehicle system. Control software and hardware are combined into ECU network
and tested in an experimental closed-loop environment. All relevant control, sensor
and actuator signals are generated by the plant model and provided to the target
hardware platform.

Virtual environment Hardware-in-the-Loop (vHiL) defines virtual prototyping for hard-
ware dependent software development and makes the dependency on physical hard-
ware unnecessary. It allows for remote usage or parallel execution using cloud-
computing. The real ECU and plant are unnecessary and tests can be done before
completion of the real system components.

Vehicle system integration is used in order to investigate the performance of control
algorithms on the target platform during real conditions, therefore, it is moved into
the test vehicle for further optimization and to secure the manufacturing cycle.

In comparison with tests conducted on real Li-ion batteries, BMS tests conducted on a
Hardware-In-the-Loop (HIL) battery simulator have the following features:

e Safety: Critical scenarios and operating points can be simulated without causing
damage to the hardware (real plant) or putting human life at risk.

e Costs: HIL tests are relatively cost-efficient in compassion to real-plant testing.
Especially for battery storage systems, a virtual environment, e.g. change of battery
state like SoC can be easier configured than in real leading to fewer tests drives and
running test bench experiments.

e Controllability: Virtual environments are easier to modify, e.g. the local mea-
surement unit of master controller of a battery management system can be tested
in different control loops. Moreover, real systems can be tested with different em-
ulated controllers (e.g. algorithms). Different ambient conditions can be simulated
by simply changing the parameters of the environment.

e Usability: Setting the operating point and parameters allows to repeat the tests di-
rectly. Therefore, critical scenarios and failure injections can be tested reproducibly
for optimization purposes.

e Scalability: To meet rapidly changing needs in system designs and to allow for a
fast and appropriate reproduction (e.g. different battery storage system topologies
and sizes).

e Hybrid testing: Some systems are too complex to model or are provided by a
supplier. Hil. simulation enables to integrate parts of the system in the control
loop.
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e Rapid prototyping: The hardware and software of a battery storage system can
be already tested during the development process.

e Automation: Automated Hardware-in-the-Loop testing enables to execute tests
at any time. The tests can be setup including failure insertion or calibration or
different environment (e.g. hardware can be tested in parallel for different states
and temperature) increases the test coverage.

These features may be more cost and time effective, more flexible and traceable, easier
to reproduce and safer beyond the normal range of operation especially in comparison to
vehicle testing. This is particularly the case of tests at early stages in the development
process or during fault simulation. However, the use of a HIL battery simulator requires
the development of SW and strategies for testing. While the possibilities are immense,
it should be noted that the greater the level of complexity of the tests, the higher the
demands for ad hoc development of SW and strategies. With regard to the latter, there
is not a universal definition and there may be different points of view. Therefore different
strategies may be followed, which may be classified into many different ways according
to the testing level, methods or processes. We discuss the theoretical principles of BMS
testing and to present a practical approach to develop ad hoc SW and strategies for BMS
testing at system level on a commercial HIL simulator. A structured and comprehensive
system test is an obligatory prerequisite for dependability and stability of a BMS in the
difficult operation environment. Normally, developers and manufacturers of BMSs require
extensive testing of controller HW and SW, such as analog front-end (AFE) and perfor-
mance of generated control code. This is where the design process for intelligent BMS
benefits with the contribution of Hardware-in-the-Loop systems. For testing safety-critical
functions for BMS components and electric vehicle ECUs and networks, the ISO 26262-6
recommends HilL testing to ensure that safety requirements are met on the software level
side. Subsection ISO 26262-4 considers Hil. testing on system level (e.g. fault injec-
tion, functional testing) is extremely valuable. This work applies HIL for BMS algorithm
development and firmware regression testing applying failure insertion unit (FIU).

After an extensive literature analysis given in [460][461][462],it can be stated that the
current state-of-the-art HilL industry standards for testing battery management systems
is still at an early stage and solutions present some HW or SW limitations, such as
inaccuracy, functions, precision, resolution or iteration rate. These systems, for purposes
of general high-level analysis of a BMS, simpler battery models are used in industry.
However, more accurate models must be implemented with the aim of ensuring that
complex functionalities of a BMS, such as diagnostic algorithms for SoC, SoF or SOH
estimation as well as safety functions must be analyzed and validated using HIL simulation
to detect bugs in an early stage.

Therefore, a multi-cell electro-thermal Li-ion battery (LIB) [460][461][462] model is inte-

grated, coupled with an aging model, characterized and validated based on experimen-
tal data, and integrated in a system-level simulation. Then, the LIB system model is
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converted to C code and run in real-time with the HIL simulator. Finally, in order to
demonstrate the capabilities of the setup, experimental results of BMS tests over a certain
set of exemplary cases are shown.

7.1 Hardware-in-the-Loop Simulator

The commercial HIL simulator test bench is provided by dASPACE GmbH and interfaces
with the BMS under test and a host PC either via electrical, optical or CAN bus interfaces
7.1. The voltage emulation at cell level is performed with several EV1077 battery cell
voltage emulation boards. Each of these controllable buffer amplifier boards can emulate
four cells and be configured in order to match specific test requirements. It can provide a
continuously controllable voltage in a range of 0-6 V 1.5 mV for each of the outputs. This
relatively wide voltage range allows not only emulation of both over-voltage and under
voltage scenarios, but also emulation of short circuit faults between cells. The EV1077
voltage outputs are galvanically isolated, allowing series connection. In the experiments
presented 8 EV1077 boards are used to emulate 32 cells in series, but the setup could
be extended to allow emulation of 128 cells (or group of cells in parallel) in series. Re-
garding the dynamic response, any voltage reference value step can be followed in less
than 500ms. This feature combined with high computational power of the DSP and a
fast data transmission enables a maximum update rate for all the cell’s voltages of 1
kHz. Furthermore a bidirectional balancing current of maximum 1 A is allowed, which
enables testing of both active and passive cell balancing systems. A number of other
I/O cards are used to provide communication interfaces (e.g. CAN Bus) or emulation
of temperature sensing or battery pack current sensing based continuously controllable
voltage outputs. E.g.the implemented vehicle dynamics model generates the propulsion
power demand which is converted to current profile and used as input to the underlying
battery cell models. Additionally, the generated load current has to be accessible to the
BUT. The calculated voltage drop is passed via a LiBMS-HiL digital/analog converter
output to the shunt input reading of the BMS. The LiBMS-HiL is not capable of han-
dling negative voltages, only [0]V - [10]V, an additional conversion board that scales this
to £[400]mV for the BMS was designed. The overall system setup is as following, LiBMS-
HiL is connected to the host PC via a fiber optic cable to prevent ground loops and also
to load the compiled C-code and data logging while running the simulation. The host
PC also runs a fully automated programmed test sequence which requires no supervision
(AutomationDesk). The signal conditioning is located above the expansion box and was
adopted to the specifications discussed jointly with Aalborg University. The FIUs are
used to generate electrical failures such as short circuit to the battery pack electrical sys-
tem. The voltage supply for BUT is provided by controllable power unit. The voltage
supply of the slaves is implemented via the individual battery cell voltages, normally 3-4
cells per slave are sufficient. The LIB system simulation model, illustrated in Fig.7.2; is
developed off-line on MATLAB/Simulink SW from Mathworks. An implementation SW
provided by dSPACE, so called Real-Time Interface (RTT), provides blocks that link the
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Figure 7.1: Left: Overview of the dSPACE HiL simulator; right: BMS under test:

Lithium Balance sBMS. [460]

I/O capabilities of the dSPACE HIL simulator to the MATLAB/Simulink models.
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7.2 HIL Battery System Simulation Framework

The HIL simulator is able to provide signals for testing a wide variety of BMS functions,
such as cell protection; safety validation; measuring of current, voltage and temperature;
balancing of cells; analysis and parameter prediction; logging, telemetry and external
communications. Therefore, bypassed signals and sensors, which are normally connected
to the BMS are emulated by the HiL. It should be pointed out that the Hil. must plausi-
bly reproduce the "real”’system to guarantee realistic tests and analyses. The schematic
structure of the battery storage system consist of interconnected battery cells, contac-
tors for pre-charge, fuses, interlock line as well as the distributed battery management
components. In this context, to validate the BMS and monitoring algorithms, at least
one battery pack with CSC must be simulated. In contrast to low dynamic battery sim-
ulation, e.g. in system design for stationary applications, models for BMS monitoring
testing require higher dynamics and accuracy for individual cell voltages. Each cell has
its own dynamic characteristics, representing cell voltage variations also during charging,
different behavior for sudden change in load or aging states. Forevermore, the battery
storage systems interacts with further drive-train components or electric comfort loads
in the vehicle. Closed-loop operation enables to communicate with all other emulated
components in the simulated HiLi system. A multi-layered procedure is designed to meet
requirements and demand for BMS HiL. system, both at high (BMS monitoring) and low
level (functional safety) software, as well as the electrical system level.

7.2.1 Lithium-lon Electro-Thermal Multi-Cell Model

To apply the LiBMS-HiL simulator for BMS validation, the behavior of each individual
cell has to be simulated. Therefore a real-time capable battery system model is developed
simulating all physical effects necessary for HilL testing of BMS hardware and control
algorithm verification. It consists on the one side of the LIB electro-thermal multi-cell
ECM model, and on the other side of the interface model which conditions the signals for
the simulator hardware. First, the ECM model is coupled with an aging model which is
designed and characterized for a library of different commercial available lithium-ion cells
including battery cells with different formats (cylindrical, pouch, prismatic), capacities
(2Ah, 53Ah, 100Ah) and chemistries (NMC, LTO, LFP), including manufacturers such
as Sanyo, Panasonic and SkyEnergy.

A suitable equivalent circuit model is used to represent the dynamic behavior, its param-
eters are extracted by means of electrochemical impedance spectroscopy following [438],
where a method is described on how to transform of ECM frequency domain into time
domain model equations. In this case, the low and high frequency processes include in-
ternal resistance and is modeled as ohmic resistor, solid electrolyte interface film (SEI),
cell dynamics such as charge transfer and double layer (short time behavior) is modeled
via ZARC element, while diffusion (long time behavior), which typically lies within BMS
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sampling rates is modeled via Warburg element. The details how the model was imple-
mented (approximation of ZARC element, parameter identification, the implementation
of the ZARC model in the time domain, thermal model, aging model) can be found in
[460][461][462], therefore, it is only mentioned on higher level.

7.2.2 Hardware-in-the-Loop System Model

The HIL simulation model consists not only of the electro-thermal multi-cell ECM coupled
with an aging model, but rather it is an overall system model which was implemented
considering thermal and electric properties on cell and system domain and its interaction
considering all individual system components typical used in battery pack design, such
as thermal system (cooling and heating), electrical system (battery disconnect unit),
communication (CAN;, isoSPI), connections to BMS and vehicle, charger, sensor (current,
temperature), standardized driving profile generation and fault insertion unit (FIU).

Temperature sensor model A BMS may monitor temperature sensors throughout the
whole battery system. Although, battery systems may differ in the number, loca-
tion and type of devices used to measure the temperature. The commercial BMS
under test uses Negative Temperature Coefficient (NTC) thermistors. One tempera-
ture sensor per cell, located in a central position, is assumed for emulation purposes.
NTC thermistors are thermally sensitive semiconductor resistors that exhibit a non-
linear decrease in effective resistance as temperature increases. This electro-thermal
behavior can be modelled analytically, by means of the Steinhart-Hart equation.

1 1 1 R
— M i 1
T. T, B " (RS,O) (7.1)

Where all the temperatures are in Kelvin and all the resistances in Ohm, with Tj
representing the current semiconductor sensing device absolute temperature, R, the
current resistance and R the device resistance at temperature Ty = 25 o C.
Solving for Ry results in:

(7.2)

Knowing the characteristics of the sensor, represented by B, R, and T}, and the
parameters of the sensor excitation circuit, represented by Vj gue and R gue, Ts may
be estimated analytically in the BMS from a simple measure of the NTC thermistor
voltage w,.

Fuses and Battery Disconnect Unit Model The BMS is required to control the initial
connection of the battery pack to a capacitive load such as a motor controller. A
direct connection would lead to an in-rush current only limited by internal bat-
tery impedance. For instance, cells generally provide low internal impedance while
the connected motor controller has a large capacitance, this forced in-rush current
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206

may exceed couple of hundreds amps [9]. In high-voltage LIB packs, used e.g. in
e-mobility applications, fuses and relays are commonly integrated in a so called bat-
tery disconnect unit (BDU).
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Figure 7.3: Schematic implementation of battery disconnect unit (BDU) topology
and its interfaces to the battery system model.[460][461][462]

Moreover, the system requires a pre-charge circuit, for energizing the DC-link ca-
pacitor; a current measurement device, for instance a shunt resistor or a Hall Effect
sensor; and external communication with a BMS, which may control the relays and
measure the pack voltage and current. The design of the BDU, particularly the
device selection and location, may differ widely depending on the specific charac-
teristics of the LIB system and its application. For illustrative purposes, a most
common topology of a BDU and its interfaces is implemented and shown in Fig.7.3.
This BDU is made up of four relays and two fuses, a pre-charge resistor Rpre-charge
and a shunt resistor Rg,une. High currents outside the hardware and cell operation
specifications have to be prevented. A common method uses passive over-current
protection to break the circuit, e.g. fuses. These passive elements cannot be con-
trolled by the BMS, however, the detection of a blown fuse belongs to the set of
safety functions of an intelligent battery management system [9] and are imple-
mented in the BDU model. The relays allow the system to operate in three modes:
stand-by or idle, discharge and charge. Furthermore, it should be noted that, since
the DC-link may be connected to a capacitive load at the load or the charger side,
i.e. a DC-link capacitor, inrush currents have to be limited whenever the operating
mode changes from stand-by to charge or discharge. For this purpose a pre-charge
circuit, which consists of a pre-charge resistor in series with a pre-charge relay, is
implemented. The BMS is responsible for all the relays logic and controllers. In the
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HIL simulator presented, both the relays control signals and LIB pack voltage vpack
signals are transmitted from/to the BMS via CAN communication. Fuses are also
considered. Regarding the relays, they are represented as ideal switches in series
with a static resistor. The pre-charge resistor, Rprecharge Fig.7.3, is rated accord-
ing to a desired pre-charging time of 1 s, taking into account the system nominal
voltage, the DC link capacity and the power dissipation. On the other hand, the
BMS is configured assuming that a shunt resistor Ry, is used for pack current
ipack Measurement using analog circuitry.

Isolation monitoring As mentioned earlier, HV systems in hybrid and electrical vehicles
require versions for IT distribution networks, meaning the chassis of the compo-
nents are grounded within the HV system, which is isolated from the vehicle chassis
ground. The BMS has the assignment to support isolation- or ground fault detec-
tion evaluating the ground insulation resistance of the positive and negative DC bus
[463]. According to the National Standard, 18384.3-2001, the battery insulation re-
sistance is the relative resistance to maximum leakage current when the fault occurs
somewhere between the two battery terminals and earth ground [463]. The DC
current insulation detection measures the insulation resistance passively or actively.
The passive system applies a isolation resistance between positive or negative pole
vs. earth ground and the voltage across the resistor is calculated which is repeated
for two measurements. For a continuous isolation supervision of this measurements
are repeated constantly. The active system uses multiple sampling resistances and
electronics to generate the DC signals via the transformer.

Charger For the BUT, the BMS is responsible for controlling the battery charger. There-
fore, the battery charger is implemented into the system simulation model. The BUT
uses charger-centric implementation, hence, the BMS enables the charger which is
responsible for successful charging. BUT is responsible for the rate of charge to
optimize battery life. Different charging methods are implemented, such as CC/CV
or target voltage. The optimized PI controller controls the PWM signal to the
MOSFETs.

High-voltage interlock status The function of the high-voltage interlock loop (HVIL)
detects critical situations and will open switches to de-energize the HV circuit to
prevent contact with hazardous electrical potentials. The BMS monitors the state
of the HVIL at selected access points and takes action immediately the evaluational
electronics detects the conductive path of the signal loop carrying the reference signal
is interrupted. In the HV system of hybrid and electric vehicles exist active and
passive components. Active systems are equipped with an signal detector, control
electronics and communication interface and connected as all components of the HV
system to the central control unit, such as the battery management system. Passive
systems are only integrated into the loop in terms of connectors to the chassis or
electrical contacts. The detector has to be adjusted to the reference signal of the
generator and must not modify the signal. All detectors within the HVIL have to
process the reference signal in order to make a precise decision weather the HV has
to be opened or not.
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Thermal Management Thermal Management can be seen as a support function to store,

receive and provide electrical energy, for which thermal states are defined encapsu-
lated into the different vehicle states. The thermal states must consider protection
of maximum/minimum cell temperature and therefore follow the set target tem-
perature to keep the battery within its optimal life span. The BUT takes over
the thermal management control function, hence, an active (water-cooled) thermal
system was implemented. Necessary inputs from the thermal cell models include
the temperatures as well as sensing of coolant temperature in-/outlet, inputs form
the SoX functions. A cosed-loop system is required, which feeds back the signals
of the pump and valves. The thermal manager requests soft /hard charge/discharge
power and energy limits, while it needs feedback from the SoX estimators in terms
of min/max cell temperatures. Hence, the controller requests/allows thermal energy
or power from the traction battery and vice versa or minimum pump flow rate. All
these functions require diagnostic checks. The SoX algorithms therefore have to
estimate cooling or heating power, how much heat is generated resulting in change
of cell temperatures, as well as how much energy is necessary for cooling/heating
the system.

The overall HiLL battery system simulation framework is provided in Fig.7.2, including the
starting process, vehicle dynamics for dynamic driving profile generation, battery discon-
nect unit including fuses, battery pack, FIU, thermal system, high-voltage and current
measurements, functional test plan (requirement based testing), charger and control, and
simulation visualization.
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7.3 Commercial BMSs Under Test

Besides other BMS under test, here we focus on a commercial BMS, sBMS v6 provided by
Lithium Balance A/S. The BMS uses a master-slave configuration, where each slave unit
can be configured to supervise 8 cells and 2 temperatures. The slave is capable of passive
balancing with up to 1 A simultaneously on all 8 cells and will automatically reduce the
balancing power if the heat cannot be dissipated at high enough rates. 4 slave units
are used in the experiments presented in this paper. However, a total of 32 slave units
can be used for each master, giving a total of 256 supervised cells and 64 temperature
inputs. The master is capable of measuring LIB pack current, LIB pack voltage, isolation
faults, and contactor faults. Communication to external systems is provided through a
configurable CAN bus interface, where any parameter can be broadcasted. The control of
contactors, switches and fans are all implemented in the BMS and can have a multitude
of configurations.
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Figure 7.4: Overview of main functions and interfaces between the host PC, the HIL
simulator and the BMS. [460][461][462]

7.4 Functional and Non-functional Target Testing

Failure is an option here. If things
are not failing, you are not innovating
enough.

— Elon Musk

To guarantee functional safety in a battery pack for hybrid and electrical vehicles, haz-
ardous failures have to be identified during design process [464]. Since software has an
influence on safety, car manufactures invest very heavily, in fact 75% of software develop-
ment costs accounts to testing. With increasing system complexity it must be assumed
that testing costs continue to increase even further. It would appear that by extending the
testing phase the systems become less error-prone. However, to improve safety-critical sys-
tems, special testing methods have to apply corner cases that are normally not triggered
during normal operation mode. Standards like ISO 26262 specify the required methods for
validation of safety-critical systems including further demands on fault injection testing.
Fault injection defines the process of dependability validation applying controlled experi-
ments, where the systems responds to an explicitly induced fault, which then is observed
and analyzed to determine the capability of complying with predefined specifications and
used to measure the fault tolerance. According to its system application the techniques
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inserts the fault to the specific domain and can be characterized as hardware or software
fault insertion. This technique states back to the 1970s and essentially was developed to
include errors at the hardware level. In this work the method is reviewed and adapted to
for battery management system testing using innovative hardware-in-the-loop test bench.
The fault injection techniques can be further grouped into [465]

e Execution-based fault insertion: The system itself is put to the test through
fault insertion while its behavior is observed to measure the fault tolerance.

e Simulation-based fault insertion: A complex-varied plant model is developed
and artificial faults are introduced. During the simulation the effects of the faults
on the system stability and operation are examined.

