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Abstract

The fastgrowing electric vehicles (EVs) market demands huge efforts from car
manufacturers to develop and i mprove
charge of the battery pack is ookthe challengesncounterediue to the battery
limitations regarding behaviour and additional degradation when exposed to such a
rough situation. In addition, the outcome of a study performed on a badtesynot
applyto others, especially if their chemistries are different. Hegxtensive testing
is required to understand the influence of design decisions on the paeivelgy
storage device to be implementd&le to batterie® nonlinear behaviar that is
highly dependent on externariablessuch as temperatyréhe dynamicload and
aging, another defying task is thédely studied state of charge (SOC) estimation
commonly considered one of the most significant functions in a battery
management system (BNS

This thesis presents an extensive battery fast charging agingtuely
equipped with promising current charging profiles from published literature to
minimize aging. Four charging protocols are carefully designed to charge the cell
from 10 to 80% SOC within fifteen minutes and have their performances discussed.
A dual state estimation algorithm is modelled to estimate the SOC with the
assistancef a capacity state of health (SOHcagjimation Finally, the dual state

estimation model is validated with the fast charging aging test data.

t hei
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Chapter 1

| ntroducti on

1.1 Background and Motivation

The high output voltage and energy density place Lithinmbatteryas the
principal means of rechargeable energy storage for portable devices. Recently, the
demand for a faster charging time of batteries appi¢idese mobile devices such
as electronis, electric vehicles, power tools, and even military equipment has been
given increasing attentiofil]. That is mainly driven by the electrification of
transportatiorestimated to have batteryeetric vehicles (BEVS) representing about
60% of the automobile market 2950[2].
The acceptance of battery electric vehicles BEVg&igntial customers is
linked to the i mprovement of the battery:¢
combustion engine vehicles (ICEs) concerning the charging time and the range
anxiety, whichisrelatelt o t he dri ver dés fear wirfg having t
his journey[3],[4],[5],[6]. Improving the battery charging time of a BEo be
equivalent to the refuelling time of an ICE would require a charging power of least

400kW[7]. Nevertheless, reaching suchigh powelis a challenge due to physical
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constraints from the battery itself, charge stations and the electric grid
infrastructure

The BEV fleet available today is increasing fast, with new models surging
from both the weklestablished car manufactuseand smaller players getting into
the market. These new models' charging tifieblel.1, are still not competitive
with ICE vehicles and are dependent on the chata@os power used and the
battery pack size it carries. In addition, the fast charging (FC) time accounts for the
first about 80% of the battery pack capacity and does not cover the other twenty

percent of the remaining capacity that can last even lohgerthe FC.

Tablel.1: Battery electric vehicle fast charging tini8s.

Battery Capacity Fast Charging

Vehicle [KWh] Time [Min]
2019 CHEVROLET BOLT 60 30
2019 AUDI ETRON 95 60
2019 BMW 13 42.2 50
2019 HONDA CLARITY EV 255 30
2019 HYUNDAI IONIQ EV 28 33
2019 HYUNDAI KONA EV 64 75
2019 JAGUAR {PACE 90 55
2019 KIA SOUL EV 27 46
2019 KIA NIRO EV 64 75
2019 NISSAN LEAF 40 60
2019 NISSAN LEAF PLUS 64 45
2019 VOLKSWAGEN EGOLF 35.8 60

Note: Charging time based on a level 3 50kW DC charge station.

2
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Along with the charging time challenge, companies face other problems in
composing amattractive and reliable product. Statestimation of the energy
storage system is one of thefrhat is because the baitex behawe differently
dependingn external variables such as temperature gradient, current load and their
state of healtiSOH) The battery management system is responsible for providing
crucial information through measurements and software for the control and
protection of the storage unit. State of charge (SOC) and state of health are two
estimations within the set BMS provid&OC is the ratio of current flow integrated
by the battery rated capacity, whereas SOH is the ratio of the metric used, capacity
or impedance, for an aged battery and a new3jne

The growing interest in fastharging fromindustry has required the necessity
of beter understanding the charging process limits and the consequences different
approaches bring to the battery lifehe strong impact charging profile has on
batterylife, the pursuit for fast charginginimizing the large gap in time between
the internal cmbustion vehicle refuel and electric vehicle charging, #rel
importance of provighg a consistentstae of charge estimation at the different
stage®f the battenyfife has motivated this work. Therefore, this thesis brings a fast
charging aging study wi promising current chargingoprofiles from published
literatureand a duaktateestimation strategy accounting for tba@pacitystate of

health(SOHcap)and stée of charggSOC)
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1.2 ResearchContributions

The work performed in the course of this thesisidgsia vast data set with
valuable information pertaining to battery aging prepared to be easily employed in
the development of state of charge, health and power algorithms. Programs with the
test schedules are written for the battery cycler and can hghsimawardly
modified to continue the investigation of the influence fast charging profiles have
on batteries.

To complete this work, new cabling of the channels for the purchased battery
tester was built, and the battery laboratory facility improvet wéw cable trays
installed.Also, fixtures for sixteen purchased cylindrical cell holders were built,
contributing to future studies eliminating the need to assemble new fixtures and
weld them on every leseleffadts willt benefintureal s t est €

researcherwith ready to be used equipment.

1.3 Thesis Outline

This thesis contains a combination of experiments and modelling and is
organized into seven chapters:

Chapter 1 addresses the motivation and contributions to future works.

Chapter 2 provides a review of battery charging methodologies and their
influence on degradation minimization through the outcomes of their use in the

literature.



M.A.Sc. Thesig Josimar da S. Dugue McMasteri Mechanical Engineering

Chapter 3 introduces a review of state estimation algorithms applied in the
battery state of charge and state of health.

Chapter 4 describes the fast charging aging test design of experiment created
with the four protocols designed to prevent battery aging. It also exposes the
motivation of the features considered in their design.

Chapter 5 presents an overview of the dual state estimation modelling
development with the strategies adopted in the model's conception.

Chapter 6 reveals the outcomes of the fast charging agingaedate with
an analysis of the influence each designed charging profile had on capacity
retention, battery temperature, internal resistance, ped oircuit voltagecurve
drift across the battery life cycle. In a second part, the dual state estimation
algorithm designed inChapter 5is validated with a series of simulations
encompassinthe SOC estimation robustness to sensor error simulating nine cases
for a new and aged battery, robustness to initial SOC error, and SOC and SOH
estimation over the battery life cycle.

Chapter 7summarizes the work with a discussion about the outcomes of both
experimental and simulation work, withe recommendation of future work to

enrich the curentanalysis
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Chapter 2

Bat Camayging Met hodol

0 C

Mi ni mi ze SAgaitneg of t he

The growing interest in fastharging from industry has required the necessity of
better understanding the charging process limits and the consequences different
appoaches bring to the battery lifehe battery management system (BMS) is the
most expensive system of an elechiattery vehicld9]; thus extra attention shall

be laid on its integrity.

Battery degradation occurs independently if the device is being utilized or
not. The degradation magnitude is dictated by a combination of the way the battery
is solicited and external factors such as temperature. For instance, positive and
negative electrdes present different degradation mechanigi® and are
responsible for the majority of the battery aging phemai®y. These mechanisms
are originally caused by mechanical or chemical reactions inside the battery that
can induce changes in theustture and chemical composition of the electrodes and
electrolytes.

The battery charging methodology presents itself as extremely important in

the batteryds perf or manc eAsdanonstiatadiimi z e

6
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[11], charging current and voltage can distinctively affect different lithioim
batt er i e adilitionally ihgenetalhigheharging current has more impact
on cell life than discharging curreniherefore, this chapter brings a reviefithe
charging profiles,Figure 2.1, studied in the literature aiming at battery aging
minimization.

Constant Curmrent

Constant Voltage
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s Linear Current Decay
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Figure2.1: Battery darging methodologies.
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2.1 Constant Voltage Protocol

The constant voltage (CV) is a charging profile that maintains the potential
w steady, usuallyat the value of the maximum battery voltage , while the
current drops due to the internal impedance increase up to a highefstasege,
Figure2.2. It is mainly employed as the last phase of charging protocols to take the
cell 6s capacity wutilization to its highest
appliedas a onghase charging profile from the beginning or incorporated between

other phases to build different charging strategies.

2.1.1 Constant Voltage in the Literature

The CV used to charge the battery from depleted condition to fully charged
causes a fastelegradation rate due to its high initial currddf®]. The experiment
brought in[13] depicted thelmost two times faster charging with the CV protocol
of charge voltagev equalsto battery maximum voltages  compared to the
standard constant current constant voltage (CCCV) that could keepyalimear
aging in the capacity up to abobetcycle 180 when the degradation is enhanced,
and the end of life (EoF) takes place just past thd' 296le. However, the speed
turned to be more detrimental to thd Ah Sony US1850®attery than the CCCV
that kept similar behaviour until EoF a littbeer 300 cycles[12] work likewise
experimentedwith the constant voltage protocol 1.4Ah Sony US18650 cell,
statirg tha thecharging time from 0 to 80%asalmost twice as fast as the CCCV,

however, the battery used not reveal a drasteapacity fad®f the cell submitted
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to CV. Instead, the batteries agéd% and 95% with the standardand CV

charging respectivly, after a hundred and fifty cycles.

2.2 Constant Current Protocol

This type of protocol consistf applying an unchanged current until the end
of charging omup tothe following profile toform a charging strategy. Combining
it with a following constant voltage (CV) phasems theconstant current constant
voltage (CCCV) profilethe most prevalent method for charging a bat{&g],
[14]. The constant current (CC) charging alone is applied when there is no need in
charging the cell to its total capacity; this is because whegrtiveng voltage hits
the maximum voltage specified by the manufacturer or the maximum voltage of the
designed protocol, the battery still has not rdsistaed all the lithiurrions back to
the anode. Consequentbharging profiles with decaying currenust be applied
at the end of charging protocols to charge the battery to its full capacity

The CCCV charging profileFigure 2.2, also serves as a reference when
compaing the effectiveness aftherdesigned charging protocoéd works as
describedfirst, thechargingcurrentO is kept constant at a specifi€arate until
the rising voltage reaches a fatefined valueo |, then the second phase, the CV,
the chargingvoltagew remains constant to the point the dropping current hits a

defined limit'O or the time passes a maximum-get valued
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C-rate [C]

| [—cc
—CV

Time [Min]
Figure2.2: lllustrative chart of anstant current constant voltage protocol.

221 Constant Current in the Literature

The workin [11] showed the difference in capacity retention an aging test can
result in three different cells with similaharacteristicsThrough CCCV protocols
with absolute ampere values DA, 3A and 5A constant current phasestrategy
claimed by the authors to lzmit the cells to comparable current density and
electrode stresshey demonstrated tHe25AhSanyo UR18650SA arld1AhSony
US18650VTL cellsthat shared the same cathode and anode matediakrged
regarding the number of cycles at the end of lif€48OH) Sonyas cell reackd
around DOO0cycles using the three protocols contrastthe Sanyé got900, 700
and500 cycles with 140.9C) 3A (2.7C)and 5A(4.5C)CCCV, respectivelyThe
third cell, al.1Ah A123 APR18650M1A had the best outconm®nceerningcycle
life among the CCCV protocols. It lost ju&¥% of its capacity when submitted to
1A (0.9C)CCCV protocol aftepne thousand two hundred cycles and 5% with the
3A (2.7VC) CCCV oneWith the current increased to 54.5C) the A123 cell

behaved like Sanyo<sell, having justé00 cycles achieved with 80% capacity

10
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retention. These results indicate the current inereagised lithium plating

intensifyingthe cell degradation massively

2.3 Multistage Constant Current Protocol

The multistage castant current profile is a variant of the CC protocol. It
consists of constant current steps of differentatés increasing, decreasing or
randomly shaped to attend to design requiremé&igsire2.3. This protocol works
similarly to the CC; however, transitions are set to occur at values of voltages lower
than thew , either triggerd by the praefined voltages or time spent on each
particular phase (step). Equatibo CC charging, the MCC also has to count on a
decaying current profile at thend of its schedule to charge the battery to its full

capacity utilization, a CV phase, for example.

11



M.A.Sc. Thesig Josimar da S. Dugue  McMasteri Mechanical Engineering

€)) ; :
—MCC
—CV
ol
2
]
= |
®)
Time [Min]
(b) . ,
—MCC
—CV
3
D
=
=
@)
Time [Min]
(©)
g L
el
«
0
QL
| |——MCC
—CV

Time [Min]
Figure2.3: Illustration of multistage constant current protoc@tdowed by a CV phase
(a) decreasing MCC, (b) increasing MCC, and (c) random MCC

The application of the KIC protocolis not limited to the early stages of

charging strategies. The protocol can replace the CV charging nistlagglying

12
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amonotonically decreasin@-rateof the periodgo reacha higher statef charge

of the cell [11]. Whenused that way, it is designed to follow the CV chargisg
close as possiblsith the necessary number of stages to reach the desired capacity.
It begins with a curren©switching to the next period of lower@te definedin

the design when the termmal voltage hits theéo . Once the final curreri©
phase(lowest preset current stepuns and theo  is reached, the charging is
terminated. Timewise, it is inferior to CV changiif both implemented to charge

up to the same SQ®ut i has the advantage of simpler implementation as the need

for voltage controlling through software and hardware is eliminated

—CC
——=MCC |
—CV

C-rate [C]

Time [Min]
Figure2.4: lllustrative comparison of constant voltage and multistage constant current

protocolin charging strategies.