Lastly, invasive injection methods introduce a latency which may lead to execution vio-
lation in real-time, time dependable systems. On the other side, non-invasive injection
methods don’t leave any footprint on the system other than the injected fault itself.
Fault injection can be performed on a virtual environment (simulations and models) or
prototypes in the early development stage. Therefore, this concept can speed up the un-
derstanding of faults on the target system behavior to enable suitable measures to reduce
the number of faults for the final system. The idea is to test the system fault tolerance
against known faults rather than randomly induce and debug the design faults.

7.4.1 Fault insertion environment

The implemented fault injection environment is illustrated in Figure 7.5. The system
consists of following components:

Fault Injection System

@

Fault ‘Workload
Library Library
Fault ‘Workload
Injector Generator

Data Collector

Data Analyzer

‘ Monitor

/
\
L——— Target system |«——-

Figure 7.5: Components of fault injection environment. (modified from [465])
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e Fault injector induces the defined faults into the target system during execution
time.

e Fault library consists of different fault types, fault locations, and times.

e Profile generator generates the load profile for the target system as input based on
the load profile library.

e Supervising unit controls the experiment and runs on a separate computer.

e Post-processing unit performs data processing, by collecting and analyzing.

The method of fault injection was first used in the 70’s to induce faults on system hard-
ware. This type is therefore called hardware based injection method to simulate hardware
failures. It is performed at the physical level by modifying the value if the ECU pins [459]
or causing electromagnetic inference. On the other side, unpredictable system response
may introduce damage or being life-threatening. For distributed or high-level of integra-
tion system the portability cannot be always guaranteed as well as limited observability
and controllability of I/O pins. This technique still involves a lot of effort and expense.
Nowadays, software faults are the most frequently responsible for errors and consequently
and therefore often emulated by software-based methods. The goal of software-based fault
injection is to reproduce errors without physical intervention on the hardware. However,
it is only possible to induce faults on those level of the system which are accessible by
the software [459]. To cause the error, the software binary is modified by changing the
source code with the possibility of different system behavior accessing the program states,
communication and interactions [465]. The advantages of this techniques is that it can
be run in real-time allowing multiply error injection in parallel including any design fault
available for the present hardware and software system. Software-based fault injection
decrease testing and validation costs, the requirements for special-purpose hardware is
not required. Simulation-based fault injection involves the design of a plant dynamic sim-
ulation model which is able to mimic the physical system under analysis. The failures are
injected directly to the model, a useful tool for evaluating the systems fault-tolerant mech-
anism. This method provides a quick feedback to the system designers at the downside of
complex model development, and its impossibility to cover all the possible faults. Hybrid-
based methods apply a combination of the earlier described techniques. Often it is useful
to link simulation-based fault injection with one of the others, since its controllability and
observability increases.

7.4.2 The Threats: Faults, Errors, and Failures

The BMS of a hybrid and electrical vehicle must guarantee safe operation and therefore
dependability is of central importance. However, the system may get into abnormal
condition, characterized as an error, e.g. a subsequent failure due to overcharging. Not
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Figure 7.6: Connection between fault, error and failure [465]

only the direct safety measures of individual cells have to be taken into account, but
also the safety of the entire system. As a consequence, characteristic threats have to be
identified and considered in functional safety requirements of a BMS and battery pack
system [466].

e Fault defines a condition which was in a measure not to be expected before and
can negatively influence the capability to perform the required task. The systems
failure is initiated by fault if activated, otherwise it is dormant.

e Error defines the contradiction between a measured, observed and computed signal
value or state and the actual physical, specified or theoretical-numerical value or
state and may or may not cause failures.

e Failure is a state, in which electrical, electronic and programmable system is unable
to execute the required function or service. Thereby, a fault in the systems higher-
layer can be insert by a failure in a sub-system.

Ideally, in case of failure, the battery pack with BMS is designed in such a way that a
hazard to the system is avoided. But should a fault arise, besides detecting a failure, the
system should continue to operate as fail-silent, fail-safe or fail-degraded. A system is
considered fail-silent, when the output interfaces are terminated during failure. When a
system supports fail-safe, it has the ability to fall back to a known safe state after fault
detection.

For complex battery storage systems in different demanding applications it is nearly im-
possible to stay in a dependable state, meaning, dependability is defined as the trust-
worthiness of a electronic system executing the correct task at the right time such that
total justification and trust can be placed on the expected service it delivers. Therefore,
a higher degree of dependability has to be considered, ensuring security for individuals
even if other parts of the system generate errors. Hence, further sub-categories have to be
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defined, fail-degraded, where the system maintains within a degraded operation for soft-
ware or hardware faults and fail-operational, thus it is possible for the system to continue
its normal tasks and service despite the fact of active software or hardware faults.

The change to a defective state has to be detected by the BMS, when things go wrong
the system does fault handling and recovers to a known safe state and should run a
fail-operational, fail-safe or fail-degraded operational behavior in means to attain depend-
ability [465].

7.4.3 Fault Classes

The cost and consequences of BMS failing can range from minor problems which are
uncritical or even unnoticeable for the user to catastrophic, with serious injury occurring
or lives lost. The BMS assumes more requirements to provide the most functionality to the
battery storage system, therefore it becomes more significant to the overall systems safety.
Faults are diverse in their origin, therefore, before carrying out extensive tests for fault
insertion, it is necessary to identify and categorize generic sources of faults in a battery
storage system. An appropriate battery storage system including a battery management
can only be developed with knowledge of all kinds of faults in each individual component.
It is therefore necessary to specify potential faults by analyzing the complete system. The
result is classified in six major criteria [466].

e System faults have crept in during design process and are integrated in the system

at the initial operation.

¢ Run time faults occur while the system is operating and may be caused by wearing
faults or operating faults.

e Other faults define the last class and include production faults or maintenance
faults.

Faults are further categorized into

e Faults in battery storage hardware (cell or pack level).
e Faults in BMS software (high or low level).

e Human-made faults (e.g. user operation).
The ultimate category in fault classes can further specified according to its persistence:

e Permanent faults: steady, persist after its occurrence and can only be recovered
by means of fault handling methods.
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e Transient faults: occurs intermittently but disappears again after a some time.

7.5 Battery Management System Testing Using Fault
Insertion Techniques

In automotive industry, a formal process is needed that can help to move from design to
implementation flawlessly, with always the possibility of testing and validating in a very
rigorous approach. The industrial standard for SW development process (also applicable
to embedded SW and HW) is the well-known V-model. By using a V-model, each phase
of the development process during the project definition is related with its corresponding
phase during test and integration. Following the V-model, during the development of a
Battery Management System (BMS), appropriate testing is required at different phases.
The developed on-line battery system model for HIL simulation takes into account elec-
trical, thermal and aging aspects from cell to pack level. Furthermore, a HIL battery
simulator may provide new testing features unfeasible with real batteries. For instance,
using a HIL battery simulator it would be possible to provide on-line tracking of battery
internal states. Turning to the model of SW development process, although the V-model
it is broadly used and easy to understand and manage, it may be too simple to actually
reflect the complexity of the BMS product development process. This is particularly true
when a HIL battery simulator is used for high-level testing. The aim is to introduce the
principles of BMS testing and to present a practical approach to develop ad hoc SW and
strategies for BMS testing on a HIL battery simulator at system-level.

7.5.1 Background to BMS Testing

To understand the relevance of this discussion, it should be noted that there is not even
a formal definition of testing and its goals. In fact, generic, qualitative or empirical
approaches may be applied. From a generic perspective, the goal of the tests may be to
ensure that the BMS does what it is supposed to do and that it does not do anything
unintended. The challenges of BMS testing is illustrated in Fig.7.7. At the same time,
according to ISO9000 quality standards, testing is required to provide Quality Assurance,
which is defined as “part of quality management focused on providing confidence that
quality requirements will be fulfilled”. The design of the tests focuses on critical aspects
of the system with the aim of identifying errors. That said, it is easy to understand that
different testing strategies may be followed. As explained in the following, these strategies
may be classified into different ways, according to the testing level, method or process

(Table 7.1).

Testing levels Tests may be classified according to their granularity level in three groups:

216



7.5 Battery Management System Testing Using Fault Insertion Techniques
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Figure 7.7: Challenges of BMS testing. Source: Shanghai Keliang Information Tech.
and Eng. Co., Ltd.

Criteria Types

Device under test | SW, embedded SW or HW

Development stage | Design, development, prototype, pre-release or release
Device state Static (OFF) or dynamic (ON)

Box approach Black-, white- or grey-box

Testing process Functional or non-functional

Level Unit or module (group of units), integration or system
Environment (Near to) real, simulated or emulated (HIL or Power HIL)

Table 7.1: Classification of BMS Tests. [460][461][462]

module (or unit), integration or system testing. These categories correspond to tests
at component, interface or whole-system level, respectively. When a BMS product
is under development, module and integration testing may be more common. On
the other hand, when a new BMS product is released or an existing BMS product
is under revision, tests at whole-system level must be preferred. It is also important
to realize that, if any changes are made to the product at low-level, e.g. at module
or unit level, re-testing at integration or system level may be required. These tests
are often referred as regression tests. Hence, not only test designing but also test
planning is fundamental to reduce time and cost requirements of SW and HW
testing.

Testing Methods Test are categorized according to the state of the SW or HW under
test, when system is in off state, its static, when system is in on state, the tests are
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Figure 7.8: Functional tree of a state-of-the-art BMS for large Li-ion battery packs.

[460][461][462]

referred as dynamic. Another typical way to classify the tests it is the so called box
approach. White-box testing is based on the analysis of internal structure of the
piece of SW and/or HW under test, while black-box testing is based on the analysis
of its performance against certain requirements, the combination of both is so called
grey-box testing. In the case of SW, white-box testing requires full-knowledge of
and full-access to the source code. Regarding black-box testing, by definition, does
not deal with logical internal structures. However, the knowledge about the system
logical internal structures may ease the design of the test process, since it may help to
identify the critical aspects of the system with the aim of identifying errors. Testing
methods may also be categorized as destructive and non-destructive, whether or not
damage is caused to the device under test.

Testing Processes With regard to testing processes, they may be classified into func-
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tional and non-functional. Functional testing may be defined as a process of testing
a piece of SW and/or HW for its functional requirements (FRs) in order to provide
QA or to seek for errors. Similarly, non-functional testing may be defined as a pro-
cess of testing for its non-functional requirements (NFRs). According to systems
engineering theory, FRs may define specific behavior or functions of a system, while
NFRs may define specific criteria used to analyze the operation of a system. In
a broad sense, FRs may define what a certain system should do and NFRs how a
certain system should it and how a certain system should be. During functional
testing, all the low-level functions of a BMS may be tested, either individually or
globally, based in a black box approach. Additionally, each of these low-level func-
tions may be related to a particular SW and/or HW of the BMS, which, in turn,
may be related to a certain electric or electronic HW interface between the BMS
and the rest of the system. A common problem during the development process
is the poor description of the system requirements from the very beginning. NFRs
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No. Test Case Description End-of-test criteria
System settings are managed. The fault criteria are set in the BMS. Then next L .
3 - . . . . All functions tested in
1 Idle or Stand-by functions are checked in steady-state: data management, monitoring, detection )
steady-state
of hazards or response to hazards
2 Current, voltage, All sensors are calibrated, if possible. Then full-range accuracy test are run All conditions tested
temperature sensing keeping the BMS at different conditions, e.g. in a temperature chamber :
3 Dynamic discharee Using a real dynamic discharge profile from an EV. BMS stops the discharge 1o
g are the pack is fully discharged at room temperature avoid over-discharge
Overvoltage during | Using a real dynamic discharge profile from an EV, the pack is fully discharged e }I?[E:I'I'U]JTS. e
4 N B ) o . Lo regenerative charging
regenerative braking when a very high regenerative current is experienced current
5 Overtemperature Using a real dynamic discharge profile from an EV, Pack reaches max. temp. and
during discharge the pack is discharged at high temperatures BMS stops the discharge
Shorts at different places in the pack. Casel: internal or external short close to
6 Short circuit cell’s tabs. Case 2: external short through fuses or shunt resistor. Case 3: Short circuit current is zero
External short through fuse and switch box (relays or fuses)
7 CCCV Charge Conventional CCCV charge with active/passive balancing End of charge
3 Charge test at low Charge is enabled, but pack temperature is below limit for charging. Pack temperatures over
temperatures Temperature increases progressively due to heating system. threshold, charging starts
9 Diagnosis Case 1. Emulated SoC vs BMS estimated SoC during real dynamic discharge End of charee or discharee
1ag profile from an EV. Case n. New cases according to the BMS diagnosis features arg ! &
10 Isolation Monitor Single isolation fault on positive/negative terminal of a floating voltage pack Isolation fault detected
1 Global power Case 1. Full discharge, considering a dynamic discharge profile from an EV, BMS power consumption is
consumption followed by CCCV charge. Case 2. Test on stand-by for a certain period of time measured at all conditions

Figure 7.9: Test cases proposed to evaluate a BMS for its FRs and NFRs. [460][461][462]

for a BMS product may include a large list of combined HW and SW related re-
quirements, for instance: EMI compliance, physical dimensions, physical properties,
efficiency, safety, reliability, robustness, recoverability, integrity, compatibility, per-
formance (response times, processing times. .. ), capacity (throughput, storage...),
scalability, security, documentation, etc..

7.5.2 Strategy on HiL BMS Testing

The proposed testing strategy can be classified as dynamic, black-box, non-destructive,
functional and non-functional. In the following, the approach used to identify the FRs
and NFRs to be evaluated the corresponding list of test cases is presented.

FR and NFR The definition of FRs deals with the identification of functions that a BMS
may be required or expected to perform. The functional tree presented in Fig.7.8
is used for this purpose, facilitating the understanding of the system dependencies.
With regard to the NFRs, it may be difficult to define all the NFRs in an uni-
versal way, since many of them would be user or application-defined. Moreover,
it may be impossible to check them all due to time and space constraints. Hence,
only certain generic and relevant NFRs are proposed to be included in the practi-
cal approach presented in this work, the overall test cases are summarized in the
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Figure 7.10: Experimental setup for HIL simulation: main functions and interfaces be-

tween host PC, HIL simulator and DUT. [460][461][462]

Appendix. Again, empirical evidence plays an important role in the identification
of the most relevant features to be tested. Finally, three groups of NFRs related
with power consumption, reliability and stress testing are included. With regard
to reliability, NFRs related with temperature, current and voltage monitoring at
different conditions are considered relevant be evaluated. On the other hand, with
regard to stress testing, a systematic and extensive evaluation of Fault Insertion
(FI) modes in the sensors, the actuators and the interface between a BMS and a
battery is proposed. Accuracy and fault insertion testing are useful to evaluate the
reliability and robustness of a BMS, key parameters for the industry nowadays.

Design of Test Cases Based on empirical evidence, a set of test cases is designed in order
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to check the aforementioned FRs and NFRs of the BMS using the HIL battery
simulator, either individually or globally. The definition of the BMS’s FRs and
NFRs may be affected by the specific characteristics of the battery pack and its
application, which may in turn result on a modification or extension of the tests
cases proposed in this manuscript. All the test cases related with the evaluation
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of the BMS’s FRs and NFRs, excluding the stress testing, are listed and described
briefly in Fig.7.9. Regarding stress testing, Table 7.2 lists the FI modes to be
evaluated and their possible location. This include test cases that consider HW-
based fault insertion in the HW interface, due to e.g. open circuit, short circuit,
noise or increase of line resistance; or malfunction of sensors, actuators or any other
system-level components, e.g. NTC thermistors or switch box relays. It should be
noted that there may be many different interfaces between a BMS and a battery
(or the HIL battery simulator), e.g. temperature, current and voltage sensing lines,
communication data links, Analog or Digital 1/Os, etc., which is beyond the test
scope in this work (destructive, not of interest, to long time...).

‘ FI modes ‘ Location ‘
‘ Open circuit ‘ ‘
‘ Short circuit ‘ ‘
| Noise | Interface(s) |
‘ Increase of line resistance ‘ ‘
| Malfunction | Sensor(s), actuator(s) or other system-level component(s) |

Table 7.2: Summary of FI modes and their location.

Finally, it should be noted that this work focuses only on non-destructive FI modes off-
board the BMS under test. FI modes on-board the BMS are typically part of tests at
lower levels of integration.

7.5.3 Experimental Setup and Results

The commercial BMS product chosen for sample testing is the sBMS v6 provided by
Lithium Balance A/S. Regarding the SoX functionality, a simple coulomb counting-based
algorithm is provided for SoC estimation. Regarding the SW implementation, it has
already been sketched in Fig. 3. The HIL simulation battery model is implemented
off-line in MATLAB/Simulink. Then the real-time on-line features of the HIL simulator
setup are linked with the off-line simulation model using Real Time Interface (RTT) SW
from dSPACE, which enables automatic generation of C code for the HIL simulator from
MATLAB. ControlDesk, another SW provided by dSPACE, is used to download the
compiled code to the HIL simulator processor board. In addition, this SW enables the
development of an ad hoc user-interface to control, to monitor and log and automate the
experiments from the PC. Experimental results of the interaction of the BMS with the
system-level HIL simulated battery are shown in the following. Fig.7.11 is just a snapshot
of ad hoc SW for management of BMS settings visualizing the state of the system.

221



7 Hardware-in-the-Loop Testing for Battery Management System

Diagnostic Software 6101 Pro - Lithium Balance A/S =@ [=
File Tools Help
Status Pack data Connedtion

Syt satn B i S0C Current S Se—r——
[$) Discharging Erors: 0 | Warnings: 0 819V

Highestcell  Lowestcell  Average cell | 1J Resd

é 5 5 5 5 5 ot 5 5 3200mv ll 3199 mv |l 3199 mv 3 ==
Highesttemp. Lowesttemp. Average temp.

besoccer e o o

-
/O setings | Battery Model | L settings | Cell data | C [ OCVModel

General graph control

Pause

il
- ke e T R e xhistme[s] 60 [2600]

Set new Auds time.

Curent graph settings
e o] | () Show over curent OUT range
| 7] Show over curent IN range

50
) Cell graph settings

/ B R R e e e || T Y] - ool
T e e i S PR e L A S R P Add LMU v cd
/ Add LMU v cd

g 2] Show cell over vokage range

~ [7] Show cell overshoot window range
it . . [I"] Show cell balancing range.

az00 JeT ) Show cellunder vokage range

) Show cell end of fe votage range:

Figure 7.11: Snapshot of ad hoc SW for management of BMS settings provided by
Lithium Balance.