2.3.1 Multistage Constant Current in the Literature

Authors have studied the advantages and how to extract the bestl@Gm
In [15], an algorithm using Particwarm Optimization (PSO) with a fuzzy logic
control to maximize battery charging time and cycle life was propddexisame

strategy waemployedin [16] work that reduced the charging time by half while

13



M.A.Sc. Thesig Josimar da S. Dugue McMasteri Mechanical Engineering

improving the battery lifespan; however, with the expense of 12% less capacity
charged each cycle from MCC capability to reach higher Sk@@uchi method
approach was used [17] to search for an optimal five stages MCC charging
pattern and obtain claimed benefits from the charging method such as energy
transfer improvement, cycle life increase and fadtarging[18].

A comparison of muistage constant current, constant current constant
voltage and pulse charging is depictedli)]. MCC profile outperforms the other
two profiles in an overall analysis of charging time, efficiency, control complexity,
implementation complexity and cycle lifE&mploying a consecutiverthogonal
array [20] could optimizemultistage constant current capable of charging the
battery to 95% SOC while improving the efficiency by one percent compared to the
CCCV charging. The study also showed that the designed charging protocol

increased the battery lifespan by 57% at seveetyent capacity retention.

2.4 BoostCharging Protocol

Boost Charging (BC) derivates from the CCCV protocol with an extra
constant voltage phase implemented at the beginning of charging, making it a faster
charging algorithnj13]. It comprises a brief first phase of high dropping current
input into the battery beaae of appliedo that is terminated by the tinte
followed by a CCCV protocol of lower currentgure2.5 (b). According to[13],
if the resuling current from the CV applied somehewrpasses the battery limit
the CV boost phase can be replaced by a CC or a CCCV toitljfisrming a

CCCCCV and a CCCVCCCWr (CCCV)? respectively.The values ofw

14
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o] and’O  arearbitrary and shall respect battery specifications not to bring

further damage to it.
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Figure2.5: lllustrative curves of boost charging protocols: (a) CCCCCV, (b) CVCCCV
and (C)CCCVCCCV.
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2.4.1 Boost Chargingn the Literature

BC is said to decrease the time of the charging process with no further
degradation to the battery due to lower chances of lithium plating occurreace at
low stae of charge[11]. The protocol results fronjl3] using Sony US18500
cylindrical cells exhibited a similar aging rate compared to the standard 1C CCCV
charging, even with thitve minutes initial CV phase witth of 4.3V, 100mV
higher than the battery maximum voltage, to enhance the chargiad.sp

In [13], they submitted a prismatic Philips LP423048ibn battery to two
variantsof the BC protocol with 4.5 :a CCCCCV of 4.4\ and a
(CCCV¥of4.3V® . In this comparison, the (CCCMjepicted aslightly
better curve when contrasted with the standard 1C CCCV, indicating the high initial
currents can be applied with no extra damage to the battery. In addition, the result
suggests that the currents at higher SOC have more influence on aginghas for
CCCV protocols, the decreasing CV phase initiated at a higher SOC compared to
the two other BC protocols. Nevertheless, the CCCCCYV protocol had the highest
aging rate of the three, probably caused mainly by the higher voltage achieved in
the boost phas

The boost phase in charging concerning the beginning of the period was
observed in[11] research. The CC boost phase counted with either five or six
minutes duration, depending on the cell, charging 40%enf tapacity. They based
their designed protocols on the previous resefIr8h also taking theo

above theo  but by 50mV. Out of the three profiles with boost interval starting

16
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at 0, 10 and 20% SOC, the last presented thedmdt in botlSanyo UR18650SA
1.25Ah and a A123 APR18650M1A 1.1Ahcells. Yet, the high current BC
protocols were found to be detrimental to the batteries as the charging time is about
in the middle of 1C and 3C CCCYV protocols, but with similar agintpef3C one.

The authors inferred that the results might be a cause of the greater changes in the
anode volume or the higher internal resistances that lead to lithium plating at earlier
stages o650C, and further investigation was required to baiteterstand the real

cause Denominatedin [21] as a multistage fast charging technigaeboost
charging protocolCCCCCV type capable of chaimp the tested celin twenty
minuteswas proposedTheir extensive test showed similar capacity retention
compared to the standard charging protocol
charging tine almost three times slower, indicating no further degradation occurred

to the cell.

2.5 PulseCharging Protocol

Presenting as a more dynamic charging strategy, pulse charging (PCkappear
in the literature claiming benefits to battery lifess a characterigti thisprofile has
sudden changes in tleirrent amplitudeapplied into the storage devjderming

periodic waves. liconsistsin decreasing the charging curré® to a lower

current’O ,To a restperiod (no current flow, or even change the directiar
amperage disanging the cell for arief perial (configuring a alternate current
profile), Figure2.6. It is over either after a spiéied period or when the terminal

voltageexceeds predefined value as in other charging methodologies.

17
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Figure2.6: lllustrative ofpulse protocol$ollowed by CV phase(a) PC with rest, (b) PC

with positive lower current, and (c) PC with negative lower current.
The PC also serves as a final charging phase replacing the CV charging to
take the cell towards its full capacity as the M&gure2.7. As there is no need
for voltage control asvith CV and variable amperage amplitudigs in MMC, it

offers a lower implementation cost. The PC phase starts after the terminal voltage

18
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reaches a prdefined voltageo that is lower than the maximum voltage

The pulsecurrent”©  works just like when used in the main chagiphase;
however, the pauses obey a minimum pause duration and a predefined
voltagew lower thanw . When a pulse is ceased, a rest period starts, and
voltage drops towarde) . The restperiod lasts until the wo requirements,
terminal voltage hitso ando are met. The charging process comes to
a halt when the cell voltage takes more than a maximum period to reach

@ .Due to no clamp of the voltage at the gslso  shall be reasonably lower
thanw  so the cell voltage does not surpass too miich when the pulse is
applied Thecloseto  istow more capacity utilization of the cell is achieved.
Nevertheless, the strateggmes with more degradation of the battery because of

higher voltages of the terminal during the puldds.

—CC
—PC

o

2

<

0

o

0 0

Time [Min]

Figure2.7: lllustrative curve of Constarf@urrent Pulse Charging protocol.

Apart from being used in fast charging phases and as the last phase of a

charging protocol, the PC is used alternatively to other methods to preheat batteries
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in lower temperature environmeraad recuperates the cell kimgtimproving its

performancg22].

2.5.1 Pulse Chargingn the Literature

Lithium-ion diffusion speed in the electrode isracialfactor when charging
a Li-ion cell [23]. With higher rate chargg, concentration polarization is more
susceptible and causes a faster increase in the voltage towards the upper limit. Pulse
charging is claimed to ease this concentration polarization, enabling a higher power
transfer ratespeeding up battery charginfess to verify these statements were
performed on Sony US18650S 900 mAh cell§28}. They concludethatthe cells
submitted to pulse charging presented higlastive material utilization
engendering higher discharging capacity andreasedbattery lifespanThe study
alsoanalyzedests performed with scanning electron microscopy (SEM) aray X
diffraction (XRD) that showed better inhibition of passive film growth on the anode
and superior stability of the cathode material.

Variatiors of Pulsecharging profie have been investigateth [24], various
charging protocolsuch asCC, CCCV and the named by the authizenstant
currentconstant voltage with negative pulse (C&NP)o were employedon
Lithium-ion EIG 7 Ah LiFePO4based cellgo study the influence frequency,
period and amplitude ohegative pulse (NP) on cell aginghe CGCVNP
protocols were designeid approacmegative pulse and rest period at the same
protocol exampleshown inFigure2.8. Resilts showedhatprotocols with the same

amount of time spent on negative pulses spreaddre extendegeriods along
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charging bring more positive effects than the smaller periods applied at a higher
frequency.Moreover, the lower amplitude of NRsting longer versus higher
amplitude in a briefer period resulting in the same amount of armpeirs taken

out of the battery during these pulses also leads to the assuitigatitime longer

time spent on a single negative pulse mere to offer for batte life than the

pulse amplitude.

PC
Cv
S
2
T N
00 10

Time [Min]
Figure2.8: lllustrative image of constant currecnstant voltage with negative pulse
(CC-CVNP), based oifi24].

The sameEIG 7Ah high power celivas studiedposteriorly to[24] work.
Expecting better active material utilization and the possible effect ofohi
diffusion on the electrolyte/active aterial particles interface through a decreased
diffusion resistance using very low frequency (mHi2}] investigaeédthenegative
pulse impact in fastharging. They designeahd performed aging tests with eight
different charging protocal$wo with negative pulses and rest period incorporated
reaching a rate of up to 4C. After 1700 cycles, the results revealed that both

strategieswith negative pulse had better capacity mttion than the constant
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current constant voltage anBlus, even wherompared against the multistage
constant current constant voltage protocofslower mean currentthese two
protocols had higher capacity retentidrhe study also brought better numgbe
favouring the negative pulse protocols concerning ohmic resistance, charge transfer
resistance, passivation resistance, and diffusion resistanngjbuting to the
acceleration of Li+ ions diffusion through the actiaaterials

The pulse frequency was studied[ir1] with two different cells, a Sanyo
UR18650SA 1.25Ah anched123 APR18650M1A 1.1 Ah. Using50% dutycycle

(6 /0 ), meaning half the time the current is at the higher amperage, the

designedprotocols had 544C Sanyo and 4.5C A12350 and 1A5A (0.8C

Sanyo and 0.9C A123s0 , forming a 3A5A (2.4C Sanyo and 2.7C A123)
mean current profile. Thauthors designed 1 Hz and 25 Hz PC protocols to
investigate further thdéindings form [26] that stated different impacbn cells
performance above and below ~10 Hz cycle PC. The test outcome confirmed the
expectations with a slightly better performance of the 25Hz protocol over the 1Hz
one for Sanyd& cell. However, for theA123 cell, the result was a negligible
difference in the capacity fade of the PC protocols andAh€ BCV one.

The use of plse charging in place of constardltage protocolss the last
phase othe charging methodologwas alsaestedin [11]. They revealed that the
PC charges the batteries up to different SOC with the same algorithm, 82%, 92%
and 98% for the three cells tested. Additionally, the PC phase takes longer than the

usual CV period. Lasththey demonstrated the protocols, even surpassing the
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by around 70mV did not degrathe cell as much as the CCCV with set 50mV
abovew , also tested in the research, staying with a similar performance of the

standard CCCV ahesane CC current amplitude.

2.6 Constant Power Protocol

Constant Power (CRjases on the currei@ following its relationship with
voltage®w (O ® z'0) to result in the constant powér input into the
battery. CPcharging isthen characterizé as a protocol that starts with a high
current that decays along with time until the increasing voltage hits thg27],

Figure2.9.

C-rate [C]

Time [Min]

Figure2.9: lllustrative curve of Constant Power protocol.

2.6.1 Constant Power in the Literature

The ®nstant current protocol followed by a CV (CPCV) was evaluated
against CCCV and MCCCV protocolstime[27] studies. They submitted the cells
to 0.5C current mean up to cycle one hundred and increased theunestto 1C

until the cells enebf-life. Interestingly, the CP charging had a slightly higher
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cgpacity fading up to th€-rate rise, with the numbers invertiagd favouring CP

past cycle twehundredth.

2.7 Unusual Charging Protocols

2.7.1 Adaptive Charging Protocols

More complex charging protocols involving temperature control, function of
voltage orinternal resistance are proposed in the literature. Using atigene
algorithm, a multistage constant heat{iM)CH) strategy was developed jth4].

The study accomplished to reduce by 9% the charging time while maintaining the
cell temperature lower than the conventional CCCV approach depending on the
environment temperature testdd. the sameline, [28] proposed theconstant
temperature constantoltage (CTCV)adjustable to both cell and environment
temperature. They accomplished to reproduce different scenarios of cooling and
confirmed the designed CTCYV algorithm could improve the charging time by 20%
while maintaining the maximm temperature similar to the 1C CCCV profile.

A universalvoltageprotocol (UVP) was developed and tested4f] study
to adapt to cell aging and be employed on celtt@$ame design regardlestthe
numberof cycles. The protocol dictates a voltage path resulting in a nonlinear
current profile that starts low with a high ascending slope at the early SOC stages,
reaching its peak around 15% SOC, and then a descending curve up to the charging

end,Figure2.10.
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C-rate [C]

Time [Min]
Figure2.10: lllustrative curve of the Universal Voltage Protocol, adapted f&gh

Aging tests were conducted with U\&nd2C CCCV protocols of similar
charging time and proved #&ffectively maintainthe charging efficiency across
tess and improve the battery life cycles by more than 3.5 times the 2C CCCV
protocol.

A method formed of a periodic flow of three phases, the search mode, the
charge mode, and the full charge detect mode resulting in a variable frequency pulse
charging of fixed voltage amplitude (4.2V), was developed and propogad]in
The study showed an improvement of 10% in charging time ofvén@ble
frequencypulse chargng (VFPC) when compared to pulse charging of fixed
frequency. A 14% faster charging was achieved withltty variedvoltagepulse
chargng (DVVPC) in comparison to the CCCV protocol[81]. Additionally, the
charge efficiency was improved by 3.4% in the camgon.

In [32], they introduced an impedance tracking method to detect lithium
plating offline and online through the impedance differential and be used as a

trigger to decrease the charging current amplitude in fast charging. With the
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requirement of a brief pause of 0.5s on e®DCpercentage, both methods induce

the charging profileso be a multistage pulse charging protocol of variable duty.
The work compared the profiles originated from the two 1C PC with the same rest
period. The offline and online protocols reached 1.75 and 3.5 times the lifespan PC

algorithm provided but at thexpense of increasg 20%thecharging time.

2.7.2 Other Charging Protocols

Cold derating (M) algorithmwas explored if33], Figure2.11. It starts with
a low increasing current lasting the first SOCs fokoMby a CC phase up to the
end of the charging or a next phase to charge the battery completely. The protocol
is said to prevent the start of lithium plating since the kinetics is inferior at low
SOCs, and the high charging load launched right awahe charging process
would favairr the degradation mechanig®3]. The overpotentialreserve (OPR)
protocol Figure2.11, on the other hand, has a higdnstanturrent start followed
by a nonlinear diminishing currefallowing the curve of the opegircuit potential
of the negative electrode. The strategy is driven by the ggmthat the negative
overpotential inthe electrolyte/negative electrode interface shall not surpass the
overpotential dictated by the negative electrode apeit potential to avoidhe

lithium plating trigge34].
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Figure2.11: lllustrative image ofa) pure Cold Derating ang) Overpotential reserve

superimposed on a 1C constant current protectaptedrom [33].

Cold derating (CD)overpotentiareserve (OPR@lternatingcurrent (AC) of
2.5Hz frequency an80% duty cycle, and currentinterrupt (CI) 90% duty cycle,
these last two configuring pulse charging protocols, were approached in designed
charging profiles based on strong physical theories to mitigate degradd®&h. in
All four neutral mean current protocols and fourteen combinations middéem
selected using statistical analysis to reduce the number of experiments preserving
the significance level of the results were superimposed on a 1C constant current
profile. As a benchmark, four cells were tested with pure 1C CC protocols forming
twenty-two experiments in total. The aging tests comprised charging the batteries
from 0 to 80% SOC with no CV phase to balance the electrodes. The novel had
some surprising outcomes, such as the poor performance of the CD protocol that
had its enebf-life earlier than any profile tested and the best being profiles with all
four algorithms applied togethedepicting more than double the Cimethod
lifespan. Other conclusions welteatthe OPRshow itself as the most effective in

preserving the cell aging as the best results came from profiles containing the
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method. Moreover, making a rank out of the four pure superimposed charging
profiles, the best was the OPR, followed by AC, CI, and CD.
Thelinearcurrentdecay (LCD) protocol was explored[i85] andassertedo
charge the battery 2.5 times faster than the constant current profile. The protocol
that follows the equatio® 6 O "QpwhereOandQare arbitrary values for
initial current and slope of the diminisichirve, respectively, was later analyzed in
[12] and considered a not worthy approach to fast charging due to some dewnside
such as the inability of the algorithm to take the battery to its full capacity utilization
and a lower lifespan. To overcome LCD limitations, they proposed an algorithm
so-calledvaryingcurrentdecay (VCD) that was able to charge the battery to about
98% capacity, the same capacity as its contestants CCCV and CV profiles. The
algorithm comprised a first 3.57C CC short phase up to the point the cell hit a cut

off voltage followed by the varying current decay dictated by the equ@tian

'O Q6 TQ0 Q0. The comparison showed the proposed protocol was able
to charge the battery from 0 to 80% SOC about fifteen percent faster than the CV
methods and still have a slower capacity fade after 150 cycles.

A study conducted ifi36] compared the proposed sinusoidal ripple current
(SRC) and CCCV concerning capacity charged, efficiency, temperature rise,
charging time and cycle lifeThe latest twavereimproved around 17% and 16%
compared to the standard CC(¥spectively. The work also matched PC with rest

period to SRC, indicating in their findings that both protocols presented a similar
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performance on the frequencies tested, except for the cycle life not performed in

PC profile.

2.8 Concluding Remarks

The literature shows controversy in the consensus of an optimal charging
protocol to prevent the battery from agimtigalso exposes the particular behaviour
to charging algorithms of each energy storage device that can not be freely extended
to others due to design characteristics that influence different phenomena, such as
the stress in electrodes and temperature gradWoreover most of the research
focuses on thefistandard temperature of 25 degre€elsius contrary to theEV
marketthatconcentrategn North America, Europe and China, cold regions of the
planet.Hence there should be more effort to understandrifiaence of charging
protocols toovercome the conditions and obstacles faced in these markets
effectively. Nevertheless considering the results presentaulilse charging
protocols show an overall good outcome in most ofsthdiesit is implemented

ard should be considered a candidatebattery aging minimization.
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Chapter 3
Batter \Ch@dragred oHeal t h

Esti mattatoe : o f t he Ar t

Thegrowing market of electrified vehicles requires efforts from car manufacturers
to build robust systems to deal with all types of situatitheir products will face
in customer8hands.A major system of electrified vehicles is the energy storage
unit[37]. The complexy of batteries liegn their nonlinear behaviour thigthighly
dependent on external components such as temperature and dynamic load required
from it. For a good estimation of these behaviours, the battery management system
relies on estimation algahims that inform the states tifestorage unjtsuch: State
of charge (SOC), state of health (SOH), and state of p(&@P). Widely studied
in the industry and academia, SOC estimation is commonly considered one of the
most significant functions in a BMB8]. Still, SOH is attracting more interest
because of its importance in the automotive application fpp@ting a more
consistent SOC and SOP estimation.

State estimation is characterized by the indirect extraction of hidden states
from uncertain and inaccurate measurem§®®. The literature contains many

techniques to estimate the states and parameters of linear and nonlinear systems.
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Generally, the accuracy of these methods is directly cekateheir complexity.
Electrochemical models, for instance, provide the lowest errors yet with the cost of
being the most computationakxpensivg38]. Opencircuit voltage based models
offer the lowest implementation difficulty along witlgaod result; however, their
applications ardimited to the usage of the device it is implementégjure 3.1
illustratesthe normalzed range okfrrorsand implementation complexityf the

SOC estimation methodghere the top of the chart means a higher degree.

=

0

2 S 2 <) 2 S 2 <) 2 S 2 S
X = X = X - X = X = X =
Q I o w o I o w o I Q w
[oF Q. [oX Qo Q. o

S IS S IS S S

o o O o o o

@) @) o @) @) @)

Ampere Hour ECM based Electrochemicallmpedance or  Machine OCV Based
counting | combined with based Resistance Learning based
Adaptive Filter based

Figure3.1: Normalzed range of the complexity and error for battery SOC estimation
methods, adapted frof88].

This chapter explores some of the stafecharge and health methods studied
in the literature that could contribute to a reliable BMS deswgrchinelearning
techngues are not addressed in this wddowever, a great review of the method

applied to battery state of charge and health estimation is fo#d]in
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3.1 Battery State of Charge EstimationMethods

Described as the battery's available capacity concerning its rated cé@jacity
[41], hence, expressad percentagethe stée of charge estimation plays a key
whole in the BMS. An accurate SOC estimation is a complex assignment given not
only by the fact that direct measurement of the parameter is not possible with the
device being used, but batteries of different chemistries have divergence in
behaviour, present different features as they age and are tempdegiarelent,
and the diversy of applications they are submittéithe concept is directly related
to range anxiety, and much effort has been put into it for a reliable estirf#]jon
[43], [44], [45], [46], [47], by the employment of a variety of estimation methods

as shown irkFigure3.2 andTable3.1, and reviewed in the following topics.

Experimental

Impedance measurement

Recursive Least
Square based

Equivalent circuit models
and Electrochemical

Model-based |l models ml Kalman Filter based
B methods

Adaptive Filtering [ g Vm;ﬂ)tﬁ_ ]S)g:e%ture

Particle Filter
based

M Machine Learning [l Il F Logi M H-infinity Filter
methods uzzy Logie based

Support Vector
Regression

Neural Network

Battery State of Charge Methods

Figure3.2: State of charge estimation methods.
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Table3.1: Battery SOC estimation methods results.

Work Method Data Profile Error [%)]

EKF 0.15 (RMSE)
[42]* UKF UDDS 0.12 (RMSE)
CKF 0.11 (RMSE)

EKF 1.5 (RMSE)

[46] UKF BJDC 1.3 (RMSE)
[48] AEKF UDDS ~1.0 (RMSE)
EKF 3.2 (Mean)

[49] AEKF ubDS 1.0 (Mean)
[50] UKF DST 3.1 (RMSE)
SVSF 2.4 (RMSE)

*%*

[51] EKF UDDS 2.7 (RMSE)
EKF 4.7 (RMSE)

[52] SVSF uUDDS 3.6 (RMSE)
VBL-SVSF 2.6 (RMSE)

*80% initial SOC offset
**15% initial SOC offset

3.1.1 Coulomb Counting
Coulomb counting is a widely used method for state of charging estimation
that involves integratingthe currentflow through the batteryn a time interval.
Hence, error in current measurement is one of the sources that could make the
method inaccuratédditionally, it ishighly dependent on an accurate initial SOC

and battery capacity, as demonstrated in the following equafion

Y0 O YU @ b'—QO 3.1

whereYO @ is the initial SOC+-is theCoulombic efficiency;Q0 stands for th

currentat instan, andd is the nominal capacityf the batter
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According to[53], besides the uncertaintyttfeb at t er yds nomi nal c a
dictated by battery state of health anditiigal SOC current integration thought
time, current measuremenand timing oscillator wuld also affect the SOC
estimation with coulomb countinf38] adds the selflischarging as an error input
into the method. With all cons, it is computationally inexpensive for its low

complexity[38].

3.1.2 OpenCircuit Voltage(OCV) Based

This SOC estimation method involveseasuringthe battery voltage in an
opencircuit state (no load) and posteriorly transforghthe voltage to SOC
through the SOE@CYV relationship curve acquired with extensive testing at
different temperatugeand state of health[38]. This is because the SGWCV
relationship changes over temperat[t4], [55] and cycle life[56]. The method
presents somebstacleghat make it unfeasible in certain conditions once it needs
a rest period of about three for the battery relaxatioaxabitedin [57] and when
applied on batteries with flat SGQVC curves as produced by LiFePRattery
type demonstrated if58]. However, in electric vehicles, this method can be
employed whenever the system is powered up, which would give a reasonably close
SOC value of theack if the rest period for battery relaxation has not reached the

OCV stateFurthermore, the technique requires low computational ¢66it
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3.1.3 EquivalentCircuit Model (ECM)

ECM based SOC estimation is currently the most used SOC estimation
method in online applicationb9], [60]. The model lies on arrangements of
resistances and capacitancgsch as the most conem internal resistance (Rint)
model[61] and nresistorcapacitor (RC) modelg62], Table 3.2, to capture the
battery dynamics under charge/dischargeent With the model, the OVC can be
estimated and posteriorly, the SE@ICV relationship is applied to acquire the
battery state of chargi88] refers to a second tactic that utilizes a predefined SOC
to calculate the cell terminal voltageat is matched with the measurement. This
approach entails the use of other SOC estimation algorithms such as Extended

Kalman Filter (EKF) to calculate the final SOC.

Table3.2: Equivalent Circuit Modelexampe.

ECM Schematic Equation

.RO
Rint [61] Ve L V8

© v

WO &gp YO

R R,
R N , , -
Secondorder 1 . . OF P op  —0

R-2RC[63] V..l vV 1 G [ G [}

1 L w0 w i Wy Wy YO
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3.14 ElectrochemicaModel

Because of the capability of modelling the lithium diffusion in the electrolyte
and electrodes, electrochemical models have been broadly studied in the literature
[9]. The method approachs a set of partial differential equatioj@®] to simulate
the mass transfer, the thermodynamics and the chemical dynamics of the battery
[38]. Although it has a higher accuracy whemmpared to ECM models, it also
requires a more robust computational capacity and has parameters that are generally

not given by the battery produdéf].

3.15 Kalman Filterbased

The method was first introduced in 1960 as a new approach to linear filtering
[64]but not r ef er r e@F)atthe tameKFnas ademeatensifely | t er 0
studied and appears as the most utilized state estimation njé8jp{b6]. The
method works in a prediat@orrecor mode. The prediction phasaso named
priori, uses a model to predict the current state, ghpasterioriphase refines the

states through a gain calculated with ¢hpriori covariance estimaté s and

the measurement covariaride

When weeldefined,KF provides the most accurate estiroatifor a linear
system with Gaussiamhite noise[66]. Themethod is characterized by the process
and measurement noise that directly influences the stability and performance of the
estimation. Its tuning is obtained through the covariance matrices, where the

measurement nois@ R g¢an be simply attained with theensor used in the
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experiment In contrastthe process noiseovariancefi Q bas to be attributed by
trial and error

Kalman filter has many vants like thanost sprea@xtended Kalman filter
(EKF), unscented Kalman filter (UKH®7], cubature Kalman Filter (CKHBS8],
guadrature Kalman filtg69], adaptive extended and unscented Kalman fil#€s
[71], created for nonlinear systarastimationasthe orignal algorithm islimited
to linear systemsThese extensions have been vastly studied in the literature for
SOC estimation[72] used hardwaren the loop to validate the battery SOC
estimation of a ® R-2RC model coupled with EKF46] used a Beijing Driving
Cycle (BJDC) to validate a cubature Kalman Filter showing its superiority in
Battery SOC estimation overgHEKF algorithm[48] developed aslorder RRC
model with an adaptive extended Kalmatefil AEKF) for battery SOC estimation
reaching RMSE undeit% for UDDSand a maximum error of 29An AEKF was
also developed i49] and compared with the standard version EKF. However,
differently from [48], this work combined a"? order R2ZRC ECM with the
algorithms to estimate the battery SOC ran in therfddurban driving schedule.
The results exhibited 3.2% and 1% mean SOC error for the EKF and AEKEF,
respectively.