7.5.3.1 Functional Testing

CCCV Charging

The CCCV charging test results illustrate the dynamical behavior of the system during
CC/CV charging. The initial pack state is SOC=0% but different SoH states, meaning,
the pack is grossly unbalanced. It can be noted, that the total test case takes 50hrs
until the pack is balanced (depending on user input of requirements). The results below
illustrate the temperature distribution during charging. During charging state, the charger
puts 40A output, which leads to a temperature rise, during CV /balancing state, the
temperature reduces again. The DC-link (system) voltage for 32 cells connected in series
is also illustrated below while the charging current is controlled by BUT. The min/max
calculated SoC with initial 10% of SoC deviation before the charging event is applied,
the BUT was able to reduce the imbalance up to 5% SoC. The test was stopped as there
was no interest to wait for complete balanced system. Depending on the calibration of
the BMS, balancing speed and threshold can be adjusted. The last image of this test
illustrates the individual cell balancing currents and activation. Cells from 1-15 are new,
cells from 16-32 are aged and hence need to be balanced more often as the cut-off voltage
is reached earlier.
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Figure 7.12: BMS functional testing: CCCV charging
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Figure 7.13: BMS functional testing: CCCV charging

50



7.5 Battery Management System Testing Using Fault Insertion Techniques

Max/Min SoC during charging (cell balancing activated)
\ \

\ \ \ \
100 |~ r——— -

90 — =

State of Charge [%)]

80 — —

—— Maximum SoC
Minimum SoC

0 35 40 45 50

75 | | | | |
0 10 15 20 25

Time

ot

w

hr]
(a) Min/max SoC during charging

Balancing currents

Balancing current [A]
o (=} (=] (=] (=3 o
& R & & 2 &
e A

o
o

0.1

I,
1
i
i

\
///%

—
ot

/

/

=
o

;

ot
ot

Time [hr] 0 Cell number [#]

(b) Balancing currents during charging

Figure 7.14: BMS functional testing: CCCV charging
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Low Temperature Charging

This functional test shall illustrate the behavior of the BUT of charging the battery at low
temperatures in Fig.7.16. As known, low temperature charging will cause lithium plating
which may lead to severe faults. In this case, the battery pack starts at a temperature of
0°C, in which the BUT controls the charging current to 3A, resulting in an temperature
increase. As soon as the temperature exceeds the threshold (here 6°C), the BUT steps up
the charging current to 40A. The charging current step at 0.5hr is for diagnostic reasons
to determine the internal resistance of the cells.
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7.5.3.2 Non-Functional Testing

Charge Controller Malfunction - Oscillating Charging Current

This non-functional test shall illustrate an oscillating charging current, caused by a faulty
charging mode manager. Fig.7.19 shows the charging current oscillating between 0A and
40A causing all other measurements to oscillate as well. Eventually the BUT is able to
"heal”itself and continues with normal state behavior. Fig.7.19 shows a malfunction of
the charger, consisting on a 50% increased charging current over the system target value.
It can be observed that the BMS is interrupting and re-starting the charging process many
times, until the current is kept below the pre-defined system’s target current. The number
of times and length of time periods between consecutive attempts can be pre-defined in
the BMS settings.
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Figure 7.18: BMS non-functional testing: charging mode manager malfunction
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Temperature Increase

Fault injection test: increase of cell temperatures - cell voltages during driving cycle
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Figure 7.20: BMS non-functional testing: cell temperature increase during load
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Cell Temperature Increase

Fault injection test: increase of cell temperatures - cell voltages during driving cycle
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Fault injection test: increase of cell temperatures - State-of-Charge
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Figure 7.21: BMS non-functional testing: cell temperature increase during load
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Recuperation

r Fault injection test: over-current during recuperation - cell voltages during driving cycle
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Figure 7.22: BMS non-functional testing: recuperation.

Cell Short-Circuit

Results from a dynamic discharge, i.e. test case 3, are shown in Fig.7.21(a). Results
from real-time emulated cells voltages are compared with BMS measured maximum and
minimum voltages. The detailed view highlights the practical limitations of the BMS
under test to measure cells voltages, in terms of accuracy or limited sampling frequency
(1 second). Results from an over-voltage during regenerative braking, corresponding to
test case 4 (7.9), are plot in Fig.7.23. Some battery cells may be subjected to an over-
voltage when a very high regenerative current is experienced at high SoC levels. The
BMS detects the hazard and opens the relays of the switch box in order to stop the high
inrush current. After a pre-defined time, the BMS may close the relays and operate again
in discharge mode. Fig.7.21 shows test case 5, i.e. over-temperature during discharge.
High initial temperatures and limited cooling capabilities are pre-defined in purpose for
this test. Hence, the pack’s cells experience over-temperature during discharge. Again,
the BMS detects the hazard and opens the relays of the switch box in order to interrupt
the discharge. After a pre-defined time, the BMS may close the relays and operate again
in discharge mode. The response to an external short close to cell’s tab is evaluated on
sample test shown in Fig.7.24. Thermal run-away of the shorted cell cannot be avoided
by the BMS by means of cooling management or interrupting the discharge. During this
short circuit test it is also relevant to evaluate the max. temperature achieved by adjacent
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Figure 7.23: BMS non-functional testing: recuperation.
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Figure 7.25: Fault insertion: Temperature scaling error

cells, since a chain reaction may happen if a certain threshold is exceeded. This limit may
vary from one Li-ion cell chemistry to another.

7.5.4 Summary

Theoretical principles of BMS testing were introduced. A generic discussion about existing
definitions for testing and its goals was given, highlighting the fact that many different
point of views exist. Therefore different testing strategies may be proposed. An overall
classification of these strategies was provided, according to the testing level, method or
process. Pragmatic approaches, which may focus on critical aspects of the system, are
often a solution preferred over theoretical approaches. One of the reasons for this is
that it may be not always possible to perform all the possible test cases suggested by
theoretical approaches. In fact, empirical evidence may give understanding of the scope
and limitations of testing and suggests possible strategies to perform it. That said, a
practical approach to develop ad hoc SW and strategies for BMS testing at system level
on a commercial HIL simulator was given. The focus was on BMS products in late stages of
development. A strategy to define the system’s FRs and NFRs and to design suitable test
cases was presented. A comprehensive list of test cases was proposed, including FI modes,
followed by an extensive collection of experimental results. The interaction of the BMS
with the system-level HIL simulated battery was shown under many different scenarios.
The immense possibilities of the setup and the proposed approach were demonstrated,
in terms of testing times, flexibility, traceability, ease to reproduce or safety beyond the
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normal range of operation or under FI scenarios. On the other hand, it should be noted
that the greater the level of complexity of the tests, the higher the demands for ad hoc
development of SW and strategies. In fact, independent SW development processes for
BMS testing should be considered.
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8 Developing ISO 26262-Compliant
Safety-Critical BMS Application

There are hundreds of ECUs spread
through the car, 100 million or more
lines of software code, security issues,
infotainment, driver assistance... No
matter how good you are, you are not
going to write 100 million lines of
code without bugs and doors for
hackers.

— Wally Rhines

8.1 ISO 26262 - Functional Safety Concepts and Testing
for BMS SW Development

Our modern automotive industry is going through radical changes, the car is transforming
from computer-like car to a car-like computer on wheels. The software becomes a strategic
in-house product and no longer in the responsibility of suppliers, the first on the market
will gain technological advantage to its competitors as the amount of functions, especially
for battery controls, is together with the overall vehicle functions dramatically increasing
overtime together with algorithmic complexity and number of sensors with its information
fusion. The used models to describe battery characteristics are, even though after years
of studying, not fully adequate and require more efforts to make it fit, however, that will
take more time. At the same time, the requirements for safety and reliability must be
secured at all times. The objective to overcome these challenges of increased complexity
handling can only be achieved by following new methodologies in development. As with
every hard- and software component, systems and software products contain bugs which
can cause faults and even result it damage claims, fatal injuries and lastly jeopardizing
the company’s reputation. Some rethinking had to be done, validation, validation, val-
idation. As rare events happens rarely but still too often, SW testing must be carried
out. Verification and validation (V&V) rely on target in vehicle testing, which is rather
expensive and late in the process, new opportunities lie in virtually in any automated
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testing and simulation to design verification as much as possible to find these rare cases.
Automotive silo-thinking will not be sustainable, the way of working has to be changed
towards cross-functional teams, fast iterations to learn quickly from the past mistakes
as described in the Agile/SCRUM manifesto. The SW must adapt to imperfect sensing
with uncertainties. This chapter will talk about safety-critical, model-based battery man-
agement system design which address the new challenges in automotive SW engineering.
Simulation tests will reduce bugs in the early stage and improve safety. The solution
of automation of 1S026262 work-flow will be effectively implemented using model-based
design. International Electrotechnical Commission defines safety as following: ”Freedom
from unacceptable risk of physical injury or of damage to the health of people, either di-
rectly, or indirectly as a result of damage to property or to the environment.” Functional
safety belongs to the overall safety concept and is connected to the system behavior in
correct manner after system excitation. Hence, the goal is to ensure the safe execution of
expected system behavior, regardless of internal and external environmental influences in
the best possible way by removing unacceptable risks. Therefore, the ISO 26262 proposes
a development procedure throughout the project (focusing on requirements specification,
design, implementation, integration, verification, validation, and configuration). Potential
risks are classified into integrity levels (SIL/ASIL). However, it can be noted that there ex-
ists misconceptions about safety standards requirements, such as that the classical V-cycle
development process is required. It is also wrong to assume, that code can be written and
only later, a layer of certification documents can be added to be ISO compliant. It can also
be seen that many developers don’t see the need and dread for requirements documents or
structural coverage, and assume that just coding is sufficient. But that is just a wrong con-
clusion. If we consider project costs for high-integrity software solutions, coding accounts
for less than 15%, most of the time is spent on project management, documentation,
enforcing consistency, that the code is verifiable, as well as the maintenance of software
integration processes. BMS developers and OEMs spend a lot of money on verification,
a part of the overall quality assurance. Although, the classical V-cycle is prone to late
detection of issues, efforts have to be made for costly rework cycle. Often programmers
just start coding to prove a concept or just quick and dirty, and only later a layer of safety
is added. This thinking will end up in huge costs and delayed time-to-market, and despite
every effort, safety and quality issues are still present. In this work, we will focus on the
ISO 26262 - 6 part, product development at the software level. It must be pointed out
that not all functions need to be considered as safety-critical as long as there is a clear
structure and separation, determination and understanding of safe states, degradation
strategies and alternative measures. The summarized content below is collected through
numerous discussions, workshops, and tool evaluations around this topic with companies
like Timing-Architects [https://www.timing-architects.com/], Model Engineering So-
lutions [https://model-engineers.com/de/academy/webinars/|, FENGCO Real-time
control |[https://www.fengco.se/en/produkt/targetlink-2/], BTC Embedded Sys-
tems [https://www.btc-es.de/de/], and ANSYS [https://www.ansys.com/products/
embedded-software/ansys-scade-suite] which were very helpful in answering my ques-
tions, and providing data during this work.
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Figure 8.1: Overview of ISO 26262 [https://www.iso.org/standard/43464.html]

Specification of SW safety requirements The objective here is to plan the functional
safety tasks for all sub-phases in the SW development following the reference plan in
Fig. 8.1 but with first level of life-cycle tailoring (introduction of agility: SCRUM).
This includes amongst others, safety plan, SW verification plan, design and coding
guidelines. The prerequisites are that a safety plan and technical safety concept
was derived (not scope of this work), system design specs and integration and test-
ing plan are in place. As stated in Fig. 8.1, the model recommends to start with
specification of software safety requirements (SSR). They are derived from the tech-
nical safety concept and system design specification. In here, the hardware-software
interface requirements are defined and that they are consistent with the technical
safety concept and system design specs. Safety-relevant SW features, functions,
performances and interfaces may affect and cause system or SW faults [467]. It
is important that the established SSR must consider all individual software-based
functions whose fault could cause a violation of the derived SSR from technical safety
requirement in regards to software. These are functions responsible for safe state,
functions for fault detection and handling, or real-time critical functions. It must be
pointed out that bad requirements generate bad software (garbage in, garbage out).
This will result in non-verifiable code and non-consistency. The SSR verification
criteria discusses accuracy, if the derived requirements are accurate; consistency, no
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oppositeness within requirements; robustness, do the requirements consider out-of-
range inputs/noise; verifiability, can it be tested that the software fully represents
the requirement; and lastly, traceability towards SSR which helps detecting that all
system requirements are supported or SSR are not related to system requirements.

Software architectural design During the software architectural design phase (SAD) the

SW architecture is derived which realizes the SSR. It realizes all SW-C and their
interaction in a hierarchical structure, such as interfaces and data paths between
all SW-C as well as process sequences and timing behavior. The work products are
SAD specification, SSR specification, dependent failures analysis and software ver-
ification report and can be expanded through out distributed ECUs. This implies
that if code or SW-C with different ASIL levels, or non-safety related SW has to be
integrated, all of the SW-C have to be treated accordingly to the highest ASIL level,
if and only if the criteria for coexistence is met (freedom from interference). For
SW partitioning (SWP), it must be considered that within the distributed resources
no violation of interference will occur; that the SWP is supported by hardware fea-
tures and that the SWP component is developed after at least same ASIL level;
during SW integration process, SWP must be tested. A good architecture is known
for hierarchical structure of software component (SW-C), with restricted number of
SW-C/interfaces, restricted dependency between SW-C, appropriate scheduling and
fair amount of interrupts. Errors may be found through range/plausibility checks,
data errors, and control flow monitoring. Error handling in field can be addressed
with static recovery mechanism, independent parallel redundancy (redundant com-
putation using different methods). SAD can be verified by simulating the dynamic
SW-C, walk-through, formal verification and control/data flow checking. A correct
architecture is crucial, however, in many cases it is not sufficiently considered as a
main task during the SW development phase, it is even built bottom up or taken
from other previous projects without thoughtfully analyzing its re-use. In contrary,
this work put a great focus in designing the SW architecture.

Software unit design and implementation The SW-C or units are implemented as spec-
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ified in consideration of the SW architecture and SSR. During this sub-phase, static
verification of the SW-C and implementation has to take place, both for non-/safety
related requirements. This work uses model-based SW development rather than
coding directly the source code, using modeling guidelines. Due to automatic code
generation, production-ready code can be produced, so all the properties need to
apply to the model and generated code. The design principles to follow are exam-
ples of the correct order of SW-C execution as defined during SAD. It needs to be
sure, that the correctness of data and control flow between all SW-C are fulfilled
which requires consistent interfaces between all units. Also, the objective is to have
a clean model, simplicity is valued over complexity in terms of readability and later
modification and additional SW units. Through a concept of testability, robustness
is guaranteed (out of range values, devision by 0, wrong data/process flow). What
helps for robust SW unit design is a controlled entry and exit points, no dynamic
variables or objects, that the model gets checked for correct initialization to pre-
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vent multiple use of same variables. Also, a fine design rule does not allow global
variables, limited use of pointers, implicit type conversions, jumps, and recursions
since this may lead to data loss, or faults due to memory overwriting. At model
level, semantic integrity check, traceability analysis, simulation to check algorithms
and causality and to show that the model is correct mapped from the SSR, and
formal verification will support to verify the SW design, if there is confidence in
the SW tool chain. In regards to the safe mode managers, there can be only one
transition firing in a cycle, this means that for each cycle, the model calculates the
output vector from a stable input vector in a deterministic manner, so no interaction
with external environment. A different tool chain, not the industry standard Mat-
lab/Simulink is used to design the model and generate the code, rather a tool which
is known form the aerospace industry, called SCADE. More details on this product
will be given later. However, the tool generates C code which fits the requirements
for safety-critical embedded software, such as OS independent and MISRA C com-
plaint, structured, no pointers, bounded loops with no recursions, easy to read and
static memory allocation.

Software unit testing In this step, it must be confirmed that the SW-C/units fulfill all
the software unit design specifications and only map the desired functions. For
model-based SW development, the testing has to consider all parts of the imple-
mented model and the test object is the code derived from the model or the model
itself (in case of SCADE), other tools require both to be tested. In traditional soft-
ware development, MIL, SIL, PIL and HIL will be used from design phase up to
implementation. Further details are discussed in Section 8.1. The question arise,
against what should test cases be written. The first point is that test cases shall
be written based on detailed design (low-level tests), to give confidence that the
code complies with detailed design, and in case that if uncertified code generators
are used. Secondly, test cases in regards to the SSR (high-level-tests) have to be
executed to verify that the SW-C follow the SW requirements which is needed for
all cases. The recommended test methods consists of requirement-based testing, in-
terface testing, fault injection test, CPU load testing, back-to-back testing between
model and code. Besides, the question if all requirements are implemented correctly
must be addressed by requirements coverage analysis. In addition, the question if
only the requirements were implemented must be addressed via structural coverage
analysis, which includes statement coverage, branch coverage and MC/DC. It is
advised the to carry out the coverage analysis at model domain (functional level)
due to higher efficiency.

Software integration and testing In this step the code is integrated on HW and tested
to demonstrate that the SW architecture is complete generated and executed as
embedded software. Here, the entire SW comes together, all coupled SW-C will
be tested on integration level with their interfaces even distributed over different
ECUs. For the testing, it follows the same recommendation as for SW unit testing,
however, the structural coverage differs, here function coverage and call coverage
are with special attention. The test environment reaches form HIL, to entire E/E
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architecture in a mule car and finally in the vehicle itself.

Verification of SW safety requirements It shall be demonstrated, that the generated C
code fulfills SSR in the target environment.

Agility and teamwork SCRUM is an framework for teams to develop SW, with e.g. 2
week sprints. It is an iterative and incremental way by breaking down the SW-C
into smaller units to built the product. The challenge in BMS SW design is the
fact of having that concurrent thinking of control engineer (algorithm designer)
and software engineers (implementer), the control engineer focuses on stability and
performance following the control theory laws, while the software engineer thinks
about resources (memory, wcet), robustness, testing, accuracy. Hence, only if both
parties work together, the SW development process will be successful. In the end,
it must be pointed out that the measurements for certification must be considered
right from the start. The complex and risky SW units, functions, features shall be
SCRUM’ed in the early stages and then enter the formal process. A general focus
shall lay on the SW safety requirements.

Software Unit and Integration Testing Using Model-Based Testing

Among the most frequent reasons of bugs in large software projects are poorly defined
requirements and their poor management. The requirements represents anything from an
abstract to well structured implementation detail of a system and how it should function,
which must fulfill a capability, standard, specifications, required by the designer to solve
task or achieve objectives. They are defined and written in the beginning of the project
and define costs estimation, timing, coding, testing and integration on target. Therefore,
it is crucial in the early development stage to verify the model and if it meets its require-
ments. In the following, the methods are described how a model can be verified. The
first step is by simulating the model (functional testing) followed by requirements testing,
while all possible test cases must be meet. Formal verification is especially important
for safety-critical functions. Commonly, in the V-cycle development process, the defini-
tion is integrated in a manual, protracted fashion, applying static testing methods which
are prone to errors where stimulus input functions are compared with the output. The
requirements are tested in a early simulative manner and by requirement testing.

Here, a combination of model-based software development (MBSD) and model-based
testing (MBT) may come into place, which provides intensive support in developing a
higher automation of manual writing test cases and checking of functional correctness
in an early stage, meaning, that the requirements are represented by the model, which
must guarantees the correctness of interpretation. Only then, the functions defined by
the requirements can be validated and checked for properness. In MBSD profusion of
techniques are used to convert the model into production code. [Source: TargetLink
Addendum] Instead of manually reviewing the code, extensive testing, such as back-to-
back testing is applied, to demonstrate that all software components fulfill strictly the
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specifications and do not run further unintended functions. Appropriate, automated test
vector generation ensures that the code review can be performed in higher degree of
quality for total model- and code coverage metrics in comparison to manual review. On
the other side, the integration tests shows that the software framework and architecture
in functional and interaction between different domains is executed correctly. Following
the functional safety standards, IEC 61508-3 and ISO 26262-6 recommend functional
and black-box testing, combined with dynamic analysis, structural coverages testing, as
well as expected demands on memory and resources for software components (unit) and
integration. To ensure that the software is running correctly on the target ECU, dynamic
testing (back-to-back) is vital to provide safety-related functions. During model-based
software design we want to test our model and the generated code. The model represents
the implemented requirements, so to say model-based specification and is our reference,
while the code is integrated later into the BMS. The combination of a running model and
its simulation capabilities of the plant model [Source: TL Reference work-flow] allow a
systematic but quick performance check making possible to modify and adjust functions
during development. In the end, the code which is running on the target has to behave
exactly the same as the model. The testing and validation plan in the model-based
development environment follows two layers:

Model verification - Does the model fulfill all the requirements?

Automated/hand code generation verification - Does the hand-coded software or au-
tomated generated production code preserves the behavior of the model on the
target platform?

It must be ensured that the tests which are carried out on the model level, also have to
be executed on the generated code. There are basically three main methods, simulative
method on model level (model-in-the-loop (MiL)), method based on generated code but
executed on host (software-in-the-loop (SiL)), and finally the method executing the au-
tomated generated code on the target platform (processor-in-the-loop (Pili)). Therefore,
how much time has to be spend in writing and executing test cases which must cover
all functional requirements? In general this is a very time consuming task. Developing
appropriate test cases is based on a two-stage, manual and automatic approach.