A UKF was employed with a simple R model for SOC estimati¢®0ih The
algorithm gave a reasonably good estimation given the limited battery model and
the flat OCMSOC curve from the LiFeO4 battery, under 3% RMSE, for all cases

testedwith an initial SOC offsetThe work in[42] compared the SOC estimation
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performance of the EKF, CKF anigjsia-point Kalman filter (SPKFjor a F'order

R-RC ECM. The study concluded that EKF has the poorest convergence results to
true value when aoffset is aplied to the initial SOC and the highest RMSE. SPKF
showed similar SOC RMSE and computation time to the CKF; however,
convergence time was close to EKF. CKF was considered the fittest regarding the
tradeoff it offers with respect to the computation timedaestimation accuracy of
around 0.1% RMSE for the UDD@rive cycle EKF and UKF had their
performancenatched in the battery SOC estimation under CC discharge and CC
charge/discharge cycles i#5] work. UKF presented lower errors in both

scenarios.

3.1.5.1 Extended Kalman Filter (EKF)
Created from KF, the extended Kalman filter addresses nonlinear systems
[39]. The standardKalman filter discussed previously assumes the linear form
shown in equation8.2 and3.3
W @ @ 07, 3.2
oy Oy U p 3.3
Wherew ¢  stands for the state estimai@s the system matrixQOis the input matrix,
6 theinputgHy , the measurement estimat®js the output matrix and, the

0 andv  are the system and measurement noise, respectively.

The battery SOCstimation configures a nonlinear system; therefore, KF

cannot address it. For that matter, the extended Kalman filter should be employed
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instead. The method works very similarly to the KF, except for the facthinat

system matrixGand the output mak ‘Oare timevarying based on the state estimate

[73]. For the computation of the functioigand they must be linearized after their
Jacobiands as de 8.d4and3@S. Thesdinearipatioa grauadt i on s
the state estimate makes EKF sftimal and creates uncertainties that could lead

to the instability of the filtef74], limiting the use of the filter in several real world

applicationg75].

0 T Q
o - 3.4
s
— 10
O o 3.5

s h
The EKF process is illustrated Table 3.3 where the state estimaie;
the measurement vect@Hy and covariance estimafr—:S are computed in the

prediction step. Posteriorly, in the second step, the gaithe refinement of the

predicted state estimade;  andcovariance estimate s are processed.
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Table3.3: Extended Kalman filter algorithm.

Prediction (A priori)

State estimate W N ¢ B W
Measurement vector oy (g oMl
Covariance estimate 0 o0 ¢ O 0

Kalman gain b Ly O 0Ly O Y
State estimate Ws Wy 0 ol W p )
Covariance estimate 0g U 0 00

3.1.5.2 Unscented Kalman Filter (UKF)

The UKF is another variant of KF employed in nonlinear systei«s:. is a
type of sigma point Kalman filter (SPKEmong othelUKF variantslike the
general, simplex, and spherical unscef3®d, [76]. Instead of linearizing the state
space equations through the Tayeries expansionSPKF approaches the
linearization by a weighted statisticahdar regressiomproducing a few numbers
designated as sigma poirtg6]. Subsequently, these sigma points are used to
determine the posterioriestimate for the probability distribution.

UKF works similarly to Monte Carlo mlebds, except that it empleya much

smallernumber of points to estimate the amend covaance of the systef39].
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In UKF, a minimal number of points around the mean are seletiedng a
deterministic sampling strategy called unscented transform {WI9 tactic makes
the UKF more accurate than EKF that has esriotroduced into the mean and
covariance through the linearizatipf2]. A schematic of the difference between

the linearization and UT is illustrated Figure3.3.

Lmeanzed
(a) covariance Lmeanzed
ean
Linearization
.—-"
Cm ariance T / T
}ulean / rue mean Tue covariance

h @ Iranformed
Sigma points

- "UT covariance
UT mean g

Figure3.3: EKF Linearization (a) and UKF unscented transform &dppted fronfi74].
As in the KF and EKF, UKF also works in a prddrecorrection way and has

as a first step the calculation of the sigma points shown in equEsi{30].

n o Qmn
no of 0 Q pB R 36
no of I Q pB R

where thew ¢ is ann-dimensional statesf ¢ is an approximated mean,

~

L ¢ isan approximated covariance. Theagpaeter| is Ve Q

The weightcoefficientsare computed next with the scaling facf@equation

3.7.
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0 Q& Qh Q1 37
O pict Qh "Q phB e '
The rest of the method processlescribedn the followingTable3.4 [39].

Table3.4: Unscented Kalman filter algorithm.

Prediction (A priori)

State modeligma

: . n "on
point propagation ?
Statemean Wg 0Ny
<3
State error ~ .Y - o oY
covariance Vs Vollgop Waop Naop Waop
an
Measurement
sigma point l an
propagation
Measurement mea Wy 0| s
Correction (A posterior)
CE
Measurement 5o 60l . l . Y
covariance he al s Cgap L s ®ea p
an
CE
Crosscovariance 0 f ) oo N O . h
U hs OoNGop Wgop | g D0 p
Qn
Kalman gain 0 0 fg O ks
State estimate Ws Wg L U gy,
Covariance = > o x
: 0 0 VL j Q
estimate g g hs
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3.1.6 Variable Structure Filtebased

In 2003, Saeid Habibi introduced thariable structure filter (VSF) concept
developed for linear applicatio€5]. Later in 2006, the author propdsa new
formulation of the methods named extended variable structure filter (EVSF) to
estimate nonlinear systenjg7]. In the subsequent yeahe smooth variable
structure filter (SVSF) concept was introduced78] to eliminate the chattering
effect that can reduce the estimation éfficy [39].

The algorithm has been implemented and benchmarked against other
estimation techniquespplied for SOC estimatioisVSF and EKF were applied in
six different battery models, a combined model, a simple mpelelstate and one
state hysteresis models, amthanced sel€orrecting modelof two and fourstates
to benchmark their accuracy in the SOC estimd##i®h The work showed through
UDDS cycle that ehanced seltorrecting model(four-state) delivered the best
terminal voltage among all six models and conclutiedSVSF provides superior
estimation accuracy than EKF when combined with the same battery model.

In [51], SVSF was implemented for SOC estimation along witstuupper
triangular and diagonal recursive least squéfeDRLS) andrecursive total least
squares(RTLS) algorithnms, processing parameter identification and capacity,
respectively, and benchmarkedaatst a dual extended Kalman filter model. The
simulations demonstrated that the model offered a slightly higher SOC estimation
precision than the DEKF and stated to be computationally more efficient. The

algorithm had its robustness tested80]. The work appsach was based on an
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offline parameter estimation by a genetic algorithm (GA) of a new and aged cell
providing just one set of a firsrder RRC ECM for the entire SOC range.
Providing the limited ECM model, SVSF could quickly converge to the true value,
initial SOC set in 80 and 50% for the new and aged cell, respectively, in the mix of
UDDS, HWFET, and US06, up to about 50% SOC when it diverged. A higher
order ECM and sets of parameters for different SOC levels would probably solve
the issue.

A new varant of the SVSF was presented, namely SVSF with a variable
boundary layer (SVSIWBL) [66]. Its capability was later explored [B2] against
the SVSF andEKF in estimating a simulated vehidebattery SOC and terminal
voltage in AVL CRUISE software. SVS¥BL outperformed the two other

estimators, with EKF offering the least reliable estimation.

3.1.6.1 Variable Structure Filter (VSF)

The VSF is a state estimatistrategythat can be employed in linear systems.
The method, which operates in a prediatorrector mode, works with a gain that
directs the state towards the true value switching it back and forth, resulting in a
discontinuous corrective action withima e xi st ence spacg b of
Figure3.4. Differentfrom the Kalman filter, the strategy eases the trial error tuning
[65]. The concept aims at the stability and convergence of the state in high
modelling uncertaities where Kalman filtebased algorithms may have the

estimation compromisg@9].

44



M.A.Sc. Thesig Josimar da S. Dugue McMasteri Mechanical Engineering

The estination process is given ifable3.5 [65]. Where asa first step, the
state estimate predictiang  is calculated by means of the system magrj the
previous a posteriori state ¢ , the control matrixXQ and the inputontrol
vector0 . The measurement estimate and error are computed terminating the
prediction phase. In the method correction phase the VSF gain is computed with
the equation described irable3.5. Where the'O stands for the pseudoinverse of
the output matrix, the is the onstant diagonal gain matrix with elemefxs, 2 is
the Schur productw  andw are the measurement and system noise upper
bounds, respectively, , and O indicate the upper bounds for
uncertainties. Finally, the state updated is calculated.

Table3.5: Variable structure filter algorithm.

Prediction (A priori)

Stateestimate W Bo L C))
Measurement estimat aHy Qb g
Measurement error Q. a aHy

Correction (A posterior)
0 B O €®Bs [80s 0 s

s O, 4as sOs
E Os |, 00

VSF gain . .
| $ 01 os SR
B 00 s w s
2% Q
S
Estimate update Wy Wg 0
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3.1.6.2 Smooth Variable Structure Filter (SVSF)

The SVSFsurgedas an improved version of the V8fat can bemployed
in nonlinear systems[39]. The method is considered to be robust to model
uncertainties[66], providing some features described as follow8]: SVSF
performance is improved when the upper bounds are well defined, offering the
robustness from the variable structure control concept; the trial and error tuning is
alleviated due to the possibility of recognizing the uncertainty source and
specifying a bound to it; it has a second performance indicator other filters such
Kalmanbasel, and particle filters are not elaboratedhwibat can measure the
degree ofmodellinguncertainty

In the strategy concept, the estimated state is directed to the existence space

b t hat varies over ti me and estmmatioais n s

t hen forced t o r e migcontinueus dornectine aftiaridnighn er at i n g

frequency chattering effect bringing degradation to the estimati¢89]. To
overcomethis detrimentakffect, a smooth function called smooth boundary layer
, lllustrated inFigure 3.4 (b), of known width can be incorporated into the gain

depictedn Table3.6 through a saturation functi@quatiorn3.8. However, the state

smoothing is only provided if > b , ot herwise the chatter:i

t he exi st §8].cThe filempcanveegenbe is dictated by thaV ue of

(diagonal gain, coefficient matrix) that is set to be between zero and one.
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Figure3.4: VSF(a) and SVSF (bdtate estimation conceptadapted fronji78].

o p
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' n P

SVSF process presentedTiable 3.6 [78] starts with thenorlinearfunction
composed of a posteriostates estimate» of previous ste@nd the input
vector 6 to obtain te prediction of the state estimaig; . Measurement
estimate anérror are calculated as in VSFhe correction phasmunts on the SVSF gain
obtained using thpredictedmeasurement errd® , 4 prosteriorerror'Q . from
last ste@nd the smooth bouradty layer andcoefficient matrixo tunedfor chattering
effect diminishing anénsurestability, respectivelyFinally, measurement estimate

and eror are computed for the next step calculation.
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Table3.6: Smooth variable structure filter algorithm

Prediction (A priori)

State estimate W Qw ¢
Measurement . o~
estimate ary Qo
Measurement erro Q . a  oHy

Correction (A posterior)

0 (O RONOIAN )] . [ Q

$

SVSF gain o )
Zi op Q . Q QQQE%
Estimate update Wy Wy 0 Q.
Measurement : v~ A
estimate ) Ow,
Measurement erro| Q. a oy

3.1.6.3 Smooth Variable Structure Filter with Variable Boundary
Layer (SVSFVBL)

The standard SVSF considers a constant smooth boundary layer set based on
the knowledge of the system covering the model uncertainties and the upper limit
of measurement noigd9]. This approach can lead tacanservative choice of the
boundary layer preveinig the algorithm from reaching optimal estimation. The
SVSFVBL was promsed in[66] to address this conservative boundary setting
througha partial derivative of tha posterioricovariance matrix concerning the

smooth boundary layer, equati81®, to obtain the tim&arying smooth boundary
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layerf , leading to an optimal state estimation as in the Kalman filteg] is

denoted as the upper and lower optimal boundery layers depidtegline 3.5.

Amplitude

E

3

T ol QWQ
T

L 3.9

_.Upper limit for boundary layer

Upper optimal boundary laver

System
State
Trajectory

Time

Figure3.5: SVSFVBL well-defined case, adapted frd66].

The methodbffers an optimal state estimation from KF and the robustness

imposed by the SVSF algorithm through a saturation function illustratédure

3.6 that verifies the width of the tim&arying smooth boundary layer against

the constant smooth boundary layer, here referred to as Upper and lower limit for

boundary layer , employed in the standard SVSF. Noterigure 3.5 thef

amplitude varies over time in relation to the system state trajectory and remains

within upper and lower . This scenario means the model had the case well

designed not presenting any fault that requires the standard SVSF gain to take over

to maintain stability.
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Prediction stage

Smoothing boundary
layer i, calculation

No Yes
Standard SVSF gamn SVSF-VBL or KF gain

o e

\I/

Update stage

Figure3.6: Summary of the SVSWBL strategyfor state estimation stabilitadapted
from [66].

The algorithm process has the exact prediction stage calculations found in the
EKF when treating a nonlinear system with the state estimate aradiazme
matrix. The correction phase of the method begins with the calculation of the
smooth boundary layer according to the combined error and the
measurement/measurement covariafi¢ehat is illustrated asO 0 s O
Y , Table3.7. At this point, the saturation function, equat®hO, is applied to
verify the gain to be used at the step. Posteriorly, the state and covariance estimates
are updated.

"YOUY@ 6 ROME T r
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Table3.7: SVSFwith variableboundarylayeralgorithm.

Prediction (A priori)

State estimate W Qw ¢ b W
Measurement estimat aHy Qw g
Measurement error Q. o ay
Covariance estimate 0 o0 ¢ O 0

Combined error O Q [ Q

Smoothingboundary

layer
VBL gain 0 'O O7
Estimate update Wy W b Q.
Covariance estimate 0 O 0003 O 0O 0'YO
Measurenent estimate ay Owg
Measurement error Q. a

3.1.7 ParticleFilter (PF)

Patrticle filter is employed to estimagéates of nonlinear systems with ron
Gaussian noise distributi¢®9], [81]. The approximation of the probability density

function or nonlinear characteristics is achievedapplying the Monte Carlo
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technique with a random set pdrticles[81]. That makes PF a method that works
in a global approach, which brings a higher computational cost, making the method
impractical for cedin online applications. Nevertheless, it has attracted more

attention in the past decade due to improvements in computational [3@lver

3.1.8 HHb Filter

The Hinfinity filter theory was introduced i[82]. The technique is a robust
filter that is not affected by the process and measurement noises at specific
condiions. However, its performance might be impacted by battery aging and
temperaturg¢81]. Contrarily to Kalman based filters Hiifilter can handle nonzero

mean uncertainties.

3.2 Battery State of Health EstimationMethods

To ensure a safe operation and provide accurate informationthbbattery
states of electric vehicles, battery management systems (BMSs) are required. One
of the challenges BMS faces is idering the battery state of health (SOH) that is
essential for energy management and vehicle perform&aid. estimation uses
some indicators to describe the state, and two of the most used are the battery
capacity and the internal resistaf88]. While the capacity is related to the energy
stored in the battery and thehicle's driving rang, the internal resistance impacts
the power delivered by the storage system. Along the time, internal resistance

increases and capacity decreases. For vehicle purposes, the end of life (EoF) is
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considered when the energy storage unit delivers 80% diiiital icapacity[3],
[84], [85].

According to [37], there are basically threBOH estimation methods:
Experimental methods, Modbhsed methods (including adaptive filtering) and

Machine Learning methodBigure3.7 displays thenodetbased methodsxplored

in this sectiorand others not surveyed but worth mentioning
Internal resistance
measurement
Experimental L
['apa‘nty le‘..cl

Impedance measurement

Equivalent circuit models
and Electrochemical e
| Model-based | models Square
methods
am  Adaptive Filtering Kalman Filter

Battery State of Health Methods

Smooth Variable
B Heural Network Structure Filter
Machine Leaming .
| Support Vector
Regression

Figure3.7: State ofhealth estimation methods.

3.2.1 RecursiveLeast Square based Methods

Recursive least squabased algorithms to estimate battery parameters have
been vastly studied in the literatuf86], [87], [88], [89]. Approaching the

parameter estimation with the method has advantages like only one tuning
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parameter to be dealt with, the forgetting faettnat i typically between 0.95 and
1[86], [90], andits low computational complexif\39].

A combination of the RLS outfitted with multiple fixed forgetting factors
optimized by particle swarm optimization (PSO) was proposed and compared to an
RLS optimized bya single objective genetic algorithm (S@Jand a third RLS
optimized by multiobjective genetic algorithm for parameter estimatiof8iri.

The proposed model obtained success over the two others prgdenter OCV
mean square error. li89], a squareroot recursive least squares (RRS) was
employed to provide the battery parameters estimatiwnSOC estimation
estimated by mSVSF algorithmln [91], anadaptive forgetting factor recursive
least square (AFFRLS) methadhs proposed to identify the ECM parameters and
feed the online voltage pretlic mode. The method presented superiority compared
with forgetting factor recursive least square (FFRLS) and variable forgetting factor

recursive least square (VFFRLS8)terms of precision and time processing.

3.2.1.1 Recursive Least Square
RLS parameter estinah uses a recursive implementation and is represented
by the regressed form shown in equafidtil.

O e 3.11

where w is the measured voltage;- stands for the desired parameters to be
estimated, ane is theregressorcomprised oknown parameters.
The set of equations composing the algorithm is displayed as described and

demonstrated iMable 3.8. First, a Kalman gain is calculated with the previous
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covariance maix 0  and the forgetting factas A second step is the update o

the covariance matrix, and finally, the estimate update is computed.

Table3.8: Recursive least square algorithm.

Kalman gain 0 O ¢ _ U
Covariance matrix 0 P OO0 0
Estimate update —_ — O @& — e

3.2.2 Kalman Filter Based Methods

As mentioned in topi8.1.5 Kalman filter isextensivelyemployed for SOC
estimationin the literature. Likewise, it is vastly employed in parameter estimation
[37]. [92] imployed a dual extended Kalman filter (DEKF) algorithm to estimate
the battery parameters parallelly with the states. The work revealed that using the
DEKF improved the SOC estimation tee batery aged compared with a plain
EKF without parameter update. Nevertheless, admitted the algorithm needed
improvements for realorld application.Another approach was carried with an
adaptive extended Kalman filter (MAEKIEyeated to estimatihne SOC of aged
cells in[70]. The author showed the method was able to estimate the battery SOC
with amaximum of 4% error in a constant current discharge, while an EKF model

had an error close to 30%. However, the method requires a constant current
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discharge to update the ECM model, making it unfeasible in the automotive
application.

A dual adaptive exteled Kalman filter is proposed and matched with a
recursive least square extended Kalman filter (l8k%) model and a simple EKF
under thedynamic stress te@DST) conditions and Beijing Dynamic Pressure Test
Conditions (BJDST)93]. The developed algorithm improved the SOC estimation
comparedo the other two in both conditions tested, and the work demonstrated
joint model ould enhance the estimation by three times compared to a single
model. Recently, an improved extended Kalman filter (IEKF) equippeld wit
concepts frormoise adaptation, afdi ng f i |l ter and Wwasnear nonl
developed if94]. In [95], a double extended Kalman filtewr SOC and parameter
estimationwas presented and validatedabhgha new and aged battery submitted
to UDDS drive cyclesThe authors compared the influence of neglecting the battery
capacity, parameters and S@CV curve update in the SOC estimation and

concluded the last impacted the most.

3.2.3 Smooth Variable Structa Filter

The Smooth variable filter is applicable in SOH estimation as Kalman filter
variants In [96], a chattering indicator was proposed to address the Inegétding
the battery capacity fade. As SVSF inhibits the chattering effect, the author
attributes a smoothing lay€t width lower than the existence layer and hence
creaesa chattering effect with mean and standard deviation calculated along with

thebattery aging that can be applied for monitoring the capacity degradation. In the
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same work, pure SVSF and EKF models are employed to estimate the battery SOC
in new and aged csl(80% SOH. The outcome was similar to the two methods for
the new cell SOC estimation, RMSE around 1% for both,thaddvantage of

SVSF presenting 1.9% SOC RMSE while EKF had 2f8fthe aged cell

3.3 Concluding Remarks

There isa vast number of estimation algdmibs. ThroughFigure 3.1, the
developer can have a lead on what path ta t&keMbased method combined with
an adaptive filter shows a good relationship between imgaiégtion complexity
and error, having the potential to achiée errors similar to the electrochemical
models butwith lesscomplexity. Smooth variable structure filter depicts good
results in estimating the battery SOC and robustness to modelling aintbest
This robustness is attractive as in a real application, especially because of noise and
perturbations present in the instrument measurement and external factors. Also, it
permits less accurate pieces of equipment to be installed onboard a,vehicle
consequently contributing a more affordable final product. The extended Kalman
filter is a more spread and wddhown estimation method that offers an optimal
estimation, and working together with other estimation models such as SOH

resistance and SOHapacity could provide very good resultddence, the

applicationoft he esti mati on algorithm is a devel

with the method and scenario to be implemented.
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Chapter 4
FaGharAginmgg Dessti gn

Experi ment

The stong impactcharging has on battery agieguld be better investigated by
controlling the anode voltage and preventing it from reaching negative values;
however, this strategy would require prepared cells with a third terminal placed in
the electrolyte. Therefore,an empirical aging teswas developed This chapter
exploresa design of experiment contemplating four charging profiles assumed in
the literature to have some beneficial effect on the ba#tdifgspan.These tests
took place in theéhe Battery Laboratory facility itCentre for Mechatronics and

Hybrid Technologiesit McMaster Automotive Resource Centre.

4.1 Design of experiment

4.1.1 Lithium-ion Cell Specifications

The Li-ion battery tested is a cylindrical cell ded INR2170630T, Figure
4.1, manufactured by Samsung SDI Co., Uts.specifications considered for test

designis described inrable4.1.

58

o f



M.A.Sc. Thesig Josimar da S. Dugue  McMasteri Mechanical Engineering

Figure4.1: INR2170030T Samsung cell.

Table4.1: Cell main specificationf97].

Parameter Specification
Discharge capacity at 1C [nitp 3000
Nominal voltage [V] 3.6
Maximum voltage [V] 4.2
Discharge cubff voltage [V] 2.5
Maximum current discirge [A] 35 A (at 25°C)
Standard charge CCCV, 15A, 4.2V, 150 mA cuaff
Fast charge CCCV, 4A, 4.2V, 100mA cuoff
Charge operating temperature [°C] 0to 50
Discharge operating temperature [°C -20 to50

4.1.2 Experimental 8tup

The Samsung 30T cells wetested in a eight cubic feeEnvirotronics
thermal chambewith a-63 to 177C temperature rangd-igure 4.2, capable of
fitting the four Arbin 60A cell holders used in the tdsgure4.3. A 60 amperess
volts Arbin Battery Testechannel Figure4.2, of voltage and current accuracy of

0.04% of full scale (+2mV and +/24mA) provided with an auxiliary temperature
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module of +/1°C accuracy was employetb power the batteries and data

acquisition

Figure4.3: Cylindrical cells fixed on the cell holders inside #re/ironmentathamber.

60



M.A.Sc. Thesig Josimar da S. Dugue  McMasteri Mechanical Engineering

A computer equippewith the Arbin software MITS Pro was employed for
the controlling and datanalysis.The schematic of the test setup is presented in
Figure4.4. A CAN-bus communication betweémebattery tester thermal chamber
is not depicted in the image anthe temperature remained constant 4C2be
whole testhence the communication between the equipment was eliminated.

Channel wiring
—

ITemﬂerarur-e sensel
|Vt : \
Power
l_ ————— \ Thermal Chamber

Channel 5
JUR Clls

j:Ei=adl Channel 6

Channel 8

Control
Ccomputer

Figure4.4: Battery test setup.

4.1.3 Test Limits definition

Test constraints adictated by the cell and battery cycler specifications. The
chamber does not impose any restrictions once the test is ruAGattzbwhole
time. Table4.2 reveals the safe limiisnposed by the Samsung cell and the Arbin
battery cycler considered in tlbaracterization testindfast charging protocols
design. It is noticeable the battery cycler ig tiee limiting variable in the test,

hence the battgrcell parameters are considered for safe control.
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Table4.2: Test safe limits.

Limited by Parameter Value

Maximum temperature otme cell surface [°C] 50

Maximum voltage [V] 4.2
Cell Minimum voltage [V] 25
Maximum current [A] 35
Minimum current [A] -35
Maximum voltage [V] 5
Cycler -
Maximum current [A] 60

4.1.4 CurrentProtocol Design

In the published literature, many authors present charging protocols claimed
to impact positively inbattery life. However, the variation of experiment design
among the works and even different approaches in the same work inhibits a direct
and fair comparison of charging protocols. For instance, some apply different mean
currents leading to different clyang times and compare the life cycle results;
others test the cells submitting them to the same charging time but not the same
mean current, which causes discrepancies in the -déuatischargeThe designed
protocols presented in this chapiexdd thesesisues considered for fair comparison
at the end of life. Hence, all profiles were designed to have the same mean current
and charging time.

The parameters considered for the design of the charging protocols are the

limitations of the battery, the SOC rangesired, equipment employed for the test
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and the recent fast charging time of vehic@snsideratios madethe parameters

shown in Table4.3 were set for the profiles.

Table4.3: Profile parameters.

SOC range [%] 10 to 80
Charging time [min] 15
Mean current [Grate] 2.8

4.1.4.1 Constant Current (CC)

As mentioned in topi@.2, the CCCV protocols a benchmark for other
designed charging algorithms in the literature. Therefore, it is the first of the four
protocols createdlrhe CV phasés only used in case the resistance increases and,
consequentlythe charging voltagev surpasses th@aximum voltage of the cell
@ before it reaches 80% SOThe 2.8C CC charginfpllows the parameters in

Table4.3 and isillustratedin Figure4.5.