8.2 1S026262-Complaint Model-Driven Software
Development

As software is increasingly replacing hardware and humans, and used in safety-critical
applications such as the BMS, bugs in the SW can lead to catastrophic effects. How-
ever, these allows for more complex adaptive systems and cost reduced solutions, with
the drawback of always providing quality assurance. This requires a shift beyond the
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standard software developing processes to provide high-integrity software. This includes
extensive effort like planning and project management, generating documentation, keeping
work traceable, consistent, verifiable and maintainable under the highest agreed quality
assurance.
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Figure 8.2: ISO 26262-6, Reference phase model for the software development https:
//www.iso.org/standard/68383.html

There are different conceptions about safety standard requirements for software develop-
ment, e.g. the necessary SW development life-cycle is based on the V-cycle framework.
There are converging views and work culture that coders need start implementing the
functions and start testing and verification, and at the very end a layer of certification
is added. There is also the assumption that requirements are only required for e.g. ISO
26262 certification process, and that for unit testing structural coverage is only specified
but not recommended. Beforehand, the differences and definition for security and safety
has to be mentioned when we talk about functional safety. Security, meaning free of care,
while safety stands for uninjured and free of harm. When we talk about safe BMS, we are
talking about a BMS which does not harm a person, e.g. if we lose the BMS information
its function, the actor does not need to care as long as nobody gets harmed in the car.
We have seen pictures of burning EVs at the roadside, and the question is, whether this
care safe, it depends if all the driver or passengers are still in or could get out. If they
had time to leave the car, and thats the philosophy, driver could still control and stop
it, and leave safely, the FSM responsible for the vehicle and battery safety function did
everything correct. If the car is lost afterwards, that is not of importance, the target is to
protect the passengers, and personal interests of him to buy a new BMS is not the focus
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and discussion within safety measurements in ISO 26262. In the following, we come to
a reasoning on what to do in terms of applying functional safety to battery management
systems and their software development.

A strategy was defined to how to address the tasks in developing a safety-related software
model during the development process. Normally, the project does not start from zero,
rather the software development process is defined and the tool chain is available from
previous projects. In general, the budget is fixed during the project and extra costs for
process enhancement might not be available and this makes it usually impossible to intro-
duce necessary adoptions at once leading to prioritization. However, a prioritization for
process improvements for ISO safety critical compliance has to be fulfilled at least in steps
for the software development process. In the following the work shows an interpretation
of the full ISO 26262 standard in terms of software development for battery management
systems following the V-model. But first, the overview of requirements of ISO 26262 shall
be discussed to know which really needs to be addressed for BMS SW development.

The V-model is given in the ISO 26262 for product development at the software level,
starting at the left hand side, we define groups which are based on individual steps of
requirements of the standard. In the first two steps, we address the development process
which requires a tailoring of the BMS basis SW project toward ISO 26262 compliance and
project specific requirements. In the next step, the team must systematically define the
software development process. This means you have to tailor this ISO so it fits to your
project specific needs. The second step addresses the adjustment of the tool chain, so it
meets the requirements of the standard. These two steps are executed in the first process
phase meaning during the initializations of the development. Followed by the phase called
specification of software safety requirements, which is followed by software architectural
design, as well as for unit design. In this step again, we create the design specifications.
The fourth step discusses topics around checking and reviewing the generated models. The
right hand side of the V-model deals with the ISO requirements in regards to systematic
test process. It begins with the design of testing, how to do testing and what are the
requirements, while on the other side the deepness of the testing is discussed and the test
coverage matrix. This includes requirements testing, back to back testing and interface
testing, while we also address more specific test methods, such as robustness and resource
testing and error guessing based on expert knowledge. Last but not least the checking
for unspecified functionality proves whether all required functionalities are available in
the model, for the case of those function that are not available because they are de-
activated, then they must not have any influence on the safety goals. There are important
steps identified after own judgment towards ISO 26262 compliance. Important for quality
assurance is the implementation of a higher and faster failures detection. It is vital to make
sure that all the activities are implemented and checked for completeness. Followed by
the task to avoid failures and lastly having the control of the systematical implementation
and adjustments towards ISO complainant SW development processes.
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Requirement-Based Methods

One way to reduce failures starts with requirements based checking. The ISO standard
requires to execute requirements-based testing on unit and integration layer, were the
interaction between units also has to be tested. Therefore, test management was im-
plemented after first documented test cases and specifications were defined which got a
unique ID for tracking, further all test cases are linked to the requirements. Finally, based
on the test cases the appropriate test environment was defined, namely, MiL., SiL., HiL.
ISO also requires to measure the coverage of requirement specifications, as well as test
specifications on component level, therefore, at least one test case was designed for each
requirement. Additionally, statement coverage and depending on the required ASIL level,
branch coverage in SilL and PiL. are necessary.

Design specifications

In this action task the software architectural design specification and components, for
both the documentation is required by ISO. It defines which parts in the architecture are
components or units with individual SW safety requirements allocation which in the end
leads to ASIL level determination. The SW architecture is capable to be linked to the
software requirements. Following subsets of requirement- and recommendation clauses
are considered: Complex algorithms are executed on embedded system, therefore, it is
important to have a good estimation of resources on the target, such as runtime behavior
(real-time capability) and memory consumption. After the architecture is designed, the
SW unit specification is created. If a model-based software development is used it enables
to use the Matlab/Simulink model or at least partly. In this case, for unit specification
ISO 26262 requires additional documentation for the aspects which are difficult to read
out of the model itself to have a complete SW unit specification in the sense of ISO26262.
This work identifies this action plan to be important because as the complexity of the
BMS SW modules helping to prevent implicit/incorrect theories on the entire SW. By
tracing the SW requirements into the architectural design or software units, an additional
safety net is installed to increase the correctness and completeness of the requirements
and vice versa. With the help of the SW architectural design and the tracing it can be
checked that the SW is complete in respect to the implementation of the requirements.
Also, the SW unit specification is important since it improves the maintainability of
the model and it is crucial for the testing process. ISO recommends to distinguish and
having different subjects working on developing and testing, in that configuration the
quality of testing correlates with the quality of unit specification reducing the test efforts
due to lower misinterpretations of requirements, resulting in higher quality of model and
documentation, that, in the end, leads to less SW failures. It has to be prevented that
requirements give room for misinterpretation to test engineers. This task is also manual
step with potential in automation when you link the software model as part of the software
design specifications.
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Resolving failures in interfaces Since the BMS is connected to many components of the
drive train (BDU,Charger, EPCM...), it is especially crucial to test the interfaces by
checking the boundary values of each sending and receiving messages/signals while
equivalence classes of these signal values are generated and analyzed in case that
they are not completely covered. In the following, ISO26262 requires the measuring
of structural coverage to understand the quality of testing.

Back-2-Back testing The code generator, who translates the models to C-code, may
introduce faults (floating to fixed-point calculations), therefore, two or more func-
tionally equivalent versions of a software are tested against each others, even on
different domains (e.g. MiL vs. SiL). It is a rather timely test, as the evaluation of
execution differences is difficult to automate. B2B is beneficial, because it ensures
and gives confidence towards the designed test specifications during integration.

Static code analysis As an experienced battery specialist and tester, with the help of
experience based testing (error-guessing) the test specifications are extended and
expected parts of the model with possible error incidence or lead to errors in the
past. Since BMS application is ASIL D rated, ISO 26262 requires checking the
structural coverage using Modified condition/decision coverage (MC/DC). In the
last step, the static code analysis is conducted (Polyspace, PC-Lint).

Team’s model and requirement review The aim is to take the focus back to develop-
ing the BMS algorithms and control functions. In general, the cross-functional
team shall provide a set of guidelines from which the developer can choose and
adjust (MISRA C:2012, MISRA Autocode for Generic modeling design and style
guidelines, Modelling design and style guidelines for the application of Simulink
and Stateflow, Modelling style guidelines for the application of TargetLink in the
context of automatic code generation, dSPACE Modeling Guidelines for Link, Con-
trol Algorithm Modeling Guidelines Using MATLAB) to name a few.

Unintended Features/functions As required by 1SO26262, the SW shall only contain in-
tended SW components derived from its requirements, the rest must be deactivated
before safety goals are violated. This task takes place rather late in the project when
all functions are implemented. With the help of measuring the structural coverage,
it is possible to identify unwanted code.

Continuous process optimization 15026262 with its functional safety extensions is ap-
plied to Automotive SPICE for process assessments. It includes the review of the
current tool chain with its components are qualified. The tool chain automates the
usage of modeling, modeling guidelines checking, metrics calculation, test case gen-
eration and testing. The result is that the development process is more efficient,
detect errors in BMS SW, and spotting the remaining/hidden errors in early stage,
such as doing applying first the guideline checker detects error-prone patterns, the
readability and testability is improved beforehand generating a consistent layout
makes formal reviewing and testing later easier.

251



8 Developing ISO 26262—Compliant Safety-Critical BMS Application

Testing and reporting Fault injection, testing timing behavior of AUTOSAR multi-core
ECUs, or resource usage will lead to detection of ineffective implementations, e.g.
fault injection, derives relatively more benefits since it reinforces the error handling
in the BMS software. It also supports to check if the model is experience missing
error handling, memory corruption and so on. Besides the property of goals being
reachable there are properties they cannot be detected within static analysis for
reachability, something what was already identified as unreachable at initial startup,
but in general, how many test goals for statements and decisions will be created no
matter how these numbers will eventually increase. If there is an area in the code
with is unreachable that means there is no combination of the input signals over time
which can bring that system to this location. So if there is unreachable functions or
code fragments, to put it that way, kind of dead code, depending on the project this
may still lead to a production code. How to deal with that scenario, must be threated
individually in the project and analyzed correspondingly by the engineers. The term
Covered represents that instance, in which at least 1 test case was covering these test
goals, while unreachable means that there is a mathematical prove which shows that
there will never get to that state, no combination of input signals can bring that
system to this decision. Adding the results from both, covered and unreachable,
will result in handled. Reaching 100% handled means that all structural goals have
been analyzed and for all structural goals a result was obtained. The result can
be either that its covered with a test case or it is proven to be unreachable. The
goal with testing is first of all is to bring the handle to 100%, meaning that all has
been analyzed. For unreachable results, each case has to be analyzed and checked
if it is acceptable or not. In case of unreachable function call that must not happen
because that can disrupt the functioning of the entire software. In case of a decision
which consists of a multiple condition this should also be analyzed in detail (e.g.
looking in the statements that are unreachable). For the reference case, there is a
decision that can never become false, if the project can accept that, it can be moved
on.

8.3 Model-Based Software Development

When we talk about BMS application, mainly two points have to be considered, deep
understanding of battery technology itself is required which shall lie within the automo-
tive company, on the other hand, when OEMs develop, design, test, validate and finally
integrate BMS software, it requires tools and methods in order to be successful also in
the sense of functional safety. Here, the experience is mainly on the side of the tool
vendors. With the help of model-based software development both domains are merged.
Active safety in HEV/BEV helps to increase battery and therefore road safety by de-
creasing also battery accidents. Model-based design is an instrumental tool to develop
these technologies. When designing automotive software for H/BEV, following needs to
be considered:
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1. It is a valid question if a critical situation occurs, what is the right decision to take.

2. Extra complexity and challenges have to be addressed when controlling the battery
dynamics/operation in order to guarantee that these systems really behave as desired
in all driving situation, that requires many testing miles.

3. Sensor diversity and amount of sensors used to increase the accuracy and to fulfill
the redundancy to compare sensor data against each other, also in the case of failure
redundancy needs to address that.

4. Additionally, it is also very important to build a very precise description within the
battery box including the different sensors which contributes to the overall picture
of the battery.

The challenge of BMS software function development is to know how complex systems
can be in a very early stage. Especially in EV development with battery pack design
most topics are fairly new and mostly rely on real testing data, however, vehicle/BMS
prototypes are often not available especially if a complete new product is developed. This
is a disadvantage when various designs shall be tested. There is also no time available to
wait until a prototype is available. Again, the developer have to make sure that all of the
new features are working under all internal and external conditions and during the entire
lifetime. Therefore, model-based design seeks to be a complementary approach which
adds value to support the software developer to the idea and concept for new functions
during the early design phase. Developers are able in a rapid prototyping environmental
way to try out new functions and identify (non-)conceptional bugs in the algorithms to
quickly fix them and re-verify and test them to ensure that the algorithms behave as ex-
pected. Especially in BEV safety-critical applications bugs may lead to failures with fatal
consequences. Once the functions are developed, it is desired to quickly implement them
on the target platform. Innovation cycles are becoming shorter, to set themselves apart
from their competitors and being faster on the market is always of advantage. There-
fore, in order to manage these challenges, model-based SW development with automated
code generation is often used and state-of-the-art for many OEMs and suppliers. In gen-
eral, model-based development refers to the well expected V-diagram, meaning that after
defining the functional requirements, the design descriptions are derived from those. The
design descriptions are grouped into executable specifications in terms of virtual proto-
type or simulation model, which allows to simulate the design decisions and continuously
proof, improve, and verify it based on the defined requirements. Once the point is reached
where all requirements are fulfilled the code can be generated and the software is then
deployed on the target ECU. On the right side of the V-diagram you go up again which
represents the testing. When we talk about MBD, for BMS functions it can actually in-
clude a wide spectra of different tasks. It can be applied in a way that MBD is used either
for a single function unit but from the supplier perspective, for example the development
of monitoring algorithms, or even going beyond that idea. At the same time, it means
that with MBD a virtual prototype of the entire battery monitoring functions can be built
just based on taking all sub-elements of single units and integrate them into one overall
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virtual prototype, which allows complete system simulations in terms of real-life internal
and external environment, while no lim. MBD allows to verify functions in the earliest
development stage and long before any functional prototype is available. An important
consideration when testing functions in early stage, assigning a test team bears some risks
associated to test these kind of functionalities. The actual field test is carried out when
the verification has taken place and developers can be sure that the functions behave as
desired. Virtual prototypes have the benefit to completely test the functions in a risk-less
manner for all possible scenarios and parameters, gaining confidence of the functionality
leads to the final deployment on the prototype vehicle.

Generally, in safety-critical systems, failure can have severe impacts, can lead to signifi-
cant damage to property or loss of life. These systems are very complex, millions of lines
of code, highly integrated and connecting systems of systems. It must be ensured that
these systems operate under any condition in a safe way while complying with up-to-date
safety standards, therefore, software must not harm the world. To fulfill these require-
ments also during the development phase with traceability, validation and verification,
model-based design methodologies including tool-chains are needed. This section exam-
ines the application of model-based SW design framework in context to complex battery
management algorithms and battery safety critical applications. Hereby, the current au-
tomotive framework is introduced and compared with to aerospace industry. As in the
early 2000s and Toyotas’ unintended acceleration and software safety scandal, resulting in
89 deaths and 57 injuries [468]. The report from NASA and Carnegie Mellon states that
bugs, not following the MISRA Guidelines completely (11 rules out of 144) have to led
to 80.000 violations, such as the usage of 11528 global variables with different types, and
can alter the value and uninitialized variables leading to spaghetti code. The complexity
level exceeds 50 and up to 146, which implies that the application is difficult to test and
that changes may result in bad fixes. Additionally, concurrency bugs and race conditions
results in different timings and defects. This example clearly shows that conventional
tool-chains reached the tipping point and new methods must be used. Already in the
early 90s, model-based methods have been deployed for automotive control software, and
during the years, this has been extensively be adopted for safety-critical embedded appli-
cations and where time to market is critical. Besides the behavioral aspects, developers
also design the architecture and structure of the software. The classical model-based de-
sign comes from a mathematical method to solve problems when dealing with complex
systems. However, nowadays, model-based design / software development is often used
as visual tool (such as UML) to describe control flow or the systems architecture. Espe-
cially in aerospace and lately in automotive industry, the systems consists of safety-critical
software, which puts higher constraints on the model-driven development, such as deter-
minism and freedom from ambiguity [469]. However, the key challenges for safety-critical
software development are better control over defect life-cycle, SW testing, legacy code
merging, life-cycle models, automation, the need for certification and its requirements,
coding standards which boils down to the tool effectiveness and support of determined
and avoidance of ambiguity errors. As can be seen, testing alone is not the only answer
to reliable systems. As example and mentioned before, during 2009 and 2011, Toyota had
multiple related recalls, caused by unintended acceleration. US authorities investigated
over 18 month and came to the conclusion that unsafe casts, ignoring return errors and
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violation of the coding standard lead to fatal car accidents. Therefore, it is absolutely
crucial to use an effective tool, which also has the ability to detect the maximum number
of violations possible, while decreasing false-positive detections (MISRA C:2012).

The software development failures are indebted by the exclusive single core hardware
usage resulting in a forced single-core specific software design. Also, this makes new
projects dependent in the sense that a lot of legacy code has to be reused, and hence new
SW component development cannot be stopped for re-engineering since the SW may have
hundreds of millions of code lines. At the same time, when shifting to a new hardware
platform (e.g. multi-core), not re-engineering won’t cause any speedup, even less.

8.3.1 TargelLink Ecosystem

TargetLink is an production code generator which generates highly optimized C code,
based on the graphical modeling tool MATLAB/Simulink/Stateflow which allows to con-
vert the model into C code. However, model-based design for functional safety applications
(ISO26262-6) requires to execute back-to-back testing. In this step the translation by the
code generator from the model to the C code on a semantic level must be verified. It
must be made sure, that the implementation on the target controller behaves the same
way as the model and both produce the same output with the same input. In the first
place, the model has to be verified against its requirements (MIL), only then the C code is
tested in regards to rounding errors or stability. Then for both, model and C code a high
degree of coverage shall be reached. As can be seen in the Targelink reference work-flow,
testing becomes the most important and time-consuming (expensive) work for model-
based design implementations. The fact, that the C code does not necessarily reflect the
model behavior was one fact to think about a better way to develop a control design code.
Secondly, Matlab/Simulink is designed to use graphical programming to develop control
functions in a simulation environment, and not for embedded C programming. Also after
having personal discussions with different automotive software developers it is clear that
a new way to handle SW design must be considered.

8.3.2 SCADE - An Aerospace Solution for Highest Level of Safety in
SW Development

There is a huge difference in quality consciousness between long time safety critical ap-
plications, such as the aerospace industry, and the traditional automotive industry with
less focus on safety. Hence, it is reasonable to think that there can be a lesson learned
to deliver safety-critical SW in the automotive industry. First, aerospace requirements
are rather rigorous and changes are executed in a strict manner. Additionally, aerospace
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Figure 8.3: Required tools in TargetLink Ecosystem - the industry’s traditional model-
based design toolset

projects take advantage of team-based tools, for traceability reasons for code changes,
SWe-issue tracking and reviews. Also following strictly the coding standards and code
analysis to managing code complexity is a proven working method to improve SW qual-
ity. Regarding testing, advanced methods like MC/DC are used. A big difference also lies
within the used toolchain, modern IDE are used for model-based design and verification
using formal methods. In comparison to Matlab solution, SCADE was developed and
defined for safety objectives, it does not allow for dangerous constructs (dynamic memory
allocation, goto, state machines with intermediate states, global variables, unbounded
loops,...) where inputs are read at the beginning of the execution cycle and delivered at
the end, in between read/write is not possible, inputs and states are stable [470]. In com-
parison to automotive, avionics software engineering has over the years developed tools
and methods to reduce the time required for testing and certification.

8.3.3 Comparison: Traditional vs Full Safety Critical Toolchain

To put it in exaggerated terms, software is consuming the world. In terms of cycle of
innovation, a car platform lasts 10-15 years, a car development process 4-5 years, but
in-car SW will be deployed every day/week which gives an innovation cycle with is by
far much faster than any other technology. Considering that the new vehicles already
(w/o AD or electrification SW) have 100 Mio lines of code, the traditional SW tools
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must be questioned, as the automobile industry, recalled more vehicles than ever before
due to SW bugs. Looking at the traditional toolchain ecosystem from Mathworks and
its Matlab/Simulink tool, which is purported to be a simulation tool for control laws
and not developed to generate production-ready code for safety critical applications, it
shall be questioned if this way of working will fulfill the future needs in agile SW de-
velopment. With Simulink, the code must be verified on model and code level, as the
Simulink /TargetLink code does not behave exactly the same way nor is guaranteed to do
so. This means, besides TargetLink for code generation, also back-to-back testing tool
between Mil. and SiL is required. Additionally, SW tools for Model guideline checking,
model/code coverage, model-based testing, and others. On the other side, SCADE is a
formally defined language for aerospace industry with functional safety in focus fulfill-
ing all safety standards while keeping code efficient and portable, while the TargetLink
Ecosystem is not. Additionally, as automotive embedded controller go towards multi-core
platform, SCADE has been extended in order to meet multi-threaded systems using tread
synchronization applying a specific communication protocol. The overall product plat-
form includes synchronized functional and architectural modeling and testing. Therefore,
SCADE toolchain is used for SW architecture and code development.