=}
T

Current [A]

| S T S -
T T T

0 5 10 15
Time [minutes]

Voltage [V]
led +=
o = (=]

E.;J
=}
T

Lo
=

10 15
Time [minutes]

L

Figure4.5: Designed Constant Current protocol.
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4.1.4.2 Boost Charging (BC)

Boost charging comes as the second designed profile. As aforementioned, the
strategy offers faster charging with no degradation tobiswery. Also, it is
appealing to customers as in a very short petiabattery can be charged from a
low SOC to levels that would be enough to have a reasonable amount of the vehicle
driving range.The profile was calculated to charge the first 33.39€CSstarting
from 10%, within five minutes, then a second phase charges up to 80%, totalizing
the fifteen minutes fast charging. As a starting point, the boost phsseto bea
constant currermihaseand lassfive minutes Consequetty, the protocol onfigures
a 4C CC followed by a 2.2C CC phabeure4.6.

15 T T

10|

Current [A]

0 5 10 15
Time [minutes]

Voltage [V]

0 5 10 15
Time [minutes]

Figure4.6: Designed boost charging protocol.
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4.1.4.3 Boost Charging with Negative Pulse (BCNP)

Pulse charging has been investigated in the literature in many ways. PC with
lower current protocols of different frequencies were compared, PC with negative
pulse andcurrent interruptprofiles were matched with same mean enty yet
different frequency and duty cycldost of the works described 5.1 do not
study one variable onlymaintaining other variables steadyto conclude the
influence this variable offers the battefyherefore, the two last designed profiles
wereexplicitly built to observe the influence of the negative pulses and rest periods
in charging profiles. The thirdrofile designeds theboost charging with negative
pulse Figure4.7. The potocol featurethe parameters ihable4.3, sharethe same

phase triggers exposed for B@s0.5Hz frequency and duty cycle of 95%.

—
Lh

Ey

=

Current [A]
l_lh = Ln

Time [minutes]

&
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Voltage [V]
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'S
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Figure4.7: Designed boost charging with negative pulse protocol.
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4.1.4.4 Boost Charging with Rest (BCR)

The last protocol isboost charging with restiigure 4.8. It shares all
characteristics as BCNP except for the current amplibfitiee positive pulsethat
is a little smaller in consequence of the rest instead of the negative pulses BCNP

has.A summary of the profile parameters is portrayed Trable4.4.
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Figure4.8: Designed boost charging with rest.
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Table4.4: Designecchargingprotocolssummary

CcC BC BCNP BCR

Step 1 Step 1 Step 2 Step 1 Step 2 Step 1 Step 2

Constant Constant Constant PC with PC with PC with PC with

Profile Step Current  Current  Current negative  negative Rest Rest
Pulse Pulse
0 0 ) 0
Transition Trigger ;(;38 {;)r g ;136(3;% S>(§;g f))r g g%g% S>C;3g f))r g g%g% S>§C0 f))r
>4.2V >4.2V >4.2V >4.2V
Chargingcurrent [C-rate] 2.80 4.00 2.20 4.32 2.38 4.21 2.32
Negativepulsecurrent [C-rate] - - - 2.16 1.19 - -
Step length [min] 15 5 10 5 10 5 10
Charging Pulse width [s] - - - 1.9 1.9 1.9 1.9
Negative Pulsevidth [s] - - - 0.1 0.1 - -
Resttime width [s] - - - - - 0.1 0.1
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415 Cell Characterization

In the experiment, cell characterization is performed every thirty fast charges
to track the capacity retention and internal resistance of the batfEhiegests
utilized for this aging test are explainasifollows:

1 OpenCircuit-Voltage (OCV) Test: Congsts of discharging and
charging the battery at a C/20 rate. It is employed every two
schedules, or sevenfive cyclesand is the first characterization test
performed.

1 0.5C discharge:lt is a discharge at half a-te that is used in fast
charges (FCspand drive cycles (DCs) calculations. The schedule
contains two 0.5C discharges at the beginnharmgl two additional
ones after the first fifteen drive cycles of each schedule to update the
battery capacity for the next fifteen FCs and DCs. The optionmf t
discharges in a row is to provide a consistent value and not be
influenced by the previous profiles the battery has been submitted to.
So, the second 0.5C discharge is the one that feeds the inputs for the
DCs and FCs triggers.

1 1C and 2C dischargesThese two testkeep trackinghe batterys
capability at higher depleting rates

91 Hybrid pulse power characterization (HPPC): HPPC, described

in [98], i's employed every schedule to
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resistance over its SOC range throughout the agingiestarly, the
measured data in the test supports battery modelling.

1 Master Charge: Before all characterization tests described above, a
CCCV, 3 A, 4.2V, 150 mA cubff chargingis performed to fully
charge the cell.

1 0.33C 10% capacity chargeThis procelure is applied to prepare the
battery for the first of the fast charges af#ther HPPC and 0.5C

discharge procedures so that the SOC will be at 10%.

4.1.6 Cycle Discharging

Discharges post fast charging profiles drize cycles calculatethrough a
backwardlooking EV modelto simulate the use of the cell in the Pacifica Rtug
Hybrid (Chrysler) and be explored in the development of battery state estimation
models.A power simulation generated for a cell is scaled as demonstrated in

equaion 4.1.

0 O - - 4.1

Where0 ; 0 is the power rguestecby the drive at the instagt 0 is
the power consumed by the vehicle electrical accessories and is assumed to be
constant at 350 W)  and0 | are the number of cells in parallel and series

necessary to compose the 16.6[R&tifica Plugn Hybrid (Chrysler) battery pack.
The fifteen drive cyclesleplete the battery from 80 to 10% S@@d are

assigned irthe aging schedule the followingsequenceDDS, HWFET,LA92,
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US06, WLTP andReordered 1 up to Reordered 9 and Reordered .US06
Reordered drive cycles areeated frommandomsmall piecegshopped at every stop
in the first four cited drive cycles listed, except for tHeeordered USO&ha

contains onlyrandom pieces of the USO06 itself

4.1.7 Test Procedure

At the test start, the chamber is set t&25nd a resting period of three hours
i's set to accommodate the cell 6s temperat
manually selected to run, and the physical setup is verified through the temperature
and voltage parameters reading in MITS Pro program.

The testis conducted with two alternating schedutkat differwhetherthe
OCV proceduras applied or notConsequently, thiastingtime of the schedules is
6.2 and 4.5 days witkfull schedule)and without OCV, respectivelylhe test
procedureslurdions are cell aging dependable athecrease as the cell ages.

Table4.5 depictsthe test steps ordered as they occur within the schedule.
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Table4.5: Aging testfull schedule procedure.

Procedure Duration Time [hours]
Master Charge 1.2
Opencircuit-voltage 41.3
0.5C discharge + master charge 3.2
0.5C discharge + master charge 3.2
1Cdischarge + master charge 2.2
2C discharge + master charge 1.7
Hybrid pulse power characterization 30
0.33C 10% capacity charge 0.3
Fast charging + drive cles 29.6
Master charge + 0.5C discharge 3.2
Master charge + 0.5C discharge 3.2
0.33C10% capacity charge 0.3
Fast charging + drive cles 29.6
Master Charge 1.2

The end of the test is due wheaththe 0.5C discharging capacity reaches

below eighty percent of the first capacity measurensmd the cell internal

resistance surpasses a rise of fifty percent of its original éilpiere4.9 shows the

sequence of actions taken along the battery aging test.
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Cell Capacity =
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Figure4.9: Aging test flowchart.
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Chapter 5

Du al State Esti mati on

State estimation methods are presentedhapter 3In this section, the dual state
estimation algorithm EKF/SVSH created in MATLAB/Simulink has its
developmentiescribed from the choices concerning the type of battery modelling

to the final tuning of th&KF/SVSF model

5.1 Dual State EstimationM odelling

Chapter 3presented various candidates for the state of charge and health
estimation. The dual state estimation moddbrsned byan EKF to estimate the
state of charge anch&VSFfor capacity estimationfThe combination of the two
algorithms is illustrated ithe followingFigure5.1. It requires voltage, current and
temperature to process the calculations. Although it runs on symmetric parameters,

the model is prepared teceive both charging and discharging ECM parameters.
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S0C,

Riuts TLUTs
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Current — SGC
. Temperature estimation

SOC [k]

[

Figure5.1: Dual state estimation algorithm.

For the initial SOC, the open circuit voltage based strategy preser8ddan
is applied with the first voltage measurement considered as the OCV. The strategy
eliminates the need for an initial SOC guess every time the algorithm starts.
Additionally, this first measurkvoltage value iglose to the actual OCV, even if
there is a load from the lowoltage system, avoiding a large offset between the

guess and actual SOC.
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51.1 State of Charge Estimation Model

5.1.1.1 Battery Modelling

Battery modelling requires a seriesobiaracterization tests such as capacity
discharges, opeaircuit-voltage to obtain the SOGOCYV relationship, andytorid
pulse power characterizatiolescribed in sectioA.1.5 For its developmenthere
are several approaches such as electrochemical models that describe the chemical
reactions inside the battery, stochastic models that are supported on diswete
Markov chains, analytical models that use empiricahiulas to illustrate a battery
characteristic, and thegeivalentcircuit models(ECM) that simulate the internal
behaviour of the batterf99]. The latter is the method appliéd this world s
estmation model

ECMs use compositions of resistances, capacitors and sometimes impedances
to model the different behaviours happening inside the battery under
charge/discharge current§he approach has the advantage of delivering a
reasonable performancerfieieattime applications. However, it lacks the ability to
predict othebattery statebke aging, power and capacity l@ss

The work in [63] compared the performance in the terminal voltage
calculation of twelve types of ECM among combined, enhancedaetcting of
two and fourstate low pass filters, R@odels with and without hysteresis up to
three branches. They show that the RC models present the lowest RMSE and that
the use of hysteresis or the addition of RC branches can improve the accuracy of

the voltage estimation. Nevertheless, RC with higheerotidan the secondoes
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not decrease the error proportionally to increasing implementatomplexity.
[100] also demonstrated in his study that the seaodér R2RC model depicts a
good tradeoff between accuracy and implementation complexity.

Given the evidence sha by the previous workfs3] and[100], and the
circumstances of the proposed design of the experiment performed onRCaB25
reasonable choice with a good traaf€between accuracy and model complexity is
the 29order R2RC equivalent circuit modeFigure5.2.

R; R,
Ro A\
Ve — V] C: [ G

S L LR

Figure5.2: Seconedorder equivalent circuit modg3].

5.1.1.1.1  Seconebrder R2RC model

Consider theFigure5.2. 'Y represents the ohmic resistance of the battery
concerning its internal componertsat is translated ithe instantaneous drop in
the terminal voltage of the battery at dis
a n d deséribe the charge transfer resistance and the double layer capacitance of
the cell, respectively, or in other words, the dynamich@biatteryw stands for
the opercircuit-voltage that is transformedom thestate of charge through the
SOGOCV relationship curveFigure5.3. w is the outptiof the model that calpe

measured in the terminals of the cell.
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4.2

Open circuit voltage [V]
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w b r o
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State of charge [%]

Figure5.3: Samsung 30BOCOCYV relationship curvealculated from the average C/20
charge/discharge curvéBCR protocol test)

The secondorder R2RC ECM is describeth the discrete time domain

equdionsb5.1, 5.2 and5.3.

, wo, @QO £ 1
Wp — Wp - .
Ao Py oh 6
Yo O ‘YUO — 52
0
wo 06 a wp i YO 53

wherewy denoteghe stateso andwy; that are theoltages of the RC elements,
being"@he number of the RCY andd are the resistance and capacitangés
the sampling period, ari@® stands for the current input. The state of chargeo
is computed with the previoli¥0 0 , theColumbic efficiency of the celt, the
battery capacity) . The calculation of the outptii 0 is through the OCV achieved
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as a function of the SOC calculated, the other states and the internal resistance
multiplied by the current passing through tladtéry.

The designed model counts on symmetric parameters for charging and
discharging Consequently,dr a 2%order R-2RC ECM, five parametersy , 'Y,
Y, 0, andd are estimated for each SOC level in the HPPC curve, forming a
lookup table(LUT) as a function of the SOC. The obtainment of these parameters
is described in the following topic.