8.4 A Model-Based Approach for Multi-Core - Multiple
Battery Cells Estimation

The aim of multi-core target platforms aims to provide additional computing power to
fulfill the needs for advanced control strategies for new complex battery electric pow-
ertrains, advanced driver assistance systems. At the same time, legacy code must be
migrated to the new hardware platform, which was designed for single-core systems and
must guarantee the same performance and robustness. As introduced earlier, there are
many algorithms to estimate the internal states of battery cell. While the literature focus
on proving the estimation method on a single cell, is is rarely discussed how to scale these
algorithms in a way that they can be applied to all individual cells in a battery pack (up
to several hundred cells). As OEMs using low cost embedded controller as cost savings
potential for BMS systems, (Rothgang prices per system), and the fact that all the in-
troduced algorithms demand high computational capability of the ECU, and hence it is
impossible for currently on the market used systems to monitor all individual cells with
high accuracy in the system. However, premium brand manufacturers looking more and
more into a paradigm change resulting into a complete change rather than small steps of
single core resource-constrained embedded systems. A survey shows, that 58% of compa-
nies consider multi-core processors due to the fact that an increase in performance is the
reason. 92% claim, that their business application have high performance requirements,
such as strict real-time property, highest reliability and safety, integration of multiple
functional SW components on one ECU leading to reduced number of distributed ECUs
in the vehicle (e.g. BMS application) [471]. for example, one attempt is based on the
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assumption that the entire cells of the battery pack are considered as one big battery cell,
and rather having individual state and parameter calculations, here the state of the entire
pack is estimated. However, that is a rather extreme simplification with many drawbacks,
such as capacity determination, or series connected cells reaching first full/empty state
limiting the performance. Further improvements consider to group similar cells and run
the state estimation on these groups. Some ideas propose techniques that estimate SoC
for all the cells within the battery pack by estimating a reference cell and calculate for
each other cells the deviation/mean change. So basically, the efforts focus on reduction
of calculation cost by simplifying algorithms or reducing complexity or considering only
a group of cells. In this work, we consider a different approach, which does not compro-
mise on the accuracy and complexity of the algorithms, but rather utilizes the hardware.
This requires a paradigm change for the software development for embedded systems,
now considering parallel execution and timing conflicts. The challenges for the classical
parallel code development and its implementation lies on the devision of problem into dif-
ferent tasks which can be executed simultaneously, with least dependencies amongst the
different parallel branches and reduced communication amongst the cores to guarantee
for synchronized execution.

In [472] the work did not use the automotive industry’s most widely used model-based
development toolset (Matlab) because it includes a code generator that is not compliant
with the safety standard governing the embedded software development process. Model-
based development has greatly improved the quality and time-to-market of safety-critical
automotive systems such as BMSs by enabling a graphical model to replace software archi-
tectural and unit design during the development process. The behavior of the model can
be simulated and immediately viewed its results without the need for physical hardware.
This makes it possible to gain critical insights early in the design process and rapidly
improve the model’s performance. Later, the model is used to automatically generate the
embedded code, eliminating the need for manual coding and enabling the engineers to test
their model instead of the code. This eliminates all code-based verification of the appli-
cation. Using Simulink tools, each of these iterations would require back-to-back testing
and functional testing phases to verify that the generated code implements the require-
ments correctly and matches the behavior of the model used in the design process. By
creating, running and validating functional test cases in the SCADE Test environment for
the SCADE model early in the design process developers can detect errors in their spec-
ification sooner, instead of during integration testing. When the cross-functional teams
feel the model is ready, they use the SCADE Suite KCG code generator to generate C
source code for the target environment. This code generator has been qualified for devel-
oping ISO 26262—compliant applications up to ASIL D, the highest safety requirement for
automotive applications. More and more multi-core embedded controllers come into the
market to support computational hungry applications by keeping the power consumption
equal, however, no model-based multi-core generator is commercially available. On the
other hand beta multi-core SCADE code generator is supporting multi-core architecture.
In [472] the first approach in BMS SW development was carried out.
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Battery Management System - Software Architecture

The detailed functional and architectural system modeling and verification was done with
the help of SCADE Architect, a system design environment providing full ISO26262 sup-
port, following a set of requirements and proven practices and therefore the battery man-
agement must fulfill functional safety standard / goals to react accordingly to its inputs to
keep the battery system safe for all conditions and operation. The derived safety concept
applies redundant measurement and control to prevent failures and safety goal violations.
The reference design for a BMS embedded system consists of 2 micro-controller, where
the secondary controller has lower power, less complex firmware, precise and more robust
power sources and used to execute the safety monitoring functionality [9]. The primary
micro-controller, higher-power, more expensive in comparison to the secondary micro-
controller, is used to execute the more complex algorithms for SoX estimation, which
requires more computational power and requires no / reduced safety measures (QM /
ASIL-A). Both micro-controllers are connected via I*C which enables mutual supervi-
sion and option to reset a suspended controller. Instead, here, a multicore and lockstep
core architecture is implemented, with fast communication interfaces, Hardware Security
Module and support of safety level up to ASIL-D. Fig. 8.4 describes the overall layered

COREO-Lockstep CORE I -Lockstep

AUTOSAR Runtime Environment (RTE)

Figure 8.4: Layered Architecture of AUTOSAR with Application SW

SW including application layer (COREO-ASW: Application SW; CORE1-SSW: Applica-
tion Safety Software; CORE2-ABMA: Advanced algorithms) and basetech SW (Micro-
controller Abstraction layer, ECU Abstraction Layer Complex Device Driver(CDD)) and
Runtime Environment is the layer separating the Basic Software and Application Soft-
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ware. The Core0-Core2 represent the TriCORE AURIX TC275TP from Infineon, with 3
processor cores from which 2 support lockstep. On CORE0-ASW, the main core, which
executes the SoX functions, Corel-SSW (e.g. state- and parameter estimation), the safety
core executing ASIL B /C/D functions (e.g. contactor control). The lockstep architecture
controls and mitigates physical isolation, instruction-level execution diversity of 2 cycle
delay [473]. The Cores0-1 with its lockstep core run the same software in parallel and
compares the result and reacts if mismatches are found. CORE2-aaCORE is executing
advanced algorithms, which needs extra computing power, such as model-based fault de-
tection or further signal processing tasks for battery diagnostics. Also, CORE2-aaCORE
is used for validation purpose, where new developed algorithms are flashed via over-the-air
option and benchmarked against the current software. Also, this part is used for Big Data
Analytics and machine-learning purposes. A local data-driven model is further trained
and results are sent via GPRS to back-bone for off-line battery analysis.
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8.5 Parallel Optimization for Computational Efficiency

Parallel processing methods are described in [376], in which the unknown parameter set
01,0, ...0100,0, with assumed a priori probability for # is provided. We distribute the
processing power to allow individual cell monitoring using a conditional mean estimator,
for which a filter bank of 100 instances of parallel running extended KALMAN filter are
implemented with conditional state estimates Zj,_14,, then the conditional mean state
estimator is calculated as a weighted sum from all instances [376]. The a posteriori prob-
ability satisfying 6; = 6 represents the weighting coefficient of the i-th state estimator. As
discussed in the first chapters, Bayes’ rule can be expressed for a signal model represented
by an unknown parameter vector 61,65, ...0100, N as

p(Yr,0:)
p(Yk)

#instancesN

>, p(Yi|0:)p(0;)

=1

p(0:]Yy) =

where Y} represents the sequence of measurements, p(6;|Yy) is the a posteriori probabil-
ity, and p(Y%|6;) the likelihood function. The bank of KALMAN filters are dedicated to
recursively calculate these quantities.

P(Yr,Yi—1,0:)
P(Yr: Y1)

Pk 0i| Yi—1)p(Yi—1)
Pk Yi—1)p(Yi-1)

P(Yk,0i|Yi—1)
P(Ye|Ye-1)

P(Yk|Yi-1,0:)p(0:| Yy
- #instances]lif’ — ( ’ . 1) (82)
> P(Ye|Yie—1,10:)p(0;] Yi—1)

i=1

p(O:|Yy) =

where p(yg|Yi_1,0;) is Gaussian distributed with mean Zy)p, and covariance Py,. Hence,
the parallel processing of state estimation can be split into multiple instances under the
assumption that the parameter vector # is constructed as 64,6, ...01¢9, 0,,, then the con-
ditional mean state estimate can be calculated as

N
fk\k—1 = Zi’k\k—wi P(@"Yk) (8-3)
i=1

where Zj,_1,0, represents the conditional estimate, and p(0;|Yy) the conditional probabil-
ities. As shown in 8.7, the conditional KALMAN filters with the set of parameters and
p(6;]Y) are estimated using conditional innovation quantities g9, and the covariances

263



8 Developing ISO 26262—Compliant Safety-Critical BMS Application

Pk\éi-

extended

y(k)= Kalman Xklk=1,6, @

filter i
6=6, X update

Zk|91 - p(gllyk)

extended .
Kalman Xk|k—1,6,
filter
6=06, . update
Zx|0, p(62]Yy)
extended

Kalman Yhelk—1,6 _@

filter -
0 =0y N update

ZRWN’ p(6n|Y)

Figure 8.7: Extended KALMAN filter bank with 100 instances for parallel computing
(modified from [376])

Multi-core processors can provide opportunities for embedded system developers, as many
semiconductor manufacturers are now standardizing on multi-core processor technology.
However, manufacturers maintaining their legacy code and put little effort in R&D for
multi-core SW development. Secondly, traditional tools do not provide multi-core code
generation and therefore is a challenge to efficiently utilize the new processor technology.
SCADE on the other hand is a natively parallel language based on Kahn Process Networks
and models, therefore, there is no control dependency only for data. It follows the formal
methods, following the development flow by concise formalism for requirements, imple-
mentation of control SW, verification for increased SW reliability [474]. Also, SCADE
programming language is not lacking with concurrent accesses to shared memory or alias-
ing [474]. Splitting the functions across the multi-core is very tricky when working on
manual code development, however, SCADE offers the designer to mark operator instances
to associate the threads, which can be a simple or iterated instance giving a predictable
deterministic behavior and target independent. The SCADE code generator is able to
check for causal independence amongst the SW units if the splitting in different threads
may result in problems in terms of WECT. The automatic splitting can be replaced by
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mixing explicit and implicit methods, meaning that we defined already which of the func-
tions are dependent on each other and how to partition the model for parallel execution
before they are going to be defined as parallel threads by grouping independent operators
into parallel subsets. The KCG multi-core code generator prototype is based on a generic
task based implementation OpenMP, in which each defined instance is mapped towards a
"thread” for tasks and data parallelization [474]. KCG also checks statically if there is no
dependency amongst the parallel subsets. In our case, the different KALMAN filters have
no dependencies amongst each other, hence, they can be placed into the same parallel
subset. The generated code structure guarantees isolation between tasks, as SCADE does
not support global variables/memory access, rather uses communication channels [474].
This requires four macros as illustrated in Fig.8.8, in which the SEND(ch) sends on
the channel (ch) the value stored in the structure fields, RECV(ch) receives the value
from the channel (ch) and stores it within the structure fields, DECL_SENDER/(ch,t)
which declares a sender of channel (ch) of type ¢, and lastly, DECL_RECEIVER(ch,t)

declares a receiver of channel (ch) of type ¢ [474]. The communication channel (ch) is

KCG_DECL RECEIVER main 1 in ch(main 1 in ch type, main 1 in ch)
KCG_DECL_SENDER main_1 out_ch(main_ 1 out_ch_type, main_1 out_ch)
{
main 1 in ch.Vt = V_t EKF MultiCoreRoot[%°];
main 1 in ch.current = current EKF MultiCoreRoot[%°9];
main_l_in_ch.reset = outC->init;
KCG_CHANNEL_SEND main 1 in ch(main 1 in ch);
| KCG_CHANNEL RECV_ 111 main 1 out ch(_111 main 1 out_ch);
‘ _493 main_1_in ch.data.sem = CreateSemaphore(NULL, 0, 1, NULL);

| thr[0] = CreateThread(NULL, 0, &thread 0, NULL, 0, NULL);

Figure 8.8: SCADE multi-core code generated from v6.6 models [474]

implemented via a struct with data field to store semaphore or a lock. Fig.8.8 a sample
shows the construct of the channel (ch) by using semaphores for synchronization purposes.
The integration part is not carried out in this work, as only the idea of adaptive estima-
tion via parallel processing is discussed. Since the multicore code generator is still in
development status, the work on the bottom of the ”"SCADE model”block in Fig. 8.9 was
executed by the ANSY'S/Esterel engineers within the evaluation period (code generation).
The SCADE model consists of the extended KALMAN filter for SoC estimation.

Results

To illustrate the implemented parallel optimization for an increased computational ef-
ficiency for multi-cell battery state estimation, 100 instances executing 100 extended
KALMAN filter in parallel processing framework were used, as described in Section 8.5.
Fig.8.10a shows in the left side the DOS command-line interpreter within Windows op-
erating system. Here the mean step duration time for each instance is illustrated. In the
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Figure 8.9: SCADE multi-core code generation for prototype v6.6 models (modified
from [474])

left side of Fig.8.10a, the performance is recorded during the execution of the multicore-
application (.exe). It can be noticed, that the individual Core (CPU0-CPU3) usage is
utilized to a maximum, proving that the instances are executed in parallel.

On the other side, in Fig.8.10b is the sequential program is executed and its utilization
shows a different result. Since the sequential program is executed not in parallel, the
overall CPU usage is around 25%, and the multi-core at around 85%. The allocation on the
Cores is handled by the operating system. As a conclusion, it is of great improvement to
utilize the new multi-core automotive controllers, if and only if the model-based software
design takes into account the parallelization into independent instances. This enables
multi-cell monitoring, instead of tracking a subset of all cells in the pack, all the cells can be
monitored enabling an even better understanding of the battery states and parameters.
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(b) CPU load for sequential executed extended KALMAN filter bank

Figure 8.10: Comparison of multi-core optimized BMS SW vs. sequential executed SW.
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9 Conclusions and Outlook

To improve the filtering accuracy, recent publications show, more and more filters/machine
learning algorithms appear in model-based or data-driven battery monitoring without giv-
ing quantitative or qualitative benchmarking. Therefore, this work evaluates most modern
filter algorithms for state- and parameter estimation based on the defined benchmark cri-
teria, such as filter performance or their computational comparison vs. the reference filter
(EKF with Model 1). A toolbox including many stochastic filters and machine learning
approaches for realistic assessment was developed for state- and parameter estimation. As
industrial example of application, the statistical filters are used for on-line model-based
monitoring of lithium-ion batteries, including 4 different ECM’s. For this, the real-time
capabilities for running on ”low-cost-BMS hardware must be considered as calculations
are very complex. The UKF for example, to calculate the new set of sigma points, the
square root matrix of the posterior covariance for each sample. Therefore, the SRUKF
takes advantage of the fact that updates are applied to Cholesky factors rather the full
matrix given the possibility to immediately process the SR matrix, on the premise to
improve calculation time without losing accuracy . As numerical methods are considered
to be stable, for the case that their results for extended time steps convergences towards
the correct value. The quantitative evaluation methodology additionally investigates the
filters stability and efficiency, by means of sensitivity to noise, initial calibration, sys-
tem state mutation or the capability to prevent divergence for non-stationary systems.
The qualitative evaluation takes into account the implementation effort (tuning for opti-
mization, complexity in integration,...) The recursive Bayesian estimation and Artificial
Intelligence Toolbox for battery monitoring consists of the introduced filters. The ma-
chine learning algorithms were implemented in TENSORFLOW, an open source machine
learning framework to support for machine learning and deep learning algorithms, which
was connected and called from MATLAB.

It was shown during the BMS evaluation in Chapter 3, that BMS application algorithms
alone don’t make a functional BMS, a lot of efforts must take into account to fulfill ISO
26262-6:2011 product development at software level, including basetech. However, there
are still many misconception about safety standards requirements in BMS development,
not to least as its a fairly new domain and still today, first code is written and processes
with their certification documents can be added later causing projects to fail. There-
fore, the work discusses about safety-critical, model-based battery management system
design which address the new challenges in automotive SW engineering. Simulation tests
will reduce bugs in the early stage and improve safety. The solution of automation of
15026262 work-flow will be effectively implemented using model-based design including
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software safety requirements, software high-level architectural design, and integration and
verification. As current state-of-the-art HIL BMS testing is still at an early stage this
work promotes a novel HIL simulation battery system environment for BMS functional
and non-functional testing on a commercial HIL simulator. A multi-cell electro-thermal
Li-ion battery system model is implemented and coupled with an empirical aging model
which was used to test commercial BMS.

Results

By means of the implemented toolbox, it was possible to provide the user a quantitative
and qualitative benchmark criterion to evaluate the filter quality. The user needs to
specify the system equations, while the filter library is already implement. The models
from TENSORFLOW are called and executed within MATLAB.

State-of-Charge estimation

As state estimation we refer to quantities within a battery changing rather quickly, while
parameters change slowly. The SoC is essential within the derived battery-models as SoC
is used in many sub-functions of a BMS (e.g. power/energy prediction). As discussed
during the literature review, there are poor voltage/current methods. In this work, the
focus lies within model-based estimation taking into account the current/voltage behav-
ior. We compared not only the ordinarily known EKF and UKF approaches commonly
discussed in the literature, rather an extensive filter library with more than 10 filters
were implemented and benchmarked using simple to more complex ECMs. It can be seen
that the simple Gaussian approaches have difficulties following non-gaussian system noise,
reducing the overall filter quality. It can be seen that the particle filter family has the
highest accuracy also within all ECMs. Hybrid systems show similar performance.

Joint and Dual estimation

So far, we assumed that ECM model of battery cell is constant and identified. However,
the system model must change during battery lifetime as degradation will cause the system
model to deviate. Hence, the parameter values which change slower must be tracked. The
two approaches discussed here is the joint and dual estimation. In joint estimation [2],
the state and parameter vector are merged into one vector. This leads to complex, high
dimensional, on-line matrix operations and the possibility o numeric conditioning [2] since
battery have multi-time scale dynamics. In dual estimation, dedicated filter for state and
parameter estimation are used. The overall requirements on computation can be reduced
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in comparison to joint estimation, also proven in our results. The joint estimation out-
performs the dual estimation in terms of accuracy. One reason is that interconnection
and cross-correlation between parameter and state is lost.

Remaining useful life

The prediction of the remaining useful life is one of the most challenging task in SW
development for BMS until this date. The concepts in the literature are deploying lifetime
model or SoH prediction model. While the lifetime model methods completely rely on
the correctness of the model itself, the data-driven SoH prediction scheme estimates the
parameters (capacity, impedance...) which are used as input features to the prediction
model. In this work, different deep structured learning methods were investigated, such
as RNN, LSTM or CNN to understand the usage for prognostics in predictive health
management. The difficulty lies within the fact that predictions shall happen constantly
and direct, however, degradation of a battery takes years and aging phenomena are not
seen/learned directly. However, as can be seen, the LSTM shows better performance then
the conventional RNN.