5.1.1.1.2  Parameter Estimation

The ECM parameterestimation task is perforrdeusing optimization
methods/tools that input random values for the parameters to be estimated and
compare the output with a measurement witiler the minimum cost function is
reached, the parameters change by less than the indicated tolerance between
successive @rations, or the number of iterations set is achievidds work
employed an existin/ATLAB/Simulink tool created by MathWorks employee
JavierGazzarri[101], capable of simulating first to fiftorder battery model3.he
tool receives raw time series current and voltaga datlected during battery
testing and outputs terminal voltage and SBd&.the estimation of the parameters,
the HPPC curve served as the input data, and as a response, the estimation tool gave

the curve illustrated ifrigure5.4.
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Figure5.4: Hybrid pulse power characterization tegiut and response from estimation
tool (BCR protocol test)

A set of optimized ECM parameters were generated for each step of the HPPC
test, forming a row vector. This way, theltageestimations better provide over
the SOC rangdn order to have a model and results closer to theapghtation,
parameters fothe surroundingeemperaturefiave to be estimated and included in
the model, as the cell temperature is variable during the @stethe test did not
count on an environment different from the’@5thesesurroundingtemperature
characterizations of the cell were attained from tests performed by Dr. Kollmeyer
and Michael Skellat McMaster University that are available as oeunrce on
Mendeky [102]. The HRPC tests performed at A0 and 40C were input into the
parameter estimation tool, and their estimated parameters used to crEatd g 2

with SOC and temperature as breakpoints.
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Besides the data acquired in tests, the parameter estimation toobttesrds
inputs such as the initial guedsr all parameters to be estimated, the battery
capacity and others depending on the objecfigeaforementionedive parameters
of the secondbrder R2RC have to be estimatetb satisfy equatiorb.1. The
MATLAB/Simulink tool requires the time constants(t 'Y 0) instead of the
capacitances , so the estimated parameters given by the toovarey , 'Y, T,
andT , last point ofFigure5.5 repesenting the estimation after 41 iteratjcarsd

equatiorb.1is rewritten in equatiob.4 for the modelling.
W P —wp —0 5.4

5000

4500 [
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=
§ 2500 [
2000 [

1500 [

1000F

500

0 5 10 15 20 25 30 35 40 45

Iteration
Figure5.5: Estimated parameters over the iterations for tR€ZY j ; depicted in Ohms

and T  in seconds

The test data provided for the battery modelling came frorndbst charging
with restprotocolaging tespresented id.1.4.4 and the parameters estimated are

found inAppendix A
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5.1.1.2 Extended Kalman Filter State of Charge Estimation Modelling
(EKF so9

The state of charge estimation algorithras modelled on the secondder
R-2RC ECM; hence, three states astimated. Thatatespace for the battery in

the state estimate and measurement estimate is illustrated as follows:

(‘A) s “Q(‘A) s F[’) m ,‘% p§Q p “@’rQ p 0 5-5
‘:3"'9 U)QQ pm*@b Q’JQQ p 006 U7 56
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0 is the input and represents the current through the baletg.that the

state estimaté>;  is modelled with the Coulomb Counting, so for the output

aHy  calculation, the SOC is transformed to Ofvthe employmertf the curve
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shown inFigure 5.3 in the form of a LUT and the calculated state estimate

becomes:
@ Wi g 5.8

The initialization of the algorithm is given the following Table5.1. Note
that the SOC depends on the first voltageasurement, sovalueis not attributed
to it. The computation of the algorithm at each time step is illustrat€dble3.3.
Values attributed tthe processoise covarianceatrix Q areaddresseth 6.2.1

Table5.1; EKF SOC estimabn initidization.

Initial State ® YO @rm
B yaiQQ Ty m T
Initial Covariance 0 T ygiQ my T
L1 T yatiQ Tty
Measurement Noise Covarianc Y Ttap T

5.1.2 State of Health Model

5.1.2.1 Capadty Estimation Modelling Based on Normalized
Resistance Increase

The batterycapacity state of healtfsOHcap)was modelled using the vast
data collected across the aging test. It is based on the resistance increase captured

in the HPPC test. So, a-salled dynamic model and the modelling of the
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relationship between the normalizesbistance increase and capacity fading were
designed as described in the following topics.
5.1.2.1.1  Dynamic Model

The dynamic model has the voltage drop as an o{déput ). It utilizes the
resistance calculated, the internal resistance plus chagerresistanc’yY ),
from the four pulses of the HPPC test performed on the fresh battery submitted to
the aging test to create a 2T of C-rate and SOC breakpoints. The data
interpolated in the LUT is then multiplied by the current in the batterydwighe
the voltage dromf a new cell at each time stefpigure 5.6, for the normalized

resistance risd estimation by the SVSF algorithm

3.75

3.7 ¢

\Y%

>'3.65"

—_

3.6

3 55 »Vdrop

35¢

Terminal Voltage

345+

3.4 ‘ : ‘ :
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Figure5.6: Ten second8C discharge dse at50% SOC(BCR protocol test)
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5.1.2.1.2 Normalized Resistance Increase Capacity Fading

RelationshigfNRICF)

After the computation of the SVSF algorithivgble3.6, theupdated estimate
—; Is transformed into the capacity fading through thel 1IT created each time
stepthrough a proces3he LUT created has the capacity fading as table data, and
varying breakpointscomputedfrom the interpolation ofitted curvescalculated
every 10% SOC step performed in the HPPC s¢senormalizedfitted curves
were designed tensue the breakpoints are consistently monotonically increasing
to be implemented into LUTsonce the measurement of resistance can be
influenced by external variables like the temperature and result in a lower value of
subsequent data such as pointed oigires.7.

1.7 T T T T

Normalized fitted curve / '
Calculated from Measurement /
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T
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Figure5.7: Normalized resistance incre@sapacity fading relationship fitted curve at
50% SOCBCR protocol test)
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The processtarts withselectingthe upper and lower boundary curves from
the direct LUTs dependent on the SOC presented by the battery. These curves
Figure 5.8, contain the normalized resistance increase calculated from the

resistances retrieved from the HPPC &esbss the entire aging test.
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Figure5.8: Normalized resistance incre@sepacity fading r&ationship at different SOC
levels(BCR protocol test)

Once both curves are selected, a new curve corresponding to the battery SOC
is generated binterpolatingthe upper and lower curvesigure5.9, and used as
breakpoints in a final LUT containing the capacity fading as table Tlaéecapacity
fading is then applied in the calculation of the battery capacity to feed the EKF

modelfor the SOC estimation.
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Figure5.9: lllustration of an NRICF curve generated at 73.3% S(EBCR protocol test)

5.1.2.2 Smooth Variable Structure Filter Parameter Estimation
Modelling (SVSkeap)

The SVSF model was buiib support the EKF SOC estimation model with
theestimaed battery capacity. As there is not a direct measurement of the voltage
drop, it considers the delta between the measured terminal voltage and the open
circuit voltage estimated by EKF as the measwat. The initialization of the
model is with the last SOH value recorded. Hence, for simplification purposes, the
initialization in the simulations presented@mapter 6will be the true SOH of the

cell.
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Thea priori calculations are presented as follows:
1. The state estimate-;  is considered as the estimated update from
the previous time step

—s — 5.9

2. Measurement estimate is calculated with the voltage drop from the
dynamic modethat assumes
W 00—, ©  — Y O— 5.10
3. The measurement error is computed as illustratédlih
Q W Wy ¢ 006w g 511

whered is the battery terminal voltage aiidd « the estimate update.

The a posteriori phase of SVSF is computed accorditigettollowing Table

5.2.
Tableb.2: SVSF capacity estimaticanposteroriphase algorithm.
_ 0 HORONOTAN ) rQ
SVSF gain o0 )
Zi wp Q . Q Quﬂ%

Estimate update —s — U Q
Measurement . O —
estimate ? 3

Measurement erro Q . W Wy
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Chapter 6
Aging Test Measur ement

Esti mati owvialModleetlilam g

This section depicts the outcomes from both the extensive fast charging aging test
performed inthe Battery Laboratory facility in th€entre for Mechatronics and
Hybrid Technologieat McMaster Automotive Resource Centlefinedin Chapter

4 and the performance of the dual estimation mddetribedn Chapter Sor the

battery state of charge and health estimation.

6.1 Fast Charging Aging Test Results

In section4.1.7, the aging test procedure describes two battery parameters
considered as the battery end of life (EOL), the capacity fading higher than 20% of
the initial battery capacity, and the rise ireimal resistance surpassing 50% of its
originalvalueThese data are acquired at every sch
with a run ofthe characterization teskor the initial 1C discharge capacity,
3000mAh (min 2900mAh)97], and the0.5C discharge, the four cells presented

the following numbersi Table6.1.
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Table6.1: Four cells' capacities at the beginning of testing.

Cell Capacity [Ah]

D'nggrge #1(CC) #2(BC) #3(BCNP) #4 (BCR)
0.5C 2972  2.991 2.976 2.964
1C 2049  2.969 2.951 2.949

This first 1C discharge was performed to verify if the samples were within
specifications, whereas the 0.5C discharge was employed as a starting point for the
capacity state of heal(i00%SOH). Regarding the second metric for comparison,
the rise in internal resistance, dataalyzed iscollected fom the HPPC testlC

pulse dischargat 50% battery SOC.

6.1.1 Capacity Retention

The capacity state of healtfiexr more than sixnonthsof testing is preented
in Figure6.1. It can be noticed that the four protocols had similar capacity fading
up to a little over cycle 100 when they started to diverge, with both rédigeured
with 1.9-second pulse depicting a higher capacity fading rate. Boost charging with
rest (BCR) protocol had the fastest degradation of all, hitting the end of life around
cycle 780. Boost charging with negative pulse (BCNP) reacl2®®8 SOH
capaity at cycle 970, the latest measurement, wherégasnstant current (CC)
protocol presented the best capacity retention followed by the boost charging (BC)

protocolwith 87.7% and &.0%, respectively
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Figure6.1: Capacity retention over the cycles

Considering the maintenance of their capacity fading rate of around 0.39%

every 37 cycles after cycle 50Be projected EOL oE€C charging protocol will

occuraround cycle 300and BCa little after1400. On the other hand, BCNP profile

is due to reach 80% SOH around cycle 1050.

6.1.2

Internal Resistance Rise

Internal resistanc€lIR) rise, the second metric to decide the EOL, is

illustrated inFigure 6.2. The BCR protocol displays a higher internal resistance

over the cyles, followed by the BCNP, BC and CC protocdgaminingFigure

6.1, it can be concluded that there asrelationship between the two metrics
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employed in verifying the battery EOF; nevertheless, it does not display the

influence of the fast charging protocol in tlesistance rise.
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Figure6.2: Dischargaesistancéncreaset 50% SO®@ver the test cycles.

Figure6.3 demonstratethe discharge resistance as a function of the capacity
fading Through the trendlineip to 10% capacity fadinghe imagerevealsthe
battery resistance increase be similar for all four charging algorithms with a
percentual increase of around 23% for BCNP, 24% for CC and BC, and 25% for
the BCR after half of the batteries liféherefore,up to half of the tesitpne can
assumethe battery does not increase its inteneaistance as a function of the
charging profile typeNeverthelesspast ten percent of the capacity fading, both
protocols equipped with constant currents show a higher internal resistance increase

than those with pulses. The increasing rate exhibited®wynd BC up to the latest
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measurements indicates that both cells will reach 50% capacity rise before the cell
age below 86% of capacity retention, while the BCNP and BCR protocols hit the

50% resistance raise mark a@84nd 82.5% SOH, respectively.
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Figure 6.3: Discharge resistance increase in function of the capacity fading.
6.1.3 Fast Charge Temperature

Temperature is a key point in battery agidglow temperature leads to
lithium platingtriggering loss of thium inventory and active anode materiah O
the other hand, a high temperature caaldse theolid electrolyte interphase (SEI)
growth, SEI and electrolyte decomposition degradation mechanisms affecting the
lithium inventory, or binder decompositionalding toloss ofboth anode and

cathodeactivemateriat[103]. The concern in the designed aging test performed in
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this work regarding the temperature is restricted to the rise that occurs during the
fast charge that could fauothe ocarrence of the aforementioned degradations
mechanisms at high temperature. Lithium plating could still be a problem, but the
cause would be the current load on the battery and not the temperature.

The increase in the temperature during the fast chardspigyed inFigure
6.4. CC protocol depicts almost a linear rise in the temperature reaching &Bout 5
at the end of the 15 minutes charge, while BC, BCNP and@€sent a more steep
increase until the boost phase terminates and the second phase of lower current
mean starts. These three charging algorithms show comparable temperature profiles
with the delta temperature hitting close to°&5n BC and BCR cases aadittle

over 6C for the BCNP.

| dillitin |
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=== JEa W M il il
53 - | l"l”m" ]
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) M'”du —ggNP

1 B

Time [Min]

Figure6.4: Temperature rise across fast charging (cycle 5).
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Analyzing thesimilarity of the temperature measured in the three charging
profiles featuringa boost charginghaseand even a noticeable higher raise in BC
and BCNP profiles compared to BORere is no correlation of the capacity fading
shown inFigure6.1 and delta temperatarin Figure 6.4. That establisheshatthe
temperature did not playrale in the faster aging presented in the BCR test.

The averagegemperaturencrease in the fast chargeross the aging test up
to almost 1000 cycles is presentedrigure6.5. The image demonstrates that the
average temperature rise in thastf charge remained unaltered over the test
sustaining the statement that temperature rise as a consequence of the charging
algorithm is not an influencing variable of the different aging rates presented by the

four protocols.
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Figure6.5: Averagetemperaturegisein the fast chargingcross aging test.
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6.1.4 Open Circuit Voltagécrossthe BatteryAging

Estimation models functioning with S@GCGCV curves are vastly used in the
literature. The emplayent of this réationship can introduce error into the model
when estimating the states of an aged battery. This is because th&@&OC
relationship changehroughoutthe cell life[38], [104]. The changein the OCV
curveis also different depending on the battery chemastiy shifts from @ositive
to a negative differencand vice versa over the entire SOC ramgedemonstrated
in [38]. So, tracking the behaviour of the S@XCV relationshipover the battery
life is important to minimize errors in modelling.