Outlook

This work presents a comprehensive comparison of non-linear filtering methods. Neverthe-
less, there is always ongoing work in developing new algorithms, and cannot be considered
within this work, so future work shall consider new breakthroughs within classical and
Bayesian estimation. On the other hand, the toolbox also shows the potential of artificial
intelligence within battery management systems, e.g. for predicting the remaining life
of the battery. Also, as futurists proclaim, the future will be automated, digitized, and
simulated, possible also in BMS. As Big Data becomes the new oil, connected vehicles
and cloud computing enable remote battery telematics. As reported by BloombergNEF":
“Our latest forecast shows sales of electric vehicles (EVs) increasing from a record 1.1
million worldwide in 2017, to 11 million in 2025 and then surging to 30 million in 2030
as they become cheaper to make than internal combustion engine (ICE) cars. China will
lead this transition, with sales there accounting for almost 50% of the global EV market
in 2025.”, it gets obvious that the expected rapid increase of electric vehicles requires bat-
tery telematics. Second enabler, batteries provide huge amount of data, which requires
storage and data analytics. Only cloud services can handle the big data, as it becomes
automated and affordable, which also allows more complex BMS functionality. Thirdly,
data transfer from vehicles to the cloud via telecommunication channels is very expan-
sive, but will drop in prices, as low cost CAN-to-IoT devices becomes affordable. Lastly
but most important, data analytics and Al for EV batteries could not be used before,
models, tools, computational power etc were not available, therefore, Big Data with new
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algorithms, even optimized for online applications, will lift battery systems to an optimum
and enable predictive functions. The benefits are obvious for OEMs, fleet manager or cell
manufacturer as:

e Down time of fleet is reduced by optimized charging strategy.

e Fault prediction and isolation to prolong battery lifetime due to predictive mainte-
nance.

e Fleet data accessible on one platform allows predictive future system behavior and
trend analysis.

e Extends battery lifetime, as defective patterns (abnormal self-discharge, spikes,...)
are detected to initiate early actions (isolation).

e Reduce battery break down by monitoring different parameters, as data analysis
can take place automated on remote server sending out direct warnings

e Allows custom battery operation window for personalized battery/driving configu-
ration -; battery size can be reduced

e Product development and time-to-market can be increased, as battery data can be
used for early lifetime prediction simulations / system behavior and to built virtual
models to test and validate batteries earlier.

e No other classical algorithms offer this flexibility and insight on system level allowing
whitebox decision making

All this will lead to an overall cloud-based SW platform. The individual vehicles are pro-
viding the data (time-series or model parameters). After data ingestion, data is stored and
processed (from dealers, service & maintenance departments, live traffic and geo-location)
to the data hub, executing big data analytics and machine learning for automated battery
model learning, classification of batteries (based on user behavior, aging...), generating
updated or even new SW features in real-time (power & energy) or multi-time scales
(aging), detecting anomalies and more. The corresponding newly features or calculated
parameters are send back to the vehicles resulting in a better driving and user experience,
optimized battery power and energy characteristic. Also another trend to be foreseen is,
that OEMs move from distributed electrical architecture towards centralized, computing
platform. Hence, future BMS function will be integrated onto the more powerful central
processor taking care of the propulsion system management, such as machine learning
methods for BMS.
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A Appendix

A Appendix

A.1 BMS HW evaluation

A.1.1 System #1

Available Not Comments
‘ Available
System
wake up time X unknown
After run time X unknown
Active balancing X not acceptable
passive balancing X
Continous balancing X
Balancing capaciry x 100mA
Time to balance 1% per cell X 5h
Cell Level
Cell Voltage measurement X
Voltage resolution % 2mV (acceptable)
Voltage measurement error % +3.2mV (accpetable)
Sampling rate (Voltage) % 40ms (acceptable)
Transmission rate X 20ms
Cell Current measurement X still acceptable
Cell internal resistance measurement X
Cell temperature measurement x 1 sensor (per 12 cells?
Module Level
module voltage measurement X acceptable
module current measurement X acceptable
module temperature measurement X
Temperature sensor supported % NTC
Pack Level
Pack voltage measurement X
Voltage range X 500V
Voltage resolution X unknown
Voltage measurement error b < unknown
Pack Current measurement ¥
Current Sensor type X dual(shunt/Hall)
Dual current sensor X
Current measurement range X -1523A to 207T6A
Current measurement resolution X 30mA
Current measurement error X ,/0.8%
Error at 160 KW X 1.280 W
Sampling rate X 1ms
Transmission rate X 20ms(acceptable)
Communication types X CAN -LIN - Diff SPI (1Mbps)
Default speed 1 500kbps
Speed modifiable X
numbers of CPUs X 1 acceptable
CPU 1 type X Dual core 200MHz
Default CPU load X 70-75% (acceptable)
Customizable ¥
Redundant G Current S main controller
safely funetions. Temp no V,
no relay
Saftey seperated X Have seperate core for saftey
BDU control X CAN + Hard wired
EMC filter X
Leak detection Active/Passive X passive (acceptable)

Figure A.1: HW evaluation of System #1
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A.1.2 System #2

Available Not Comments
Available
System
wake up time X 1000ms
After run time X 100ms
Active balancing % not acceptable
passive balancing X
Continous balancing X
Balancing capacity X acceptable
Time to balance 1% per cell X 10h (acceptable)
Cell Level
Cell Voltage measurement X
Voltage resolution X 1mV (acceptable)
Voltage measurement error X +4mV (acceptable)
Sampling rate (Voltage) X 30ms (Acceptable)
Transmission rate X unknown
Cell Current measurement X still accpetable
Cell internal resistance measurement X still accpetable
Cell temperature measurement X
Module Level
module voltage measurement X acceptable
module current measurement X acceptable
module temperature measurement X
Temperature sensor supported X NTC
Pack Level
Pack voltage measurement X
Voltage range X unknown
Voltage resolution X unknown
Voltage measurement error X unknown
Pack Current measurement X
Current Sensor type X shunt (acceptable)
Dual current sensor X Optional(HALL)
Current measurement range X +1500 A
Current measurement resolution X unknown
Current measurement error X 1% from 0-300A || 5% from
300 to 1500A (unacceptable)
Error at 160 KW ¢ 8.000W (unacceptable)
Sampling rate ¢ 2ms
Transmission rate X unknown
Communication types X CAN 4 channels (Vehicle,
BJB, BMM, Debug)
acceptable
Default speed X 500kbps
Spee difiable X = » studied if c: y
Speed modifiable X can be studied if can be
modifiable
numbers of CPUs X 1 acceptable
CPU 1 type X Infineon MCU MCAL
Default CPU load X 75% (acceptable)
Customizable X No Samsung, third party
(acceptable)
Redundant 3
Saftey seperated X Still acceptable
BDU control X Via CAN + hard wired
EMC filter X unknown
Leak detection Active/Passive X unknown

Figure A.2: HW evaluation of System #2




A.1 BMS HW evaluation

A.1.3 System #3

Available Not Comments
Available

System
wake up time X T0-100ms
After run time X < 10ms
Active balancing X not acceptable
passive balancing X
Continous balancing X
Balancing capacity X 300mA
Time to balance 1% per cell C time not specified
Cell Level
Cell Voltage measurement X
Voltage resolution X lmV
Voltage measurement error % 3mV (Acceptable)
Sampling rate (Voltage) ¢ not certain can be < 10ms
Transmission rate { up to 10ms
Cell Current measurement X still acceptable
Cell internal resistance measurement ¢ still acceptable
Cell temperature measurement ¢ 2 NTC per 12 cells
Module Level
module voltage measurement X
module current measurement % acceptable
module temperature measurement C
Temperature sensor supported ¢ NTC
Pack Level
Pack voltage measurement X
Voltage range X 540V
Voltage resolution X 0.5V
Voltage measurement error X 1%
Pack Current measurement X
Current Sensor type X shunt + hall (acceptable?)
Dual current sensor X unacceptable solution
Current measurement range X -1500A - +1500A
Current measurement resolution ' 16bits
Current measurement error ¥ <0,5%
Error at 160 KW X S00W
Sampling rate X lms
Transmission rate X 10ms
Communication types X acceptable
Default speed X
Speed modifiable X
numbers of CPUs X
CPU 1 type X
Default CPU load X
Customizable X
Redundant X
Saftey seperated X
BDU control X
IMC filter X still acceptable
EMC filter X till acceptable

: etection Active/Passive { acceptable
Leak detection Active/Passive X wcceptable

Figure A.3: HW evaluation of System #3
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A.1.4 System #4

Available Not Comments
Available
System
wake up time X < 1000ms
After run time X < 100ms
Active balancing X not acceptable
passive balancing X
Continous balancing X
Balancing capacity X 100mA
Time to balance 1% per cell X 5h
Cell Level
Cell Voltage measurement X
Voltage resolution X 0,1mV
Voltage measurement error X 2mV
Sampling rate (Voltage) X 500us
Transmission rate X 100ms
Cell Current measurement X still acceptable
Cell internal resistance measurement x
Cell temperature measurement X 3 to 5 sensor
Module Level
module voltage measurement X can be done
module current measurement X can be done
module temperature measurement X 3 to 5 sensors
Temperature sensor supported X NTC (open to other types)
Pack Level
Pack voltage measurement X
Voltage range X 0- 500V
Voltage resolution X <1V
Voltage measurement error X 0.5 to 1%
Pack Current measurement X
Current Sensor type X Dual(Hall and Flux)
Dual current sensor X
Current measurement range X +600 A (High accuracy)
+1200 A Total range
Current measurement resolution X 32 bits (100uA)
Current measurement error X 0.5%
Error at 160 KW X 8200 W
Sampling rate X 1 ms(1kHz)
Transmission rate X 10ms
Communication types X CAN — Diff 2 wires
Default speed % 500kbps
Speed modifiable X
numbers of CPUs X 2 saftey + main dual core
CPU 1 type % dual core
Default CPU load X TBD, at least 50% available
Customizable X
Redundant X current controllers, ADC,
many more
Saftey seperated ¢
BDU control X Hard wired
EMC filter X unknown
Leak detection Active/Passive X unknown

Figure A.4: HW evaluation of System #4
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A.1.5 System #5

Available Not Comments
Available
System
wake up time X 1000ms
After run time X < 10ms
Active balancing % not acceptable
passive balancing X
Continous balancing X
Balancing capacity X 100mA
Time to balance 1% per cell X 5h
Cell Level
Cell Voltage measurement X
Voltage resolution ¢ 2mV (acceptable)
Voltage measurement error X +4mV (Acceptabel)
Sampling rate (Voltage) X unknown
Transmission rate X 100ms
Cell Current measurement X still acceptable
Cell internal resistance measurement still acceptable
Cell temperature measurement X 4 NTC per 16 cells
Module Level
module voltage measurement accpetable
module current measurement 5 acceptable
module temperature measurement <
Temperature sensor supported ¢ NTC
Pack Level
Pack voltage measurement X
Voltage range % 450V
Voltage resolution X v
Voltage measurement error X 1.5% (typ 0.1 V)
Pack Current measurement X
Current Sensor type X shunt (non dual, acceptable)
Dual current sensor X redundant measurement ONE
shunt
Current measurement range X -500A to +500A (maybe
acceptable)
Current measurement resolution X exact value unknown
Current measurement error X 1%(opt. 0,35%, initial 0,1%)
Error at 160 KW X 1.600W
Sampling rate % lms
Transmission rate X 20ms
Communication types X CAN (acceptable)
Default speed X 500kbps
Speed modifiable X
mumbers of CPUs X 2 CPUs (1 for saftey)
CPU 1 type X Freescale(150MHz)
Default CPU load X A0% (30% reserved for H level
SW)
Customizable X
Redundant X 2nd controller
Saftey seperated X
BDU control X hard wired
EMC filter X still acceptable
Leak detection Active/Passive X passive (acceptable)

Figure A.5: HW evaluation of System #5
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A.1.6 System #6

Available Not Comments
Available
System
wake up time X 200ms (without pre-charging)
After run time X Can be caliberated
Active balancing X not acceptable
passive balancing X
Continous balancing X
Balancing capacity X balancing current= 200mA per
cell
Time to balance 1% per cell X 2.5h
Cell Level
Cell Voltage measurement ¢
Voltage resolution 0 12bit(=0.3mV)
Voltage measurement error % 5mV(w,/o EOL calibration);
2mV with EOL calibration
Sampling rate (Voltage) X 100ms (Acceptable, can be
made faster)
Transmission rate X might be acceptable?
Cell Current measurement X still acceptable
Cell internal resistance measurement C By core function
Cell temperature measurement ¢ up to 6 NTC’s per module
Module Level
module voltage measurement X acceptable
module current measurement X acceptable
module temperature measurement % up to 6 NTCs per module
(there is no difference between
cell and module temperature
Temperature sensor supported X NTC
Pack Level
Pack voltage measurement X done on BCU
Voltage range X < =1000V
Voltage resolution X = 0.1V
Voltage measurement error X <22 3% (Acceptable)
Pack Current measurement X
Current Sensor type . supported sensor types : CAN
based shunt and Hall sensors;
Hall sensors read by ADC
Dual current sensor X there can be more than one
sensor in the system. Also,
Hall sensors that provide two
different ranges in one sensor
are supported (e.c. LEM)
Current measurement range X Depending on battery system,
the matching sensor is selected
Current measurement resolution X Depending on current sensor,
typically <10mA (acceptable)
Current measurement error X unknown
Error at 160 KW unknown
Sampling rate X typically 10ms
Transmission rate X unknown
Communication types X To modules: -CAN
(proprietary bus based on
battery monitoring chip) To
vehicle : CAN -Flexray
(optional), options acceptable
Default speed 3 ? Unknown
Speed modifiable X ? Unknown
numbers of CPUs X 1 (single core; multi core in

the future)

Figure A.6: HW evaluation of System #6
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A.1.7 System #7 (Lithium Balance)

Figure A.7: HW evaluation of System #7, off-the-shelve product from Lithium Balance
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Available Not Comments
Available
System
wake up time X 250ms+ precharge
After run time < <10ms
Active balancing (XXX OO XXX XXX XX- X not acceptable
XXXXXX)
passive balancing X
Continous balancing X
Balancing capacity X 200mA
Time to balance 1% per cell X 2.5h
Cell Level
Cell Voltage measurement X
Voltage resolution X 0,1mV
Voltage measurement error e +1,5mV
Sampling rate (Voltage) X unknown
Transmission rate X 2ms
Cell Current measurement X still acceptable
Cell internal resistance measurement X
Cell temperature measurement X 1 sensor per cell
Module Level
module voltage measurement X not perfect but acceptable
module current measurement X acceptable
module temperature measurement %
Temperature sensor supported X NTC
Pack Level
Pack voltage measurement X
Voltage range X 0-1000V
Voltage resolution X v
Voltage measurement error X + 1V
Pack Current measurement X
Current Sensor type X Hall(LEM) Dual
Dual current sensor X
Current measurement range X 1000A
Current measurement resolution X 12 bit
Current measurement error X 1%
Error at 160 KW X 1.600W
Sampling rate X 10ms
Transmission rate X 10ms
Communication types X CAN DiffisoSPE12c
Default speed % 250kbps
Speed modifiable X up to 1Mbps
numbers of CPUs X 1 CPU dual core 90 degrees
160MHz

CPU 1 type X Dual core Arm based
Default CPU load b 60-T0%
Customizable X
Redundant X Other systems
Saftey seperated X still acceptable
BDU control X Hard wired
EMC filter X unknown
Leak detection Active/Passive unknown




System A

Rating Explanation

Exceeds automotive standard
/ Automotive standard
Does not fulfill automotive standard

Available| N/A Notes Rating

Ampere-hour counting

OCV-based estimation
- Estimation of the battery OCV
after current interruption

Model-based estimation

M| M e
~~] — |~

- Electrical models

- Electrochemical models X
Impedance-based estimation
(dependence of some battery
impedance parameters on the

SoC)
Estimation based on static
battery characteristics

Estimation using fuzzy logic and
machine learning

- Fuzzy Logic X

- Artificial neural networks
(ANN)
- Fuzzy based neural networks
(ANFIS)

- Support Vector Machines X

Estimation using special
measurement techniques
Monitoring of the SOC of each Only static SoC determination, /
individual cell in series connection used for balancing
Resolution floating point, 0.1%

Adaptive SoC algorithm
currently under development

Other methods TBD TBD

IThe battery SoC can be employed in the figurative sense as a replacement for a fuel gauge used in conventional vehicles.
The SoC is basically the relationship between the residual battery capacity in its present state (Cr) and total capacity Cbat
after completely charging the battery, expressed in a percentage: SoC = Cr/Cbat * 100%.
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Available| N/A Notes Rating

Methods based on the
relationship between the
ampere-hours charged or

discharged from the battery and
voltage difference before and after
the respective CHA /DIS

- Group 1: Methods considering
the change in the measured
battery OCV before and after
CHA/DIS
- Group 2: Methods estimating
OCV change from battery

terminal voltage measured under
load

Adaptive SoC/Capacity
- Group 3: Electrical model based algorithm currently under
joint estimation of SOC and TBD TBD development,
capacity

- Group 3: Electrical model based
dual estimation of SOC and X
capacity
Methods based on incrematal
capacity analysis (ICA) and
different voltage analysis
techniques

Other methods X

2The battery capacity is a figure of merit determining the energy that is stored in the battery and is available for usage when
the battery is fully charged. The capacity of the particular battery or cell in a new state is defined by the battery or cell design
and varies only slightly for individual batteries or cells of a given type because of the production tolerances. Over the battery
lifetime, however, the capacity changes considerably due to aging processes. Therefore, the present capacity of the battery must
be determined by the monitoring algorithms.
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Available| N/A Notes Rating

- Group 1: Methods based on
impedance spectroscopy (active X
(A)/passive (P))

- Group 2: Methods based
electical models (How many RC
elements)
Kalman-Filter based method
Least-squares based method

>

2 RC Elements

Non-recursive estimation (based
on Least-squares)

Search algortihm
Other adaptive filters and
observers
- Group 3: Methods based on
electrochemical model
Least-squares based method

I I e

Gradient-based recursive methods
Multi-rate particle filter

slislks

Impedance parameters
- Group 4: Other methods X estimation method as described
in ”SoH Group 3”

Available| N/A Notes Rating

- Group 1: Methods estimate
capacity as stated above

- Group 2: Methods estimate

impedance as stated above
- Group 3: Methods based on the
measurement of the absolute

voltage or voltage drop when a
certain load is applied.

- Group 4: Methods based fuzzy
logic method is employed. As
inputs, the measured impedance
parameters and/ or other
measured or calculated battery
characteristics are used.

X

”Combination of - prediction
based on off-line determined
aging data and load cycles
X monitoring - on-line feedback /
correction based on capacity
measurement and impedance
measurement is used.”

- Group 5: Instead of estimating
battery characteristics, conditions
such as temperature, number of
load cycles, accumulated
ampere-hours) are observed over
the battery lifetime

3The understanding is that the battery SoH is 100% when the battery is new and 0% when the capability of the battery to
store energy or provide power decreases to a certain minimum level. In general, as indicators of the energy and power capability
of the battery, the battery capacity (SOHc) and impedance (SOHp), respectively, are evaluated.
Group 3: The approaches are very similar to the estimation of the battery resistance; therefore, the result reflects the
power capability of the battery (SoHp).

Group 4: As inputs, the measured impedance parameters and/ or other measured or calculated battery characteristics
are used. The resulting SoH does not represent the change in the particular battery characteristic or capability, but the
estimation of the general state (eg. NEW, AGED, DEAD).
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Available| N/A Notes Rating

- Group 1: Methods based on
lifetime model used for SOH X /
estimation

- Group 1: Methods based on the
SOH prediction model (part 1:

estimation of battery X /

characteristics; part 2: prediction

model)

Available .
rating

Methods based on a
characteristic map use the static
interdependence that exists
among the available power of the
battery, battery states and power

pulse parameters

Methods based on a dynamic

battery model using KF /observer X dynamic cell model is used

Available| N/A Notes Rating

Data preprocessing (thermal
model to identify temperatures
inside cells, plausibility check of X /
sensor data, detecting low/high

performing cells)

OCV estimation/adaptation
during lifetime

Adaptive characteristic maps
(store parameters for algorithm X /
initialization after wakeup)

Available Energy calculation X

Cell equalization control (only
during charging / discharing or X
combined)

combined, during drive, charge /
and sleep if required

Method 1: Terminal voltage
based approach

Method 2: OCV based approach X
Method 3: SOC based approach X

Method 4: PWM (early balancing
before reaching max voltage)

Data gathering for off-line

diagnosis (warranty analysis) X /

Charge time prediction X /

4Remaining time or number of load cycles until the battery reaches a SoH of 0%.