The OCV test is performed every 75 cycles in the aging Restults show
thatthe Samsung 30T cell submitted to the test alffers a drift in the OCV curve
as it agegrigure6.6. From 65%50Cdown to about 7.5%, the curve drifts upwards
reaching a delta in the voltageabund 44mVat t he bat t.Onrtheds
other hand, the curveresents negative offset within about Z6and $% SOC
range.These values indicate that the SQCV curve could introduce an error in
the SOC estimatioof around 4.5% when the OCV aofi aged celis at a value of
3.75V,for exampleFigure6.7 depicts the development of the O@Nference from

the new and aged calVerits lifespan
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An analysis comparing the OCV curdéftacr oss t he four tested
lifespansreveals that the charging protoaainployed on fast chargindirectly
affects the OCV curve drift behaviour. At a similar SOHd&gure6.8, it can be
observed that the charging protocols with pulse cause a higher OCV offset
amplitude compared to the ones equipped with a constant current. The highest
offset is close to zero SOC, wheheCC and BC OCYV curves drift towards 60mV,

while with the pulse protocols, this number goes up to over 100mA.
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Figure6.8: OCV differencebetween the new and ageglls (~ SOHap89%).

Another point tohighlight is the similarity of the CC and BC curves,
demonstrating that the higher current within the first five minutes of BC did not
affect the OCV curvdrift enough to present discrepancies as shown by BCNP and
BCR protocolsWhen compared with sithar discharge resistance increaBgure

6.9, the CC and BC curves maintain the similarity showRigure 6.8, however,
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with a more pronounced divergenwithin the range of 1% and 20% SOC. With

respectto BCNP and BCR curves, the plot indicates a divergdretween the

curves.
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Figure6.9: OCV dfferencebetween the new and aged séHt 32% IR ris¢.
6.2 Dual State Estimation Modelling Validation
All simulations and analyses presented in this topic were performed using the

BCR protocol aging test data.

6.2.1 Model Tuning

Thedual state estimation algorithfEKF/SVSH tuningwas divided into two
phasesA single EKF SOC estimation model tuned to attain good performance on
robustness to sensor error and a posterior tuning of the SVSF SOHcap model

coupled on thalready tuned EKF
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6.2.1.1 Extended Kalman Filter State of Charge Model Tuning

As cited in topic3.1.5 the model tuning is performed by trial and error. The
process adopted in tHeKF SOC estimation modébllowed the trial and error
running random drive cycles to findgmodset of valuesand a refirement of the
tuning with five numbers within a range (from 25£@ 1x10'?) estaltished based
on the trial and error tuninghe modetounts on a secoratder R2RC equivalent
circuit modej hence, thehreeprocess noiseovariance i Q tngeher made 125
tuning canbinations to be swept with the measurement noise covariafRféxed
to 4x10° (0.04% of full scale (+2mV ) of the battery tester).

The cost function utilized in the refinement sweep code was the a&tdge
RMSE of the followingdrive cycles run in a fresh battery: UDDS, HWFET, LA92,
US06, and WLTP. The job was performed using two tactics to select the best tuning.
The first employed the raw data of the drive cycles with no error input into the
model. A second approach was takeam attempt to improve the robustness of the
model to sensor error by inputting a positive and negative current bias of 300mA
(0.1C of the cell), making the cost function an avera@€ RMSE of ten drive

cycles simulated. The ted parameteresult of both approachésgiven inTable

6.2.
Table6.2: Final EKF SOC estimation model tuning values.
Approach Qu Q22 Qa3
No Error input 2x10%2 1x10'? 1x101?
+-300mA bias input 1x10%! 2x101? 2x1012
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6.2.1.2 Smooth Variable Structure Filter State of Heath Model Tuning

SVSF relies on themoothing boundary layer and convergence rafe
tuning parameters to direttte state estimate to the true value. FocHpacity state
of the health estimation modethe tuning values were obtained by the same
methodology presented in the EKF model, except that the metric used was the
average SOHcaBMSE achieved in the five drive cycles performed on the new
cell. The best tuning for the range of values swept from 0.3 to 1 (steps of 0.1 ) for

" hand 1 to 10 (steps of 0.5) forwere 1 and 6, respectively

6.2.2 Model Robustness to Sensor Error

Measurements are susceptible to errors introduced as noise dB&jias
Sensors used on an online application can introduce an error of up to 1% of the
current in a battery padqi05] and up to 5mV bias and values surpassing 5mV in
the noisg38]. The estimation algorithms should absorb these measurement errors
to avoid drifts in the estimated statéor instance, a positieairrentbias of 3%of
the cel C-rate +90mA in the Samsung 30T cell case, would divahge SOC
calculated through Coulomb countifrgm thetrue SOCvalue by 7.5% at the end
of the over 9000 seconds of the successive UDDS power profiles employed in the
aging testsFigure6.10. So, eight test cases were designed to verify the robustness
of the model estimation to sensor errors, as displayleidure6.11. The magnitude
of the sensor error f@ach measurement was set reasonably high to push the model,
being the current error gain 3%, current bias 300mA (0.1C), temper&iransl

voltage 5mV.
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The chartexhibitsthe averaged SOC RMSE and maximum absolute error

over fifteen drive cyclesf the eight cases plus the raw data (first lsaqhparing

the two tuning aproaches described é2.1.1 |

101

t can be-3@®MmMAd

t hat



M.A.Sc. Thesig Josimar da S. Dugue McMasteri Mechanical Engineering

biasestuning strategy could select a set of tuning parameter values that decreases
the average SOC RMSE-3®f0 mAm®t b cdamB&tmAcd and |
thei No Etuningwitliout jeopardizing the other cases results.

Figure 6.12 illustrates the SOC estimation of both tunings for UDDS
simulated with +300mA bias input, the highest RMSE (3.3%) and maximum
absolute error (5.1%) found within all test cases. It is valideation that a bias of
+300mA would lead to a 25% drift in the SOC by the end of the drive cycle,
meaning that both tunings are doing a good job filtering the error input. The overall
average SOC RMSE and absolute mawir@mum erro
tuning were 1.1 and 2.1%, respectively. These numbers wieaed 2.4% for the

08300mMAO tuning approach.
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Figure6.12: State of charge for both tunimigpproackswith an input biasn the current

measurement of300mA atUDDS (highest error of all scenarios).
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All results displayed in the following topics are from tBk&F/SVSF model

trained -%W0OmAOd heuwirng approach.

6.2.3 Model Rolustness to Initial SOC Offset

As addressed in topi&.1, the model counts on a strategy that considers the
first measured/oltage value as the OCV transformed and coneitlére initial
SOC. However, the approach is not immune to an offset ahitied SOCdue to
the relaxation of the batteryherefore, initial SOC offsets were set up to 50% error
to verify the model 6s behaviour riso such a

used as thenetric to determine the convergenafethe estimation illustrated in

Figure6.13 andTable6.3.
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Figure6.13: Model robustness to initial SOC erairUDDS for a new battery

State of Charge [%]

103



M.A.Sc. Thesig Josimar da S. Dugue McMasteri Mechanical Engineering

Table6.3: Model performance to initial SO&ror.

Initial SOC Error

+10% -10% -20% -30% -40% -50%

SOC RMSE [%] 12 11 16 23 30 34

SOC RMSE After
Convergence [%]

Convergence Time [s 240 159 272 455 679 874

1.0 0.9 0.9 0.9 1.0 1.0

6.2.4 Model State Estimation Performanc@®ver Battery

Lifespan

The core of the modelling presented in this work is to acelyrastimate the
battery state of chargaf an aged batterwith the aixiliary of a state of health
model. The performance of a single EKF model, #i€F/SVSFmode| and the
EKF/SVSF modekquipped with multiple OVEurvesOCVc)calculated from the
average C/20 charge and dischaoaracterization test over the battery aging
processare comparedrigure6.14. Also, the real capacitys input into the EKF
model andhe EKF model equipped with the OCVc to simulate iper f ect 0
modeland ke a benbmarkfor the SOH modgberformance

The average error of simulations performed on fifteen drive cycles show
certain robustness from the EKF model that keeps the SOC RMSE under 2% even
with the battery at lower SOH, but still with a rise in the error as the battery ages.
The model with true battery capacity simingta fiperfecdo S @eétlel (EKF

[Meas CAPY])justifiesthatthe use of a SOH capacity model can improve the EKF
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performancekeeping the error close to 1% almost the entire battery lifespan. The
EKF/SVSF modepresented similar performance to the EKMeas.CAP] over

the battery lifespardemonstrang it accomplished its purpose supporting the SOC

estimation.
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Figure6.14: State of charge RMSE comparison of models at different states of health

(average of ffteendrive cycles.

The employment of multiple OCV curves to the mogeknot effective in
improving the SOC estimation. The fact happened even with the true capacity input
into the model. As described@l.4 the OCV curve is drifting upwards over most
of its SOC range below 75% SOC. The unexpected perfornmagde explained
by anoverpredicton of the EKF model, where the OCV estimation is lotian

the true value, favouring the estimation from the model equipped with the OCV
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curve from the new batteryrhe maintenance of the performance of both models
using the multiple OCVc up t80.20 SOH might be clarified by the fact th#te
OCV curve drts up considerably at all the exssn from 6®%6 to 10% SOC
beyondthis pointof the batterySOH The results for maximum absolute error

followed the same pattern displayed for the RMSBure6.15.

o 9
n W
™~

5 NN~ - ) : ~ © oo

T30 NC\J(\I N ol N

= o (\l

(D loe) @ (o)

() ©‘_| -

220

©

=

O1.0 I

—

o

[

ac—U»O.O

o

)]

o
o

a1
o

bs. Error [%

A
N
o
O
3.1

100.0% 94.8% 90.2% 85.3% 79.9%
State of Health
EKF B EKF [Meas. CAP]
m EKF [Meas. CAP and OCV(c] EKF/SVSF

m EKF/SVSF [OCVCc]

Figure6.15: State of charge maximum absolute error comparison of models at different

states of healtfaverage of ffteendrive cycles.

The performance from the capacity estimationtf EKF/SVSFmodelis
illustrated inFigure 6.16. The SVSFcap model, although it did not present a
satisfactory performance in providing the SOH estimation clodesttrue valuat
earlier stages of the cell agingfill has an important role in teKF/SVSF model

supporting the EKF improving the SOC estimation. The poor performance of the
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SVSFcap is mainly due to the attempted modelling approkeb. main error

souces are identified todiminisht h e m@etferinahee. The first is the
measurement considered to be the delta between the voltage measured and updated
estimate OCV, making the value susceptible to the SOC estimation error. A second
error introducednto the model, the cause for the higher error for new battery SOH
estimation, is thecurve fitting to make the normalized resistance increase (see

Figureb.8), whichconvets the thetgnormalized resistance increas#p capacity

fading
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Figure6.16: EKF/SVSF modestate of health estimation over aging.
The overall SOHcap RMSE i8.6% across the batteryfe. Figure 6.17
illustrates the capacity estimation of the best and worst cases for the new and aged

battery.

107



M.A.Sc. Thesig Josimar da S. Dugue  McMasteri Mechanical Engineering

g‘ 100 fpemmemmg= = = = = = = = = = - mmm s - m e e m =
a
o
n
» 95
3 - - - -True SOH
=3 Best estimation (UDDS)
@) Worst estimation (HWFET)
90 1 I 1 1
0 2000 4000 6000 8000
0 | I

Best estimation (UDDS)
Worst estimation (HWFET)

SOH Error [%]
n

_10 1 1 1 1
0 2000 4000 6000 8000
Time [s]
(a)
90 T T T T T T
- = = True SOH

Best estimation (HWFET)
Worst estimation (UDDS)

Capacity SOH [%)]
o0
W

0 1000 2000 3000 4000 5000 6000 7000

N

Best estimation (HWFET)
Worst estimation (UDDS)

(=)

SOH Error [%]
[\S)

0 1000 2000 3000 4000 5000 6000 7000
Time [s]

(b)

Figure6.17: Capacity state of health estimation of new (a) and aged cell (b).

1
[\

The states of estimation displaypieviously were achieved with the initial
SOH set to be the true SOH for simplification. In order to simulate a morstieali

scenario, sets of fifteen subsequent drive cycles at different states of health were
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employedFigure6.18 exhibits the mean SOH estimated for the set of fifteered
cycles at different stages of agifidhe plotdepictsthe influence of the initial SOH

in the average estimated SQOeékpeciallyafter cycle 500when compared tthe
average shown iRigure6.16. The lower values are explained Bigure6.19 and
Figure 6.20, which show a drop in the estimated SOH every charging period
Despitea reasonable overall average SOC RM¥ahle 6.4, a rise in the SOC
estimation error can also be obserwery time the battery is submitted to

charging revealing the necessity of a set of tuning parameters dedicated to the

event.
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Figure6.18: Mean SOH estimated for sets of fifteen subsequent drive cycles at different
SOH stages.

Table6.4: SOC and SOH average overall errors for the fifteeredsjxcles simulated at

once.

Overall Average Error [%)]

Mean RMS Max. Abs.
SOC 1.6 2.0 59
SOH 34 4.0 10.3
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Figure6.19: SOC and SOH estimation over fifteen drive cycles foea cell.
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Figure6.20: SOC and SOH estimation over fifteen drive cyclesaforaged cell§0% SOH).
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