5Batteries must not only deliver a certain amount of energy to the drive train during operation but also provide a certain
power in various situations. The power of the battery can be limited by the voltage, current, SoC, and temperature ranges
allowed for safe operation.
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Available| N/A Notes

Rating

AUTOSAR is considered in the
developing process for defining a
software architecture, software

interfaces and interchange X AUTOSAR 4.x /
formats, which AUTOSAR
version is applied?
Model-based design? X /

Production-ready MCAL & OS,

Vector AUTOSAR OS

which OS is used? Compliant to X : /
M
AUTOSAR and OSEK? (Microsar OS)
OS: Are you compliant with a full X /

pre-emptive scheduling?

OS: deterministic RTOS baseline
(tasks (timing and protected),
events, counters, alarms,
messages)

Alive monitoring & program
X flow monitoring using Vector
”SafeWatchdog” concept

OS: timing based task
determinism (low-latency, precise
timing for periodic tasks)

OS: protected memory /
EEPROM/Flash memory
management in compliant to

AUTOSAR?

OS: Diagnostic protocolls (ISO)
and fault management
(AUTOSAR) compliant?

OS: Multi-core features

”Redundant lock step used,
multicore general available

Interpolations-/CRC,Crypto- and
Watchdog routines compliant to

AUTOSAR?

Inputs/Outputs (PWM, ADC,
DIO, GPT...) driver compliant to
AUTOSAR?

Bootloader?

Bootloader able to update itself?

Flashing over CAN? If not, which
interface?

JTAG port available on pins on
external connector?

Measurement- and calibration
(UDS/CCP/XCP)?

X XCP
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Unit-testing: Interface-/Fault
injection-/Resource usage/ Model
vs. C-Code tests

Fixed point implementation?

Floating point implementation?

Documentation of sourcecode?

Available for review, but not
handed out

Available updates / SW release
(if, how often can we expect
software updates?)

Application software - auto
generated code? If so, how is
multi-core CPU utilized

Various software components
implemented with different ASIL
in APP Layer (please state),
which levels?

"QM, ASIL-A, ASIL-B, ASIL-C

Supply of source code

Application software: Are
individual cells considered for
battery monitoring, all, if not,

how will be decided?

for balancing and cell impedance

Will beabletointegrate
own intelligent algorithms which
will be run in parallel to supplier?

(Benchmarking)
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System B

Rating Explanation

Exceeds automotive standard
/ Automotive standard
Does not fulfill automotive standard

Notes

Rating

Ampere-hour counting

OCV-based estimation

- Estimation of the battery OCV
after current interruption

Model-based estimation

~ T~ |~

- Electrical models

Electrical model was only used
with Kalman Filter based SOC
estimation. As this estimation
technique was not stable enough
under certain conditions we
decided to use a coloumb
counting algorithm again.

- Electrochemical models

Impedance-based estimation
(dependence of some battery
impedance parameters on the

SoC)

Estimation based on static
battery characteristics

Estimation using fuzzy logic and
machine learning

- Fuzzy Logic

- Artificial neural networks
(ANN)

- Fuzzy based neural networks
(ANFIS)

- Support Vector Machines

Estimation using special
measurement techniques

Monitoring of the SOC of each
individual cell in series connection

Resolution

Internal resolution for
computation is mAs for the Ah
SOC and 0,00003% for %-SOC

Other methods

X

6The battery SoC can be employed in the figurative sense as a replacement for a fuel gauge used in conventional vehicles.
The SoC is basically the relationship between the residual battery capacity in its present state (Cr) and total capacity Cbat
after completely charging the battery, expressed in a percentage: SoC = Cr/Cbat * 100%.
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Available

Notes

Rating

Methods based on the
relationship between the
ampere-hours charged or

discharged from the battery and
voltage difference before and after
the respective CHA /DIS

- Group 1: Methods considering
the change in the measured
battery OCV before and after
CHA/DIS

- Group 2: Methods estimating
OCV change from battery
terminal voltage measured under
load

This method is used to calculate
the impedance of the complete
battery pack and each cell.

- Group 3: Electrical model based
joint estimation of SOC and
capacity

- Group 3: Electrical model based
dual estimation of SOC and
capacity

Methods based on incrematal
capacity analysis (ICA) and
different voltage analysis
techniques

Other methods

The complete charge/discharge
throughput of the cells is
measured over lifetime and
compared with a table for aging,
wich is given by the cell
manufacturer.

"The battery capacity is a figure of merit determining the energy that is stored in the battery and is available for usage when
the battery is fully charged. The capacity of the particular battery or cell in a new state is defined by the battery or cell design
and varies only slightly for individual batteries or cells of a given type because of the production tolerances. Over the battery
lifetime, however, the capacity changes considerably due to aging processes. Therefore, the present capacity of the battery must

be determined by the monitoring algorithms.
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- Group 1: Methods based on

Notes

Passive. The ECU waits for
special workloads of the battery

i gy e | x| | e et e e
and the pack.
- Group 2: Methods based
electical models (How many RC X
elements)
Electrical model with 2 RC
elements was used with Kalman
Filter based SOC estimation. As
Kalman_Filter based method X this estimation technique was

not stable enough under certain
conditions it was decided tousea
coloumb counting algorithm
again.

Least-squares based method

Non-recursive estimation (based
on Least-squares)

Search algortihm

Other adaptive filters and
observers

ST I e

- Group 3: Methods based on
electrochemical model

Least-squares based method

Gradient-based recursive methods

Multi-rate particle filter

- Group 4: Other methods

Sltslislls
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- Group 1: Methods estimate
capacity as stated above

Available| N/A

Notes

- Group 2: Methods estimate
impedance as stated above

The impedance estimation is
used for calculating the power of
the battery pack. The
calculated impedance is
compared with the manufacturer
tables for a new cell (dependent
on temperature and SOC)

- Group 3: Methods based on the
measurement, of the absolute
voltage or voltage drop when a
certain load is applied.

- Group 4: Methods based fuzzy
logic method is employed. As
inputs, the measured impedance
parameters and/ or other
measured or calculated battery
characteristics are used.

- Group 5: Instead of estimating
battery characteristics, conditions
such as temperature, number of
load cycles, accumulated
ampere-hours) are observed over
the battery lifetime

Rating

Available

Notes

Rating

Remaining time or number of
load cycles until the battery
reaches a SoH of 0%

- Group 1: Methods based on
lifetime model used for SOH
estimation

- Group 1: Methods based on the
SOH prediction model (part 1:
estimation of battery

characteristics; part 2: prediction
model)

8The understanding is that the battery SoH is 100% when the battery is new and 0% when the capability of the battery to
store energy or provide power decreases to a certain minimum level. In general, as indicators of the energy and power capability
of the battery, the battery capacity (SOHc) and impedance (SOHp), respectively, are evaluated.
Group 3: The approaches are very similar to the estimation of the battery resistance; therefore, the result reflects the
power capability of the battery (SoHp).

Group 4: As inputs, the measured impedance parameters and/ or other measured or calculated battery characteristics
are used. The resulting SoH does not represent the change in the particular battery characteristic or capability, but the
estimation of the general state (eg. NEW, AGED, DEAD).

9Remaining time or number of load cycles until the battery reaches a SoH of 0%.
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Methods based on a
characteristic map use the static
interdependence that exists
among the available power of the
battery, battery states (for
example, SoC, temperature, and
voltage), and power pulse
parameters (for example, the
duration of the power pulse)

Available| N/A

Notes

rating

Methods based on a dynamic
battery model using KF/observer

Data preprocessing (thermal
model to identify temperatures
inside cells, plausibility check of
sensor data, detecting low/high
performing cells)

Available

OCV estimation/adaptation
during lifetime

Adaptive characteristic maps
(store parameters for algorithm
initialization after wakeup)

Available Energy calculation

Cell equalization control (only
during charging / discharing or
combined)

Method 1: Terminal voltage
based approach

Method 2: OCV based approach

Method 3: SOC based approach

Method 4: PWM (early balancing
before reaching max voltage)

Data gathering for off-line
diagnosis (warranty analysis)

Some data of cell history is

collected.

Charge time prediction

X

10Batteries must not only deliver a certain amount of energy to the drive train during operation but also provide a certain
power in various situations. The power of the battery can be limited by the voltage, current, SoC, and temperature ranges

allowed for safe operation.
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Available| N/A

Notes Rating

AUTOSAR is considered in the
developing process for defining a
software architecture, software No Autosar in BMS
. . X . .
interfaces and interchange implementation
formats, which AUTOSAR
version is applied?
Model-based design? X Moﬁiﬁiigféiiﬁizimg /
Production-ready MCAL & OS,
which OS is used? Compliant to X Vector OSEK /
AUTOSAR and OSEK?
OS: Are you compliant with a full
pre-emptive scheduling? X /
OS: deterministic RTOS baseline .
(tasks (timing and protected), Tasks are using Pjvents %nd_
events, counters, alarms, X alarms for generating periodic /
messages) events.
O.S:. timing based task . A high priority task is used to
determinism (low-latency, precise X . . /
timing for periodic tasks) provide cyclic calls.
”The EEPROM memory is
protected with several methods:
Important data is stored three
OS: protected memory / times in the EEPROM Every
EEPROM/Flash memory X data block is protected with a /
management in compliant to checksum Every data block can
AUTOSAR? be encrypted for security
reasons Every flash cell is
protected by an ECC (2 bit) on
controler level.”
OS: Diagnostic protocolls (ISO)
and fault management X /
(AUTOSAR) compliant?
OS: Multi-core features X
Interpolations-/CRC,Crypto- and
Watchdog routines compliant to X A proprietary interface is used.
AUTOSAR?
Inputs/Outputs (PWM, ADC,
DIO, GPT...) driver compliant to X A proprietary interface is used.
AUTOSAR?
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Bootloader?

Bootloader able to update itself?

Flashing over CAN? If not, which
interface?

JTAG port available on pins on
external connector?

Measurement- and calibration

(UDS/CCP/XCP)?

UDS and proprietary interface
using extended CAN identifiers
which can be
activated/deactivated

Unit-testing: Interface-/Fault
injection- /Resource usage/ Model
vs. C-Code tests

full development / test process
according automotive spice

Fixed point implementation?

Floating point implementation?

Documentation of sourcecode?

Specifications are done using
DOORS

Available updates / SW release
(if, how often can we expect
software updates?)

Application software - auto
generated code? If so, how is
multi-core CPU utilized

No multicore

Various software components
implemented with different ASIL
in APP Layer (please state),
which levels?

Safety goals of the BMS are up
to level C

Supply of source code

Source code and models can
only be reviewd on site at MQ

Application software: Are
individual cells considered for
battery monitoring, all, if not,

how will be decided?

Will beabletointegrate
own intelligent algorithms which
will be run in parallel to supplier?

(Benchmarking)

It is possible to integrate 3rd
party libraries
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System C

Rating Explanation

Exceeds automotive standard

/ Automotive standard

Does not fulfill automotive standard

Available

Notes Rating

Ampere-hour counting

OCV-based estimation

- Estimation of the battery OCV
after current interruption

Model-based estimation

- Electrical models

IR I

- Electrochemical models

>~

Impedance-based estimation

Estimation based on static
battery characteristics

Estimation using fuzzy logic and
machine learning

- Fuzzy Logic

- Artificial neural networks
(ANN)

- Fuzzy based neural networks
(ANFIS)

- Support Vector Machines

Estimation using special
measurement techniques

Monitoring of the SOC of each
individual cell in series connection

Resolution

< 0,01%

SoC of all cells is estimated in
32 Bit Float variables, allowing
1/2%%% resolution.

Other methods

self-discharge rates into account
and also considers residual
current consumers in the
system, such as cell monitoring
electronics and/or balancing
currents.

11The battery SoC can be employed in the figurative sense as a replacement for a fuel gauge used in conventional vehicles.
The SoC is basically the relationship between the residual battery capacity in its present state (Cr) and total capacity Cbat
after completely charging the battery, expressed in a percentage: SoC = Cr/Cbat * 100%.
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Available

Notes

Rating

Methods based on the
relationship between the
ampere-hours charged or

discharged from the battery and
voltage difference before and after
the respective CHA /DIS

- Group 1: Methods considering
the change in the measured

Main technique for capacity

battery OCV before and after X estimation, in con.junction yvith
CHA/DIS OCV-curve adaption technique.
- Group 2: Methods estimating
OCV change from battery X
terminal voltage measured under
load
- Group 3: Electrical model based
joint estimation of SOC and X
capacity
Electrical model can be used to
- Group 3: Electrical model based estimate both ,SOC and Capacity
dual estimation of SOC and X at the Same time. May not be
capacity necessary, if .Group 1 methods
are sufficiently fast and
accurate.
Methods based on incrematal
capacity analysis (ICA) and
different voltage analysis X
g y
techniques
Capacity estimation during
Other methods X charging using cell-specific

characteristics. OCV-Curve
aging detection.

12The battery capacity is a figure of merit determining the energy that is stored in the battery and is available for usage when
the battery is fully charged. The capacity of the particular battery or cell in a new state is defined by the battery or cell design
and varies only slightly for individual batteries or cells of a given type because of the production tolerances. Over the battery
lifetime, however, the capacity changes considerably due to aging processes. Therefore, the present capacity of the battery must

be determined by the monitoring algorithms.
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Available| N/A Notes Rating

- Group 1: Methods based on
impedance spectroscopy (active X
(A)/passive (P))
- Group 2: Methods based Number of RC elements is a
electical models (How many RC X parameter and can be adopter
elements) to used battery chemistry.

Kalman-Filter based method X
Least-squares based method X

Currently not done in
mass-production electronics.

Non-recursive estimation (based

on Least-squares) X Regression techniques

Search algortihm X
Other adaptive filters and
observers
- Group 3: Methods based on
electrochemical model
Least-squares based method

Gradient-based recursive methods
Multi-rate particle filter

sitalks

Analysis of specific test pulses
that can be triggered during

- Group 4: Other methods X certain operating conditions of
the battery pack.
Available| N/A Notes Rating
- Group 1: Methods estimate X
capacity as stated above
- Group 2: Methods estimate
. X
impedance as stated above
- Group 3: Methods based on the No specific different method,
measurement of the absolute same method as battery
X . . .. .
voltage or voltage drop when a resistance estimation is used in
certain load is applied. this case
- Group 4: Methods based fuzzy
. . X
logic method is employed.
- Group 5: Instead of estimating
battery characteristics, conditions
such as temperature, number of X

load cycles, accumulated
ampere-hours) are observed over
the battery lifetime

13The understanding is that the battery SoH is 100% when the battery is new and 0% when the capability of the battery to
store energy or provide power decreases to a certain minimum level. In general, as indicators of the energy and power capability
of the battery, the battery capacity (SOHc) and impedance (SOHp), respectively, are evaluated.
Group 3: The approaches are very similar to the estimation of the battery resistance; therefore, the result reflects the
power capability of the battery (SoHp).

Group 4: As inputs, the measured impedance parameters and/ or other measured or calculated battery characteristics
are used. The resulting SoH does not represent the change in the particular battery characteristic or capability, but the
estimation of the general state (eg. NEW, AGED, DEAD).
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- Group 1: Methods based on
lifetime model used for SOH
estimation

Available

No online life model is
implemented at the moment.

- Group 1: Methods based on the
SOH prediction model (part 1:
estimation of battery

characteristics; part 2: prediction
model)

Methods based on a
characteristic map use the static
interdependence that exists

Available

Notes

rating

battery model using KF/observer

among the available power of the X
battery, battery states and power
pulse parameters
Methods based on a dynamic X Observer is required for

acceptable accuracy

14Remaining time or number of load cycles until the battery reaches a SoH of 0%.
15Batteries must not only deliver a certain amount of energy to the drive train during operation but also provide a certain
power in various situations. The power of the battery can be limited by the voltage, current, SoC, and temperature ranges

allowed for safe operation.
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Available| N/A Notes Rating

Data preprocessing (thermal
model to identify temperatures
inside cells, plausibility check of X /
sensor data, detecting low/high

performing cells)

OCV adaption during lifetime is
X important for our capacity
esimation

OCV estimation/adaptation
during lifetime

Adaptive characteristic maps
(store parameters for algorithm X
initialization after wakeup)

maps are altered with aging /
information

Basis for range estimation.
Range estimation algorithm in

Available Energy calculation X km is also implemented on the
BMS.
Cell equalization control (only
during charging / discharing or X /
combined)
Method 1: Terminal voltage
based approach X /
Method 2: OCV based approach X
cell soc when first cell is fully
charged is taken into account.
Method 3: SOC based approach X Thisgneeds cell capacity as an
input.
Method 4: PWM (early balancing
before reaching max voltage) X
g g
Data gathering for off-line
diagnosis (warranty analysis) X /
g y Y
Charge time prediction X /
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AUTOSAR is considered in the
developing process for defining a
software architecture, software
interfaces and interchange
formats, which AUTOSAR
version is applied?

Available| N/A

Notes

Model-based design?

For control algorithms

Rating

Production-ready MCAL & OS,
which OS is used? Compliant to
AUTOSAR and OSEK?

1SO26262 compliant OS is usek,
OSEK and AUTOSAR NM are
supported.

OS: Are you compliant with a full
pre-emptive scheduling?

OS: deterministic RTOS baseline
(tasks (timing and protected),
events, counters, alarms,
messages)

OS: timing based task
determinism (low-latency, precise
timing for periodic tasks)

OS: protected memory /
EEPROM/Flash memory
management in compliant to

AUTOSAR?

OS: Diagnostic protocolls (ISO)
and fault management
(AUTOSAR) compliant?

OS: Multi-core features

Seperate cores for safety and
application

Interpolations-/CRC,Crypto- and
Watchdog routines compliant to
AUTOSAR?

Inputs/Outputs (PWM, ADC,
DIO, GPT...) driver compliant to
AUTOSAR?

Presently, drivers are not
AUTOSAR compliant, but this
could easily be changed.

Bootloader?

USD Bootloader

Bootloader able to update itself?

USD Bootloader

Flashing over CAN? If not, which
interface?

JTAG port available on pins on
external connector?

Measurement- and calibration

(UDS/CCP/XCP)?

UDS and XCP
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Unit-testing: Interface-/Fault X 100% code coverage in unit
injection- /Resource usage/ Model testing

vs. C-Code tests

Fixed point implementation?

Floating point implementation? X

Documentation of sourcecode? X

Available updates / SW release X Weekly builds will be provided
(if, how often can we expect and tested

software updates?)

Application software - auto X i 30% CPU load
generated code? If so, how is

multi-core CPU utilized

Various software components X Safety software runs on a
implemented with different ASIL different CPU. ASIL C
in APP Layer (please state), compliance.

which levels?

Supply of source code

Application software: Are X Genereally, all cells are
individual cells considered for considered.
battery monitoring, all, if not,

how will be decided?

Will beabletointegrate X

own intelligent algorithms which
will be run in parallel to supplier?
(Benchmarking)
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System D

Rating Explanation

Exceeds automotive standard
/ Automotive standard
Does not fulfill automotive standard

Available| N/A Notes Rating

Ampere-hour counting

OCV-based estimation
- Estimation of the battery OCV
after current interruption

Model-based estimation

M| M e
~ ] —~ |

- Electrical models

Usually electrochemical models
- Electrochemical models X are not used in microcontroller
(processing power)

Impedance-based estimation X

Estimation based on static

battery characteristics X /
Not included
Estimation using fuzzy logic and
. X (X)
machine learning

- Fuzzy Logic X

- Artificial neural networks
(ANN) X

- Fuzzy based neural networks

(ANFIS) X
- Support Vector Machines X
Estimation using special X

measurement techniques

Not included in our current
(X) module, but is possible to
implement.

Monitoring of the SOC of each
individual cell in series connection

Resolution /

Ampere-hour counting and
Other methods X OCV-based estimation are /
combined to estimate SoC.

16The battery SoC can be employed in the figurative sense as a replacement for a fuel gauge used in conventional vehicles.
The SoC is basically the relationship between the residual battery capacity in its present state (Cr) and total capacity Cbat
after completely charging the battery, expressed in a percentage: SoC = Cr/Cbat * 100%.
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Available| N/A Notes Rating

Methods based on the
relationship between the
ampere-hours charged or

discharged from the battery and
voltage difference before and after
the respective CHA /DIS.

- Group 1: Methods considering Currently not part
the change in the measured
battery OCV before and after
CHA/DIS
- Group 2: Methods estimating
OCV change from battery
terminal voltage measured under
load
- Group 3: Electrical model based
joint estimation of SOC and X

capacity

- Group 3: Electrical model based
dual estimation of SOC and X
capacity

Methods based on incrematal
capacity analysis (ICA) and
different voltage analysis
techniques

Other methods X

17The battery capacity is a figure of merit determining the energy that is stored in the battery and is available for usage when
the battery is fully charged. The capacity of the particular battery or cell in a new state is defined by the battery or cell design
and varies only slightly for individual batteries or cells of a given type because of the production tolerances. Over the battery
lifetime, however, the capacity changes considerably due to aging processes. Therefore, the present capacity of the battery must
be determined by the monitoring algorithms.
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Available| N/A Notes Rating

- Group 1: Methods based on

impedance spectroscopy (active X
(A)/passive (P))
- Group 2: Methods based Currently 0 RC-elements,
electical models (How many RC X because of customer
elements) specification.
Kalman-Filter based method X
Least-squares based method X Linear interpolation is

implemented.

Linear interpolation is
implemented.

Non-recursive estimation (based
on Least-squares)

Search algortihm

Other adaptive filters and
observers
- Group 3: Methods based on
electrochemical model

Usually electrochemical models
Least-squares based method X are not used in microcontroller
(processing power)

Gradient-based recursive methods X
Multi-rate particle filter X
- Group 4: Other methods

Available| N/A Notes Rating
- Group 1: Methods estimate X
capacity as stated above
- Group 2: Methods estimate X
impedance as stated above
- Group 3: Methods based on the
measurement, of the absolute X

voltage or voltage drop when a
certain load is applied.

- Group 4: Methods based fuzzy
logic method is employed. As
inputs, the measured impedance (X)
parameters and/ or other
measured or calculated battery
characteristics are used.

- Group 5: Instead of estimating
battery characteristics, conditions
such as temperature, number of
load cycles, accumulated
ampere-hours) are observed over
the battery lifetime

18The understanding is that the battery SoH is 100% when the battery is new and 0% when the capability of the battery to
store energy or provide power decreases to a certain minimum level. In general, as indicators of the energy and power capability
of the battery, the battery capacity (SOHc) and impedance (SOHp), respectively, are evaluated.
Group 3: The approaches are very similar to the estimation of the battery resistance; therefore, the result reflects the
power capability of the battery (SoHp).

Group 4: As inputs, the measured impedance parameters and/ or other measured or calculated battery characteristics
are used. The resulting SoH does not represent the change in the particular battery characteristic or capability, but the
estimation of the general state (eg. NEW, AGED, DEAD).
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- Group 1: Methods based on
lifetime model used for SOH
estimation

Available

- Group 1: Methods based on the
SOH prediction model (part 1:
estimation of battery

characteristics; part 2: prediction
model)

Methods based on a
characteristic map use the static
interdependence that exists

battery model using KF /observer

among the available power of the X
battery, battery states and power
pulse parameters
Methods based on a dynamic X

Data preprocessing (thermal
model to identify temperatures
inside cells, plausibility check of
sensor data, detecting low/high

performing cells)

Available| N/A

Notes Rating

OCV estimation/adaptation
during lifetime

(Static table, no adaptation)

Adaptive characteristic maps
(store parameters for algorithm
initialization after wakeup)

Available Energy calculation

Cell equalization control (only
during charging / discharing or
combined)

Passive balancing /

Method 1: Terminal voltage
based approach

Cell voltage will be measured /
while balancing break.

Method 2: OCV based approach

Method 3: SOC based approach

Method 4: PWM (early balancing
before reaching max voltage)

Data gathering for off-line
diagnosis (warranty analysis)

Charge time prediction

X

Can be implemented.

19Remaining time or number of load cycles until the battery reaches a SoH of 0%.
20Batteries must not only deliver a certain amount of energy to the drive train during operation but also provide a certain
power in various situations. The power of the battery can be limited by the voltage, current, SoC, and temperature ranges

allowed for safe operation.
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Notes

Rating

AUTOSAR is considered in the
developing process for defining a
software architecture, software
interfaces and interchange
formats, which AUTOSAR
version is applied?

Adaption based on ASR3.1

Model-based design?

Production-ready MCAL & OS,
which OS is used? Compliant to
AUTOSAR and OSEK?

?EB tresos AutoCore OS 4.2.2
AUTOSAR and OSEK
compliant”

OS: Are you compliant with a full
pre-emptive scheduling?

OS: deterministic RTOS baseline
(tasks (timing and protected),
events, counters, alarms,
messages)

OS: timing based task
determinism (low-latency, precise
timing for periodic tasks)

OS: protected memory /
EEPROM/Flash memory
management in compliant to
AUTOSAR?

memory protection for safety
relevant software by MMU /
MPU

OS: Diagnostic protocolls (ISO)
and fault management
(AUTOSAR) compliant?

DCM, DEM accordings ASR3.1

OS: Multi-core features

used microcontroller is a single
core

Interpolations-/CRC,Crypto- and
Watchdog routines compliant to
AUTOSAR?

Watchdog yes, rest is not used

Inputs/Outputs (PWM, ADC,
DIO, GPT...) driver compliant to
AUTOSAR?

Bootloader?

ASR3.1 based

Bootloader able to update itself?

Yes, Bootloader can be updated
(via CAN).

Flashing over CAN? If not, which
interface?

All components (also
CSSU/CVS) and bootloader can
be flashed via vehicle can.

JTAG port available on pins on
external connector?

JTAG interface is only available
for development with special
connectors on pcb.

Measurement- and calibration
(UDS/CCP/XCP)?

via UDS and (CCP/XCP)
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Unit-testing: Interface-/Fault

full development / test process

injection-/Resource usage/ Model X . . .
according automotive spice
vs. C-Code tests
Fixed point implementation? X
Floating point implementation? X
Documentation of sourcecode? X internally available
Av.ailable updates / SW release Timing and changes have to be
(if, how often can we expect X individually ol d
software updates?) dvidualy plahned.
Application software - autc? handwritten C-Code on &
generated code? If so, how is single-core CPU
multi-core CPU utilized
In APP-Layer only a stuck
Various software components detection for the conductors is
implemented with different ASIL safety relevant (ASIL-A). All
in APP Layer (please state), other safety funtions are
which levels? implemented in the basic
software (ASIL-C).
Supply of source code No, the code is only a black box.
Application software: Are Every single cell is supervised.
individual cells considered for X For the SOC, SOP calculation
battery monitoring, all, if not, the min/max cells are taken into
how will be decided? account.
It is possible to integrate a
highlevel SW or only
Will beable tointegrate parts of it to the basic software.
own intelligent algorithms which X A parallel use of 2 different

will be run in parallel to supplier?
(Benchmarking)

algorithms with same function
at the same time is not
prepared. Can be designed and
implemented.
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System E

Rating Explanation

Exceeds automotive standard
/ Automotive standard
Does not fulfill automotive standard

Available

Rating

Ampere-hour counting

OCV-based estimation

- Estimation of the battery OCV
after current interruption

Model-based estimation

- Electrical models

IR I

- Electrochemical models

Impedance-based estimation
(dependence of some battery
impedance parameters on the

SoC)

Estimation based on static
battery characteristics

Estimation using fuzzy logic and
machine learning

- Fuzzy Logic

- Artificial neural networks
(ANN)

- Fuzzy based neural networks
(ANFIS)

- Support Vector Machines

Estimation using special
measurement techniques

Monitoring of the SOC of each
individual cell in series connection

Resolution

Other methods

X

21The battery SoC can be employed in the figurative sense as a replacement for a fuel gauge used in conventional vehicles.
The SoC is basically the relationship between the residual battery capacity in its present state (Cr) and total capacity Cbat

after completely charging the battery, expressed in a percentage: SoC = Cr/Cbat * 100%.
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Available

Notes Rating

Methods based on the
relationship between the
ampere-hours charged or

discharged from the battery and
voltage difference before and after
the respective CHA /DIS

- Group 1: Methods considering
the change in the measured
battery OCV before and after
CHA/DIS

- Group 2: Methods estimating
OCV change from battery
terminal voltage measured under
load

- Group 3: Electrical model based
joint estimation of SOC and
capacity

- Group 3: Electrical model based
dual estimation of SOC and
capacity

Methods based on incrematal
capacity analysis (ICA) and
different voltage analysis
techniques

Other methods

X

- Group 1: Methods based on
impedance spectroscopy (active
(A)/passive (P))

Available

Notes Rating

- Group 2: Methods based
electical models (How many RC
elements)

Kalman-Filter based method

Least-squares based method

Non-recursive estimation (based
on Least-squares)

Search algortihm

<

Other adaptive filters and
observers

>

- Group 3: Methods based on
electrochemical model

Least-squares based method

Gradient-based recursive methods

Multi-rate particle filter

- Group 4: Other methods

silsiialks

22The battery capacity is a figure of merit determining the energy that is stored in the battery and is available for usage when
the battery is fully charged. The capacity of the particular battery or cell in a new state is defined by the battery or cell design
and varies only slightly for individual batteries or cells of a given type because of the production tolerances. Over the battery
lifetime, however, the capacity changes considerably due to aging processes. Therefore, the present capacity of the battery must

be determined by the monitoring algorithms.
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- Group 1: Methods estimate
capacity as stated above

Available

Notes Rating

- Group 2: Methods estimate
impedance as stated above

- Group 3: Methods based on the
measurement of the absolute
voltage or voltage drop when a
certain load is applied.

- Group 4: Methods based fuzzy
logic method is employed. As
inputs, the measured impedance
parameters and/ or other
measured or calculated battery
characteristics are used.

- Group 5: Instead of estimating
battery characteristics, conditions
such as temperature, number of
load cycles, accumulated
ampere-hours) are observed over
the battery lifetime

- Group 1: Methods based on

Available

lifetime model used for SOH X
estimation
- Group 1: Methods based on the
SOH prediction model (part 1:
estimation of battery X

characteristics; part 2: prediction
model)

23The understanding is that the battery SoH is 100% when the battery is new and 0% when the capability of the battery to
store energy or provide power decreases to a certain minimum level. In general, as indicators of the energy and power capability
of the battery, the battery capacity (SOHc) and impedance (SOHp), respectively, are evaluated.

Group 3: The approaches are very similar to the estimation of the battery resistance; therefore, the result reflects the
power capability of the battery (SoHp).

Group 4: As inputs, the measured impedance parameters and/ or other measured or calculated battery characteristics
are used. The resulting SoH does not represent the change in the particular battery characteristic or capability, but the
estimation of the general state (eg. NEW, AGED, DEAD).

24Remaining time or number of load cycles until the battery reaches a SoH of 0%.
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Methods based on a
characteristic map use the static
interdependence that exists
among the available power of the
battery, battery states (for
example, SoC, temperature, and
voltage), and power pulse
parameters (for example, the
duration of the power pulse)

Available| N/A

Notes

rating

Methods based on a dynamic
battery model using KF /observer

X

Data preprocessing (thermal
model to identify temperatures
inside cells, plausibility check of
sensor data, detecting low/high

performing cells)

Available| N/A

Notes Rating

OCV estimation/adaptation
during lifetime

Adaptive characteristic maps
(store parameters for algorithm
initialization after wakeup)

Available Energy calculation

Cell equalization control (only
during charging / discharing or
combined)

) \I )

Method 1: Terminal voltage
based approach

Method 2: OCV based approach

Method 3: SOC based approach

Method 4: PWM (early balancing
before reaching max voltage)

Data gathering for off-line
diagnosis (warranty analysis)

Charge time prediction

X

25Batteries must not only deliver a certain amount of energy to the drive train during operation but also provide a certain
power in various situations. The power of the battery can be limited by the voltage, current, SoC, and temperature ranges

allowed for safe operation.
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AUTOSAR is considered in the
developing process for defining a
software architecture, software
interfaces and interchange
formats, which AUTOSAR
version is applied?

Available

Notes

Rating

Model-based design?

Production-ready MCAL & OS,
which OS is used? Compliant to
AUTOSAR and OSEK?

OS: Are you compliant with a full
pre-emptive scheduling?

OS: deterministic RTOS baseline
(tasks (timing and protected),
events, counters, alarms,
messages)

OS: timing based task
determinism (low-latency, precise
timing for periodic tasks)

OS: protected memory /
EEPROM/Flash memory
management in compliant to

AUTOSAR?

OS: Diagnostic protocolls (ISO)
and fault management
(AUTOSAR) compliant?

OS: Multi-core features

Interpolations-/CRC,Crypto- and
Watchdog routines compliant to
AUTOSAR?

Inputs/Outputs (PWM, ADC,
DIO, GPT...) driver compliant to
AUTOSAR?

Bootloader?

Bootloader able to update itself?

Flashing over CAN? If not, which
interface?

JTAG port available on pins on
external connector?

Measurement- and calibration
(UDS/CCP/XCP)?

313




Unit-testing: Interface-/Fault
injection-/Resource usage/ Model
vs. C-Code tests

full development / test process
according automotive spice

Fixed point implementation?

Floating point implementation?

Documentation of sourcecode?

Available updates / SW release
(if, how often can we expect
software updates?)

Application software - auto
generated code? If so, how is
multi-core CPU utilized

Various software components
implemented with different ASIL
in APP Layer (please state),
which levels?

Supply of source code

Application software: Are
individual cells considered for
battery monitoring, all, if not,

how will be decided?

Will beable tointegrate
own intelligent algorithms which
will be run in parallel to supplier?
(Benchmarking)
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System P (proposed)

Rating Explanation

Exceeds automotive standard
/ Automotive standard
Does not fulfill automotive standard

Available| N/A Notes Rating

Ampere-hour counting
OCV-based estimation
- Estimation of the battery OCV
after current interruption

Model-based estimation
- Electrical models
- Electrochemical models X
Impedance-based estimation
(dependence of some battery
impedance parameters on the
SoC)
Estimation based on static
battery characteristics

PR P [ R]A

Estimation using fuzzy logic and
machine learning

Available

- Fuzzy Logic X

- Artificial neural networks
(ANN)
- Fuzzy based neural networks
(ANFIS)

- Support Vector Machines X

Estimation using special
measurement techniques
Monitoring of the SOC of each
individual cell in series connection

Resolution X Floating
Other methods

26The battery SoC can be employed in the figurative sense as a replacement for a fuel gauge used in conventional vehicles.
The SoC is basically the relationship between the residual battery capacity in its present state (Cr) and total capacity Cbat
after completely charging the battery, expressed in a percentage: SoC = Cr/Cbat * 100%.
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Available

Notes

Rating

Methods based on the
relationship between the
ampere-hours charged or

discharged from the battery and
voltage difference before and after
the respective CHA /DIS

- Group 1: Methods considering
the change in the measured
battery OCV before and after
CHA/DIS

- Group 2: Methods estimating
OCV change from battery
terminal voltage measured under
load

- Group 3: Electrical model based
joint estimation of SOC and
capacity

- Group 3: Electrical model based
dual estimation of SOC and
capacity

Methods based on incrematal
capacity analysis (ICA) and
different voltage analysis
techniques

Other methods

X

- Group 1: Methods based on
impedance spectroscopy (active
(A)/passive (P))

Available

Notes

- Group 2: Methods based
electical models (How many RC
elements)

Kalman-Filter based method

Least-squares based method

Non-recursive estimation (based
on Least-squares)

Search algortihm

Other adaptive filters and
observers

- Group 3: Methods based on
electrochemical model

Least-squares based method

Gradient-based recursive methods

| >

Multi-rate particle filter

- Group 4: Other methods

27The battery capacity is a figure of merit determining the energy that is stored in the battery and is available for usage when
the battery is fully charged. The capacity of the particular battery or cell in a new state is defined by the battery or cell design
and varies only slightly for individual batteries or cells of a given type because of the production tolerances. Over the battery
lifetime, however, the capacity changes considerably due to aging processes. Therefore, the present capacity of the battery must

be determined by the monitoring algorithms.
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impedance as stated above

Available| N/A Notes Rating
- Group 1: Methods estimate X
capacity as stated above
- Group 2: Methods estimate X

- Group 3: Methods based on the
measurement of the absolute
voltage or voltage drop when a
certain load is applied.

- Group 4: Methods based fuzzy
logic method is employed. As
inputs, the measured impedance
parameters and/ or other
measured or calculated battery
characteristics are used.

- Group 5: Instead of estimating
battery characteristics, conditions
such as temperature, number of
load cycles, accumulated
ampere-hours) are observed over
the battery lifetime

Remaining time or number of
load cycles until the battery
reaches a SoH of 0%

Available

- Group 1: Methods based on
lifetime model used for SOH
estimation

- Group 1: Methods based on the
SOH prediction model (part 1:
estimation of battery
characteristics; part 2: prediction
model)

28The understanding is that the battery SoH is 100% when the battery is new and 0% when the capability of the battery to
store energy or provide power decreases to a certain minimum level. In general, as indicators of the energy and power capability
of the battery, the battery capacity (SOHc) and impedance (SOHp), respectively, are evaluated.

Group 3: The approaches are very similar to the estimation of the battery resistance; therefore, the result reflects the
power capability of the battery (SoHp).

Group 4: As inputs, the measured impedance parameters and/ or other measured or calculated battery characteristics
are used. The resulting SoH does not represent the change in the particular battery characteristic or capability, but the
estimation of the general state (eg. NEW, AGED, DEAD).

29Remaining time or number of load cycles until the battery reaches a SoH of 0%.
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Methods based on a
characteristic map use the static
interdependence that exists
among the available power of the
battery, battery states (for
example, SoC, temperature, and
voltage), and power pulse
parameters (for example, the
duration of the power pulse)

Available

N/A

Notes

rating

Methods based on a dynamic
battery model using KF/observer

X

Data preprocessing (thermal
model to identify temperatures
inside cells, plausibility check of
sensor data, detecting low/high

performing cells)

Available

Notes

Rating

OCV estimation/adaptation
during lifetime

Adaptive characteristic maps
(store parameters for algorithm
initialization after wakeup)

Available Energy calculation

Cell equalization control (only
during charging / discharing or
combined)

Method 1: Terminal voltage
based approach

Method 2: OCV based approach

Method 3: SOC based approach

Method 4: PWM (early balancing
before reaching max voltage)

Data gathering for off-line
diagnosis (warranty analysis)

Charge time prediction

30Batteries must not only deliver a certain amount of energy to the drive train during operation but also provide a certain
power in various situations. The power of the battery can be limited by the voltage, current, SoC, and temperature ranges

allowed for safe operation.
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Available| N/A Notes Rating

AUTOSAR is considered in the
developing process for defining a
software architecture, software
interfaces and interchange
formats, which AUTOSAR
version is applied?

Model-based design? X /

Production-ready MCAL & OS,
which OS is used? Compliant to X /
AUTOSAR and OSEK?

OS: Are you compliant with a full
pre-emptive scheduling?

OS: deterministic RTOS baseline
(tasks (timing and protected),
events, counters, alarms,
messages)

OS: timing based task
determinism (low-latency, precise X /
timing for periodic tasks)

OS: protected memory /
EEPROM/Flash memory
management in compliant to

AUTOSAR?

OS: Diagnostic protocolls (ISO)
and fault management X /
(AUTOSAR) compliant?

OS: Multi-core features X

Interpolations-/CRC,Crypto- and
Watchdog routines compliant to X
AUTOSAR?

Inputs/Outputs (PWM, ADC,
DIO, GPT...) driver compliant to
AUTOSAR?

Bootloader?

Bootloader able to update itself?

IRl

Flashing over CAN? If not, which
interface?

JTAG port available on pins on
external connector?

Measurement- and calibration

(UDS/CCP/XCP)?
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Unit-testing: Interface-/Fault
injection-/Resource usage/ Model
vs. C-Code tests

Fixed point implementation?

Floating point implementation?

Documentation of sourcecode?

Available updates / SW release
(if, how often can we expect
software updates?)

Application software - auto
generated code? If so, how is
multi-core CPU utilized

Various software components
implemented with different ASIL
in APP Layer (please state),
which levels?

Supply of source code

Application software: Are
individual cells considered for
battery monitoring, all, if not,

how will be decided?

Will it be possible to integrate
own intelligent algorithms which
will be run in parallel to supplier?

(Benchmarking)
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